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Abstract
Multimodal documents occur in a variety of forms, as graphs in technical reports, diagrams in textbooks, and graphic designs in bulletins. Humans can efficiently process
the visual and textual information contained within to make decisions on topics including business, healthcare, and science. Building the computational tools to understand
multimodal documents can have important applications for web search, information
retrieval, captioning and summarization, and automated design. This thesis makes
contributions on two fronts: (i) to the development of data collection methods for measuring how humans perceive multimodal documents (i.e., where they look, what they
find important), and (ii) to the development of computer vision tools for automatically
parsing and making predictions about multimodal documents (i.e., the subject matter
they are about). Specifically, the crowdsourced attention data captured from our novel
user interfaces is used to train neural network models to predict where people look
in graphic designs and information visualizations, with demonstrated applications to
thumbnailing, design retargeting, and interactive feedback within graphic design tools.
Separately, our models for detecting visual elements and parsing text elements in infographics (information graphics) are used for topic prediction and to present a system
for automatic summarization. This thesis makes contributions at the interface of human and computer vision, with applications to human-computer interfaces and design.
Thesis Supervisor: Fredo Durand
Title: Professor of Electrical Engineering and Computer Science
Thesis Supervisor: Aude Oliva
Title: Principal Research Scientist, MIT CSAIL
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interaction) and Adrià Recasens (computer vision) for their insights, efficiency, and
enthusiasm to take on novel challenges. I also immensely enjoyed collaborations and
interactions with Tilke Judd (saliency) and Peter O’Donovan (design tools).
Progressing through my PhD, I learned how rewarding mentoring and advising
younger students can be, and have over time grown the group of students I work with.
I particularly want to thank Spandan Madan, Sami Alsheikh, Matthew Tancik, Anelise
Newman, Kimberli Zhong, Nathan Landman, and Camilo Fosco for being part of my
“vizteam” over the last two years of my PhD and for their incredible research drives
that have led to multiple submitted manuscripts, abstracts, and poster presentations.
I am confident in the research potential of these students and look forward to seeing
their next steps.
Family and friends: The unconditional support and belief in one’s success provided by family and friends is often enough to help one sail through a PhD. The encouragement of my parents to learn the tools of computer science, and the advice of my
friends and mentors through undergrad to pursue research opportunities left no question in my mind that I was going to complete a PhD and continue along the research
path. My dad’s words throughout my childhood that “a minute not spent learning is
a minute lost” and “an easy path is not a path worth taking” have burned into my
conscience and influenced the decisions that got me to this point. The people who have
cultivated my interests and have had the largest impacts on my education and outlook
on the world are also the people who I continue to look up to most: my parents, Marina
& Vasili Gavrilov and my husband Alexei Bylinskii.
Crowdworkers: My thesis would not have happened without the efforts of hundreds of crowdworkers all over the world, willing to click on, stare at, and label thousands of images. I am incredibly thankful to all the anonymous participants on Amazon’s Mechanical Turk for their input into this thesis. When online experiments were
not suitable for one reason or another, CSAIL and the broader MIT community came
to the rescue. Dozens of MIT students were willing to donate their time in exchange
for money, and sometimes even just burritos, and sometimes with less than an hour’s
notice (Fig. 1). Thank you to my “vizteam” students for helping set up such efficient
data collection pipelines!

Figure 1. A lot of the work in this thesis has been built on top of the crowdsourcing efforts of
participants both online and at MIT. I would like to thank the hundreds of participants that provided
the annotation data used for training and evaluating our computational models (in exchange for money
or just burritos). Thank you to my “vizteam” students for helping set up such efficient data collection
pipelines!

8

Contents

Abstract

3

Acknowledgments

4

List of Figures
1 Introduction
1.1 Taxonomy of multimodal documents
1.2 Datasets . . . . . . . . . . . . . . . .
1.3 Overview of thesis . . . . . . . . . .
1.4 Who is this thesis for? . . . . . . . .
1.5 Papers included in this thesis . . . .

I

13

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

Background

29

2 Related work on multimodal document understanding
3 Related work on attention tracking and
3.1 Cursor-based attention tracking . . . . .
3.2 Appearance-based gaze tracking . . . . .
3.3 Saliency models and datasets . . . . . .
3.4 Saliency models for non-natural images

17
21
21
23
26
27

saliency
. . . . . .
. . . . . .
. . . . . .
. . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

31

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

4 Related work on perception of information visualizations
5 Metrics for evaluating saliency models
5.1 Basics of human eye movements . . . . . . . . . . . . . . . .
5.2 Using collected eye fixations as ground truth for evaluation
5.3 Location-based metrics . . . . . . . . . . . . . . . . . . . . .
5.3.1 Area under ROC Curve (AUC) . . . . . . . . . . . .
5.3.2 Normalized Scanpath Saliency (NSS) . . . . . . . . .

35
35
37
38
39
41

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

45
46
46
47
47
48
9

10

CONTENTS

5.4

5.5

II

5.3.3 Information Gain (IG) . . . . . . . . .
Distribution-based metrics . . . . . . . . . . .
5.4.1 Similarity (SIM) . . . . . . . . . . . .
5.4.2 Pearson’s Correlation Coefficient (CC)
5.4.3 Kullback-Leibler divergence (KL) . . .
5.4.4 Earth Mover’s Distance (EMD) . . . .
Summary of metric behaviors . . . . . . . . .

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

48
49
49
50
50
51
51

State of Computational Models of Attention

53

6 Where should saliency models look next?
6.1 Evaluating progress of saliency models . . . . . . . . . .
6.2 Quantifying where people and models look in images . .
6.2.1 What do models miss? . . . . . . . . . . . . . . .
6.2.2 What can models gain? . . . . . . . . . . . . . .
6.2.3 The importance of people . . . . . . . . . . . . .
6.2.4 Not all people in an image are equally important
6.2.5 The informativeness of text . . . . . . . . . . . .
6.2.6 Objects of gaze and action . . . . . . . . . . . .
6.3 Future directions . . . . . . . . . . . . . . . . . . . . . .

55
56
59
60
61
63
64
65
66
69

III

Crowdsourcing Human Attention

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

71

7 BubbleView: an interface for crowdsourcing image importance
73
7.1 Designing experiments with BubbleView . . . . . . . . . . . . . . . . . . 76
7.2 Analysis overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
7.3 Experiments comparing BubbleView clicks to eye fixations . . . . . . . . 80
7.3.1 Experiment 1: comparison to eye fixations on information visualizations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
7.3.2 Experiment 2: comparison to eye fixations on natural images . . 85
7.3.3 Experiment 3: comparison to eye fixations on static webpages . . 88
7.4 Experiments comparing BubbleView to related methodologies . . . . . . 92
7.4.1 Experiment 4: comparison to importance annotations on graphic
designs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
7.4.2 Experiment 5: comparison to mouse movements on natural images 95
7.5 Addendum: free-viewing versus description . . . . . . . . . . . . . . . . 100
7.6 Summary of experimental results . . . . . . . . . . . . . . . . . . . . . . 102
7.7 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
8 ZoomMap: using zoom to capture user areas of interest on images 111
8.1 User interface for capturing zoom . . . . . . . . . . . . . . . . . . . . . . 112

11

CONTENTS

8.2
8.3

8.4

8.5

IV

ZoomMaps: visualizing spatial zoom patterns
Experiments with natural images . . . . . . .
8.3.1 Procedure . . . . . . . . . . . . . . . .
8.3.2 Results . . . . . . . . . . . . . . . . .
Experiments with academic posters . . . . . .
8.4.1 Procedure . . . . . . . . . . . . . . . .
8.4.2 Computing GIFs . . . . . . . . . . . .
8.4.3 Results . . . . . . . . . . . . . . . . .
Future directions . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.

112
113
113
113
115
115
116
116
117

Predicting Attention on Visualizations and Graphic Designs 121

9 Learning visual importance
9.1 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . . .
9.1.1 Ground truth importance for information visualizations
9.1.2 Ground truth importance for graphic designs . . . . . .
9.2 Models for predicting importance . . . . . . . . . . . . . . . . .
9.3 Evaluation of model predictions . . . . . . . . . . . . . . . . . .
9.3.1 Prediction performance on information visualizations . .
9.3.2 Prediction performance on graphic designs . . . . . . . .
9.3.3 Prediction performance on fine-grained design variations
9.3.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . .
9.4 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

123
125
126
126
127
129
129
130
132
135
135

10 Design applications
10.1 Retargeting . . . . . . .
10.2 Thumbnailing . . . . . .
10.3 Color theme extraction .
10.4 Interactive applications
10.5 Future directions . . . .

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

137
137
139
140
141
141

V

Parsing Infographics

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

143

11 Visually29K: A curated dataset of infographics
145
11.1 Curating the Visually29K dataset . . . . . . . . . . . . . . . . . . . . . . 145
11.2 Human annotations of icons . . . . . . . . . . . . . . . . . . . . . . . . . 147
11.3 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
12 Synthetically trained icon proposals for parsing infographics
151
12.1 Synthetic dataset creation . . . . . . . . . . . . . . . . . . . . . . . . . . 152
12.2 Effect of synthetic data parameters on model performance . . . . . . . . 153

12

CONTENTS

12.3 Learning to propose icons . . . . . . . . . . . . . . . . . . . . . . . . . . 154
12.4 Evaluation of icon proposals . . . . . . . . . . . . . . . . . . . . . . . . . 154
12.5 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
13 Generating multimodal summaries of infographics
157
13.1 Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
13.2 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
13.3 Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161

VI

Conclusion

163

13.4 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168
13.5 Decade-long vision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
Bibliography

171

List of Figures

1

Crowdsourcing data collection . . . . . . . . . . . . . . . . . . . . . . . .

7

1.1
1.2

17

1.7

Examples of multimodal documents . . . . . . . . . . . . . . . . . . . .
Two novel data collection methods for crowdsourcing human attention
patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Examples of applications with multimodal documents . . . . . . . . . .
Example infographics, text and icon detections, and a summary . . . . .
Taxonomy of multimodal documents . . . . . . . . . . . . . . . . . . . .
Infographics lie at the intersection of information visualizations and graphic
designs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Datasets used in this thesis . . . . . . . . . . . . . . . . . . . . . . . . .

23
24

2.1
2.2
2.3
2.4

Example figures from an ICDAR document layout competition
Example figures from ReVision . . . . . . . . . . . . . . . . . .
Example figure from SmartNails . . . . . . . . . . . . . . . . .
Design interface from DesignScape . . . . . . . . . . . . . . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

31
32
33
34

3.1
3.2
3.3
3.4

Example figure from Restricted Focus Viewer . . .
Example figure from iTracker . . . . . . . . . . . .
A traditional saliency architecture . . . . . . . . .
Example figure from Visual Flow on Web Designs .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

36
38
39
40

4.1
4.2
4.3

Memorable and forgettable information visualizations . . . . . . . . . .
Visualization elements people spend the most time visually exploring . .
Eye fixations on the most and least recognizable visualizations . . . . .

42
43
43

6.1
6.2
6.3
6.4
6.5
6.6
6.7

Saliency models miss semantically-meaningful elements in images . . . .
Sample images from the MIT Saliency Benchmark . . . . . . . . . . . .
Best and worst saliency model predictions on representative images . . .
Crowdsourcing tasks for annotating what people look at in images . . .
How much improvement can be expected by fixing saliency model mistakes
Regions often fixated by humans but missed by saliency models. . . . .
Saliency prediction failure cases on faces . . . . . . . . . . . . . . . . . .

55
58
58
59
62
62
63

1.3
1.4
1.5
1.6

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

18
19
20
22

13

14

LIST OF FIGURES

6.8
6.9
6.10
6.11
6.12

Saliency models miss the relative importance of different faces in an image
Saliency models under-estimate the informativeness of text . . . . . . .
Saliency models miss objects of gaze in images . . . . . . . . . . . . . .
Saliency models miss objects of action in images . . . . . . . . . . . . .
An evaluation task for saliency models based on relative importance . .

7.1
7.2
7.3
7.4
7.5
7.6

7.18

Eye tracking set-up compared to BubbleView interface . . . . . . . . . . 74
BubbleView interface for two task types . . . . . . . . . . . . . . . . . . 76
BubbleView experiment monitoring interface . . . . . . . . . . . . . . . 79
Clicks compared to eye fixations on information visualizations . . . . . . 81
The bubble radius size has little effect on the final click maps produced
83
Clicks compared to eye fixations on visualizations with increasing participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
An example of a labeled visualization from the MASSVIS dataset . . . . 86
Clicks compared to eye fixations on natural images . . . . . . . . . . . . 87
Clicks compared to eye fixations on static webpages . . . . . . . . . . . 89
Clicks compared to eye fixations on webpages with increasing participants 90
Clicks compared to importance annotations on graphic designs . . . . . 93
Computing relative importance scores for elements on graphic designs . 94
Clicks compared to mouse movements on natural images . . . . . . . . . 96
Visualization of different blur and bubble size parameter settings . . . . 97
Byproducts of mouse movements compared to mouse clicks . . . . . . . 99
Clicks compared to eye fixations on natural images with increasing participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
Clicks compared to eye fixations on visualizations with increasing participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
Center bias emerges in average heatmap of eye fixations but not clicks . 103

8.1
8.2
8.3
8.4
8.5
8.6
8.7

A mobile user interface for capturing zoom on images . . . . . .
ZoomMaps: visualizing zoom patterns on images . . . . . . . . .
Where do participants zoom in images? . . . . . . . . . . . . . .
ZoomMaps are similar to eye fixation maps on natural images . .
GIFs of zoom patterns help people retrieve details from memory
Individualized ZoomMaps on academic posters . . . . . . . . . .
Examples of academic posters . . . . . . . . . . . . . . . . . . . .

9.1
9.2
9.3
9.4
9.5
9.6
9.7

Predicted importance on graphic designs and information visualizations 123
Predicted importance within an interactive graphic design tool . . . . . 124
Comparing eye fixations and importance annotations to BubbleView clicks125
Increasing precision of model predictions . . . . . . . . . . . . . . . . . . 128
Predicted importance on information visualizations . . . . . . . . . . . . 131
Relative importance of information visualization elements . . . . . . . . 131
Annotations of graphic design elements for computing relative importance133

7.7
7.8
7.9
7.10
7.11
7.12
7.13
7.14
7.15
7.16
7.17

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

64
65
67
68
69

111
112
114
115
117
118
118

15

LIST OF FIGURES

9.8
9.9

Predicted importance on graphic designs . . . . . . . . . . . . . . . . . . 134
Predicted importance on fine-grained design modifications . . . . . . . . 135

10.1
10.2
10.3
10.4

Importance-based retargeting application . .
Crowdsourcing task for evaluating retargeting
Importance-based thumbnailing application .
Importance-based color theme extraction . .

. . . .
results
. . . .
. . . .

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

138
139
140
141

11.1 Our contributions in the computational understanding of infographics . 146
11.2 User interface for collecting icon annotations . . . . . . . . . . . . . . . 147
11.3 Comparison of human consistency in annotating icons . . . . . . . . . . 148
12.1 Examples of stylistic and semantic variations of icons . . . . . . . . . . . 151
12.2 Synthetic data generation pipeline . . . . . . . . . . . . . . . . . . . . . 153
13.1 Computational pipeline for parsing an infographic and computing a multimodal summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
13.2 Automatically extracted visual hashtags for different concepts . . . . . .
13.3 Examples of the automated multimodal summarization pipeline . . . . .
13.4 Examples of densely annotated infographics . . . . . . . . . . . . . . . .
13.5 Stepping back from the visual design to consider the user and designer
contexts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
13.6 An example infographic invoking visual metaphors . . . . . . . . . . . .

158
158
159
162
165
167

16

LIST OF FIGURES

Chapter 1

Introduction

If an image is worth a thousand
words, then a multimodal document is
worth a thousand concepts.

UMANS can efficiently learn from multimodal (e.g., visual and textual) content
present in a diverse set of sources such as textbooks, slideshow presentations, and
posters (Fig. 1.1). We regularly extract information from illustrations in textbooks,
parse graphs and charts to make decisions, and allow informational posters to influence
our opinions on different topics, as the visuals burn into our memory. High-level cognitive abilities are required to integrate information from the textual and visual modalities, to reason about the structure of the documents (e.g., how the accompanying figures
support the text), and to summarize the most important points for decision-making.
How do humans do this? One way to answer this question is by studying the

H

Figure 1.1. Examples of multimodal documents: (a) information visualizations, (b) graphic designs
(posters), (c) articles and documents with figures, (d) presentation slides, (e) infographics (information
graphics). See Section 1.1 for a taxonomy of multimodal documents.
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human perception of multimodal documents: what catches people’s attention, what
they spend time studying, and what they ultimately find most important. The first
parts of this thesis (II-IV) are about human attention, how to crowdsource, analyze,
and model it, with a specific focus on multimodal documents, including information visualizations (Sec. 7.3.1, 9.3.1), webpages (Sec. 7.3.3), graphic designs (Sec. 7.4.1, 9.3.2),
and academic posters (Sec. 8.4). Novel data collection methods for crowdsourcing human attention at-scale are introduced. Through controlled lab experiments, we show
that eye movements collected using a standard eye tracker can be approximated by (i)
having users click to view regions of an image that have been initially blurred (Fig. 1.2a;
Chapter 7), and (ii) having users zoom in to an image to view regions at larger resolution (Fig. 1.2b; Chapter 8). The collected data can then be used to train computational
models of attention and for automatic design applications like retargeting and thumbnailing (Chapters 9-10). An understanding of the human perception of multimodal
documents can thus inform computational approaches. Note that Section 1.1 provides
an overview of the types of multimodal documents that are the focus of this thesis.
Figure 1.2. Two novel data collection methods for crowdsourcing human attention patterns on images:
(a) The BubbleView interface presents blurred images to participants, and they can click around to
uncover regions of the image (“bubbles”) at full resolution. The pattern of clicks, when averaged over
multiple participants to produce a click map, approximate an attention map for the image (Chapter 7).
(b) The ZoomMap interface allows participants to explore images with the pinch zoom gesture on their
mobile devices. The zoom actions can be converted to a heatmap of important regions in an image
(Chapter 8).

Why develop computational approaches? Automatically parsing multimodal
documents including information visualizations, graphic designs, infographics, and presentation slides (see Fig. 1.1 and Sec. 1.1) can make a variety of applications possible.
For example, we may want to automatically convert a standard information visualization like a plain bar graph into a more effective and memorable infographic (Fig. 1.3a);
within graphic design tools, we may want to provide automatic feedback to a designer
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Figure 1.3. Examples of applications with multimodal documents: (a) turning standard visualizations
into effective infographics, (b) providing automatic feedback within graphic design tools (Chapter 9),
(c) summarizing multimodal content (Chapters 8.4, 10, 13), (d) annotating documents with visuals,
(e) translating text into visual presentations.

about the parts of their design that are likely to attract observer attention (Fig. 1.3b);
given a design, we may also propose visual and textual summaries (Fig. 1.3c); we could
learn to automatically annotate text articles with relevant visuals, to help guide the
reader’s attention and increase reader engagement (Fig. 1.3d); more ambitiously, we
could approach the problem of translating the knowledge in text documents and textbooks into visual presentations, slides, and posters (Fig. 1.3e). These applications can
help democratize graphic design for areas such as data exploration and internet-scale
education, for disseminating information in a broadly-accessible format.
The technical challenges: To work towards these applications, we need to first
develop the tools for parsing multimodal documents. However, multimodal documents
pose many technical challenges for computational systems. There is large variability
in how the text and visuals are arranged and scaled, the text is rendered in different
fonts, and the visual elements range from photo-realistic to abstract icons (Fig. 1.4a).
Separate approaches exist for detecting and extracting text from images (i.e., optical
character recognition; see Chapter 2), and for parsing the visual content of a scene
(e.g., computer vision approaches including object detection, scene classification, and
semantic segmentation). However, handling the semantic and stylistic variability in
multimodal documents remains a challenge to computational models trained mostly on
natural images [95, 98, 218]. Furthermore, integrating information from textual and visual modalities simultaneously and reasoning about document structure is a relatively
unexplored research direction at the interface of computer vision, human computer in-
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teraction, and natural language processing. Part V of this thesis contains initial steps
in this direction: parsing the text and visual elements in infographics (Fig. 1.4b; Chapter 12) to be able to predict the topics and subtopics being addressed, and to generate
multimodal (textual and visual) summaries of the content (Fig. 1.4c; Chapter 13).
Figure 1.4. (a) Example infographics, containing text and images with large variations in style, scale,
and semantics (Chapter 11). (b) An infographic that has been automatically parsed. Annotated are
the detected text in green and the detected and classified icons in red (Chapter 12). (c) A sample
multimodal summary automatically produced from the detected text and icons in (b). The summary
captures the main topic of the infographic, and is composed of a representative text tag and visual
hashtag (Chapter 13).

Sec. 1.1. Taxonomy of multimodal documents
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The ubiquity of multimodal documents: From business presentations, medical documents, and textbooks to children’s books and subway advertisements, we are
regularly exposed to multimodal documents. These documents have been curated with
a human audience in mind, to effectively convey concepts, deliver messages, and tell
stories - in educational, business, and promotional settings. A vast amount of semantic and design knowledge is thus encoded in multimodal documents, and this thesis
presents a multi-pronged approach to begin to harness this knowledge: using crowdsourcing techniques to measure how humans perceive multimodal documents (Part III),
and simultaneously building the computer vision tools to make predictions about the
content in multimodal documents (Parts IV and V).

 1.1 Taxonomy of multimodal documents
Multimodal documents as referred to in this thesis are intended to cover a broad
range of document types, united by the fact that they have been composed out of visual
and textual elements. This includes presentation slides, articles with figures, textbooks
with diagrams, and information visualizations (Fig. 1.5). Under this category, we also
include graphic designs that contain text (e.g., comics, advertisements, and diagrams).
Information visualizations are visual and numerical representations of data, in
widely ranging formats - from charts, graphs, and tables, to scientific visualizations
(molecular diagrams, medical scans, renderings of astrological phenomena, etc.) and
infographics (information graphics). Scientific visualizations and infographics have a
lot in common with graphic designs in that they have a strong focus on using visual
content (human-recognizable objects, photographs, graphics simulations, and icons/pictographs) for communicative purposes. Fig. 1.6 shows how we think of infographics:
as lying at the intersection of information visualizations and graphic designs. Where
graphic designs are often created to tell a story or deliver a message, and information
visualizations are used to depict data, infographics can be seen as telling a story with
data. Some of the computer vision methods for parsing infographics that will be considered later in this thesis are related also to work on graphic designs without text, like
clipart and artistic media.
In this thesis, studies of human perception are carried out on information visualizations, webpages, graphic designs, and academic posters, with a stronger focus on
information visualizations and graphic designs (Part III). Computational models of attention are then trained using the human perception data on information visualizations
and graphic designs (Part IV). Infographics form a subset of information visualizations.
Infographics then become the sole focus of the computer vision tools developed for text
and icon detection in the latter part of the thesis (Part V).

 1.2 Datasets
Natural images: For evaluating computational models of visual attention (Chapter 6), we used the MIT300 [106] and CAT2000 [20] datasets from our own MIT
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Figure 1.5. Multimodal documents are composed of text and images, and include widely ranging media
from presentation slides, articles with figures, textbooks with diagrams, and information visualizations.
Graphic designs with text, like comics, advertisements, and diagrams are also part of this category.
At the intersection of information visualizations and graphic designs lie infographics and scientific
visualizations. Infographics, which are the focus of the latter part of this thesis, are information
visualizations that tell stories with data and have a lot in common with graphic designs. Related work
in computer vision on graphic designs includes papers and datasets on: (1) clipart [232, 233], (2) artistic
media [218], (3) comics [98], (4) advertisements [95], and (5) diagrams [109, 193].

Saliency Benchmark [31]. We also used images from the CAT2000 dataset for evaluating our ZoomMap interface (Chapter 8). We used images from the OSIE [223] and
SALICON [103] datasets for evaluating our BubbleView interface (Chapter 7).
Visualizations: We used our own 5K dataset of information visualizations called
MASSVIS, first introduced in [23, 24] (see Chapter 4). For training a computational
model of attention for visualizations, we collected perception data on 1,411 visualizations from this dataset (Chapter 9). These include infographics (from Visual.ly) as
well as visualizations from news media and government publications. A subset of these
visualizations were also used for evaluating our BubbleView interface (Chapter 7).
Graphic designs: For training our computational model of attention (Chapter 9),
we used the Graphic Design Importance (GDI) dataset of 1,078 Flickr graphic designs
from [154], provided with importance annotations. A subset of these graphic designs
were also used for evaluating our BubbleView interface (Chapter 7). We collected

Sec. 1.3. Overview of thesis
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Figure 1.6. Where graphic designs are often created to tell a story or deliver a message, and information visualizations are used to depict data, infographics can be seen as telling a story with data.
This is why we place infographics at the intersection of information visualizations and graphic designs. The human perception studies in this thesis are run on information visualizations and graphic
designs (Part III), which are also used for training a computational model of attention (Part IV), while
the computer vision methods for detecting text and icons are developed with a focus on infographics
(Part V).

additional importance annotation for a subset of 264 design variants from the Design
Improvement Results (DIR) dataset [154] for evaluating our model of attention.
Infographics: We scraped and curated a dataset of 29K infographics from the Visual.ly website, a community platform for human-designed visual content. Chapter 11
introduces our Visually29K dataset that we used to train topic and category prediction, an icon proposal mechanism (Chapter 12), and for our multi-modal summary
application (Chapter 13).
Other: We used static website images from the FiWI dataset [194] for evaluating our BubbleView interface (Chapter 7) and collected some academic poster images
(from our colleagues, from the CVPR conference) for evaluating our ZoomMap interface
(Chapter 8).
See Fig. 1.7 for some sample images from these datasets.

 1.3 Overview of thesis
This thesis has two complementary goals: (i) to develop data collection methods to
measure how humans perceive multimodal documents (e.g., where people look, what
they find important), and (ii) to develop computer vision tools to automatically parse
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Figure 1.7. A sampling of the datasets used in this thesis: MIT300 [106] and OSIE [223] with natural
images; CAT2000 [20] with images from different categories (including action, satellite, fractal images,
as shown here); Visually29K (introduced in this thesis) with infographics; GDI [154] with graphic
designs and DIR [154] with graphic design variants; MASSVIS [23] with visualizations; and FiWI [194]
with webpages.

and make predictions about multimodal documents (e.g., what topics they are about).
Part I sets up the background for the rest of the thesis: discussing related past work
on computational multimodal document understanding (Chapter 2), attention tracking
and saliency (Chapter 3), and human perception of multimodal documents - with a
focus on information visualizations (Chapter 4). Chapter 5 contains an introduction to
the metrics that will be used for evaluation throughout the thesis.
Part II (Chapter 6) of this thesis includes a discussion of where people look in images
and covers the state-of-the-art in computational models of visual attention. Models that
predict a saliency value at each image pixel (as a measurement of the conspicuity of
that pixel within the image) are called saliency models. Traditionally, saliency has
been used to refer to bottom-up pop-out: a measure of whether regions of the image
stand out from their surroundings/background, and whether they are likely to catch
an observer’s attention. Chapters 6 and 7 of this thesis argue for a re-branding of
saliency as importance, showing that many regions on an image that an observer pays

Sec. 1.3. Overview of thesis
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attention to are semantically conspicuous, not necessarily visually conspicuous. For
instance, human observers consistently look at a region of the image where they expect
an object to be in the future (e.g., the landing position of a ball in mid-air) even if that
region of the image has no distinctive visual features. Given a longer viewing interval,
people spend time on regions of the image that they find interesting or important
to understanding the scene. Extending this notion to non-natural images like graphic
designs and information visualizations, people spend time on visual and textual elements
that are important to understanding the underlying content. These attention patterns
are not covered by the traditional definitions of saliency, nor can they be predicted by
standard saliency models. In Part IV of the thesis, we build computational models of
importance for graphic designs and information visualizations, the first fully-automatic
and generalizable models of attention for these image types.
Data-driven models of attention have typically been trained on eye movements collected using an eye tracker. Recently, there has been a trend to train models on approximate attention data, collected as cursor data (instead of eye movements) in a
crowdsourced online setting (e.g., [103]). This allows scaling up data collection to thousands of images, making the training of computational models with many parameters
- like neural networks - more feasible. In a similar vein, for training the computational
models of importance in Part IV, we designed a cursor-based interface called BubbleView to collect importance data, which we introduce in Part III (Chapter 7) of the
thesis. Part III of the thesis is about our data collection methods for crowdsourcing attention/importance. Our goal is to measure which regions of an image are particularly
interesting to observers, when the observers are given a way of explicitly exploring or
interacting with the images, by clicking or zooming (Chapters 7-8).
As discussed at the end of Chapter 7 (Part III) and in Chapter 10 (Part IV), there
are many applications of importance prediction, ranging from design applications like
automatic thumbnailing and retargeting, to image understanding tasks like captioning
and visual question answering. Knowing what is most important to an observer in a
document can help with summarization and retrieval of relevant content in search applications. Beyond predicting which regions of a design have highest importance, these
applications require also an understanding of the underlying content itself (i.e., what is
inside the design regions). In other words, to summarize or caption a design/document,
we need to know what the underlying text elements are about and what the visual elements represent. The final part of this thesis, Part V, is about using text and icon
parsing techniques to predict the topics that an infographic is about and to summarize
the infographic. Finding that computer vision models trained on natural images did
not generalize to graphics, we developed an icon proposal mechanism for infographics,
trained on synthetic data (Chapter 12). We show that, taken together, text parsing,
icon proposals, and icon classification can be used to densely annotate infographics, and
this can serve as input to future applications for understanding designs (Chapter 13).
Overall, this thesis makes contributions to: human vision - by adding to the understanding of human attention on both natural and graphic images; user interfaces - by
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introducing two novel data collection methods for capturing human attention; and to
computer vision - by introducing approaches that can parse, annotate, and summarize
non-natural images. Future directions along this line of research are to integrate the attention modeling and document understanding components developed in this thesis for
captioning and summarization applications, for smarter designs tools (i.e., finding the
most effective way to arrange textual and visual elements to communicate a message),
and for automatically annotating text documents with images (e.g., for suggesting relevant visuals for articles and translating textbooks into interactive presentation slides)
as in Fig. 1.3.

 1.4 Who is this thesis for?
I wrote this thesis with future students in mind: either students individually studying
related topics who would like some additional background or inspiration, or students
who may work with me on extending and building on the directions in this thesis. For
this purpose I have written up future directions at the end of each chapter. The interdisciplinary nature of this thesis should cater to researchers in computer vision, human
vision, and human-computer interaction; researchers in natural language processing,
machine learning, and information visualization may gain additional ideas for their
work. These research topics at the interface of multiple fields have a lot of unexplored
potential and exciting applications, and it would be great to have a bigger community
build on them.

Sec. 1.5. Papers included in this thesis
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 1.5 Papers included in this thesis
This section details the published papers that correspond to chapters in this thesis,
with notes of how the paper was modified into the chapter.
Chapter 5: includes excerpts from the paper: Bylinskii, Z., Judd, T., Oliva, A.,
Torralba, A., Fredo, D. “What do different evaluation metrics tell us about saliency
models?” [TPAMI 2018]. Specifically, the chapter consists of subsets of Sec. 3.2, Sec.
4, and a summary of Sec. 5.2, 5.4, and 7 from the paper. A section on the “Basics of
human eye movements” was added to this chapter.
Chapter 6: is based in full on the paper: Bylinskii, Z., Recasens, A., Borji, A.,
Oliva, A., Torralba, A., Durand, F. “Where should saliency models look next?” [ECCV
2016] with some content added in from the Supplemental Material.
Chapter 7: is based on Kim, N.W.*, Bylinskii, Z.*, Borkin, M.A., Gajos, K.,
Oliva, A., Durand, F., Pfister, H. “BubbleView: an interface for crowdsourcing image
importance maps and tracking visual attention” [TOCHI 2017]. Specifically, the chapter
consists of Sec. 1, 3.2, 3.3, 5, 6, 7 and 8 from the paper. Sec. 7.5 has been added to the
thesis after paper publication.
Chapter 8: is related to work that is in submission: Bylinskii, Z., Tancik, M.,
Newman, A., Zhong, K., Madan, S., Oliva, A., Durand, F. “ZoomMap: Using Zoom to
Capture User Areas of Interest on Images”.
Chapters 9 and 10: are based on Bylinskii, Z., Kim, N.W., O’Donovan, P., Alsheikh, S., Madan, S., Pfister, H., Durand, F., Russell, B., Hertzmann, A. “Learning
Visual Importance for Graphic Designs and Data Visualizations” [UIST 2017]. Discussion of metrics has been omitted to avoid overlap with Chapter 5. Extra details have
been added in from the Supplemental Material of the paper. Sec. 10.3 in this chapter
is new.
Chapters 11 and 13: includes content from Bylinskii, Z.*, Alsheikh, S.*, Madan,
S.*, Recasens, A.*, Zhong, K., Pfister, H., Durand, F., Oliva, A. “Understanding Infographics through Textual and Visual Tag Prediction” [arXiv:1709.09215 2017] (specifically, parts of Sec. 3, 4, and 5 from the paper) with major updates to Chapter 13 based
on work that is currently in submission (as in Chapter 12).
Chapter 12: is related to work that is in submission: Bylinskii, Z.*, Madan, S*,
Tancik, M.*, Zhong, K., Recasens, A., Alsheikh, S., Pfister, H., Durand, F., Oliva, A.
“Synthetically Trained Icon Proposals for Parsing and Summarizing Infographics”.
Additionally, a section on “Future directions” has been added at the end of every
chapter to discuss limitations and natural extensions of the work presented.
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Background
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Chapter 2

Related work on multimodal
document understanding

OMPUTATIONAL approaches to processing multimodal documents have historically been tackled by different research communities: text parsing by the document understanding community, visualizations by the infovis community, websites by
the human-computer interaction community, sketches and illustrations by the graphics
community, etc. There has also recently been an increase in the number of papers and
workshops [56, 121] on graphic design datasets and problems at top-tier computer vision
conferences. The work presented in this thesis is timely in that it lies at the interface of
computer vision, human perception, and human-computer interfaces, with applications
to information visualizations and graphic designs. In this chapter we discuss relevant
papers on multimodal document understanding coming from these different research
communities.
Document analysis: ICDAR, the International Conference on Document Analysis
and Recognition, is a biannual conference on character and text recognition, document
analysis and understanding. Relevant work includes classifying documents by type (e.g.,

C

Figure 2.1. Figures from the ICDAR Competition on Recognition of Documents with Complex
Layouts [5] (http://primaresearch.org/RDCL2017/). The competition consists of segmenting pages
of magazines and technical articles, classifying regions (text, image, table, chart, math, etc.), and
extracting and recognizing the contained text.
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Figure 2.2.
Figure
from ReVision by Savva
et al. [191] demonstrating
the automatic application of converting a
bitmap visualization into
a redesigned editable
chart,
after
parsing
all
the
visualization
components (text, values, axes, marks, etc.)
and converting them
into a structured table
representation.

email, news article, presentation, scientific publication) [79], separating figures from text
in articles [213] and more fine-grained region classification problems [5], where document
regions are labeled as text, image, graphic, table, math, etc. (Fig. 2.1). Related are
vision-based and DOM-based approaches that decompose a website into sub-parts for
further analysis [37]. A separate class of approaches transcribe the text from document
pages into characters (i.e., optical character recognition methods) [200]. Most document
analysis and retrieval methods, however, stop short of processing the semantics of the
document elements [144]. Document analysis can therefore be used as pre-processing
for computer vision methods to understand and classify the content inside the images,
and for natural language processing (NLP) techniques to make sense of the parsed text
- for topic understanding, summarization, and question-answering applications.
Figure parsing: Computer vision methods have been applied to classify scholarly
figures and graphs [170, 191], to transcribe textbook diagrams into structured tables for
question answering [109, 193], and to parse the elements (axes, legends, plot lines, etc.)
within graphs and charts for re-design applications [92, 167, 191, 196] (Fig. 2.2). Siegel
et al. [196] show that their figure parsing results can be used to answer queries and summarize results (but their results are limited to 2D-graphical plots of precision-recall and
ROC curves presented in technical papers). Wu et al. [221] use the XML representation
of a line graph to predict the intended message of the graph, and cite as motivation the
need to summarize the content of multimodal documents by taking into account the
contained information graphics as well as the text. Other approaches have looked at
converting hand-drawn sketches into computational diagrams, requiring an automatic
parsing and classification of sketches into common diagrammatic components [4, 53], as
an automatic design aid for paper figure generation.
Machine learning for design: Our work also relates to the general program of
applying machine learning in the service of graphic design tools. Webzeitgeist [127] is a
repository and platform of 100K webpages and 100M design elements and RICO [47] is
a dataset of 9.7K mobile apps covering 72K unique UI screens, both datasets collected
to enable large-scale statistical analysis of design patterns and design-driven search and
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Figure 2.3. Figure from SmartNails by Berkner et al. [12] demonstrating the proposed thumbnails (bottom) automatically-computed from the document images (top) by cropping, scaling, and
re-arranging image and text elements.

machine learning. Ritchie et al. [183] introduce another style-based exploration tool to
mine a design gallery for suggestions. Saleh et al. [188] learn a style similarity metric for
infographics for image retrieval tasks using a newly collected dataset of 19K infographics
and crowdsourced similarity data. With a similar application of style-based retrieval
from a repository, Garces et al. introduce a similarity metric for illustrations [61].
Related work in computer vision: Computer vision has traditionally focused
on understanding natural images and scenes. However, there is a growing interest in
graphic designs, which motivates a new set of research questions and technical challenges. Zitnick et al. [232, 233] introduced abstract scenes to study higher-level image
semantics (relationships between objects, storylines, etc.). Wilber et al. [218] presented
an ‘Artistic Media Dataset’ to explore the representation gap between objects in photographs versus in artistic media. Iyyer et al. [98] built a ‘COMICS’ dataset and made
predictions about actions and characters using extracted visual and textual elements
from comic panels. Hussain et al. [95] presented a dataset of advertisements and described the challenges of parsing symbolism, memes, humor, and physical properties
from images. Other relevant work to the problem of abstract image recognition and
representation is work on sketches [76, 189]. To the best of our knowledge, there is no
computer vision work on automated understanding of infographics.
Retargeting and summarization of documents: Previous work has explored
the idea of summarizing multimodal content in thumbnail form [12, 203, 220]. Berkner
et al. [12] crop, scale, and re-arrange visual and textual elements into dense summaries
of the content called ‘SmartNails’ (Fig. 2.3). Importance of a visual region is measured
using the bit-rate of the compressed JPEG representation. Importance of a text region
is measured as a product of the font size and position. A greedy algorithm is used
to arrange the important visual and textual regions into the final thumbnail. Strobelt
et al. [203] combine images and key terms from an entire document to create ‘Document Cards’. Key terms are selected based on a frequency analysis, and images are
considered important if key terms are found in their captions. A packing algorithm
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Figure 2.4.
Figure
from
DesignScape
by O’Donovan et al. [155]
demonstrating a system
which aids the design process by making interactive
layout suggestions (in the
panels to the left and right
of the central canvas) as a
user moves around design
elements on a canvas.

is then used for arranging the elements in the final thumbnails. Woodruff et al. [220]
utilize user feedback to create thumbnails of webpages, by modifying and amplifying
HTML elements. The effectiveness of the proposed thumbnails is demonstrated using a
search application. Related also is work on automated retargeting where the elements
of a graphic design are re-arranged for a different form factor. O’Donovan et al. takes a
machine learning approaching in combination with design heuristics to adjust the layout of graphic designs, with and without user input [154, 155] (Fig. 2.4). Kumar et al.
[126] retarget webpages designed for the desktop to mobile devices using the underlying
content and style files.
Chapter 13 presents a purely machine learning approach to the multi-modal summarization of infographics (see Fig. 1.4 for an example). The text in infographics is
first automatically extracted using out-of-the-box OCR techniques [68], and key text
topics are predicted using a trained bag-of-words to topic model (a neural network).
The visual regions (i.e., icons) in infographics are extracted using a trained icon proposal mechanism (Chapter 12). The final visual summary is composed by choosing the
top 1-3 predicted text topics, and for each text topic, the most visually relevant icon
is selected (automatically, using a neural net classifier). Compared to prior work on
summarization, this approach is maximally data-driven and does not rely on heuristics
or design decisions.
In Chapter 10, we take a perception based approach (with computer vision models)
to image processing and summarization. Visualizations and graphic designs are treated
as bitmap images. Unlike a lot of the related work, no vector input or other structured
information (e.g., DOM structure, style files, annotated regions, user-selected elements)
are required. Attention maps are predicted automatically on a per-pixel level, and the
resulting applications use the attention maps directly to thumbnail and retarget the
underlying designs. This is inspired by saliency-based retargeting of natural images [6,
186]. The work in this thesis presents the first fully-automatic and generalizable (to
different visualization and graphic design styles) model of saliency, that is used for
automatic thumbnailing and retargeting. The next chapter discusses work on attention
and saliency modeling that is also relevant to this approach.

Chapter 3

Related work on attention tracking
and saliency

HE eyes are a window onto the mind. A significant amount of research has demonstrated connections between eye movements and various cognitive tasks: the eyes
can provide important clues about how visual perception proceeds as a human looks
at images [83, 85, 108, 122, 152]. This area of research is so established and diverse
that we refer the reader to some representative papers reporting on the utility of eye
movements for studying human perception and cognition in the context of user interfaces [11, 27, 49, 66, 70, 99, 169, 180], web search [43, 67], web browsing [42, 105, 156],
problem solving [71], reading [172], advertisements [174], and visualizations [24, 34, 90,
115, 168]. These papers show that aside from providing information about how human
perception proceeds, eye movements can also provide insights about the effectiveness of
different visual content, or the usability of interfaces.
Motivated by the implications of knowing where people look, many researchers
have sought ways to efficiently collect eye movements at-scale, often as an alternative
to more standard eye tracking procedures. In this chapter we cover work in this area
most relevant to our own user interfaces for capturing attention - Part III of the thesis.
As background to Parts II and IV of the thesis, this chapter also includes some brief
discussion on saliency models, which are computational models of visual attention.

T

 3.1 Cursor-based attention tracking
There has been a significant effort to find cheap, nonintrusive, and more scalable alternatives to collect human attentional data. Cursor-based techniques are a particularly
suitable alternative for scaling to large web-based studies.
The moving-window approach is a popular cursor-based technique in which a
limited amount of information is visible through a variable size window continuously
following a cursor position [146, 173]. Inspired by the moving-window model, Jansen
et al. [101] developed a computer program called Restricted Focus Viewer (RFV) that
takes an image, blurs it, and reveals only a restricted block of the image, allowing a
user to move the region using a mouse [10, 14, 101, 205] (Fig. 3.1). Commercial software
for tracking user attention has also built on the same idea. For instance, Attensee
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(www.attensee.com) is a commercial solution based on the idea of Flashlight [192], an
open-source research tool (github.com/michaelschulte/flashlight). The mousecontingent methodology has been employed to investigate cognitive behaviors of users
in diverse contexts such as diagrammatic reasoning and program debugging, and to
study the usability of web sites [9, 101, 205].
Figure 3.1. Example figure from the Restricted Focus Viewer by Jansen et al. [101], a moving-window
interface that allows participants to explore a blurred diagram through a focus window by moving the
computer cursor (cursor-based attention tracking).

Recent studies have made further improvements. SALICON [103] implemented
moving-window, multi-resolution blur on images to attempt to simulate the fall-off in
acuity of peripheral vision. On the other hand, Lagun and Agichtein [132] directly
preprocessed web search results to show one result and blur the other results based
on a user’s viewport; however, this method is not intended to approximate the human
fovea as it shows an entire DOM element at a time. All these recent studies were
conducted online with hundreds to thousands of participants, proving the scalability of
their methods.
There is also a rich history of work in the space of gaze-contingent multiresolutional
displays, where the moving-window approach is guided by gaze. We refer the reader to
a review by Reingold et al. [178]. These approaches complement, rather than replace,
standard eye-tracking techniques, and have different motivations: bandwidth and processing savings. However, this line of work contains an investigation of multiresolutional
blur to approximate the peripheral visual system, which is relevant to the analyses in
our studies (Chapter 7). Whether cursor-based or gaze-based, a moving-window approach slows down visual exploration patterns relative to natural viewing and can be
used to discover the most important or relevant image regions.
Aside from the moving-window model for image exploration, other works also investigated the relationship between cursor movements and gaze positions, mostly focusing
on web browsing [39] and search tasks [74, 87, 88, 184]. Chen et al. [39] found a high
correlation between cursor and gaze locations. Rodden et al. [184] found that cursor
and gaze are better aligned along the vertical dimension, while Guo and Agichtein [74]
also found a similar result in their study of predicting eye-mouse coordination. Huang
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et al. [88] found that people’s cursors lag behind their gazes and there are individual
differences in the distance between the cursor and gaze positions.

 3.2 Appearance-based gaze tracking
Another line of work has been devoted to non-intrusive, appearance-based gaze estimation, where images of the eyes are post-processed using computer vision techniques
to determine gaze location. This type of gaze estimation often involves collecting a
training dataset with a standard eye-tracker, training a computer vision model to map
eye images to gaze coordinates, and using this model at test-time to directly infer gaze
positions from a video stream of the eyes (e.g., captured via a webcam). At test time,
these approaches do not require specialized eye tracking hardware (i.e., high quality
special cameras, infrared sensors, and head mounting devices).
Early gaze tracking models were mostly based on relatively small training datasets
collected through lab studies. For example, Baluja and Pomerleau [7] collected 2000
images of the eyes for four postures by instructing a participant to visually track a
moving cursor and built a neural network model to estimate gaze locations. Recent
methods attempt to build gaze tracking models on large datasets to improve accuracy
as well as to work in real-world settings. Funes Mora et al. [59] constructed a database to
enable comparison across different gaze tracking algorithms for variations including head
poses, individual differences, and ambient and sensing conditions. Zhang et al. [229]
developed an appearance-based gaze estimation method using multimodal convolutional
neural networks. Their model was trained on a hundred thousand images from 15
laptop users for several months using built-in cameras in laptops, accounting for realistic
variability in illumination and appearance. Huang et al. [89] similarly built a large gaze
dataset and a gaze tracking algorithm for tablet users. While the two studies are still
limited to datasets collected through labs, other works leverage online crowdsourcing
to further extend the scale of gaze datasets. Xu et al. [224] developed a webcam-based
eye tracking game running in a browser on a remote computer. Their crowdsourced
experiments could collect gaze data cheaper and faster than lab studies. Papoutsaki
et al. [160] also designed a similar webcam-based eye tracking system. Krafka et al. [123]
collected eye tracking on over 2.5M frames using a mobile application and online, and
developed a gaze prediction algorithm based on convolutional neural networks, while
achieving state-of-the-art results (Fig. 3.2).
All of the above approaches have yet to reach the level of tracking accuracy and robustness possible with dedicated eye tracking hardware. These approaches also depend
on either some initial calibration or have constraints on a participants’ set-up: network
connection, camera quality, and restricted range of face location relative to screen. As
a result, we have not yet seen widespread adoption of appearance-based gaze tracking.
Additionally, the camera-based gaze tracking approaches have the downside of requiring the capture of participants’ face images throughout the study, which comes with
privacy concerns [136].
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Figure 3.2. Example figure from
iTracker by Krafka et al. [123], a
convolutional neural network for predicting eye gaze coordinates from
face and eye images captured using
mobile cameras (appearance-based
gaze tracking). This network was
trained on 2.5M frames of 1450
crowdsourced participants performing a calibration task.

 3.3 Saliency models and datasets
In addition to alternative techniques for eye tracking which require human participants,
significant progress has been made building computational saliency models to predict
eye fixations. Many saliency models are motivated by psychological and neurobiological
theories, and make use of both low-level image features (e.g., intensity, color, and orientation) and high-level semantic features (e.g., scenes, objects, and tasks) to approximate
the human visual system [17, 58]. The performance of these models is usually evaluated
against ground-truth eye fixations [31, 36, 107].
Traditional models of saliency: Computational modeling of bottom-up attention
dates back to the seminal works by Treisman and Gelade [212] (Feature Integration
Theory), the computational architecture by Koch and Ullman [117] and the bottom-up
model of Itti et al. [96, 97] (Fig. 3.3). Parkhurst and Neibur were the first to measure
saliency models against human eye fixations in free-viewing tasks [161]. Followed by this
work and the Attention for Information Maximization model of Bruce and Tsotsos [26],
a cascade of saliency models emerged, establishing saliency as a subarea in computer
vision. Large datasets of human eye movements were constructed to provide training
data, object detectors and scene context were added to models, and learning approaches
gained traction for discovering the best feature combinations [19, 106, 111, 223, 230].
Please refer to [17, 18] for recent reviews of saliency models.
Neural network models of saliency: One of the first attempts to leverage deep
learning for saliency prediction was Vig et al. [215], using convnet layers as feature
maps to classify fixated local regions. Kümmerer et al. [129] introduced the model
DeepGaze, built on top of the AlexNet image classification network [124]. Similarly,
Liu et al. [139] proposed the Multiresolution-CNN model in which three convnets, each
on a different image scale, are combined to obtain the saliency map. In the SALICON
model [103], CNNs are applied at two different image scales: fine and coarse.
Traditionally, saliency models have been trained directly on fixation data collected
from eye tracking experiments [106, 111]. However, deep neural network models require
large quantities of data, larger than what is practical to collect using conventional eye
tracking techniques. To overcome this challenge, a large-scale crowd-sourced dataset
of mouse movements on natural images was recently released for simulating the nat-
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Figure 3.3. Figure from Itti and
Koch [96] showing a traditional
saliency architecture, where different
feature maps, capturing orientation,
intensity, and colors, are extracted
from an image at multiple scales,
center-surround differences are computed to obtain locally salient regions, and the resulting activations
are combined into a final saliency
map.

ural viewing behavior and subsequently training computational saliency models. This
dataset, dubbed SALICON, was collected using a moving-window methodology [103].
Since then, many neural network models of saliency trained on this data [103, 125, 157]
have achieved state-of-the-art performances on standard saliency benchmarks [31].
For instance, DeepFix [125] is a fully convolutional neural network (convnet) built
on top of the VGG network [198] and trained on the SALICON dataset to predict
pixel-wise saliency values in an end-to-end manner. DeepFix has additionally been
fine-tuned on MIT1003 [106] and CAT2000 [20]. Pan et al. [157] trained two architectures on SALICON in an end-to-end manner: a shallow convnet trained from scratch,
and a deeper one whose first three layers were adapted from the VGG network (SalNet). Tavakoli et al. [209] have recently shown that saliency models trained on mouse
movements can generalize well to predicting eye fixations. Other saliency models based
on deep learning have been proposed for salient region detection [133, 135, 217, 231].
While deep learning models have shown impressive performance for saliency prediction,
a finer-grained analysis shows that they continue to miss key elements in images. In
Chapter 6 of this thesis we discuss the advances in saliency models, remaining gaps to
human performance, and new directions forward to more closely approximate human
attention.

 3.4 Saliency models for non-natural images
While most saliency models are focused on predicting eye fixations on natural scenes,
there are relatively few studies that have looked at other image types including webpages, graphic designs, and information visualizations. These images are different from
natural images in that they usually contain rich semantic data (e.g., texts, charts, and
logos) or different viewing patterns such as top-left bias [29] and banner blindness [73].
Designers and researchers have long studied eye movements as a clue to understanding

40

CHAPTER 3. RELATED WORK ON ATTENTION TRACKING AND SALIENCY

Figure 3.4. Figure from Pang et al. [159] demonstrating a web design application where, given a
webpage as input (left panel), a designer specifies a desired trajectory over page components (middle
panel) and an automatic system modifies the position, style, and color of the components (right panel)
such that the predicted eye gaze patterns match the trajectory as closely as possible.

the perception of user interfaces [50, 99]. There have also been several recent studies of
eye movements and the perception of designs [24, 82]. However, few researchers have
attempted to automatically predict attention in graphic designs.
The DesignEye system [185] uses hand-crafted saliency methods, demonstrating that
saliency methods can provide valuable feedback in the context of a design application.
O’Donovan et al. [154] gather crowdsourced importance annotations, where participants
are asked to mask out the most important design regions. They train a predictor from
these annotations. Haass et al. [77] test three natural image saliency models on the
MASSVIS data visualizations [23], concluding that, across most saliency metrics, these
models perform significantly worse on visualizations than on natural images. Several
models also exist for web page saliency. However, most methods use programmatic
elements (e.g., the DOM) as input to saliency estimation [29, 220]. Pang et al. predict
the order in which people will look at components on a webpage [159] by making use of
the DOM and manual segmentations (Fig. 3.4). Other works use the web page image
itself as input to predict saliency [194, 202]. For instance, Shen and Zhao [194] developed
a webpage saliency model based on the FiWI dataset, and then improved the model
with high-level semantic features (e.g., positional bias and object detectors) [195]. Xu
et al. [225] presented a computational model for predicting visual attention in user
interfaces with user interactions.
Inspired by the work of O’Donovan et al. [154], in Chapter 9 we present a fully
automated model of importance for both graphic designs, but also information visualizations. While trained on different datasets, the model architecture is the same for
both image types. Unlike O’Donovan et al., however, our method does not require
knowledge of the location of design elements (i.e., a vector representation) to run on a
new design. The input to our model is the bitmap image of the design alone. Moreover,
our model is based on a neural network architecture which gives it predictive power
over previous approaches (to predicting saliency on non-natural images) that are based
on lower-level features and older saliency models. The neural network architecture also
runs at 0.1 seconds per image, making it 100 times faster than O’Donovan et al.’s model,
and practical for interactive design applications (Chapter 10, Sec. 10.4).

Chapter 4

Related work on perception of
information visualizations

NDERSTANDING how people perceive information visualizations - what catches
their attention, what they spend time looking at, and what they ultimately remember - can both help us design computational systems to process visualizations, and
to better understand what makes a visualization effective for design applications.
Many important works in the visualization community have studied how different
visualization types are perceived, and the effect of different data types and tasks [40, 120,
166]. The effect of “visual embellishments” on the memorability and comprehensibility
of visualizations is also an active area of research [8, 13, 16, 23, 94, 134, 145, 199, 214].
The effect and role of specific visual elements have also been investigated within the
context of specific visualization types, e.g., attributes of node link diagrams [3, 62],
specific visual elements such as pictographs [81], visual distortions [158], and more
broadly [80].
Apart from memory, eyetracking has also been used to study how a person views and
visually explores a visualization [15]. Previous studies have focused on eye movements
on specific visualization types such as graphs [90, 91, 119, 168], tree diagrams [28], and
parallel coordinates [197], for comparing multiple types of visualizations [65], and for
evaluating cognitive processes in visualization interactions [115]. There has also been
research in the area of understanding different types of tasks and visual search strategies
for visualizations through the analysis of eyetracking fixation patterns as well as insights
into cognitive processes [168, 171].
In our own past work, we investigated the human perception of information visualizations, including more traditional graph types, as well as scientific visualizations and
infographics from the MASSVIS dataset [23, 24]. We ran studies online and in the lab
to measure human attention and memory. We collected eye movements using an in-lab
eyetracking set-up, memorability scores using both crowdsourced web experiments and
our in-lab set-up, and text descriptions.
Running large-scale memorability studies with hundreds of visualizations and dozens
of participants, we learned which features of visualizations increase their memorability
- i.e. whether they’d be remembered if shown to participants at a later time point [23].

U
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Figure 4.1. We measured which visualizations people remembered best, as well as which visualizations were best recalled from memory (measured by the quality of participant-generated descriptions).
Memorable visualizations tended to be visually distinct, dense, and colorful. Effective visualizations
made good use of visual elements (pictograms) and had informative titles.

We found that visualizations with pictograms or recognizable objects were more memorable, as were visualizations that were visually distinct, colorful and visually dense
(Fig. 4.1). Visually distinct visualizations are those that are represented in unique ways
- e.g., a bar graph where the bars are composed of stacked coins. That visualizations
with many visual elements are more memorable is not surprising. What is surprising
is that people not only better recognized these visualizations, but could better retrieve
details about the visualizations from their memory [24]. In other words, people could
better recall facts and information encoded in a visualization if a visualization was more
visually memorable. Visual elements like pictographs act like hooks into memory, helping to retrieve the information encoded in the visual associations made. By visually
representing certain concepts in visualizations, the effectiveness of those visualizations
(measured as memory for retrieved details) improves. This should inform both how
visualizations should be designed, and the importance that computational algorithms
place on detecting visual elements in understanding visualizations (Part V of thesis).
By analyzing eye movements [24], we found that the visualization elements that
people spend the most time visually exploring are the text elements, and especially
the titles of visualizations (Fig. 4.2). Those elements influenced what participants
subsequently recalled. In other words, knowing where people look can provide us with
important clues about what they encode into, and can later recall from, memory. We
can measure where people look when they’re exploring a visualization for the first time,
and where they look on a visualization to remember if they have seen it previously
(Fig. 4.3). This helps identify which parts of a visualization trigger the memory. A
conclusion of these analyses is that the measurement of eye movements can provide a
way to investigate human memory, comprehension, and can also be used to analyze
the effectiveness of different designs (which serves as motivation for Parts III-IV of the
thesis).

Figure 4.2. Relative importance of
different visualization elements, measured as the density of participant
eye fixations on those elements, averaged over hundreds of visualizations.
Participants spent the most time visually exploring the text elements on
visualizations, particularly the titles.

Figure 4.3. Examples of the most and least recognizable visualizations. TOP: Eye-tracking fixation
heat maps (i.e., average of all participants’ fixation locations) when participants viewed the visualizations for the first time. The fixation patterns demonstrate visual exploration of the visualization.
BOTTOM: Eye-tracking fixation heat maps when participants viewed visualizations for a second time
and were asked if they remember them. The most recognizable visualizations all have a single focus in
the center indicating quick recognition of the visualization, whereas the least recognizable visualizations
have fixation patterns indicative of visual exploration (e.g., title, text, etc.) for recognition.
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Chapter 5

Metrics for evaluating saliency
models

This chapter consists of excerpts from: Bylinskii, Z., Judd, T., Oliva, A., Torralba,
A., Fredo, D. “What do different evaluation metrics tell us about saliency models?”
[TPAMI 2018]
N this chapter, we introduce the saliency metrics that will be used for evaluation
throughout the rest of this thesis. They will be used to evaluate saliency models
(Chapter 6), to compare attention maps captured using alternative user interfaces to
eye fixations (Chapters 7 and 8), and to evaluate our computational models at the ability
to predict importance on information visualizations and graphic designs (Chapter 9).
Saliency metrics are functions that take two inputs representing eye fixations (ground
truth and predicted) and then output a number assessing the similarity or dissimilarity
between them. Given a set of ground truth eye fixations, such metrics can be used to
define scoring functions, which take a saliency map prediction as input and return a
number assessing the accuracy of the prediction.
We consider 8 popular saliency evaluation metrics in their most common variants.
Some metrics have been designed specifically for saliency evaluation (shuffled AUC, Information Gain, and Normalized Scanpath Saliency), while others have been adapted
from signal detection (variants of AUC), image matching and retrieval (Similarity, Earth
Mover’s Distance), information theory (KL-divergence), and statistics (Pearson’s Correlation Coefficient). Because of their original intended applications, these metrics expect
different input formats: KL-divergence and Information Gain expect valid probability
distributions as input, Similarity and Earth Mover’s Distance can operate on unnormalized densities and histograms, while Pearson’s Correlation Coefficient (CC) treats
its inputs as random variables. Following Riche et al. [181], we categorize metrics as
location-based or distribution-based, depending on whether the ground-truth is
represented as discrete fixation locations or a continuous fixation map, accordingly.
Visualizations of all these metrics to add intuition to their computation can be found
in Bylinskii et al. [36].

I
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 5.1 Basics of human eye movements
The human eye consists of light receptor cells that are differently distributed throughout
the eye. The clearest and most detailed vision is in the central, foveal area, of the
visual field, and blurrier vision is in the larger part of the visual field, which is called
the peripheral area. The foveal area captures about 1-2 degrees of visual angle which
constitutes less than 8% of the visual field, but makes up 50% of the visual information
sent to the brain [211]. When we move our eyes, we place the foveal region of the eye
on different regions of the visual field, bringing them into focus.
Visual angles are units for measuring the projection of the visual field, as images,
on our retina. For a given experimental viewing setup, visual angles can be computed
by taking into account the distance to the screen, size and resolution of the image on the
screen1 . The error of professional-grade eye trackers (e.g., EyeLink) is also measured
in degrees of visual angle, and is commonly less than 1 degree.
The pauses in eye movements are called fixations, and the transitions between
successive fixations are called saccades. In all the work described in this thesis, we
focus on fixations, since they give us the points of interest that the eye has stopped on
to bring them into focus. The temporal sequence of fixations, fixation duration, saccade
length, and other features of eye movements carry a lot of additional information about
human perception [34, 85, 99, 108] but are beyond the scope of the present work. We
concentrated on the location of fixations, which are most straightforward to analyze [27,
99, 211] and to model computationally [36].

 5.2 Using collected eye fixations as ground truth for evaluation
Ground truth eye fixations can be processed and formatted in a number of ways for
saliency evaluation. There is a fundamental ambiguity in the correct representation for
the fixation data, and different representational choices rely on different assumptions.
One format is to use the original fixation locations. Alternatively, the discrete fixations
can be converted into a continuous distribution, a fixation map, by smoothing. We
follow common practice and blur each fixation location using a Gaussian with sigma
equal to one degree of visual angle [147]. Throughout this chapter, we denote the map
of fixation locations as QB and the continuous fixation map (distribution) as QD .
Smoothing the fixation locations into a continuous map acts as regularization. It
allows for uncertainty in the ground truth measurements to be incorporated: error in the
eye-tracking as well as uncertainty of what an observer sees when looking at a particular
location on the screen. Any splitting of observer fixations in two sets will never lead
to perfect overlap (due to the discrete nature of the data), and smoothing provides
additional robustness for evaluation. In the case of few observers, smoothing the fixation
locations helps to extrapolate the existing data. The fixation locations can be viewed as
a discrete sample from some ground truth distribution that the fixation map attempts to
1

https://github.com/cvzoya/saliency/tree/master/computeVisualAngle
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approximate. Similarly, the fixation map can be viewed as an extrapolation of discrete
fixation data to the case of infinite observers.

 5.3 Location-based metrics
 5.3.1 Area under ROC Curve (AUC)
Evaluating saliency as a classifier of fixations: Given the goal of predicting the
fixation locations on an image, a saliency map can be interpreted as a classifier of
which pixels are fixated or not. This suggests a detection metric for measuring saliency
map performance. In signal detection theory, the Receiver Operating Characteristic
(ROC) measures the tradeoff between true and false positives at various discrimination
thresholds [57, 72]. The Area under the ROC curve, referred to as AUC, is the most
widely used metric for evaluating saliency maps. The saliency map is treated as a binary classifier of fixations at various threshold values (level sets), and an ROC curve
is swept out by measuring the true and false positive rates under each binary classifier
(level set). Different AUC implementations differ in how true and false positives are
calculated. In the implementation we use from Judd et al. [106], the true positive rate
is the ratio of true positives to the total number of fixations, where true positives are
saliency map values above threshold at fixated pixels. This is equivalent to the ratio of
fixations falling within the level set to the total fixations. The false positive rate is the
ratio of false positives to the total number of saliency map pixels at a given threshold,
where false positives are saliency map values above threshold at unfixated pixels. This is
equivalent to the number of pixels in each level set, minus the pixels already accounted
for by fixations. Visualizations of AUC can be found in Bylinskii et al. [36].
Penalizing models for center bias: The natural distribution of fixations on an image tends to include a higher density near the center of an image [206]. As a result, a
model that incorporates a center bias into its predictions will be able to account for at
least part of the fixations on an image, independent of image content. In a center-biased
dataset, a center prior baseline will achieve a high AUC score. The shuffled AUC metric, sAUC [21, 52, 206, 207, 228] samples negatives from fixation locations from other
images, instead of uniformly at random. This has the effect of sampling negatives predominantly from the image center because averaging fixations over many images results
in the natural emergence of a central Gaussian distribution [206, 219]. A model that
only predicts the center achieves an sAUC score of 0.5 because at all thresholds this
model captures as many fixations on the target image as on other images (true positive
and false positive rates are equal). A model that incorporates a center bias into its
predictions is putting density in the center at the expense of other image regions. Such
a model will score worse according to sAUC compared to a model that makes off-center
predictions, because sAUC will effectively discount the central predictions. In other
words, sAUC is not invariant to whether the center bias is modeled: it specifically penalizes models that include the center bias.
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Invariance to monotonic transformations: AUC metrics measure only the relative
(i.e., ordered) saliency map values at ground truth fixation locations. In other words,
the AUC metrics are ambivalent to monotonic transformations. AUC is computed by
varying the threshold of the saliency map and comparing true and false positives. Lower
thresholds correspond to measuring the coverage similarity between distributions, while
higher thresholds correspond to measuring the similarity between the peaks of the two
maps [54]. Due to how the ROC curve is computed, the AUC score for a saliency map is
mostly driven by higher thresholds: i.e., the number of ground truth fixations captured
by the peaks of the saliency map, or the first few level sets. Models that place highvalued predictions at fixated locations receive high scores, while low-valued predictions
at non-fixated locations are mostly ignored.

 5.3.2 Normalized Scanpath Saliency (NSS)
Measuring the normalized saliency at fixations: The Normalized Scanpath Saliency,
NSS, was introduced to the saliency community as a simple correspondence measure
between saliency maps and ground truth, computed as the average normalized saliency
at fixated locations [163]. Unlike in AUC, the absolute saliency values are part of the
normalization calculation. NSS is sensitive to false positives, relative differences in
saliency across the image, and general monotonic transformations. However, because
the mean saliency value is subtracted during computation, NSS is invariant to linear
transformations like contrast offsets. Given a saliency map P and a binary map of
fixation locations QB :
N SS(P, QB ) =
where N =

X
i

1 X
Pi × QB
i
N i

QB
i and P =

P − µ(P )
σ(P )

(5.1)

where i indexes the ith pixel, and N is the total number of fixated pixels. Chance is
at 0, positive NSS indicates correspondence between maps above chance, and negative
NSS indicates anti-correspondence. For instance, a unity score corresponds to fixations
falling on portions of the saliency map with a saliency value one standard deviation
above average.
Recall that a saliency model with high-valued predictions at fixated locations would
receive a high AUC score even in the presence of many low-valued false positives.
However, false positives lower the normalized saliency value at each fixation location,
thus reducing the overall NSS score.

 5.3.3 Information Gain (IG)
Evaluating information gain over a baseline: Information Gain, IG, was recently
introduced by Kümmerer et al. [128, 130] as an information theoretic metric that mea-
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sures saliency model performance beyond systematic bias (e.g., a center prior baseline).
Given a binary map of fixations QB , a saliency map P , and a baseline map B:
IG(P, QB ) =

1 X B
Qi [log2 ( + Pi ) − log2 ( + Bi )]
N i

(5.2)

where i indexes the ith pixel, N is the total number of fixated pixels,  is for regularization. This metric measures the average information gain of the saliency map over the
center prior baseline at fixated locations (at QB = 1), in bits per fixation.
IG assumes that the input saliency maps are probabilistic, properly regularized
and optimized to include a center prior [128, 130]. A score above zero indicates the
saliency map predicts the fixated locations better than the center prior baseline. This
score measures how much image-specific saliency is predicted beyond image-independent
dataset biases, which in turn requires careful modeling of these biases. We refer the
reader to [130] for detailed discussions of the IG metric.

 5.4 Distribution-based metrics
The (location-based) metrics described so far measure the accuracy of saliency models at predicting discrete fixation locations. If the ground truth fixation locations are
interpreted as a sample from some underlying probability distribution, then another approach is to predict the distribution directly instead of the fixation locations. Although
we can not directly observe this ground truth distribution, it is often approximated by
Gaussian blurring the fixation locations into a fixation map. Next we discuss a set of
metrics that measure the accuracy of saliency models at approximating the continuous
fixation map.

 5.4.1 Similarity (SIM)
Measuring the intersection between distributions: The similarity metric, SIM
(also referred to as histogram intersection), measures the similarity between two distributions, viewed as histograms. First introduced as a metric for color-based and
content-based image matching [187, 204], it has gained popularity in the saliency community as a simple comparison between pairs of saliency maps. SIM is computed as
the sum of the minimum values at each pixel, after normalizing the input maps. Given
a saliency map P and a continuous fixation map QD :
SIM (P, QD ) =

X

min(Pi , QD
i )

i

where

X
i

Pi =

X

QD
i =1

(5.3)

i

iterating over discrete pixel locations i. A SIM of one indicates the distributions are
the same, while a SIM of zero indicates no overlap. SIM is very sensitive to missing
values, and penalizes predictions that fail to account for all of the ground truth density.
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The SIM metric is good for evaluating partial matches, where a subset of the saliency
map accounts for the ground truth fixation map. As a side-effect, false positives tend
to be penalized less than false negatives. For other applications, a metric that treats
false positives and false negatives symmetrically, such as CC or NSS, may be preferred.

 5.4.2 Pearson’s Correlation Coefficient (CC)
Evaluating the linear relationship between distributions: The Pearson’s Correlation Coefficient, CC, also called linear correlation coefficient is a statistical method
used in the sciences to measure how correlated or dependent two variables are. Interpreting saliency and fixation maps, P and QD , as random variables, CC measures the
linear relationship between them [148]:
CC(P, QD ) =

σ(P, QD )
σ(P ) × σ(QD )

(5.4)

where σ(P, QD ) is the covariance of P and QD . CC is symmetric and penalizes false
positives and negatives equally. It is invariant to linear (but not arbitrary monotonic)
transformations. High positive CC values occur at locations where both the saliency
map and ground truth fixation map have values of similar magnitudes. Due to its
symmetric computation, CC can not distinguish whether differences between maps are
due to false positives or false negatives. Other metrics may be preferable if this kind of
analysis is of interest.

 5.4.3 Kullback-Leibler divergence (KL)
Evaluating saliency with a probabilistic interpretation: Kullback-Leibler (KL)
is a broadly-used information theoretic measure of the difference between two probability distributions. In the saliency literature, depending on how the saliency predictions
and ground truth fixations are interpreted as distributions, different KL computations
are possible. We discuss a few alternative varieties in the appendix. To avoid future
confusion about the KL implementation used, we can refer to this variant as KL-Judd
similarly to how the AUC variant traditionally used on the MIT Benchmark is denoted
AUC-Judd. Analogous to our other distribution-based metrics, KL-Judd takes as input a saliency map P and a ground truth fixation map QD , and evaluates the loss of
information when P is used to approximate QD :
D

KL(P, Q ) =

X
i

QD
i



QD
i
log  +
 + Pi

(5.5)

where  is a regularization constant2 . KL-Judd is an asymmetric dissimilarity metric,
with a lower score indicating a better approximation of the ground truth by the saliency
map.
2

The relative magnitude of  will affect the regularization of the saliency maps and how much
zero-valued predictions are penalized. The MIT Saliency Benchmark uses MATLAB’s built-in eps =
2.2204e-16.
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 5.4.4 Earth Mover’s Distance (EMD)
Incorporating spatial distance into evaluation: All the metrics discussed so far
have no notion of how spatially far away the prediction is from the ground truth.
Accordingly, any map that has no pixel overlap with the ground truth will receive
the same score of zero, regardless of how predictions are distributed. Incorporating a
measure of spatial distance can broaden comparisons, and allow for graceful degradation
when the ground truth measurements have position error.
The Earth Mover’s Distance, EMD, measures the spatial distance between two
probability distributions over a region. It was introduced as a spatially robust metric
for image matching [162, 187]. Computationally, it is the minimum cost of morphing
one distribution into the other. The total cost is the amount of density moved times
the distance moved. It can be formulated as a transportation problem [44]. We used
the following linear time variant of EMD [162]:
\
EM
D(P, QD ) = min

{fij }

X

fij dij + |

i,j

(1)fij ≥ 0

X
i

(2)

X

Pi −

X

i,j

j

under the constraints:
X
fij ≤ Pi (3)
fij ≤ QD
j ,

j

(4)

QD
j | max dij

(5.6)

i

X
i,j

X
X
fij = min(
Pi ,
QD
j )
i

j

where each fij represents the amount of density transported (or the flow ) from the ith
supply to the jth demand and dij is the ground distance between bin i and bin j in the
distribution. Equation 5.6 is therefore attempting to minimize the amount of density
movement such that the total density is preserved after the move. Constraint (1) allows
transporting density from P to QD and not vice versa. Constraint (2) prevents more
density to be moved from a location Pi than is there. Constraint (3) prevents more
density to be deposited to a location QD
j than is there. Constraint (4) is for feasibility:
such that the amount of density moved does not exceed the total density found in either
P or QD . Solving this problem requires global optimization on the whole map, making
this metric quite computationally expensive.
A larger EMD indicates a larger difference between two distributions while an EMD
of zero indicates that two distributions are the same. Generally, saliency maps that
spread density over a larger area have larger EMD values (i.e., worse scores) as all the
extra density has to be moved to match the ground truth map. EMD penalizes false
positives proportionally to the spatial distance they are from the ground truth.

 5.5 Summary of metric behaviors
This section summarizes the findings of multiple experiments from Bylinskii et al. [36]
to discuss some general properties and behaviors of metrics, and provide some guidance
for selecting metrics for evaluation.
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Treatment of false positives and negatives: KL, IG, and SIM penalize models
with false negatives significantly more than false positives. If the prediction is close
to zero where the ground truth has a non-zero value, the penalties can grow arbitrarily large under these metrics. AUC scores, however, depend on which level sets false
positives fall in: false positives in the first level sets are penalized most, but those
in the last level set do not have a large impact on performance. Models with many
low-valued false positives do not incur large penalties. Therefore, saliency maps that
place different amounts of density but at the correct (fixated) locations will receive similar AUC scores. CC and NSS both treat false positives and negatives symmetrically.
EMD is least sensitive to uniformly-occurring false negatives because the EMD calculation can redistribute saliency values from nearby pixels to compensate. However, false
negatives that are spatially far away from any predicted density are highly penalized.
Similarly, EMD’s penalty for false positives depends on their spatial distance to ground
truth, where false positives close to ground truth locations can be redistributed to those
locations at low cost, but distant false positives are highly penalized.
Relationship between metrics: Due to their analogous computations, CC and
NSS are highly correlated, as are KL and IG. Driven by extreme sensitivity to false
negatives, KL, IG, and SIM rank saliency models similarly. Shuffled AUC (sAUC)
has low correlations with other metrics because it modifies how predictions at different
spatial locations on the image are treated: a model with more central predictions will
be ranked lower than a model with more peripheral predictions.
Selecting metrics for evaluation: AUC, which is ambivalent to monotonic transformations, has begun to saturate on the MIT Saliency Benchmark and is becoming less
capable of discriminating between different saliency models [33]. EMD is computationally expensive to compute and difficult to optimize for. NSS and CC metrics provide the
fairest comparison, treating false positives and negatives symmetrically. Closely related
mathematically, their rankings of saliency models are highly correlated, and reporting
performance using one of them is sufficient. However, under alternative assumptions
and definitions of saliency, another choice of metrics may be more appropriate. Specifically, if saliency models are evaluated as probabilistic models, then KL and IG are
recommended. Specific tasks and applications may also call for a different choice of
metrics. For instance, AUC, KL, and IG are appropriate for detection applications, as
they penalize target detection failures. In applications where it is important to evaluate the relative importance of different image regions, such as for image-retargeting,
compression, and progressive transmission, metrics like NSS or SIM are a better fit.
Overall, we found that either of CC or NSS are a good fall-back option for evaluation,
relying on the fewest assumptions about the input. Based on these recommendations,
we tend to emphasize evaluation using CC and NSS in this thesis.
In this chapter we discussed the influence of different assumptions on the choice of
metrics. We provide code for evaluating and visualizing metric computations (https:
//github.com/cvzoya/saliency) to add transparency to model evaluation and allow
researchers to visualize aspects of saliency models driving or hurting performance.

Part II

State of Computational Models
of Attention

53

Chapter 6

Where should saliency models look
next?

This chapter is based on: Bylinskii, Z., Recasens, A., Borji, A., Oliva, A., Torralba,
A., Durand, F. “Where should saliency models look next?” [European Conference on
Computer Vision 2016]
HERE human observers look in images can provide important clues to human
image understanding: where the main focus of the image is, where an action or
event is happening in an image, and who the main participants are. The collection of
human eye movements can help highlight image regions of interest to human observers,
and models can be designed to make computational predictions. The field of saliency
estimation has moved beyond the modeling of low-level visual attention to the prediction
of human eye fixations on images. This transition has been driven in part by large
datasets and benchmarks of human eye movements.

W

Text

Face

Action

Main Focus

Model
Predictions

Human
Fixations

Input

Gaze

Figure 6.1. Recent progress in saliency modeling has significantly driven up performance scores on
saliency benchmarks. On first glance, model detections of regions of interest in an image appear to
approach ground truth human eye fixations (Fig. 6.3). A finer-grained analysis can reveal where models
can still make significant improvements. High-density regions of human fixations are marked in yellow,
and show that models continue to miss these semantically-meaningful elements.
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For a long while, the prediction scores of saliency models have increased at a stable
rate. The recent couple of years have seen tremendous improvements on well-established
saliency benchmark datasets [31]. These improvements can be attributed to the resurgence of neural networks in the computer vision community, and the application of
deep architectures to saliency estimation. As a result, a large number of neural network based saliency models have emerged in a short period of time, creating a large gap
in performance relative to traditional saliency models that are based on hand-crafted
features, and learning-based models that integrate low-level features with object detectors and scene context [19, 106, 111, 223, 230]. Neural network-based models are trained
to predict saliency in a single end-to-end manner, combining feature extraction, feature
integration, and saliency value prediction (Chapter 3.3).
These recent advances in the state-of-the-art and the corresponding saturation of
some evaluation scores motivate the questions: Have saliency models begun to converge
on human performance and is saliency a solved problem? In this chapter we provide
explanations of what saliency models are still missing, in order to match the key image regions attended to by human observers. We argue that to continue to approach
human-level performance, saliency models will need to discover increasingly higher-level
concepts in images: text, objects of gaze and action, locations of motion, and expected
locations of people in images. Moreover, they will need to reason about the relative importance of image regions, such as focusing on the most important person in the room
or the most informative sign on the road. In other words, more accurately predicting
where people look in images will require higher-level image understanding: moving
beyond image saliency to image importance. In this chapter, we examine the
kinds of problems that remain and what will be required to push performance forward.

 6.1 Evaluating progress of saliency models
We perform our evaluation on two datasets from the well-established MIT Saliency
Benchmark [31]. We use the data from this benchmark because it has the most comprehensive set of traditional and deep saliency models evaluated. The MIT300 dataset
[107] is composed of 300 images from Flickr Creative Commons and personal collections.
It is a difficult dataset for saliency models, as images are highly varied and natural.
Fixations of 39 observers have been collected on this dataset, leading to fairly robust
ground-truth to test models against. The CAT2000 dataset [20] is composed of 2000
images from 20 different categories, varying from natural indoor and outdoor scenes to
artificial stimuli like patterns and sketches. Images in this dataset come from search
engines and computer vision datasets [222, 226]. The test portion of this dataset, used
for evaluation, contains the fixations of 24 observers.
As of March 2016, of the top 10 (out of 57) models evaluated on MIT300, neural
network models filled 6 spots (and the top 3 ranks) according to many metrics1 . DeepFix
[125] and SALICON [103], both neural network models, hold the top 2 spots. The
1

As of April 2018, 15 of the top 15 (out of 77) models on MIT300 are neural networks.
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Saliency model
Human limit
DeepFix [125]
SALICON [103]
BMS [227]
IttiKoch2
Chance

AUC ↑
0.92
0.87
0.87
0.83
0.75
0.50

sAUC ↑
0.81
0.71
0.74
0.65
0.63
0.50

NSS ↑
3.29
2.26
2.12
1.41
0.97
0

CC ↑
1
0.78
0.74
0.55
0.37
0

KL ↓
0
0.63
0.54
0.81
1.03
2.09

EMD ↓
0
2.04
2.62
3.35
4.26
6.35

SIM↑
1
0.67
0.60
0.51
0.44
0.33

IG ↑
1.80
0.67
0.71
0.22
-0.15
-1.67

Table 6.1. Scores of top-performing neural network models (DeepFix, SALICON) and best non-neural
network model (BMS) on MIT300 Benchmark. Top scores are bolded. Lower scores for KL and EMD
are better. There has been significant progress since the traditional bottom-up IttiKoch model, but a
gap remains to reach human-level performance. Chance and human limit values have been taken from
[31, 36].

CAT2000 dataset, a recent addition to the MIT benchmark, has 19 models evaluated
to date. DeepFix is the best model on the CAT2000 dataset overall and on all 20 image
categories. BMS (Boolean map based saliency) [227] is the best-performing non neural
network model across both datasets.
A finer-grained analysis on MIT300 showed that on a per-image level, DeepFix and
SALICON alternate in providing the best prediction for ground-truth fixations. In the
rest of the chapter, our analyses are carried out on these models. Performances of these
models on the MIT benchmark according to the benchmark metrics are provided in
Table 6.1 (see Chapter 5 for a description of the metrics).
To begin to explore where these recent large gains in performance are coming from,
we visualize the most representative dataset images in Fig. 6.2. These representative
images were chosen using a correlation-based greedy approach [78]. We greedily select
one image at a time from the MIT300 dataset to best approximate the model score
ranking on the MIT Saliency Benchmark, while keeping model performances on the
images selected as uncorrelated as possible (to increase diversity of the subset of images
selected). We select a subset of k images by optimizing:
krst
CSF = p
k + (k − 1)rss
where rst =

k
1X
corr(si , t)
k
i=1

k

rss

k(k − 1) X X
=
corr(si , sj )
2
i=1 j6=i

where si is a vector of the NSS scores for all models on image i, and t is a vector of the
NSS scores for all models averaged over all 300 images of the MIT benchmark.
2

Implementation from http://www.vision.caltech.edu/~harel/share/gbvs.php.
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Figure 6.2. Saliency model ranking is preserved when evaluating models on this subset of 10 images as
when evaluating them on the whole 300-image benchmark. These images help to accentuate differences
in model performance. These images contain people at varying scales, as well as text (small here)
amidst distracting textures.

We find that a subset of k = 10 images can already rank the saliency models on
the MIT benchmark with a Spearman correlation of 0.97 relative to their ranking on
all dataset images. These images help to accentuate differences in model performance.
By visualizing the predictions of some of the top and bottom models on these images
(Fig. 6.3), we can see that driving performance is a model’s ability to detect people and
text in images in the presence of clutter, texture, and potentially misleading low-level
pop-out.

Figure 6.3. Some of the best and worst model predictions on a few of the representative images from
Fig. 6.2. Unlike traditional bottom-up models, recent neural network models can discover faces, text,
and object-like features in images, prioritizing them over textures and low-level features appropriately,
to better approximate human fixations.
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Figure 6.4. Two types of Mechanical Turk tasks were used for gathering annotations for the highlyfixated regions in an image. These annotations were then used to quantify where people look in images.

 6.2 Quantifying where people and models look in images
To understand where models might fail, we must first understand where people look.
Our goal is to name all the image regions lying beneath the high-density locations in
fixation heatmaps. We computed fixation heatmaps aggregated over all observers on
an image (39 observers in the MIT300 dataset, for a robust ground truth). Then we
thresholded these ground truth heatmaps at the 95th percentile and collected all the
connected components. This produced an average of 1-3 regions per image for a total
of 651 regions.
The resulting region outlines were plotted on top of the original images and shown
to Amazon Mechanical Turk (MTurk) participants with the task of selecting the labels
that most clearly describe the image content that people look at (Fig. 6.4a). The labels
provided for this task were not meant to serve as an exhaustive list of all objects, but
to have good coverage of label types, with sufficient instances per label. If an image
contained multiple image regions, only one would be displayed to participants at a
time. Participants could select out of 15 different label categories as many labels as
were appropriate to describe a region. For each image region, we collected labels from
a total of 20 participants. Majority vote was used to assign labels to regions. A region
could have multiple labels in case of ties. For further analyses, related labels (e.g.
“animal face”, “part of an animal”, etc.) were aggregated to have sufficient instances
per label type. Not all regions are easily nameable, and in these cases participants could
select the “background” or “other” labels. To account for these image regions to which
simple labels could not be assigned, a second question-based MTurk task was deployed,
described in the next section. Table 6.2 summarizes the labels assigned to the image
regions frequently fixated by human viewers.
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Table 6.2. What do people look at in images?
Regions in images receiving a high density of
eye fixations were labeled by MTurk participants. We summarize the 681 labels assigned
to the 651 regions by MTurk participants.

Region type
Object
Part of a person
Legible text
Part of a face
Part of an animal
Crowd of people
Face
Other
Person
Background
Animal face
Illegible text
Head
Non-english text
Symbol

Number of instances
264
97
84
67
42
33
27
19
14
13
6
5
5
3
2

 6.2.1 What do models miss?
Given labels for all the highly-fixated image regions in the MIT300 dataset, we intersected these labeled regions with the saliency maps of different computational models.
To determine if saliency models made correct predictions in these regions, we calculated whether the mean saliency in these regions was within the 95-th percentile of the
saliency map for the whole image. We then tallied up the types of regions that were
most commonly under-predicted by models. In Table 6.3 we provide the error percentages, by region type, where saliency models assigned a value less than the percentile
threshold to the corresponding regions. Our analyses are performed over DeepFix and
SALICON models on the MIT300 dataset, and on DeepFix on the CAT2000 dataset
(additional analyses are provided in the Supplemental Material of [33]). The four categories chosen from the CAT2000 dataset are ones that contain natural images with a
variety of objects and settings.
About half the failure modes are due to misdetections of parts of people, faces,
animals, and text. Such failure cases can be ameliorated by training models on more
instances of faces (partial, blurry, small, non-frontal views, occluded), more instances of
text (different sizes and types), and animals. However, the labels “background”, “object”, and “other” assigned to image regions by MTurk participants originally accounted
for about half of model errors on MIT300.
A second MTurk task was designed to better understand the content found in these
harder-to-name image regions. Participants were asked to answer binary questions, such
as whether or not a highlighted region in an image is an object of gaze or action in the
image (see Fig. 6.4b and Table 6.2). The results of this task allowed us to further break
down model failure modes, and account for 60% of total mispredictions on MIT300 and
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Dataset
Model
Image category
Part of main subject
Unusual element
Location of action/motion
Text
Part of a person
Possible location for a person
Object of action
Object of gaze
Part of a face
Part of an animal
Other

MIT300
DeepFix SALICON
All
31%
36%
18%
16%
16%
16%
16%
13%
15%
14%
15%
7%
14%
15%
11%
11%
6%
8%
5%
5%
40%
40%

Social
49%
33%
67%
6%
23%
6%
27%
50%
46%
3%
3%

CAT2000
DeepFix
Action Indoor
68%
12%
63%
8%
78%
8%
5%
8%
37%
8%
24%
10%
51%
0%
44%
0%
7%
0%
10%
0%
2%
61%

Outdoor
24%
8%
11%
29%
5%
11%
3%
0%
0%
0%
37%

Table 6.3. Labels for under-predicted regions on MIT300 and CAT2000 datasets. Percentages are
computed over 681 labels assigned to 651 regions (some regions have multiple labels so percentages do
not add up to 100%). See Fig. 6.6 for visual examples.

39%-98% of mispredictions on four categories of CAT2000. The remaining failure modes
(labeled “other”) vary from image to image, caused by low-level features, background
elements, and other objects or parts of objects that are not the main subjects of the
photograph, nor are objects of gaze or action. Later in this chapter, the most common
failure modes are explored in greater detail. Examples are provided in Fig. 6.6.

 6.2.2 What can models gain?
With the region annotations obtained from our MTurk tasks, we performed an analysis
complementary to that in Sec. 6.2.1. Instead of computing model misses across different
image regions, here we estimate the potential gains to models if specific image regions
were correctly predicted. A region is treated as a binary mask for the image, and a
modified saliency map is computed as a combination of the original saliency map and
ground truth fixation map. For each region type (e.g. “part of a person”, “object of
gaze”), we compute modified saliency maps. We replace model predictions in those
regions with ground truth values obtained from the human fixation map (e.g., Fig. 6.5).
Fig. 6.5 provides the score improvements of the modified models on the MIT300 benchmark. This analysis is meant to provide a general sense of the possible improvement
if different prediction errors are ameliorated. We include improvements in Normalized
Scanpath Saliency (NSS) and Information Gain (IG) scores, which follow the distribution of region types in Table 6.3. We found that the Area under ROC Curve (AUC)
metrics have either saturated or are close to saturation. The focus of saliency evaluation
should turn instead towards metrics that can continue to differentiate between models,
and that can measure model performances at a finer-grained level (Sec. 6.3).

Figure 6.5. Improvements of DeepFix and SALICON models on MIT300 if specific regions were
accurately predicted. Performance numbers are over all 300 benchmark images, where regions from
the ground truth fixation map are substituted into each model’s saliency maps to examine the change
in performance (top row). The percentage score improvement is computed as a fraction of the score
difference between the original model score and the human limit (from Table 6.1).
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Figure 6.6. Regions often fixated by humans but missed by computational models.
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Figure 6.7.
Saliency prediction
failure cases for faces: (a) Face
saliency is underestimated when
faces are small, non-frontal, or not
centered in an image; (b) Sometimes
the actions in a scene are more salient
to human observers than the participants, but saliency models can overestimate the relative saliency of the
faces; (c) Face detection can fail on
depictions (such as in posters and
photographs within the input images) which often lack the context of
a body, or appear at an unusual location in the image.

 6.2.3 The importance of people
A significant part of the regions missed by saliency models involve people (Table 6.3):
people within the salient region, or people acting on or looking at a salient object. In
this section we provide a deeper analysis of the images containing people. To expand
our analysis, we annotated all the people’s faces in the MIT300 images with bounding
boxes. This provided a more complete set of annotations than the regions extracted
for the MTurk labeling tasks, where only the top 1-3 most highly-fixated regions per
image were labeled. In this section we compute the importance of faces in an image
following the approach of Jiang et al. [103]: given a bounding box for an object in an
image, the maximum saliency value falling within the object’s outline is taken as the
object’s importance score (the maximum is a good choice for such analyses as it does
not scale with object size). This will be used to analyze if saliency models are able to
capture the relative importance of people in scenes.
Across the images in MIT300 containing only one face (53 images), the face is the
most highly fixated region in 66% of the images, and the DeepFix model correctly
predicts this in 77% of these cases. Out of the 53 images with faces, the saliency
of the face is underestimated (by more than 10% of the range of saliency values) by
the DeepFix model in 15 cases, and overestimated in 3 cases. In other words, across
these images, the DeepFix model does not assign the correct relative importance to
the face relative to the rest of the image elements in a third of the total cases. Some
of these examples are provided in Fig. 6.7. Note that the importance of faces extends
to depictions of faces as well: portraits or posters containing human faces in images.
Human attention is drawn to these regions, but models tend to miss these faces, perhaps
because they are lacking the necessary context to discover them.
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Figure 6.8. Although recent saliency models have begun to detect faces in images with high precision,
they do not assign the correct relative importance to different faces in an image. This requires an
understanding of the interactions in an image: who is participating in an action and who has authority.
Facial expressions, accessories/embellishments, facial orientation, and position in a photo also contribute
to the importance of individual faces. We assign an importance score to each face in an image using
the maximum ground truth (fixation) or predicted (saliency) density in the face bounding box. These
importance scores, ranging from 0 to 1, are included above each bounding box.

Similarly to the analysis in Sec. 6.2.2, here we quantify the performance boost of
saliency models if the saliency of faces were always correctly predicted. We used the
same procedure: to create the modified saliency map for an image we assign the ground
truth saliency value to the bounding box region and the predicted output of the model
to the remaining part of the image. The DeepFix model’s Normalized Scanpath Saliency
(NSS) score on the MIT300 benchmark improves by 7.8% of the total remaining gap
between the original model scores and human limit, when adding ground truth in the
face bounding boxes. Information Gain (IG) also goes up 1.8%. Improving the ability of
models to detect and assign correct relative importance to faces in images can provide
better predictions of human eye fixations.

 6.2.4 Not all people in an image are equally important
Considering images containing multiple faces, we measure the extent to which the computational prediction of the relative importance of the different faces matches human
ground-truth fixations. For all the faces labeled in an image, we use the human fixation maps to compute the importance score for each face, and analogously we use the
saliency map to assign a predicted importance score to the same faces. Since both fixation and saliency maps are normalized, each face in an image will receive an importance
score ranging from 0 to 1. A score of 1 occurs when the face bounding box overlapped
a region of maximum density in the corresponding fixation/saliency map. Interpreted
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Figure 6.9. Example images containing text that receive many fixations by human observers, but
whose saliency is under-estimated by computational models. Text labels can be used to give the
observer more information. For instance, the description of a warning or a book are more informative
to observers than the warning or book title itself. These regions receive more eye fixations. The
informativeness of text also depends on the context of the observer: most observers fixated the only
piece of English text on the box of chocolates.

in terms of ground truth, this is the face that received the most fixations.
Across the images with more than one visible face, the average Spearman correlation
between the ground truth and predicted face importance values is 0.53. This means
that for many images, the relative ordering assigned by the saliency model to people
does not match the importance given by human fixations. As depicted in Fig. 6.8,
discovering the most important person in the image is a task that requires higher-level
image understanding. Human participants tend to fixate people in an image that are
central to a depicted action, a conversation, or an event; people who stand out from the
crowd (based on some high-level features like facial expression, age, accessories, etc.).

 6.2.5 The informativeness of text
In the MIT300 and CAT2000 datasets, most text, large or small, has attracted many
human fixations, with regions containing text accounting for 7% of all highly-fixated
image regions. While text has been previously noted as attracting human visual attention [38], not all text is equal. The informativeness of text in the context of the
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rest of the image, or the interestingness of the text on its own can affect how long
individual observers fixate it, and what proportion of observers look at it. There are
thus a number of reasons why the human ground truth might have a high saliency on
a particular piece of text, and some of those reasons depend on understanding the text
itself - something that computational models currently lack (Fig. 6.9).
To expand our analysis on text regions, we annotated all instances of text present in
the MIT300 dataset with bounding boxes. The DeepFix model’s NSS scores improves
by 7.8% of the total remaining gap between the original model scores and human upper
bound, when adding ground truth in the text bounding boxes. Its IG score improves
by 4.4%. Overall, an accurate understanding of text is another step towards better
predictions of human fixations.

 6.2.6 Objects of gaze and action
Another common source of missed predictions are objects of gaze and/or action. These
are objects or, more generally, regions in an image that are looked at or interacted
with by one or more persons in an image. In Fig. 6.10, we include 4 images from the
MIT300 dataset that include objects of gaze missed by both DeepFix and SALICON.
Training saliency models to explicitly follow gaze can improve their predictive power
of modeling the saliency of the entire scene [201]. In the last column of Fig. 6.10 we
show the predictions that can be made possible by a computational model specifically
trained to predict gaze [176]. For each person in an image, this model predicts the scene
saliency from the vantage point of the individual selected. Its output consist of a heat
map representing a combination among the different gaze predictions; that is, a map
highlighting the objects people are looking at in the image. The procedure we used to
build the final gaze maps is described below.
1. Using face bounding boxes we compute the output of the model for each of the
people in the image.
2. Using the importance score for each of the people in the image, we can weight each
of the gaze maps by its relative importance in the image.
3. Adding up all the weighted maps we compute the final output map. These output
maps provide a distribution over where each of the people is looking.
The final weighted map captures the objects where people are looking and their
relative importance to the full image. The gaze-following model only works when gaze
information can be extracted from the orientation of the head and, if visible, the location
and orientation of the eyes. However, the orientation of the body and location of body
parts (specifically the hands) can provide additional clues as to which objects in an
image are relevant from the vantage point of different people in the image, even if
not fully visible. Detecting such objects of action remains a problem area for saliency
models (Fig. 6.11).

Figure 6.10. Both top neural network saliency models perform worse on these images than on any
other images in the MIT300 dataset labeled with objects of gaze. The yellow outlines highlight highdensity regions in the ground truth fixation map that were labeled by MTurk participants as regions on
which the gaze of someone in the image falls. A model that explicitly predicts the gaze of individuals
in an image can locate these objects of gaze [176]. The last row is a failure of the gaze-following model,
requiring an understanding of actions that is beyond just gaze.

Figure 6.11. Images in the MIT300 dataset labeled to contain objects of action - i.e. objects being
acted on, or interacted with, by people in the scene. Included are images where both deep learning
saliency models, DeepFix and SALICON, underestimate the saliency of these regions. Notice that the
significance of these objects can not be inferred from gaze information (unlike in Fig. 6.10), since in all
of these cases no one in the image is looking at the objects of interest. The yellow outlines highlight
high-density regions in the ground truth fixation map that were labeled by MTurk participants as
regions containing objects being acted on.
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Figure 6.12. A finer-grained test for saliency models: determining the relative importance of different
sub-images in a panel. (a) A panel image from the MIT300 dataset. (b) The saliency map predictions
given the panel as an input image. (c) The maximum response of each saliency model on each subimage
is visualized (as an importance matrix).

 6.3 Future directions
As the number of saliency models grows and score differences between models shrink,
evaluation procedures should be adjusted to elucidate differences between models and
human eye movements. This calls for finer-grained evaluation metrics, datasets, and
prediction tasks. Models continue to under-predict crucial image regions containing
people, actions, and text. These are precisely the regions with greatest semantic importance in an image, and become essential for saliency applications like image compression
and image captioning. Aggregating model scores over all image regions and large image
collections conceals these errors. Moreover, traditionally favored saliency evaluation
metrics like the AUC can not distinguish between cases where models predict different relative importance values for different regions of an image. As models continue
to improve in detection performance, measuring the relative values they assign to the
detected objects is the next step. This can be accomplished with metrics like the Normalized Scanpath Saliency (NSS) and Information Gain (IG), which take into account
the range of saliency map values during evaluation [36]. Finer-grained tasks like comparing the relative importance of image regions in a collection or in a panel such as the
one in Fig. 6.12 can further differentiate model performances. Finer-grained datasets
like CAT2000 [20] can help measure model performance per image type.
Recent saliency models with deep architectures have shown immense progress on
saliency benchmarks, with a wide performance gap relative to previous state-of-the-art.
In this chapter we demonstrated that a finer-grained analysis of the top-performing
models on the MIT Saliency Benchmark can uncover areas for further improvement to
narrow the remaining gap to human ground truth3 .

3

Additional results are provided in the Supplemental Material of [33].
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Chapter 7

BubbleView: an interface for
crowdsourcing image importance

This chapter is based on: Kim, N.W.*, Bylinskii, Z.*, Borkin, M.A., Gajos, K., Oliva,
A., Durand, F., Pfister, H. “BubbleView: an interface for crowdsourcing image importance maps and tracking visual attention” [Transactions on Computer-Human Interaction 2017]
YE tracking has proven useful for studying the cognitive processes involved in visual
information processing, including which visual elements people look at first and
spend the most time on [99, 143] (Chapter 3). Eye tracking is widely used for conducting
usability studies for human-computer interfaces [99, 151], for designing gaze-based and
attention-aware user interfaces [142, 143] or for collecting gaze data to build saliency
prediction models [20, 107].
Commercial eye-trackers mostly use specialized hardware such as advanced infrared
sensors and high-quality cameras to accurately track eye positions and movements [1].
However, they often require high-cost equipment and invasive calibrations (e.g., EyeLink, ISCAN), which means it is difficult to scale to large scale studies beyond controlled
lab environments. Recent appearance-based methods attempt to address this issue by
enabling eye tracking on affordable cameras built into personal devices [89, 123, 224]
(Chapter 3.2). However, these methods have not yet seen widespread adoption, as they
still suffer in accuracy and robustness, and impose set-up constraints (camera quality,
lighting conditions).
On the other hand, cursor-based attention tracking is based on the correlation between gazes and cursor locations [74, 88, 184] and reduce the need to handle variations
in real-world settings in camera-based methods; e.g., calibrations, ambient lighting, etc.
The most popular cursor-based approach uses a moving window continuously following
the position of the cursor to reveal a portion of the screen in normal resolution [101]
(Chapter 3.1).
Our BubbleView methodology is a cursor-based, moving-window approach to collect clicks on static images as a proxy for eye fixations. BubbleView presents blurred
images and allows participants to click around to reveal small circular “bubble” regions
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Figure 7.1. Just as the pattern of human eye fixations can be used as a heatmap of saliency for
an image (a), the pattern of BubbleView clicks can be used as a heatmap of importance for an image
(b). An eye tracking set-up (pictured: EyeLink1000) is a way to collect human eye fixations in the lab
setting (c), whereas the BubbleView interface can be launched online and feasibly scale up the collection
of crowdsourced data (d).

of the image at the original resolution (Figure 7.1). This is intended to loosely approximate a blurred periphery and the confined area of focus of the human eye fovea
(Chapter 5.1).
Compared to natural viewing, BubbleView and related cursor-based methodologies
slow down the exploration patterns of participants, because choosing where to move
the mouse and click is a slower cognitive process than moving eyes around an image.
Because of this, we refer to the pattern of BubbleView clicks on an image as the importance map for the image. We intend for importance to encapsulate image regions that
are not only more attention grabbing initially (salient), but also regions that people
spend more time on because they are more relevant, or interesting, to the task-at-hand.
BubbleView is especially well suited to capturing image regions of most importance
when a directed task is provided (as compared to free viewing). Our initial target setting, first presented in Kim et al. [112] was to show that BubbleView clicks can provide
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a good approximation for eye movements when participants are asked to describe the
content of information visualizations (graphs, charts, tables). In Borkin et al. [24], we
further showed that knowing where people look can provide clues about what they store
in memory and recall about an information visualization. Like eye tracking, BubbleView
can provide important insights about human perception and cognition, but at a lower
data collection cost than eye tracking. It can easily scale up data collection to many
participants and images, and be launched remotely to enable online crowdsourcing.
In this chapter, we validate that BubbleView generalizes to approximating eye fixations on different image types and under different task constraints. Specifically, we
show that:
• BubbleView clicks can successfully approximate eye fixations on information visualizations, natural images, and websites, in both a free-viewing condition and with
a description task;
• Compared to related methodologies based on a moving-window approach [103],
BubbleView clicks provide more reliable and less noisy data;
• The number of BubbleView clicks in different image regions can be used to measure
the relative importance of those image regions.
We present the BubbleView methodology with the interested experimenter in mind
who may consider it for crowdsourcing an experiment, or for an evaluation that would
typically be conducted with an eye tracker in a conventional laboratory setting. While
prior work contains some initial validation that a cursor-based interface can serve as
a proxy for eye tracking [10, 103, 112], we conducted an extensive quantitative analysis
by running 10 experiments with 28 different parameter combinations, on Amazon’s
Mechanical Turk. Our experiments were carried out on 5 different datasets, spanning
information visualizations [24], natural images [103, 223], static webpages [194], and
graphic designs [154]. We varied task type (free-viewing, describing) and task duration,
image blur kernel, and bubble radius. We compared BubbleView clicks not only to
eye fixations [24, 223], but also to mouse movements [103], and to explicit importance
annotations [154]. Our contributions include:
1. The BubbleView interface which can be launched online for the cheap, feasible
collection of crowdsourced data, provided at massvis.mit.edu/bubbleview;
2. A thorough analysis of how different experimental parameters affect BubbleView
click data, and guidelines about how to choose an appropriate setting of parameters
for a given experiment;
3. A discussion of how BubbleView can be used to approximate eye fixations collected
in a controlled lab setting;
4. A proposed list of applications of the BubbleView methodology, including for the
measurement of image importance, image-based question-answering tasks, and
training computational models of saliency/importance.
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 7.1 Designing experiments with BubbleView
The BubbleView methodology is intended to approximate a blurred periphery, and
users click on images to reveal small, circular regions (“bubbles”) at the original resolution (Figure 7.2). This is similar to having a confined area of focus like the eye
fovea (Chapter 5.1). Different blur levels and bubble sizes can be used to approximate
different eye tracking setups, with different visual angles (Figure 7.14).
In comparison to the moving-window approach which records continuous mouse
movements, our approach records discrete mouse clicks where each click represents a
conscious choice made by the user to reveal a portion of the image. As the clicks correspond to individual points of interest, we directly compare them to eye fixations.

Figure 7.2. Two different versions of the BubbleView interface for two task types, for gathering
task-based (a) and task-free (b) clicks, as approximations to similar eye tracking experiments.

Tasks and image types for attention experiments
We evaluated our BubbleView interface on two tasks: free-viewing and description,
and four image types: natural scenes, information visualizations, static webpages, and
graphic designs. Here we discuss the motivations behind these design choices.
During free-viewing, participants are not given a task but are instructed to freely
look around the image. Free-viewing is commonly used in eye tracking experiments to
study the human perception of natural scenes, because it can avoid large task-dependent
effects. It is often assumed the eyes are drawn to conspicuous image elements, and
attention proceeds in a bottom-up manner, guided by the image features rather than a
high-level task1 . This assumption has motivated the use of free-viewing for collecting
ground truth data for saliency datasets [118], where the pattern of eye fixations can be
interpreted as the saliency map for the image (Figure 7.1). Most saliency datasets
1
Alternative views posit that free-viewing is not task-free, but permits participants to choose their
own internal agendas/tasks [161, 207, 208]. Even under this interpretation, averaging data over many
participants, each of which may have their own agenda, has the effect of averaging out the task and
providing an approximately task-independent aggregate measurement.
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have been collected using free-viewing2 . Computational models are in turn trained
and tested on saliency datasets as a proxy for human attention. We are similarly
motivated by the computational applications that can be built by training models on
large attention datasets (e.g., [35]).
Compared to natural viewing, cursor-based moving-window methodologies naturally
slow down visual exploration patterns. By providing a cognitively-demanding task,
these exploration patterns can be slowed down further to bring more intentionality to
each click. In the description task, participants are required to type a description of
the image while using the BubbleView interface to explore the image. The descriptions
naturally depend on the image regions clicked on. This task is well suited to images
with an underlying message or concept that needs careful examination to decipher. We
used the description task with visualization images from the MASSVIS [24] dataset3 ,
and website images from the FiWI [194] dataset. We also tested the free-viewing task
with the FiWI images, because the eye-tracking data from this dataset was collected
with free-viewing, and we wanted to approximate the original experiment. For the same
reason, we ran the free-viewing task on natural images from the OSIE [223] dataset. For
the graphic designs in the GDI dataset [154], which have importance annotations rather
than eye fixations, we chose a free-viewing task. We chose this task because we found
that the graphic designs could not be easily summarized by a description (i.e., some
images required further context, not all were English, some had few visual elements,
etc.).
Tasks deviating from description and free-viewing are beyond the scope of this chapter, although they are common in user interface research [11, 43, 67, 99]. For instance,
for testing websites or application interfaces, participants may be asked to perform tasks
such as searching for a particular element or option, navigating to a particular region
of the image or page, or answering questions. Related moving-window methodologies
have previously been validated in the context of web navigation, program debugging,
and question-answering [10, 101, 132, 192, 205]. These tasks can be quite specific to the
interface being evaluated. We used two task types that can generalize (without modification) to a large collection of different image types. Our BubbleView tool is available
to the research community so future work can investigate the generalizability of this
tool for other tasks.
Implementation
We implemented a web-based BubbleView interface that takes a directory of images
as input and displays a subset of the images in random sequence, blurring each one.
Participants receive a set of task instructions and can click to reveal bubble regions
(Figure 7.2). A demo is available at massvis.mit.edu/bubbleview.
2
A list of eye tracking datasets and their attributes is available at: http://saliency.mit.edu/
datasets.html
3
In the MASSVIS eye-tracking set-up participants also provided image descriptions, but they did
so at the end, not during, the viewing session. This is because memorability was part of the original
study, whereas it is not here.
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The experimenter has a choice of parameters:
• Task type: the instructions given to participants. We used two different versions of the interface for a description task with an input text field (Figure 7.2a),
and a free-viewing task with no additional inputs from participants (Figure 7.2b).
Alternative tasks are possible.
• Time: the viewing time per image, which depends on the task. For the description
task, we did not constrain the time. For the free-viewing task, we fixed time per
image to be either 10 or 30 seconds, depending on the experiment.
• Blur sigma: the size of the Gaussian blur kernel (in pixels) to apply to each
image to mimic peripheral vision. This is a fixed quantity over the whole image,
and is constant across all images in the sequence. In our studies, we manually
selected a blur value per image dataset to distort image text beyond recognition.
We wanted the level of detail to be sufficient for reading only within regions of
focus.
• Bubble radius: the size of the focus area (in pixels) that is deblurred during
a click to mimic foveal vision. In our studies, we varied this size depending on
other task constraints, but often stayed within 1-2 degrees of visual angle of the
eye tracking setups used for the ground-truth eye movement datasets.
• Mouse modality: although we originally designed BubbleView for collecting
mouse clicks, we extended it to allow bubble regions to be exposed during continuous mouse movements (as in Jiang et al. [103]). We discuss the differences
between the two modalities in Section 7.6.
The experimenter may also choose the number of images displayed in a sequence. In
our description task, participants were able to continue to the next image after writing
a minimum number of characters (150 in our experiments). In the free-viewing task,
once the fixed time per image elapsed, the next image in the sequence was presented.
We also developed a monitoring interface to inspect experimental results (Figure 7.3). The purpose of the interface is to take a quick glance at the bubbles collected,
before the main analysis. For each image, the experimenter can see the bubbles and (if
applicable) text descriptions generated by each participant. Adjusting the slider allows
exploration of the temporal sequence and evolution of bubble clicks and description
text over time. The experimenter can also see how the blurred image looked to the
participant to investigate why a region may have been clicked. This interface can be
used to check if an experiment is running as intended in real time.

 7.2 Analysis overview
Across all the experiments comparing BubbleView clicks to eye fixations we used the
same set of analyses, which we describe here. We compared how well the distribution
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Figure 7.3. Monitoring interface for manually inspecting the results of experiments. An experimenter
can use a slider to explore the temporal sequence and evolution of bubble clicks and description text,
for each image and participant.

of BubbleView clicks approximates the distribution of eye fixations. Given a set of eye
fixations on an image, we generate a fixation map by blurring the fixation locations
with a Gaussian, with a sigma equal to one degree of the visual angle. Similarly, given
a set of BubbleView mouse clicks on an image, we compute a BubbleView click map
by blurring the click locations with a Gaussian with the same sigma as for the ground
truth fixation maps. We used a sigma of 10 for the OSIE dataset, and a sigma of 25 for
the MASSVIS and FiWI datasets. More generally, we refer to both fixation and click
maps in this paper as importance maps for an image.
For evaluation, we use the two metrics found to give the most un-biased evaluation in
Chapter 5: Pearson’s Correlation Coefficient (CC) and Normalized Scanpath Saliency
(NSS). While the two metrics provide complementary evidence for our conclusions, the
NSS metric also allows us to account for differences in attentional consistency between
participants (inter-observer congruency) across datasets. Specifically, if different eye
tracking participants look at different regions of the image, they can not be used to
predict each other’s fixations. In these cases, BubbleView clicks will also not be as
predictive of the fixations. For a fair evaluation, we normalize the BubbleView scores
by the consistency of the eye tracking participants in a given dataset.
Consistency between eye tracking participants is measured in the following way:
the fixations of all but one observer (i.e., N-1 observers) are aggregated into a fixation
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map which is used to predict the fixations of the remaining observer. This is repeated
by leaving out one observer at a time, and then averaging the prediction performance
to obtain the resulting inter-observer congruency (IOC) or inter-subject consistency
[18, 147, 219]. We measure IOC using the NSS metric.
We first compute the NSS score of the BubbleView click map at predicting all the eye
fixations collected on an image, across all the observers. Then we normalize this score
by the IOC of the eye tracking participants on that dataset. The resulting normalized
NSS score can be interpreted as: the percent of the eye fixations accounted for, or
predicted by, the BubbleView clicks.
We also consider performance when the number of study participants is taken to the
limit, to get an upper bound on performance and determine if any systematic differences
exist between methodologies that can not be reduced by gathering more data. To do
this, we measure the ability of BubbleView click maps to predict ground-truth fixation
locations, for different numbers of BubbleView participants. We obtain an NSS score
for different numbers of participants n, by randomly selecting n participants for each
of 10 splits, and averaging the results. Then we fit these scores to the power function
f (n) = a ∗ nb + c, constraining b to be negative. Taking n to the limit, c is the NSS
score at the limit. In cases where the total number of BubbleView participants for a
particular experiment is not enough for a robust model fitting, we omit this analysis.

 7.3 Experiments comparing BubbleView clicks to eye fixations
 7.3.1 Experiment 1: comparison to eye fixations on information visualizations
We began by exploring how well BubbleView clicks on information visualizations gathered on MTurk approximate eye fixations collected in a controlled lab setting. In the
initial experiments in Kim et al. [112], we had gathered BubbleView data on 51 visualizations with a bubble radius size of 16 pixels. Here we extended these experiments
to explore the effect of bubble radius size and number of participants on the quality of
BubbleView data. We varied the bubble radius between 16 and 40 pixels, and collected
up to 40 participants worth of clicks per image.
Motivating questions
• How does bubble radius size affect performance?
• How many BubbleView participants is enough?
Stimuli
The MASSVIS dataset contains over 5,000 information visualization images, of which
393 “target” images contain the eye movements of 33 participants free-viewing each
image for 10 seconds as part of a memory test at the end of the study [24]. In the eye
tracking set-up, images were shown full-screen with a maximum dimension of 1000 pixels
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Figure 7.4. Example images from the MASSVIS dataset. Dataset images (a), with corresponding
ground-truth fixation maps (b) and BubbleView click maps (c). We show cases where BubbleView
maps have high similarity, and cases with low similarity, to fixation maps.

to a side, where 1 degree of viewing angle corresponded to 32.6 pixels. Participants made
on average 39 fixations per image, or 3.9 fixations/sec.
We selected 202 from the total 393 target images, spanning infographic, news media,
and government publication categories (Figure 7.4). We chose visualizations that had
sufficiently large text and enough context to understand them without requiring specialized knowledge. We resized the images to half their original size with a maximum
dimension of 500 pixels to a side. The images were blurred with a sigma of 40 pixels,
which we found distorted the text in these images beyond legibility [24, 112].
Method
We ran a series of experiments to progressively find a bubble radius that best approximates eye fixations: Exp. 1.1 with one set of 51 images and bubble radius sizes of
16, 24, and 32 pixels respectively, Exp. 1.2 with another set of 51 images and bubble
radius sizes of 24, 32, and 40 pixels, and Exp. 1.3 with the remaining 100 images with
a bubble radius of 32 pixels, which we determined from the first two experiments to
produce good data quality. A bubble radius of 32 pixels corresponds to about 2 degrees
of visual angle in the eye tracking studies on the original-sized images.
In a single HIT, participants were shown a random sequence of 3 images, and asked
to describe each image with no time constraints on the task, allowing for individual
differences in the time to write image descriptions.
For Exp. 1.1, we requested enough HITs so that each image would be seen by an
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average of 40 participants. From this experiment we found that 10–15 participants are
sufficient for achieving high similarity scores to eye fixations, and proceeded to collect
an average of 10–15 participants for each image in Exp. 1.2 and Exp. 1.3.
Results on bubble size
Participants explored each image for an average of 3 minutes, iterating between
clicking around and typing text. As bubble size increased, the number of clicks and
total task time monotonically decreased. Participants made an average of 103 clicks per
image (0.5 clicks/sec) with a bubble radius of 16 pixels, 65 clicks (0.3–0.4 clicks/sec) with
a bubble radius of 32, and 55 clicks (0.3 clicks/sec) with a bubble radius of 40 pixels.
Depending on the bubble size, participants spent 15–30% of the task time clicking,
and the rest of the time typing a description. After receiving a number of participant
complaints about task difficulty at a bubble radius of 16 pixels, we discontinued the use
of this bubble radius in future experiments.
We computed the similarity between the BubbleView click maps and ground truth
fixation maps across all images for all settings of bubble radius (Table 7.3.1). To make
scores comparable, we set the number of participants n = 10 when computing the BubbleView click maps (the common denominator across all experiments). The similarities
between the BubbleView click maps and the fixation maps were close across all bubble
radius sizes (CC = 0.82–0.86). Because the different subsets of the MASSVIS dataset
used in Exp. 1.1–1.3 had different inter-observer consistency (IOC) values4 , normalized
NSS scores are more comparable across experiments than raw NSS scores. The normalized NSS score was very similar across all bubble radius sizes, with BubbleView clicks
accounting for an average of 89–90% of eye fixations with 10 participants, and climbing
up to 92% for larger numbers of participants (n ≥ 18). Running a one-way ANOVA
with bubble size as the factor, we did not find any significant effects of radius size on
the similarity of clicks to fixations, under either of CC and NSS scores (F < 1 for all
comparisons). Although the number of clicks changed, the overall pattern of bubble
clicks remained the same (Figure 7.5).
Take-aways: no significant differences were found between bubble sizes in terms
of similarity of BubbleView clicks to eye fixations. Bubble sizes in the range 24–
40 pixels were found appropriate. Smaller bubble sizes increased the task time
and effort.
Results on number of participants
In Exp. 1.1 we collected an average of 40 participants of BubbleView clicks per image to
investigate how BubbleView maps change with the number of participants (Figure 7.6).
As described in Section 7.2, we fit power functions to the NSS scores for different
numbers of participants to extrapolate performance. We found that after about 10–15
4

This is an artifact of the images being different in the different subsets. In particular, Exp. 1.1
ended up containing more news media images and less government and infographic images than Exp.
1.2.
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Figure 7.5. We found few differences in the resulting click maps from different settings of the bubble
radius. Plotted here are the clicks of 3 participants (b-d) who explored the same image (a) with
BubbleView, but with a different bubble size: 16, 24, and 32 pixel radius, respectively. The smaller
the bubble, the more clicks a participant made, and the longer the task took to complete. Overall, the
same regions of interest tended to be clicked on, despite differences in bubble sizes.

participants, the similarity of BubbleView click maps to ground truth fixation maps
was already 97-98% of the performance achievable in the limit. The NSS score was
extrapolated to increase to 1.31 in the limit (95% C.I. [1.312, 1.315]) with a bubble size
of 16, 1.32 in the limit (95% C.I. [1.320, 1.324]) with a bubble size of 24, and 1.31 in the
limit (95% C.I. [1.306, 1.310]) with a bubble size of 32. As a result of these analyses,
we used an average of 10–15 participants for all future BubbleView experiments.
Take-aways: 10–15 participants worth of BubbleView clicks already accounted
for up to 97-98% of the performance achievable in the limit of the number of
participants.
Results on ranking elements by importance
We also explored the relationship between BubbleView clicks and eye fixations at ranking visualization elements by importance. For this purpose we used the element segmentations (e.g., title, axis, legend, etc.) available in the MASSVIS dataset [24]. For
each of the 202 visualizations from Exp. 1, we overlapped the element segmentations
with the fixation map of the visualization, and took the maximum value of the fixation map within the element’s boundaries as its importance score (this analysis is
inspired by the analyses used in Chapters 6.2.3-6.2.5 to evaluate the relative importance
of different people, faces, and text in natural images). We averaged the element scores
across all 202 visualizations to obtain an aggregate importance score for each type of
element (Figure 7.7). We repeated this computation using the BubbleView click maps
of the visualizations to get another set of importance scores for the same elements.
The ranking of elements by importance scores according to BubbleView clicks is highly
correlated to the ranking according to eye fixations (Spearman correlation = 0.96).

Exp. 1: visualizations

Bubble Radius (pixel)
16

Exp. 1.1: 51 visualizations
Description task
(ground-truth IOC: 1.42)

24
32
24

Exp. 1.2: 51 visualizations
Description task
(ground-truth IOC: 1.33)

32
40

Exp. 1.3: 100 visualizations
Description task
(ground-truth IOC: 1.35)

32

CC

NSS

Normalized NSS

0.86
0.87
0.86
0.87
0.86
0.87

1.27
1.30
1.27
1.30
1.27
1.29

89%
92%
89%
92%
89%
91%

(n = 10)
(n = 38)
(n = 10)
(n = 39)
(n = 10)
(n = 40)

0.82
0.84
0.84
0.85
0.83
0.84

1.20
1.22
1.20
1.22
1.19
1.19

90%
92%
90%
92%
89%
89%

(n = 10)
(n = 20)
(n = 10)
(n = 18)
(n = 10)
(n = 11)

0.84
0.84

1.21
1.21

90% (n = 10)
90% (n = 10)

Table 7.1.
We evaluated BubbleView clicks at approximating ground-truth eye fixations on the
MASSVIS dataset by varying the bubble radius. We ran 3 sets of experiments on different subsets of
the MASSVIS dataset. We measured the cross-correlation (CC) between BubbleView click maps and
ground truth fixation maps, averaged over all images (CC has an upper bound of 1). The normalized
scanpath saliency (NSS) score measured how well BubbleView click maps predict discrete fixation
locations, averaged over all images. The NSS upper bound depends on the ground-truth data, so we
included the inter-observer consistency (IOC) score of the eye tracking participants (measured using
NSS). Normalizing the NSS score of the BubbleView maps by IOC allows us to report the percent of
ground-truth fixations predicted by the BubbleView maps. To make the scores comparable across all
the experiments, we fixed the number of participants to n = 10. In gray we report the results obtained
by including all n participants that were collected for each experiment. The difference in CC and NSS
scores with different bubble radius sizes was not significant (F < 1 for all comparisons).
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Figure 7.6. The NSS score of BubbleView click maps computed with different numbers of participants,
when used to predict discrete fixation locations on the MASSVIS dataset. Each point represents the
score obtained at a given number of participants, averaged over 10 random splits of participants, and
all 51 images used in Exp. 1.1. We include data points from 3 different bubble radius sizes. By fitting
power functions of the form anb + c to each set of points, we find that these scores do not change
significantly in the limit of participants (n → ∞).

Take-aways: BubbleView can be used to rank visualization elements by importance, predicting how often people would fixate those elements during natural
viewing.

 7.3.2 Experiment 2: comparison to eye fixations on natural images
In Experiment 1 we found that BubbleView clicks offered a very good approximation to
eye fixations on information visualizations with a description task. However, because
free-viewing is a more common setting for human perception studies of natural images
(specifically for saliency datasets), we wanted to determine if BubbleView clicks can
also be used to approximate free-viewing fixations on natural images. We used similar
BubbleView settings to the ones found in Exp. 1: a bubble size of 30 pixels and 15
participants worth of clicks.
Motivating questions
• Does BubbleView generalize to natural images with a free-viewing task?
Stimuli
The OSIE dataset contains 700 natural images with multiple dominant objects per im-
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a)

b)

Figure 7.7. (a) An example of a labeled visualization from the MASSVIS dataset. (b) By overlapping
fixation maps and BubbleView click maps with such element annotations (and taking the maximum
value of the map inside the element), we obtain an importance score for each element in each visualization. By averaging across 202 visualizations, we obtain an aggregate importance score per element
type.

age [223]. Eye movements on this dataset were collected by instructing 15 participants
to free-view each image for 3 seconds. Participants made an average of 9.3 fixations
per image (3.1 fixations/sec). In this eye tracking setup, images were presented at a
resolution of 800 × 600 pixels and 1 degree of viewing angle corresponded to 24 pixels.
For our study, we randomly sampled 51 OSIE images (Figure 7.8), downsized them to
640 × 480 pixels, and blurred them with a sigma of 30 pixels.
Method
In Exp. 2.1, we asked participants to free-view a series of images and to click anywhere
they want to look for 10 sec per image. We used a bubble radius of 30 pixels, equal
to about 1.5 degrees of visual angle in the eye tracking study. Although the viewing
time for the OSIE eye tracking study was 3 sec per image, we increased this time for
the BubbleView experiment to account for the time of clicking a mouse. We piloted
different viewing times and determined 10 sec to be appropriate (clicking took about 3
times as long as natural viewing). We collected an average of 60 participants worth of
BubbleView click data for each image.
Apart from ground truth eye fixations, mouse movements using the related SALICON methodology are also available for the OSIE dataset [103]. To facilitate a direct
comparison between BubbleView and SALICON, in Exp. 2.2 we re-ran data collection
with BubbleView, replacing mouse clicks with mouse movements, with a bubble radius
of 30 pixels. As in SALICON, we used a task time of 5 seconds. The results of this
experiment are discussed in Section 7.4.2, in the context of other comparisons to the
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Figure 7.8. Example images from the OSIE dataset. Dataset images (a), with corresponding groundtruth fixation maps (b) and BubbleView click maps (c). We show cases where BubbleView maps have
high similarity, and cases with low similarity, to fixation maps.

SALICON methodology.
Results
During 10 seconds of viewing, participants made an average of 13.1 clicks, or about 1.3
clicks/sec - three times fewer clicks than fixations per second.
In Exp. 2.1, the similarity between BubbleView click maps and ground truth fixation maps with free-viewing on natural images was smaller (NSS = 2.61, CC = 0.81,
Table 7.2) than in Exp. 1 with visualizations. Even though eye tracking participants
are quite consistent with each other on the OSIE dataset (IOC = 3.35), BubbleView
participants are not as predictive of eye tracking participants in this case. BubbleView clicks of 54 participants can predict 80% of eye fixations, while the projected
performance in the limit only converges to 82% (95% C.I. [2.742, 2.754]). However, 10
BubbleView participants can already account for 78% of eye fixations.
Exp. 2.2 showed that a related methodology using a moving-window approach [103]
is no better at approximating ground-truth eye fixations on this dataset (Table 7.2). In
fact, to achieve the same performance as BubbleView, SALICON actually requires more
participants (Section 7.4.2). BubbleView can serve as an affordable and scalable alternative. When running a large number of eye tracking experiments is infeasible, BubbleView can be used for studying human perception and collecting large-scale saliency
datasets (e.g., for training models as in Chapter 9).
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Take-aways: Similarity between BubbleView clicks and eye fixations is lower on
natural images with a free-viewing task than with visualizations with a description
task. Despite this, 10 BubbleView participants can already account for 78% of
eye fixations on natural images, so BubbleView can still serve as an affordable
approximation to eye tracking.

Table 7.2. We evaluated BubbleView clicks at approximating ground-truth eye fixations on the OSIE
dataset. We ran BubbleView data collection using mouse clicks (Exp. 2.1) and using mouse movements
(Exp. 2.2). For comparison, we also include the performance of the SALICON methodology on the same
dataset (Section 7.4.2). For fair comparison with in-lab SALICON, we only used n = 12 participants
per image per study. The difference in scores at n = 12 participants was not significant [F(200)=1.81,
n.s.]. In gray we report the results obtained by including all n participants that were collected for each
experiment.

Exp. 5.3: natural scenes (ground-truth IOC: 3.35)

CC

NSS

Normalized NSS

BubbleView (clicks)

0.81
0.84

2.61
2.69

78% (n = 12)
80% (n = 54)

BubbleView (movements)

0.81
0.83

2.52
2.55

75% (n = 12)
76% (n = 49)

SALICON

0.81
0.84

2.52
2.61

75% (n = 12)
78% (n = 92)

In-lab SALICON

0.81
0.81

2.61
2.61

78% (n = 12)
78% (n = 12)

 7.3.3 Experiment 3: comparison to eye fixations on static webpages
Apart from natural images, webpages are another image type that frequently serve as
the focus of eye tracking and usability studies [29, 39, 151, 184, 194, 195]. For this reason, we wanted to test the generalizability of the BubbleView methodology to webpages.
Because the static webpage images were denser in visual and information content than
the information visualizations and natural images from the first two experiments, we
evaluated a number of different BubbleView settings to try to find the best approximation to eye fixations. We varied bubble radius size and viewing time. As in the original
FiWI eye-tracking experiment, we started with a free-viewing task. Similar to Exp. 1,
we also tried a description task with unlimited task time.
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Figure 7.9. Example images from the FiWI dataset. Dataset images (a), with corresponding groundtruth fixation maps (b) and BubbleView click maps (c). We show cases where BubbleView maps have
high similarity, and cases with low similarity, to fixation maps.

Motivating questions
• Does BubbleView generalize to webpages?
• How do the task and viewing time affect performance?
• Does viewing time interact with bubble size?
Stimuli
The FiWI dataset contains 149 screenshots of static webpages collected from various
sources on the Internet and sorted into pictorial (dominated by pictures such as photo
sharing websites), text (high density text such as encyclopedia websites), and mixed
types [194]. Eye movements on this dataset were collected by instructing 11 participants
to free-view each webpage for 5 seconds. Participants made an average of 17.9 fixations
per image (3.6 fixations/sec). In this eye tracking setup, 1 degree of visual angle was
approximately 50 pixels.
We sampled 17 images from each of the three categories (pictorial, text, mixed),
resulting in a total of 51 images (Figure 7.9). We downsized the images from 1360 × 768
pixels to 1000 × 565 pixels to fit within a typical MTurk browser window, while preserving image aspect ratios. These webpages tended to have more varied font size compared
to the images in Exp. 1–2. We manually selected a blur sigma of 50 pixels to distort
the text on these images beyond legibility.
Method
We ran experiments with two task types where participants were asked to either freeview or describe each webpage. In Exp. 3.1, with the free-viewing task, we used a
2 x 3 factorial design (viewing time: 10 sec or 30 sec; bubble radius: 30, 50, or 70
pixels). In Exp. 3.2, with the description task, we used a bubble radius of 30 pixels
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Figure 7.10. The NSS score of BubbleView click maps computed with different numbers of participants, when used to predict discrete fixation locations on the FiWI dataset. Each point represents the
score obtained at a given number of participants, averaged over 10 random splits of participants, and
all 51 images.

and unlimited time. We collected an average of 15 participants worth of BubbleView
click data for each image under each task.
Results on stimuli
In the free-viewing task (Exp. 3.1), participants made an average of 1.0–1.8 clicks/sec,
while in the description task (Exp. 3.2), participants made an average of 0.5 clicks/sec,
indicating that they spent more than half the time typing descriptions. Clicking took
about 3 times longer than natural viewing. As in Exp. 1, the number of clicks per
second monotonically decreased with increasing bubble size, even though viewing time
was fixed (Exp. 3.1). Tripling the viewing time from 10 to 30 seconds did not quite
triple the number of clicks, but increased them by 2.2–2.6 times.
The similarity between BubbleView click maps and ground truth fixation maps on
webpages was lowest of all image types tested so far in Exp. 1–3 (Table 7.3). However,
the inter-observer consistency of eye tracking participants is also lowest on webpages
(IOC = 1.85). Recall that IOC between eye tracking participants serves as an upper
bound for how well BubbleView clicks can predict eye fixations. After accounting for
IOC, the normalized NSS scores show that BubbleView clicks can account for up to
78% of eye fixations on webpages, similar to the score on natural images (Exp. 2).
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IOC was highest on the all-text webpages (NSS = 1.97), followed by the pictorial
(NSS = 1.77) and mixed (NSS = 1.80) webpages. While the difference in NSS scores
was not significant across webpage types for the similarity between BubbleView clicks
and eye fixations, the NSS scores were consistently higher for the text webpages. Only
for one case, with a bubble size of 30 pixels and 10 seconds of viewing, were the NSS
scores for the pictorial webpages the highest. This provides evidence that clicks tend
to be more consistent with fixations on text elements.
Take-aways: Both fixation and click data is more varied on webpages. Webpage
images with lower IOC scores (more eye tracking variability) also had worse BubbleView similarity scores. Normalizing for IOC, BubbleView clicks can account
for 78% of eye fixations on webpages (as for natural images).
Results on time, bubble size, and task
We ran a two-way ANOVA (time × bubble size) on Exp. 3.1. The main effect
of time on the CC and NSS scores was significant [CC: F(1,300)=19.25, p < .01,
NSS: F(1,300)=9.65, p < .01], respectively but the effect of bubble size was not [CC:
F(2,300)=1.92, n.s., NSS: F(2,300)=1.14, n.s.]. The interaction effect between time and
bubble size was significant [CC: F(2,300)=6.95, p < .01, NSS: F(2,300)=3.35, p < .05].
With a viewing time of 10 seconds, a bubble size of 30 pixels was too small, achieving
significantly lower CC scores than bubble sizes of 50-70 pixels (p < .05). With a
viewing time of 30 seconds, however, a bubble size of 70 pixels was too large, achieving
significantly lower CC scores than bubble sizes 30-50 pixels (p < .01). No significant
differences were found among the NSS scores (Table 7.3). There exists a trade-off: with
a longer viewing time, a smaller bubble radius provides more consistent clicks among
participants; when limited by a shorter time, a larger bubble size becomes necessary.
Given a bubble size of 30-50 pixels, the CC scores were significantly higher for a
task duration of 30 seconds compared to 10 seconds (p < .05). The difference in NSS
scores was only significant for the bubble size of 30 pixels. No significant differences
were found with a bubble size of 70 pixels. Overall, BubbleView click maps generated
with longer task durations of 30 seconds or longer (including with a description task)
better approximated eye fixations than with a 10 second task duration. From this we
conclude that information-dense images like websites require either longer viewing times
or better defined tasks than free-viewing.
From Exp. 3.2, we found that for small numbers of participants (n < 12), the
description task generated BubbleView click maps more similar to ground-truth eye
fixations than the free-viewing task under all settings (Figure 7.10). The difference
between the tasks is larger for smaller number of participants, and decreases with each
extra participant. The click data tends to converge faster when a targeted task like
description is used. However, this advantage disappears with more participants and
a longer task time (30 sec, 30 pixel bubble radius). A description task takes longer
and is more expensive to run, but might be a better choice when few participants are
available.
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Table 7.3. We evaluated BubbleView clicks at approximating ground-truth eye fixations on the FiWI
dataset. BubbleView maps were computed with 12 participants for all experiments below. The score
of the BubbleView maps predicting the ground-truth fixation maps is reported in CC, and the score
of the BubbleView maps predicting the discrete fixation locations is reported in NSS. Normalized NSS
is calculated by normalizing the NSS score by the inter-observer consistency (IOC) of the eye tracking
participants.

Exp. 3: webpages
(ground-truth IOC: 1.85)

Time
(sec)

Free-viewing

10

Free-viewing

Bubble Radius
(pixel)

CC

NSS

Normalized
NSS

30

0.52

1.20

65%

10

50

0.57

1.34

72%

Free-viewing

10

70

0.56

1.30

70%

Free-viewing

30

30

0.63

1.45

78%

Free-viewing

30

50

0.61

1.41

76%

Free-viewing

30

70

0.57

1.32

71%

Description

unlim.

30

0.63

1.46

79%

Take-aways: the less viewing time available, the larger the bubble size should
be in order to better approximate free-viewing fixations. For a study with fewer
participants, a description task is better than a free-viewing task.

 7.4 Experiments comparing BubbleView to related methodologies
 7.4.1 Experiment 4: comparison to importance annotations on graphic
designs
We hypothesized that the regions on an image where participants click using the BubbleView methodology correspond to the most important regions of the image. To test
this hypothesis, we used the GDI dataset [154] which comes with explicit importance
annotations, where participants were instructed to annotate the image regions they
considered important in graphic designs. We used this dataset to evaluate whether the
number of BubbleView clicks on image regions corresponds to explicit judgements of
importance.
Motivating questions
• Does BubbleView generalize to graphic designs?
• Do BubbleView clicks correspond to regions of importance on graphic designs?
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Figure 7.11. Example images from the GDI dataset. Images from the dataset (a), along with
the provided explicit importance annotations (b). We show cases where BubbleView maps have high
correlation, and cases with low correlation, to the importance annotations, in terms of how design
elements are ordered by importance (c).

Stimuli
The Graphic Design Importance (GDI) dataset contains 1,075 single-page graphic designs (e.g., advertisements, flyers, and posters consisting of text and graphical elements), collected from Flickr [154]. No eye movements were collected for this dataset.
O’Donovan et al. [154] highlighted two downsides of eye movements for this type of
data: (1) fixations vary significantly over individual elements (like text blocks) even
though those regions should have a uniform importance, and (2) eye fixations may occur in unimportant regions as a design is scanned and do not reflect conscious decisions
of importance. Instead, 35 MTurk participants were asked to label important regions
with binary masks, and these masks were averaged over all participants to produce a
final importance map per design. O’Donovan et al. [154] noted that although importance maps produced by individual users are noisy, the average map gives a plausible
relative ranking over design elements.
We sampled 51 images from the GDI dataset at the original resolution of 600 × 400
pixels (Figure 7.11). We blurred the images with a sigma of 30 pixels, manually chosen
to distort text beyond recognition.
Method
We ran an experiment with a bubble radius of 50 pixels and viewing time of 10 seconds,
in which participants were asked to free-view each graphic design. BubbleView strikes
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a balance between eye fixations and explicit importance judgements for these images:
(1) like fixations, clicks are collected in a free-viewing setting and are not uniform over
design elements, but (2) like explicit annotations, the decisions of where to click reflect
conscious decisions of importance. We collected an average of 15 participants worth of
BubbleView click data for each image.
Analysis
Unlike the quantitative evaluations in the previous sections, we did not directly compare
the BubbleView click maps to the graphic design importance (GDI) maps. The spatial distributions of the explicit importance annotations in the GDI dataset are different
from the click maps generated by our methodology. By construction, the importance annotations are uniform over design elements in the GDI dataset, while BubbleView clicks
are not. For a fairer comparison, we computed the importance values each methodology
assigns to different elements within each design (similar to the analysis at the end of
Section 7.3.1 used to rank visualization elements by importance).
We used bounding boxes to manually annotate all the elements in the 51 graphic
designs chosen. For each design we normalized the GDI ground-truth importance map
and the BubbleView click map. We took the maximum value of each map within an
element’s bounding box as the importance score of that element. We correlated the
importance scores assigned by both methodologies to the elements in each design (Figure 7.12).

Figure 7.12. Importance maps were overlapped with element bounding boxes (outlined in blue)
and the maximum map value per box was taken to be the importance score for that element (scores
are the numbers above each box). Maps were first normalized to have values between 0 and 1, so
the importance scores for all the graphic design elements also fall within the same range, where 1
corresponds to the most important element. In the case of the GDI importance map, MTurk workers
made explicit judgements about aspects of the graphic design they considered the most important. A
region of a graphic design has an importance score of 1 if all MTurk workers labeled that element as
important. In the BubbleView study, MTurk workers clicked a blurred graphic design to expose small
regions of the design at full resolution. A region of a graphic design has an importance score of 1 if the
density of MTurk clicks in that region was highest.
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Results
Across all 51 graphic designs, we achieved an average Pearson correlation of 0.66 and
an average Spearman (rank) correlation of 0.60 between the element importance scores
as assigned by BubbleView versus the original GDI annotations. Over 70% of graphic
designs had a correlation over 0.4. BubbleView importance maps can reasonably approximate explicit importance judgements for ranking elements of graphic designs, although there are some differences. For instance, the blurring of the image may interfere
with visual features seen at different scales, as in the last two example images in Figure 7.11. Depending on the blur, certain visual elements might not be clicked on (e.g.
in Figure 7.11, the note because it blended into the background when blurred; the eye
because it was already visible in the blurred version).
Take-aways: BubbleView can be used to rank graphic design elements by importance. However, due to the varied feature sizes, blurring might significantly
impact which design regions are clicked.

 7.4.2 Experiment 5: comparison to mouse movements on natural images
The most similar methodology to BubbleView is SALICON [103], which was introduced
at roughly the same time5 . SALICON is also intended to be used in a crowdsourcing
setting to approximate eye fixations [103]. The differences are that SALICON captures
continuous mouse movements, instead of clicks, and images are blurred adaptively, with
a multi-resolution blur, recomputed for each cursor position. We investigated whether
BubbleView click maps are similar to SALICON mouse movement maps, when averaged
over multiple participants. Because the SALICON blur is multi-resolution and adaptive,
we experimented with different blur sigmas and bubble sizes in BubbleView, to find a
fixed setting of parameters that best approximates the SALICON viewing conditions.
We also compared SALICON and BubbleView at approximating eye fixations collected
in a controlled lab setting, since both methodologies are presented as alternatives to
eye tracking.
Motivating questions
• Under what settings does BubbleView most closely match SALICON?
• Which methodology better approximates eye fixations on natural images?
Stimuli
The SALICON dataset consists of mouse movements collected on 20K MS COCO (Microsoft Common Objects in Context) natural images [138]. In the original study, mouse
5
The SALICON and BubbleView methodologies were introduced a few months apart, but to different
communities: Jiang et al. [103] to computer vision and Kim et al. [112] to human-computer interaction.
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Figure 7.13. Example images from the SALICON dataset. Example dataset images (a), and ground
truth mouse movements collected by SALICON (b). We show cases where BubbleView maps have high
similarity, and cases with low similarity, to SALICON maps (c).

movements were collected on Amazon’s Mechanical Turk by presenting images to participants for 5 seconds each and allowing them to freely explore each image by moving
the mouse cursor. We randomly sampled 51 images at the original image size of 640 ×
480 pixels from the SALICON dataset (Figure 7.13).
Method
In Exp. 5.1, we used a 3 × 3 factorial design (blur sigma: 30, 50, and 70 pixels;
bubble radius: 30, 50, and 70 pixels; see Figure 7.14). Using a free-viewing task, we
had participants explore each image for 10 seconds each. We wanted to account for
longer times to click, rather than move, the mouse.
To disentangle the influence of mouse clicks/movements versus fixed/adaptive blur
on the methodology differences between SALICON and BubbleView, we ran Exp. 5.2,
using BubbleView with a moving-window approach like SALICON, but maintaining a
fixed blur kernel. In this setup participants used mouse movements to reveal image
regions at normal resolution. We had two experiment conditions (bubble radius sizes
of 30 and 50 pixels) with a fixed blur sigma of 30 pixels (found appropriate in Exp.
5.1) and viewing time of 5 seconds (as in SALICON). We collected an average of 15
participants worth of BubbleView click data for each image under each condition.
Results on using BubbleView to approximate SALICON
We ran a two-way ANOVA (blur × bubble size) on Exp. 5.1. The main effect of bubble
size was not significant [CC: F(2,450)=2.28, NSS: F(2,450)=0.19, n.s.] (as found in Exp.
1 and 3.1). The main effect of blur on scores was significant [CC: F(2, 450)=19.97,
p < .01, NSS: F(2,450)=6.86, p < .05]. BubbleView with a blur radius of 70 pixels

Blur Sigma
50

30

70

Bubble Radius

30

50

70

(b) SALICON

(a) BubbleView

with adaptive multi-resolution blur

with fixed blur

Figure 7.14. We used 9 different parameter settings in our BubbleView experiments, on images
from the SALICON dataset (a). We wanted to find a fixed setting of bubble size and blur to mimic
the adaptive multi-resolution blur used in the SALICON methodology (b). The rightmost figure is
from Jiang et al. [103]; c Martijn van Exel.

Table 7.4. We evaluated BubbleView click maps (with n = 12 participants per image) at approximating SALICON mouse movements, measured using CC and NSS metrics. Normalized NSS is computed
by taking into account the IOC of the SALICON participants (NSS = 1.50). Both bubble radius and
blur sigma are measured in pixels. BubbleView with a blur radius of 70 pixels achieved significantly
lower CC scores than with other blur settings (p < .01 for all bubble sizes). The other differences were
not significant.

Blur Sigma (pixel)
30

Bubble radius
(pixel)

50

70

30

CC 0.84
NSS 1.21
Normalized NSS 81%

0.84
1.15
77%

0.78
1.06
71%

50

CC 0.86
NSS 1.23
Normalized NSS 82%

0.84
1.15
77%

0.80
1.04
69%

70

CC 0.84
NSS 1.20
Normalized NSS 80%

0.84
1.11
74%

0.79
1.04
69%
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achieved significantly lower CC scores than with other blur settings (p < .01 for all
bubble sizes). We did not find an interaction effect between blur and bubble size
[CC: F(4,450)=0.44, NSS: F(4,450)=0.04, n.s.]. We found highest similarity between
BubbleView click maps and SALICON maps at bubble radius sizes of 30–50 pixels and
blur sigma of 30–50 pixels (Table 7.4), for which the normalized NSS scores ranged
from 77% to 82%.
What are the remaining differences? Using mouse movements, more points of interest are generated than using clicks. Many of the points sampled using mouse movements
occur in the transition between regions in an image, and might be introducing noise
into the data (Figure 7.15). This suggests that a different threshold might be more
effective at converting continuous mouse movements into discrete points of interest. An
advantage of the BubbleView clicks is that no such post-processing is necessary, since
the clicks directly correspond to points of interest.
In Exp. 5.2, we modified BubbleView to collect continuous mouse movements and
shortened the time per image to 5 sec, such that the only remaining difference with
SALICON was the treatment of blur. We observed that the mean number of samples
was 143.02 (SD=13.14) using the sampling rate of 100 Hz, which translates to 14,302
raw samples, on average, per participant. This is significantly larger than the mean
click count of 13.09 (SD=1.38) per participant in Exp 5.1.
With the moving-window BubbleView setting the scores were: for bubble size 30:
CC: 0.87, NSS: 1.21, normalized NSS: 81%; bubble size 50: CC: 0.88, NSS: 1.24, normalized NSS: 83%. Compared to the clicks, these scores were not statistically significantly
different [F (200) < 2.2, n.s.]. In other words, BubbleView can approximate SALICON
with or without mouse movements. Importantly, BubbleView can approximate SALICON without requiring a multi-resolution adaptive blur, simply with a single fixed blur
setting. Our fixed blur setting is much less computationally expensive and does not
require the pre-study system checks as in Jiang et al. [103].
Take-aways: BubbleView with a bubble size of 30–50 pixels and a blur sigma
of 30–50 pixels can approximate the continuous mouse movements and adaptive,
multi-resolution blur of the SALICON methodology.
Results on using both methodologies to approximate eye fixations
In Exp. 2.2 we compared BubbleView clicks and mouse movements to SALICON mouse
movements at approximating ground truth eye fixations on 51 OSIE images. The BubbleView click maps (with n = 12 participants, bubble radius of 30 pixels) achieve NSS
= 2.61 (CC = 0.81) at predicting ground-truth fixation maps, compared to SALICON
mouse movement maps which achieve NSS = 2.52 (CC = 0.81). It takes over 30 SALICON participants to achieve the same similarity to fixation maps as 12 BubbleView
participants (Figure 7.16). Replacing BubbleView clicks with mouse movements actually decreases performance: NSS = 2.52 (CC = 0.81), but this drop in performance is
not significant at the p = .05 level. For all feasible numbers of participants (n < 60 in
Figure 7.16), BubbleView offers a better approximation to eye fixations than SALICON.
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Figure 7.15. When participants can move the mouse anywhere on the image without having to click,
the collected data contains motion traces as byproducts (a). Instead of only capturing the points of
interest in an image where an observer’s attention stops, the moving-window approach also captures
the transitions between these regions, which are less relevant and add noise to the data. Although these
trajectories can be post-processed into discrete regions of interest, our approach is to directly collect
participant mouse clicks on points of interest, with no further post-processing required (b).

Data was also available for 12 in-lab participants who used the SALICON methodology to view images in a controlled lab setting [103]. The in-lab SALICON maps, which
capture these mouse movements, achieve NSS = 2.61 (CC = 0.81) when compared to
fixation maps, the same score as our BubbleView maps (Table 7.2). From Figure 7.16
we can see that the performance of the in-lab SALICON is increasing at a greater rate
than either BubbleView or online SALICON. However, more in-lab SALICON participants would be needed to see whether this trend continues. In any case, it requires a
controlled lab setting, which we aim to avoid.
Take-aways: On a natural image dataset, BubbleView clicks better approximate
eye fixations than SALICON mouse movements for all feasible numbers of participants (n < 60). BubbleView performed better with clicks than BubbleView
with mouse movements.
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Figure 7.16. The NSS score obtained by comparing mouse clicks and mouse movements to ground
truth eye fixations on natural images in the OSIE dataset. We compare mouse clicks gathered using
BubbleView on MTurk (purple), mouse movements gathered using BubbleView on MTurk (green),
mouse movements gathered using SALICON on MTurk (blue), and mouse movements gathered using
SALICON in a controlled lab setting (black crosses). Each point represents the score obtained at a
given number of participants, averaged over 10 random splits of participants and all 51 images used.

 7.5 Addendum: free-viewing versus description
After publication of [114], we received questions about whether the description task
used with information visualizations was essential to the results we were seeing in Experiment 1 (Sec. 7.3.1) - specifically, that 90% of free-viewing fixations could already be
accounted for by the BubbleView clicks of 10 participants (who were required to provide
a description as they clicked around). In this addendum to the paper we address this
question:
Motivating question
• How does the task of free-viewing versus description affect the clicks of BubbleView participants?
Stimuli
We sampled 30 images from the set used in Exp. 1.3 (Sec. 7.3.1). Images were a maximum dimension of 600 pixels to a side and were blurred with a sigma of 40 pixels. We
used a bubble radius of 32 pixels.
Method
In a single HIT, participants were shown all 30 images, for 10 seconds each and 2 sec-
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Table 7.5. We evaluated BubbleView clicks at approximating ground-truth eye fixations on 30 images
from the MASSVIS dataset, using 2 tasks: description and free-viewing. BubbleView maps were computed with n = 12 participants in black, and including all n participants collected for each experiment
in gray. The score of the BubbleView maps predicting the ground-truth fixation maps is reported in
CC, and the score of the BubbleView maps predicting the discrete fixation locations is reported in NSS.
Normalized NSS is calculated by normalizing the NSS score by the inter-observer consistency (IOC) of
the eye tracking participants on the 30 images.

Visualizations (ground-truth IOC: 1.42)

CC

NSS

Normalized NSS

Description task

0.87

1.30

92% (n = 12)

Free-viewing task

0.72
0.75

1.07
1.13

75% (n = 12)
80% (n = 57)

onds between consecutive images, with the instructions to “click anywhere you want to
look”. The resulting clicks collected correspond to a free-viewing task. We collected an
average of 60 participants worth of BubbleView click data for each image.
Results
In the description task (from Sec. 7.3.1), participants made an average of 64 clicks per
image over a viewing interval of approximately 3 minutes/image. If we account for
the time to write descriptions, participants spent 15-30% of the total task time (of an
average of 3 minutes/image) clicking, or approximately 27-54 seconds. That is, 1-2.4
clicks/sec. In comparison, in the free-viewing task, participants made an average of 15
clicks per image over a 10 second viewing interval, or 1.5 clicks/sec. In the original
free-viewing task with an eyetracker, participants made an average of 40 fixations per
image in 10 seconds of viewing, or 4 fixations/sec, attending to 2-3 times more locations
than with clicking.
From Table 7.5 we see that for the same number of participants, the click data
obtained under a description task is significantly more similar to eye fixations (under
free-viewing) than the click data obtained under a free-viewing task. With 12 participants, the click maps obtained from the free-viewing task achieve an NSS score of 1.07,
extrapolated to increase to 1.19 (95% C.I. [1.18, 1.19]) in the limit (Fig. 7.17), compared
to an NSS of 1.30 already achievable with 12 participants performing a description task
(and a limiting NSS score of 1.37, 95% C.I. [1.35, 1.38]). In other words, increasing the
number of participants can not compensate for the difference in the quality of clicks
generated between the two tasks. Given a description task, participants explore more of
the visualization than with the free-viewing task (where participants focused predominantly on titles and main text elements). Note that this result can be confounded with
the amount of time participants were given to freely explore each infographic (limited
to 10 seconds) in the free-viewing scenario. However, without a task, a longer task may
not necessarily keep online crowdworkers motivated.
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Figure 7.17. The NSS score obtained by comparing mouse clicks under free-viewing and description
tasks to ground truth eye fixations on a small set of visualizations in the MASSVIS dataset. Each
point represents the score obtained at a given number of participants, averaged over 10 random splits
of participants and all 30 images used.

Take-aways: A description task is recommended over a free-viewing task for
BubbleView clicks to better approximate (free-viewing) eye fixations collected
using an eye tracker.

 7.6 Summary of experimental results
Similarity of BubbleView clicks to eye fixations: We showed that across 3 different image types (information visualizations, natural images, and static webpages)
and 2 types of tasks (free-viewing and description), BubbleView clicks provide a reasonable approximation to eye fixations collected in a controlled lab setting. Specifically,
across all these image types BubbleView clicks accounted for over 75% of eye fixations
when only 10–15 BubbleView participants were used (Tables II-IV). Of all settings,
BubbleView clicks provided the best approximation to eye fixations on information visualizations with a description task, accounting for up to 90% of eye fixations with only
10 participants, and 92% with 20 participants (Table II). On both natural images and
websites, BubbleView clicks could account for up to 78% of eye fixations with 10–12
participants (Tables III, IV). The fixations of eye tracking participants were much more
consistent on the natural images than on the websites, so the viewing behavior on natural images should be easier to predict. Despite the remaining gap between BubbleView
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Figure 7.18. Taking a horizontal cross-section of the average BubbleView click map and the average
fixation map across 51 images on 3 datasets, we see the fixation map has a consistent center bias. This
replicates the analysis used by Tatler [206] to report on human fixation bias in natural images. This
bias emerges as a peak near the center of an image, which corresponds to the midway point along the
x-axis in each of these plots. The BubbleView click map does not have this bias, which accounts for
some of the systematic differences observed between the click and fixation maps. At the same time,
the bubble clicks tend to capture the same general characteristics as fixations, for instance of increased
attention in the leftmost parts of visualizations and webpages, corresponding to the titles and headers.

clicks and eye fixations for natural images and webpages, the fact that already 10–15
BubbleView participants achieves a reasonable approximation to fixations is promising
for perception studies that might otherwise require specialized eye-tracking hardware.
Remaining differences between BubbleView clicks and eye fixations: Part
of the remaining gap between BubbleView clicks and eye fixations is that BubbleView
does not capture the unconscious movements of the eyes due to bottom-up, pop-out
effects, or systematic biases. One such systematic bias commonly referred to in the
eye tracking literature is center bias [18, 32, 206], whereby a relatively high number of
fixations occur near the center of the image. One explanation for such bias is that it
is part of an optimal viewing strategy that is involved in planning successive fixations.
By averaging fixation maps across dataset images, we can see a peak near the spatial
center of the image emerge across the eye fixations, but not the BubbleView clicks
(Figure 7.18). Because BubbleView naturally slows down the exploration task by making participants consciously decide where to click next, it captures higher-level viewing
behaviors not as affected by systematic biases. We recommend using BubbleView with
a well-defined task, like describing the content of the visual input, to measure which
regions of that visual input are most important or relevant for the task.
A recent paper by Tavakoli et al. [209] analyzes some of the semantic differences between eye fixations and mouse movements on the OSIE dataset, by taking into account
annotated image regions. They find that there tends to be more disagreement between
eye fixations and mouse movements in background regions of the image.
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Effect of BubbleView parameters: The BubbleView click maps were quite
robust across different parameter settings. We did not find significant effects of bubble
radius on the resulting BubbleView clicks (Exp. 1,3,5). Across all our experiments (Exp.
1–5), we found that a blur kernel sigma in the range of 30–50 pixels was appropriate for
all of our image types, where we manually selected a sigma value for each image dataset
to ensure that text was unintelligible when blurred and would require explicit clicking
on to read. In other words, to mimic peripheral vision, the blur level was chosen to
eliminate legible details beyond the focal region. However, a blur sigma with a 70-pixel
radius was too high, and seemed to hinder exploration of the image by eliminating too
much context, as similarity of BubbleView clicks to eye fixations significantly dropped
for this blur level compared to a blur of 30–50 pixels (Exp. 5).
We found that a bubble radius in the range of 30 to 50 pixels seems to consistently
work best for different image types and image sizes that comfortably fit within the
browser window (ranging from 500 × 500 to 1000 × 600 pixels). Here “best” refers to
the ability of BubbleView clicks to most closely approximate fixations on images with
the smallest number of participants. Smaller bubble sizes lengthened the duration and
effort for completing the task, for the same quantitative results. Our chosen bubble sizes
typically corresponded to 1–2 degrees of visual angle as measured in the corresponding
eye tracking experiments. A bubble size of 1–2 degrees of visual angle mimics the size
of the foveal region during natural viewing.
However, bubble radius is also intricately related to task timing and image complexity (Exp. 3). The more content there is on an image to look at, the more time
that is required; the smaller the bubble, the more clicks to explore all of the content. A
larger bubble radius can compensate for less available time, because each click exposes
more of the image. For best results, we recommend a smaller bubble radius but longer
task time. In our studies, the longest time for free-viewing tasks was 30 seconds (Exp.
3). For description tasks, participants spent an average of 1.5–3 minutes per image,
clicking and describing (Exp. 1,3).
The number of clicks participants made decreased with increasing bubble size, even
though the time for the task stayed the same. We observed this trend across all of
our experiments. On average, 1–1.5 clicks were made per second in the BubbleView
setup, compared to an average of 2–3 fixations per second in eye tracking studies. The
BubbleView setup (when implemented with clicks) slows down visual processing so
about half as many interest points are examined every second.
The best prediction performance overall occurs in the setting of a well-defined task,
such as describing the visual content of an image. However, tasks must be well-matched
to the images used. For instance, asking participants to describe an information visualization is well-defined because each of the visualizations we used had a main message
that was being communicated (Exp. 1). On the other hand, we did not use the description task for the graphic designs (Exp. 4), because it was harder to objectively define
what should be described.
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Number of participants, task, and data quality: For our tasks, we found
10–15 participants sufficient, accounting for over 97% of the performance achievable
with 40 participants (Exp. 1,2), where performance is measured by how many of the
eye fixations can be approximated by clicks. The more participants, the better the
data, as noisy clicks get averaged out. However, when there is a constraint on how
many participants can be recruited/afforded, a more involved task (like asking the
participant to provide a text description) can result in cleaner data (Exp. 3). Such a
task adds an energy barrier to clicking: to minimize effort, participants are more likely
to click on image regions informative for completing the task, rather than randomly.
Mouse clicks versus movements: We compared our methodology of collecting discrete mouse clicks to SALICON’s moving-window approach [103] in Exp. 5. We
found that for any number of participants less than 60, BubbleView is a better approximation to ground truth eye fixations (Figure 7.16). This is similar to the task,
data-quality trade-off discussed above. Clicks add an energy barrier to action: since
clicking takes more effort than moving the mouse, participants are more selective about
where they click. As a result, BubbleView provides cleaner data with fewer artifacts,
such as the byproducts of continuous mouse movements (Figure 7.15). Furthermore, the
moving-window methodology requires post-processing to differentiate mouse positions
corresponding to points of interest from transitions. Collecting clicks directly eliminates
such post-processing steps.
On the other hand, a byproduct of the higher effort of clicking on an image area
rather than moving a mouse over it, is that fewer image areas will be explored by
clicking. If the focus of the study is to select the most important regions in an image,
then clicks should suffice. In Table 7.6 we summarize the tradeoffs between the two
methodologies. We note additionally that we were able to approximate SALICON’s
multi-resolution adaptive blur with a single, fixed blur (Exp. 2,5) to achieve similar
performances at much lower computational cost.
Table 7.6. Comparison of BubbleView and SALICON [103]. SALICON consists of capturing continuous mouse movements on an image with adaptive multi-resolution blur. The blur is continuously
recomputed for every mouse location at 100 Hz. Continuous mouse tracks are discretized into points
of interest using experimenter-specified thresholds. In BubbleView, discrete mouse clicks are collected
on an image with a fixed blur. This is easier to implement and has fewer computational limitations.
No additional post-processing is required. The collected BubbleView data is less noisy and converges
faster, although clicking takes more time.

Property

BubbleView

SALICON

Speed of convergence to eye fixations
Number of participants required
Time per task
Post-processing
Computational cost

faster
fewer
higher
less
less

slower
more
lower
more
more
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BubbleView for image importance: The density of clicks in different image
regions roughly corresponds to the importance of those regions. Specifically, across a
collection of graphic designs, BubbleView clicks on different design elements correlated
with explicit importance judgements made on the same designs (Exp. 4). BubbleView
clicks ranked visualization elements similarly to eye fixations (Exp. 1). Thus, BubbleView can be used not only to derive conclusions about human perception (where
people look), but also to make general conclusions about images and designs: how is
importance distributed across an image? Which design elements are most important?
This knowledge can in turn can be leveraged for design applications (Chapter 10).
Data quality and filtering:
BubbleView participants were quite consistent
with each other in where they clicked, leading to a relatively fast convergence of the
aggregate BubbleView click maps to ground truth eye fixation maps. For most of
our experiments, we found about 10-15 participants provided enough click data to
reasonably approximate eye fixations.
After collecting the BubbleView data, we performed a number of filtering steps,
including throwing out participants who did not click a minimum number of times and
additional clicking outliers. This filtering of participants and bubbles lead to a data
reduction of only 2% on average, indicating that initial data quality was pretty high.
The description task has the additional benefit of providing another filtering layer:
if a participant-provided description is evaluated as poor, we can assume that they did
not do the task with sufficient thoroughness, or clicked in regions of the image that
were irrelevant for the task. This filtering step can either be performed manually by
the experimenter or implemented as a crowdsourcing task (e.g., by having Amazon
Mechanical Turk workers rate descriptions by quality).
Cost: The price to obtain a BubbleView click map per image depends on the
amount of time a participant spends on each image and the total number of participants
recruited. The average hourly rate for Amazon’s Mechanical Turk is $6/hour, so we
use $0.1/min for our tasks. It is common to make MTurk tasks bite-sized (e.g., a few
minutes to 10–15 min each) [116]. Using these guidelines, we provide an approximate
cost of obtaining a BubbleView click map per image using 10-15 participants. Table 7.7
contains a breakdown of costs that can be used as guidelines.
Methodology limitations: Compared to natural viewing or moving a mouse,
clicking takes more time and effort, resulting in longer task timings and higher costs.
Certain image regions which might not be as relevant to the task might never be clicked
on, even though they may have received a quick glance in an eye tracking or movingwindow setting. As a result, the image regions selected by clicks will tend to be more
selective than the regions selected in these other settings. As shown in this chapter,
the advantage of this selectivity is cleaner, more consistent results across participants.
This can be used for determining the most important regions in an image (Exp. 4).
But this comes at the potential disadvantage of certain image regions being missed, and
other regions, like text, receiving disproportionate clicks (Exp. 1,3). How to encourage
a more diverse sampling of image regions while maintaining all the other advantages of
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Table 7.7. Total computed costs per image for obtaining the BubbleView clicks of 10–15 participants
(both ends of the range included). These costs depend on how long, on average, participants spend
on each image, which in turn depends on the task used. In the free-viewing setting, we fixed the time
to either 10 or 30 seconds per image. In the description task, time is unconstrained, and participants
move on to the next image after submitting their description for the previous image. During piloting,
we estimated time per image for clicking and describing to take about 1.5 minutes. In reality, it took
on average 3.2 minutes per image. The description task is more expensive but provides higher-quality
click data and an additional data source: the descriptions themselves. These descriptions also serve as
quality-control: the clicks of participants who generated poor-quality descriptions can be discarded.

Task
Free-viewing
Free-viewing
Description

Time/image Images/HIT Cost/HIT
10 sec
30 sec
180 sec

17
17
3

$0.30
$0.90
$0.50

Participants

Cost/image

10–15
10–15
10–15

$0.18–$0.26
$0.53–$0.79
$3.34–$5.00

BubbleView is a question for future investigations.

 7.7 Future directions
In this chapter we presented BubbleView, a mouse-contingent methodology to approximate eye fixations using mouse clicks. We validated BubbleView by conducting a series
of experiments on different image stimuli and comparing clicks to eye fixations, importance maps, and mouse movements. We showed that BubbleView can reasonably
approximate fixations, be used to collect image importance driven by human perception,
and has a number of advantages compared to the moving-window approach, including
better performance with fewer participants.
We analyzed BubbleView in the context of 4 image types (information visualizations,
natural images, static webpages, and graphics designs), with 2 task types (free-viewing
and description), with different task timings, image blur and bubble sizes, and different
numbers of study participants. We provided the interested experimenter with some
guidelines on how to use BubbleView for different tasks, how to select parameters,
and which settings we found to work best under different conditions. Here we provide
additional ideas of how BubbleView can be used and built on top of.
Integrating BubbleView into crowdsourcing pipelines: Unlike eye tracking
experiments, BubbleView experiments can be feasibly ported online for the efficient
and scalable collection of data using crowdsourcing. Large amounts of data call for
data filtering and analysis methods that can scale as well. As shown in this chapter,
BubbleView clicks can be analyzed automatically. In cases where text input is also
collected from participants, filtering and analysis may require additional manual effort.
However, it is possible to consider crowdsourcing pipelines where the data collected
from the BubbleView tasks is piped directly into filtering tasks.
Following the idea of question-answering tasks, BubbleView can be incorporated into
multi-player crowdsourcing games (e.g., ESP Game [216]). For instance, one participant
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can generate questions, while the other participant answers using BubbleView clicks.
In this setting, the first participant queries and supervises the responses of the second
participant. In such a way both data collection and data cleaning can be built into the
game.
BubbleView data for training computational models: BubbleView can be
used to generate large datasets for training computational models. BubbleView click
maps on images can be used as importance maps for those images, and computational
models can learn from this data to make predictions for new images. This could open up
many interesting applications such as thumbnailing and retargeting designs or providing
automatic design feedback (Chapter 10).
Measuring information content: Clicking on an image region takes more effort
than mousing over, and in turn, glancing at it. There is likely a relationship between
the information content of an image region and the likelihood with which it is clicked,
moused over, and glanced at. Clicking imposes a kind of energy barrier on the image
content that will be explored by participants. Given a targeted task such as describing
an image, participants are motivated to click in as few regions as necessary to reduce
the overall effort and total task time. As a result, they tend to click in the most
informative regions. Increasing the bubble size lowers this energy barrier: participants
become less selective of where they’re clicking when they can expose more of the image
with each click. Changing the image blur also affects which image region will be clicked,
based on its information content. More deeply studying the relationship between visual
feature size, information content, image blur and bubble size is likely to provide some
interesting insights. In the present study, by virtue of the images we selected for our
experiments (e.g., to contain legible text) and the narrow range of image sizes we used,
results were pretty stable across blur and bubble settings.
Extending BubbleView to other tasks: The interested experimenter may also
choose to use BubbleView in settings and with parameters beyond the ones in this
chapter, which leaves many possibilities for future investigation. For instance, BubbleView can easily be extended to other visual attention tasks including visual search6 .
To implement a version of visual search using BubbleView, participants can be shown
a blurred image and asked to find something in the image (e.g., an object in a natural
scene, a specific piece of information in a graph, or an element in a graphic design).
Task time can be either fixed, contingent on when the participant chooses to continue
to the next image, or contingent on the participant’s clicks (i.e., moving to the next
image after the correct/expected location is clicked, or after a fixed number of clicks).
Another possible use for BubbleView is modifying the description task into a questionanswering task. Participants can be asked to answer a specific question about the image
by clicking around the blurred image to expose the content underneath. Each answer,
correct, incorrect, or subjective, can be analyzed together with the sequence of clicks
made (similar to Das et al. [45]).
6

Some examples of visual attention tasks with operational definitions and recommended evaluations
are included in Bylinskii et al. [32].
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While we originally designed BubbleView as a more efficient alternative to collecting
eye fixations on images, we have also shown in this chapter that it can be used to
measure the importance of different image regions. This idea can be pushed even
further in the future, using BubbleView to narrow in on image regions most useful for
answering specific questions, extracting particular insights, or completing specific visual
tasks. We showed that BubbleView generalizes to different types of images, including
natural scenes, visualizations, websites, and graphic designs. This can be expanded to
new image types, for instance for studying medical images, geographical maps, user
interfaces, slides and posters. For future explorations, we provide our tool and code for
launching experiments at massvis.mit.edu/bubbleview.
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Chapter 8

ZoomMap: using zoom to capture
user areas of interest on images

This chapter is based on unpublished work by: Bylinskii, Z., Tancik, M., Newman, A.,
Zhong, K., Madan, S., Oliva, A., Durand, F. “ZoomMap: Using Zoom to Capture User
Areas of Interest on Images”
N the last chapter we saw that by blurring images and having users click to deblur
small bubble regions at full resolution, eye fixations can be well approximated for
certain image types. BubbleView, the interface that was presented, is an implementation of the more general moving-window methodology, in which a limited amount of
information is visible through a variable size window continuously following a cursor
position [9, 101, 173] (see also Chapter 3.1).
In this chapter, we propose an extension to the moving-window methodology that
takes advantage of the viewing behavior on a mobile screen. The mobile screen provides
a naturally restricted window that is frequently used to explore multi-scale content with
the help of the zoom functionality. We present an approach to capture zoom behavior
using a mobile interface, a visualization of the spatial zoom patterns we call ZoomMaps
that can be overlaid on images, and applications that can be built with zoom data. As
an under-explored modality, we show that zoom can be used to measure the natural
scale of visual content, approximate image saliency, act as a debugging tool for designs,
and be harnessed for applications like personalized thumbnailing.

I

Figure 8.1. We built an image gallery website with tracking capabilities to capture how
people use the zoom functionality during image
viewing.
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Figure 8.2. (a) A poster that is zoomed in using the mobile interface at the region outlined in orange.
(b) The zoom level for an image region is computed as the quotient of the full image area divided by the
area of the image region that has been magnified. (c) A ZoomMap for an image visualizes the average
zoom of each pixel over an entire viewing period. (d) We show the zoom profiles of 3 pixels sampled
from this zoom map: plotted are the zoom levels of each pixel over time. (e) The final ZoomMap
overlaid on top of the original poster image.

 8.1 User interface for capturing zoom
To capture mobile zoom information, we built an image gallery website with tracking
capabilities. The goal was to use an interface familiar to mobile device users. The
gallery was based on the PhotoSwipe Javascript library1 , modified to capture and store
any changes to the visible region of the image along with a timestamp. The website
allows pinching to zoom into an image, and swiping to switch images (Fig. 8.1). When
the image is swiped, all the interaction data on the image is stored to a server. The
interaction data contains the coordinates of the zoomed-in portion of the image with
a timestamp for every event triggered by the user (i.e., the CSS rescales or repositions
the image on the screen).

 8.2 ZoomMaps: visualizing spatial zoom patterns
From our mobile interface, we have the X and Y coordinates of zoomed image regions
within the coordinate frame of the whole image, along with timestamps of when regions
1

https://github.com/dimsemenov/photoswipe
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were in focus. We can use this information to extract (1) image regions viewed the
longest, and (2) image regions viewed under different zoom levels.
To display spatial zoom patterns on images, we construct the following visualization:
for every pixel in the image, we compute its average zoom level over the entire viewing
interval. We define the zoom level for an image region as the quotient of the full image
area divided by the area of the image region that has been magnified (Fig. 8.2a). We
assign this zoom level to all the pixels contained in the image region. By aggregating
these zoom levels over time, we compute each pixel’s average zoom level. We can then
visualize this value per pixel to obtain our ZoomMaps (Fig. 8.2b). Higher values in the
ZoomMaps correspond to regions of the image that were inspected with closer zoom on
average.

 8.3 Experiments with natural images
 8.3.1 Procedure
Stimuli: We used images from the CAT2000 database [20], a dataset with ground
truth eye tracking data used for evaluating saliency models on the MIT Saliency Benchmark [31]. CAT2000 contains images from 20 image categories. We sampled 5 images
each from: Action, Art, Fractal, Outdoor Man Made, Outdoor Natural, Satellite, Social. These 7 categories were chosen to capture a diversity of image content and to be
viewable at different scales.
Participants: Recruitment was done through a departmental mailing list. We
obtained 14 participants (6 females), including computer science students and staff
(ages 19-29). Participants were paid $5 each.
Task: The task consisted of viewing a gallery of 35 images in landscape orientation
on a mobile screen. Images were randomly shuffled for each participant. Participants
were asked to spend 10 minutes to “explore each image carefully, using the pinch zoom
gestures of the phone”. They were also told that upon completion, they would be sent
a questionnaire to test their memory for image details. The main purpose of these
instructions was to encourage careful viewing and attention to the task. Participants
were then sent a brief post-viewing questionnaire to collect their demographic info,
feedback about the task, and ask them to (1) describe 5 images from memory, and (2)
describe how they used the zoom functionality to view the images. Answers to (1) are
not analyzed in this work. Answers to (2) are discussed below.

 8.3.2 Results
What do people zoom into? Participants self-reported on regions of images they
zoomed into during the study. We tallied the number of times different image elements
were mentioned in the responses (Fig. 8.3). Image elements that people zoom are also
reported to be frequently fixated in eye tracking studies [21, 33, 38]. As discussed in
Chapter 6.2 the regions attracting the most eye fixations (across the MIT300 dataset of
natural images) include people, text, and faces, and often contain unusual objects, the
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Figure 8.3.
(Right) Self-reporting of
participants about where they choose to
zoom in images. This histogram plots the
number of mentions of each of the elements
from 14 participant questionnaires. See
also Table 6.2 from Chapter 6.

main subject of the image, and animals. In the present study, we also had fractal, art,
and satellite images that fall into different categories than the natural images previously
analyzed. A third of our participants explicitly mentioned zooming the aerial images.
Most participants reported that they did not zoom fractal images.
To verify these claims, we computed the average zoom level over all images per
category. We found that people zoomed most in satellite (1.88) and art (1.85) images,
and least in fractal (1.29) and outdoor natural (1.32) images (average zoom levels in
parentheses). About 25% of participants did not even use the zoom functionality on
the fractal and outdoor natural images. We note that faces and people were distributed
across most of the image categories.
How well do ZoomMaps correlate with image saliency? Zoom provides a
coarse notion of attention, since an observer’s gaze can move around the mobile screen
without additional interactions, and only when a particular image region is both (i)
interesting to the observer and (ii) not fully visible at the current screen resolution,
will the zoom functionality be invoked. As a result, we can expect at most a couple
of zooming actions on the average photograph (contrary to more dense content such
as the posters in the next section). Individual participant ZoomMaps on the CAT2000
images were quite blocky, with 1-2 regions of zoom (if any). However, by averaging
the ZoomMaps across multiple participants (8-14 in our case), we obtain smoother
maps with clearer areas of interest (AOIs). These AOIs correspond to image regions
that are salient, as measured by eye movements (Fig. 8.4). The CAT2000 images are
available with ground truth fixation maps, obtained by aggregating and smoothing the
eye fixation locations of 24 observers.
We compared our average ZoomMaps (Z) to the fixation maps (F ) on 35 CAT2000
images by computing Pearson’s Correlation Coefficient, CC (see Chapter 5, Sec. 5.4.2
for the computation). We obtained an average CC score of 0.51 across the 35 images. To
put this into perspective, a center prior map (a central Gaussian) achieves a CC score of
0.46 when compared to the fixation maps, while the IO (inter-observer) model achieves
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Figure 8.4. Participants viewing images on a mobile screen zoom into a few areas of interest, leading
to coarse maps of attention. Averaging ZoomMaps across 14 participants yields smoother maps that
can be used to approximate image saliency (eye fixation maps). In both cases, people either look or
zoom into regions they want to explore further.

0.56 (chance is at 0). The IO model is computed by comparing the fixation map of
N − 1 observers to the fixation map of the remaining observer, and then averaging over
all observers. So while ZoomMaps can not fully account for saliency, they are highly
correlated with it, and can serve as a coarse approximation for some applications,
including image compression and transmission (see Discussion).

 8.4 Experiments with academic posters
 8.4.1 Procedure
Stimuli: We obtained 13 academic posters from our colleagues from the 2017 conference
on Computer Vision and Pattern Recognition. Because they were prepared for the same
conference, the posters were all in landscape orientation and had similar dimensions.
We resized them to approximately 3000 × 1500 pixels, while maintaining the original
aspect ratios.
Participants: We recruited 11 undergraduate and graduate students (3 females)
who had familiarity with computer vision, and paid them $25 each. Three participants
were excluded after the completion of the first part of the experiment for not following
instructions completely.
Task: Participants completed a task split across 2 days. In the first part, they
viewed 6 posters for 30 minutes total. They were told to carefully study each poster
because their memory for the posters would be tested. On the next day, participants
were asked the same 4 questions about all 6 posters (about contributions, results, applications, and key concepts). After answering all the questions for a poster, they were
asked to rate “how well do you remember this poster?” on a scale from 1 (not at all )
to 5 (quite clearly). Since we believe these numerical values reflect how participants
answered the previous questions, we use these values for evaluation (verbal answers
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are harder to quantify). Key to this part of the study is that prior to answering the
questions for each poster, participants were shown a thumbnail of the poster, roughly
10% of its original size, for 10 seconds. This size was too small to be able to read any
text, but was intended to remind the participants of a particular poster. For a total of 6
posters, they saw 2 static thumbnails, 2 GIFs computed from their own zoom patterns,
and 2 other GIFs (1 computed from another user’s zoom, and 1 random baseline). At
the end of the study participants were asked to indicate whether they preferred the
static thumbnails or GIFs for recalling poster content.

 8.4.2 Computing GIFs
Using the zoom data captured by our mobile interface, we obtain the image regions
viewed the longest by each participant. These windows could come from any part of
the poster, and may be at different zoom levels (Fig. 8.6, top). However, they all have
the same aspect ratio since they filled the mobile screen size. We take the 5 longestviewed image regions and concatenate them into a GIF of 6 frames (800 ms each),
where the first frame is of the whole poster. In 10 seconds, the GIF played twice. Note
that an alternative future design could zoom-out, pan, and zoom-in between frames to
provide more context.

 8.4.3 Results
Using zoom data for thumbnailing: During viewing, participants zoom a region
of an image to bring it into focus and study it more carefully. By snapshotting these
image regions, we can obtain a temporal sequence of “frames” that we can play back.
We used this idea to create small GIFs (not unlike YouTube video previews) of each
user’s viewing patterns for each poster. During the survey at the end of the study, 6/8
participants indicated they preferred seeing these GIFs rather than the static thumbnails for recalling poster content because: the GIFs “zoom into the image, enabling the
viewer to see words and figures up close”, “it was easier to see details”, “it was nice to
see the images closer” (participant comments). Two of the participants remarked that
it helped to see the views of the poster they had originally looked at.
We also considered participant ratings of how well each poster was remembered in 3
conditions: when shown static thumbnails, GIFs of their own zoom patterns, and GIFs
of other zoom patterns. Participants were shown 2 of each type, so we averaged their
ratings across both instances. Recall that participants were shown each thumbnail
at the beginning of the questionnaire, then had to rate how well they remembered
each poster at the end of the questionnaire (only after answering questions about the
poster). Participants better remembered posters for which they were shown one of
the GIF thumbnails over the static thumbnails in 7/8 of the cases (Fig. 8.5). In the
remaining case, posters were remembered equally well for both conditions. We did not
find evidence that participants better remembered posters for their own versus other
users GIFs, but this aspect requires further investigation.
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Figure 8.5. (Left) How well participants
self-reported they remembered the content
of posters after seeing a thumbnail that
was either static, or a GIF - of their own or
someone else’s viewing patterns, bringing
different image content to the forefront of
the thumbnail.

How consistent are viewing patterns on posters? We measured the consistency between participant zoom patterns by computing the inter-observer model for all
the poster images (comparing the ZoomMap of N − 1 participants to the ZoomMap of
the remaining participant). We obtained a lower CC score of 0.41 (compared to 0.63
among the CAT2000 images). Qualitatively examining the ZoomMaps of individuals,
there is a lot more variability than with photographs (Fig. 8.6). Where people choose to
focus in academic posters depends on their personal background knowledge and interests. General models of saliency for posters may be less appropriate, but personalized
applications (e.g., personalized thumbnails) may be promising.
What can zoom tell us about poster design? Academic posters contain a lot
of multi-scale information, and need to be zoomed to be viewed on a mobile device.
The average zoom level across all poster images2 and participants was 4.15 (compared
to 1.57 for the CAT2000 images). This means that image regions were viewed at over 4
times the resolution they originally appear at on the mobile screen. The largest average
zoom level for an individual poster was 5.11 and the smallest was 3.23 (Fig. 8.7). Given
that all posters were presented at the conference at the same size, the mobile viewing
data hints at the fact that the poster with the largest zoom level had a scaling issue:
information was presented too small for comfortable viewing. Our mobile interface can
be viewed as a debugging tool for designs, providing an evaluation of the appropriateness
of the physical scale at which information is visually presented.

 8.5 Future directions
The use of the zoom functionality during image viewing on mobile devices has been
under-explored as a tool to study user viewing behavior, attention, and interest. We
presented an initial investigation into how zoom can be recorded, visualized, and utilized
to make inferences about visual content (e.g., predict saliency on photographs and debug
the design of posters). Here we highlight the potential applications that can be built
2

For a more robust evaluation, we only include the 8 posters with at least 7 viewers each.

Figure 8.6. Top: the 5 longest-viewed image regions by an individual participant. Note that they
occur at different zoom levels. We would sequence these 5 regions into a personalized GIF. Bottom: a
sample of 3 individual ZoomMaps for the same poster, showing diversity in the regions people choose
to explore.

(a)

(b)

Figure 8.7. (a) Poster with higher than average zoom level. (b) Poster with lower than average zoom
level. In the top poster, images and text are smaller (compared to the bottom poster) and participants
had to zoom more to see the content better. As a debugging tool, viewing posters on a mobile screen
can help identify how people would view the poster when it is printed.
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on top of zoom data.
Image compression and transmission: We showed that participants zoom more
on specific content in photographs (e.g., people, faces, text) and on certain types of images (e.g., aerial) over others (e.g., natural outdoor scenes). This information can be
encoded into image applications, such as photo galleries, to preload in high resolution
only what will be predictably zoomed. Conversely, images can be compressed in a way
where detail is preserved in regions of the image that are more likely to be attended
to. Image compression and transmission have long been touted as potential applications of saliency. Zoom information can provide another, in some ways more direct,
measurement of the resolution requirements for different image regions.
Personalized thumbnails: Because mobile devices are so ubiquitous and used on
a daily basis, there are many opportunities for personalization. We demonstrated that
zoom data can be converted into personalized GIFs of viewing patterns, which may
help to record and effectively remind a user of information that was previously studied.
Extensions include snapshotting and thumbnailing articles, e-mails, and images in the
spots where users studied them most closely, as place-holders or memory hooks.
Automatic design feedback: The amount different observers zoom into different
portions of a graphic design (e.g., poster, website) can provide important insights about
the quality of the design. If all observers zoom into the design more than other designs
(of the same target physical size), perhaps the design content is inappropriately scaled
for the target application. If all observers are zooming into the same region of the
design, perhaps that region needs to be resized relative to the rest of the design. Since
zoom can be used to infer the natural scale of different regions of a design, this can be
built into an automatic redesign tool that aims to rebalance content to an appropriate
scale.

120

CHAPTER 8. ZOOMMAP: USING ZOOM TO CAPTURE USER AREAS OF INTEREST ON IMAGES

Part IV

Predicting Attention on
Visualizations and Graphic
Designs
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Chapter 9

Learning visual importance

This chapter is based on: Bylinskii, Z., Kim, N.W., O’Donovan, P., Alsheikh, S.,
Madan, S., Pfister, H., Durand, F., Russell, B., Hertzmann, A. “Learning Visual Importance for Graphic Designs and Data Visualizations”, ACM User Interface Software
and Technology Symposium (UIST 2017).
CRUCIAL goal of any graphic design or information visualization is to communicate the relative importance of different design elements, so that the viewer knows
where to focus attention and how to interpret the design. In other words, the design
should provide an effective management of attention [180]. Understanding how viewers
perceive a design could be useful for many stages of the design process; for instance,
to provide feedback [185]. Automatic understanding can help build tools to search,
retarget, and summarize information in designs and visualizations. Though saliency
prediction in natural images has recently become quite effective, there is little work in
importance prediction for either graphic designs or information visualizations.
We use importance as a generic term to describe the perceived relative weighting
of design elements. Image saliency, which has been studied extensively, is a form of

A

Figure 9.1. We present two neural network models
trained on crowdsourced importance. We trained
the graphic design model using a dataset of 1K
graphic designs with GDI annotations [154]. For
training the information visualization model, we collected mouse clicks using the BubbleView methodology [113] on 1.4K MASSVIS information visualizations [23]. Both networks successfully predict
ground truth importance and can be used for applications such as retargeting, thumbnailing, and interactive design tools. Warmer colors in our heatmaps
indicate higher importance.
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Figure 9.2. We show an interactive graphic design application using our model that lets users change
and visualize the importance values of elements. Users can move and resize elements, as well as change
color, font, and opacity, and see the updated realtime importance predictions. For instance, a user
changes the color of the text to the left of the runner to increase its importance (middle panel). The
rightmost panel includes a few additional changes to the size, font, and placement of the text elements
to modify their relative importance scores. A demo is available at visimportance.csail.mit.edu.

importance. However, whereas traditional notions of saliency refer to bottom-up, popout effects, our notion of importance can also depend on higher-level factors such as
the semantic categories of design elements (e.g., title text, axis text, data points).
Recently, deep learning methods, trained on large datasets, have produced a substantial jump in performance on standard saliency benchmarks (Chapter 6). However,
these methods have been developed exclusively for analyzing natural images, and are
not trained or tested on graphic designs. The work presented in this chapter is the first
to apply neural network importance predictors to both graphic designs and information
visualizations. We use a state-of-the-art deep learning architecture, and train models
on two types of crowdsourced importance data: graphic design importance (GDI) annotations [154] and a dataset of clicks we collected on information visualizations using
the BubbleView interface (Chapter 7).
Our importance models take input designs in bitmap form. The original vector data
is not required. As a result, the models are agnostic to the encoding format of the image
and can be applied to existing libraries of bitmap designs. Our models pick up on some
of the higher-level trends in ground truth human annotations. For instance, across a
diverse collection of visualizations and designs, our models learn to localize the titles
and correctly weight the relative importance of different design elements (Fig. 9.1).
In Chapter 10 we show how the predicted importance maps can be used as a common
building block for a number of different applications, including retargeting and thumbnailing. Our predictions become inputs to cropping and seam carving with almost no
additional post-processing. Despite the simplicity of the approach, our retargeting and
thumbnailing results are on par with, or outperform, related methods, as validated by
a set of user studies launched on Amazon’s Mechanical Turk (MTurk). Moreover, an
advantage of the fast test-time performance of neural networks makes it feasible for our
predictions to be integrated into interactive design tools (Fig. 9.2). With another set of
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Figure 9.3. Left: Comparison of eye movements collected in a controlled lab setting [24], and clicks
that we crowdsourced using the BubbleView interface [112, 113]. Right: Comparison of importance
annotations from the GDI dataset, and clicks that we crowdsourced using the BubbleView interface.
These examples were chosen to demonstrate some of the similarities and differences between the modalities. For instance, compared to eye fixations, clicks are sometimes more concentrated around text.
Compared to the GDI annotations, clicks do not assign uniform importance to whole design elements.
Despite these differences, BubbleView data leads to similar importance rankings of visual elements
(Evaluation).

user studies, we validate that our model generalizes to fine-grained design variations and
correctly predicts how importance is affected by changes in element size and location
on a design.
Contributions: We present two neural network models for predicting importance:
in graphic designs and information visualizations. This is the first time importance
prediction is introduced for information visualizations. For this purpose, we collected
a dataset of BubbleView clicks on 1,411 information visualizations. We also show
that BubbleView clicks are related to explicit importance annotations [154] on graphic
designs. We collected importance annotations for 264 graphic designs with fine-grained
variations in the spatial arrangement and sizes of design elements. We demonstrate how
our importance predictions can be used for retargeting and thumbnailing, and include
user studies to validate result quality. Finally, we provide a working interactive demo.

 9.1 Data Collection
To train our models we collected BubbleView data [112, 113] for information visualizations, and used the Graphic Design Importance (GDI) dataset by O’Donovan et al. [154]
for graphic designs. We compared different measurements of importance: BubbleView
clicks to eye movements on information visualizations, and BubbleView clicks to GDI
annotations on graphic designs.
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 9.1.1 Ground truth importance for information visualizations
Large datasets are one of the prerequisites to train neural network models. Unfortunately, collecting human eye movements for even hundreds of images is extremely
expensive and time-consuming. Instead, we use the BubbleView interface introduced
in Chapter 7 to collect clicks on images as a proxy to eye fixations. Unlike eye tracking,
which requires expensive equipment and a controlled lab study, BubbleView can be
used to to collect large datasets with online crowdsourcing.
Concurrent work in the computer vision community has applied a similar methodology to natural images. SALICON [103] is a crowdsourced dataset of mouse movements on natural images that has been shown to approximate free-viewing eye fixations.
Current state-of-the-art models on saliency benchmarks have all been trained on the
SALICON data [41, 93, 129, 157, 231]. BubbleView was concurrently developed [112] to
approximate eye fixations on information visualizations with a description task. Some
advantages of BubbleView over SALICON are discussed in Chapter 7 (Sec. 7.4.2).
Using Amazon’s Mechanical Turk (MTurk), we collected BubbleView data on a
set of 1,411 information visualizations from the MASSVIS dataset [23], spanning a diverse collection of sources (news media, government publications, etc.) and encoding
types (bar graphs, treemaps, node-link diagrams, etc.). We manually filtered out visualizations containing illegible and non-English text, as well as scientific and technical
visualizations containing too little context. Images were scaled to have a maximum
dimension of 600 pixels to a side while maintaining their aspect-ratios to fit inside the
MTurk task window. We blurred the visualizations using a Gaussian filter with a radius of 40 pixels and used a bubble size with a radius of 32 pixels as in [113]. MTurk
participants were additionally required to provide descriptions for the visualizations
to ensure that they meaningfully explored each image. Each visualization was shown
to an average of 15 participants. We aggregated the clicks of all participants on each
visualization and blurred the click locations with a Gaussian filter with a radius of 32
pixels, to match the format of the eye movement data.
We used the MASSVIS eye movement data for testing our importance predictions.
Fixation maps were created by aggregating eye fixation locations of an average of 16
participants viewing each visualization for 10 seconds. Fixation locations were Gaussian filtered with a blur radius of 32 pixels. Fig. 9.3a includes a comparison of the
BubbleView click maps to eye fixation maps from the MASSVIS dataset.

 9.1.2 Ground truth importance for graphic designs
We used the Graphic Design Importance (GDI) dataset [154] which comes with importance annotations for 1,078 graphic designs from Flickr. Thirty-five MTurk participants
were asked to label important regions in a design using binary masks, and their annotations were averaged. Participants were not given any instruction as to the meaning
of “importance.” To determine how BubbleView clicks relate to explicit importance
annotations, we ran the BubbleView study on these graphic designs and collected data
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from an average of 15 participants per design. Fig. 9.3b shows comparisons between
the GDI annotations and BubbleView click maps. In both data similar elements and
regions of designs emerge as important.
Each representation has potential advantages. The GDI annotations assign a more
uniform importance score to whole elements. This can serve as a soft segmentation to
facilitate design applications like retargeting. BubbleView maps may be more appropriate for directly modeling human attention.

 9.2 Models for predicting importance
Given a graphic design or information visualization, our task is to predict the importance of the content at each pixel location. We assume the input design/visualization
is a bitmap image. The output importance prediction at each pixel i is Pi ∈ [0, 1],
where larger values indicate higher importance. We approach this problem using deep
learning, which has led to many recent breakthroughs on a variety of image processing
tasks in the computer vision community [124, 175], including the closely related task of
saliency modeling.
Similar to some top-performing saliency models for natural images [93, 125], our
architecture is based on fully convolutional networks (FCNs) [141]. FCNs are specified
by a directed acyclic graph of linear (e.g., convolution) and nonlinear (e.g., max pool,
ReLU) operations over the pixel grid, and a set of parameters for the operations. The
network parameters are optimized over a loss function given a labeled training dataset.
We refer the reader to Long et al. [141] for more details.
We predict real-valued importance using a different training loss function from the
original FCN work, which predicted discrete object classes. Given ground truth importances at each pixel i, Qi ∈ [0, 1], we optimize the sigmoid cross entropy loss for FCN
model parameters Θ over all pixels i = 1, . . . , N :
L(Θ) = −

N
1 X
(Qi log Pi + (1 − Qi ) log(1 − Pi ))
N

(9.1)

i=1

where Pi = σ (fi (Θ)) is the output prediction of the FCN fi (Θ) composed with the
sigmoid function σ(x) = (1 + exp(−x))−1 . Note that the same loss is used for binary
classification, where Qi ∈ {0, 1}. Here, we extend it to real-valued Qi ∈ [0, 1]. We
use a different loss than other saliency models based on neural networks that optimize
Euclidean [125, 157], weighted Euclidean [41], or binary classification losses [129, 231].
Our loss is better suited to [0, 1] values, and is equivalent to optimizing the KL loss
commonly used for saliency evaluation.
We trained separate networks for information visualizations and for graphic designs.
For the information visualizations, we split the 1.4K MASSVIS images for which we
collected BubbleView click data into 1,209 training images and 202 test images. For the
test set we chose MASSVIS images for which eye movements are available [24]. For the
graphic designs, we split the 1,078 GDI images into 862 training images and 216 test

128

CHAPTER 9. LEARNING VISUAL IMPORTANCE

Figure 9.4. We increase the precision of our FCN32s predictions by combining output from the final
layer of the network with outputs from lower levels. The resulting predictions, FCN-16s and FCN8s, capture finer details. We found FCN-16s sufficient for our model for graphic designs, as FCN-8s
did not add a performance boost. For our model
for information visualizations, we found no performance gains beyond FCN-32s.

images (80-20% split). We used the GDI annotations [154] for training. We found that
training on the GDI annotations rather than the BubbleView clicks on graphic designs
facilitated the design applications better, since the GDI annotations were better aligned
to element boundaries.
Model details: We converted an Oxford VGG-16 convolutional neural network [198]
to an FCN-32s model via network surgery using the implementation in Caffe [102]. The
model’s predictions are 1/32 of the input image resolution, due to successive pooling
layers. To increase the resolution of the predictions and capture fine details, we followed
the procedure in Long et al. [141] to add skip connections from earlier layers to form
FCN-16s and FCN-8s models, that are respectively, 1/16 and 1/8 of the input image
resolution. We found that the FCN-16s (with a single skip connection from pool4 ) improved the graphic design importance maps relative to the FCN-32s model (Fig. 9.4),
but that adding an additional skip connection from pool3 (FCN-8s) performed similarly. We found that skip connections lead to no gains for the information visualization
importance. For our experiments we used the trained FCN-16s for graphic designs and
the FCN-32s for information visualizations.
Since we have limited training data we initialized the network parameters with the
pre-trained FCN32s model for semantic segmentation in natural images [141], and finetuned it for our task. The convolutional layers at the end of the network and the skip
connections were randomly initialized.
We opted for a smaller architecture with fewer parameters than some other neural
network saliency models for natural images. This makes our model more effective for
our datasets, which are currently an order-of-magnitude smaller than the natural image
saliency datasets.
Training details: The FCN-32s network was initialized with a base learning rate
(lr ) of 1e − 05, scaled by a factor of 0.1 every 20K iterations. A stochastic gradient
descent [25] solver with a momentum of 0.9 and weight decay of 0.0005 was used, and
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Model

CC score ↑

KL score ↓

Chance
Judd [106]
DeepGaze [129]
Our model

0.00
0.11
0.57
0.69

0.75
0.49
3.48
0.33

Table 9.1.
How well can our importance model predict the BubbleView click
maps? We add comparisons to two other
top-performing saliency models and a chance
baseline. Scores are averaged over 202 test information visualizations. A higher CC score
and lower KL score are better.

run for 100K iterations. The FCN-16s network was initialized with the weights of the
FCN-32s network and a base lr of 1e − 11 (equivalent to the learning rate used on the
last iterations of training the FCN-32s network, and scaled by 0.001). The rest of the
training parameters were the same. The FCN-8s network was similarly initialized with
the weights of the FCN-16s network and a base lr of 1e − 17. Our learning rate schedule
was similar to the one used for semantic segmentation [141].

 9.3 Evaluation of model predictions
We compare the performance of our two importance models to ground truth importance
on each dataset. For information visualizations, we compare predicted importance maps
to bubble clicks gathered using BubbleView, and to eye fixations from the MASSVIS
dataset. For graphic designs, we compare predicted importance maps to GDI annotations. For evaluation, we use the Kullback-Leibler divergence (KL) and Pearson’s
Correlation Coefficient (CC) metrics (see Chapter 5). For further intuition about how
KL and CC metrics score similarity, we provide scores above each image in Fig. 9.5,
showing high- and low-scoring predictions.

 9.3.1 Prediction performance on information visualizations
We include predictions from our importance model in Fig. 9.5. Notice how we correctly
predict important regions in the ground truth corresponding to titles, captions, and
legends. We quantitatively evaluate our approach on our collected dataset of BubbleView clicks. We report CC and KL scores averaged over our dataset of 202 test images
in Table 9.1.
We compare against the following baselines: chance, Judd saliency [106], and DeepGaze [129], a top neural network saliency model trained on the SALICON dataset [103]
of mouse movements on natural images. The chance baseline, used in saliency benchmarks [36, 107], is computed by uniformly sampling a real value between 0 and 1 at each
image pixel. Our approach out-performs all baselines. KL is highly sensitive to false
negatives and drastically penalizes sparser models (Chapter 5.5), explaining the high
KL values for DeepGaze in Table 9.1. Post-processing or directly optimizing models for
specific metrics can yield more favorable performances [131]. Because of the sensitivity
of KL to output regularization, we advise against using it (solely) to compare models.
How well does our neural network model, trained on clicks, predict eye fixations?
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Model

CC score ↑

KL score ↓

Chance
Judd [106]
DeepGaze [129]
Our model
Bubble clicks

0.00
0.19
0.53
0.54
0.79

1.08
0.74
3.10
0.63
0.28

Table 9.2. How well can human eye fixations be predicted? We measured the similarity between human
fixation maps and various predictors. Scores are averaged over 202 test information visualizations. A
good model achieves a high CC score and low KL score. Our neural network model was trained on
BubbleView click data, so that is the modality it can predict best. Nevertheless, its predictions are also
representative of eye fixation data. As an upper bound on this prediction performance, we consider how
well the BubbleView click data predicts eye fixations, and as a lower bound, how well chance predicts
eye fixations.

We find that the predicted importance is representative of eye fixation patterns as well
(Table 9.2), although the difference in scores indicates that our model might be learning
from patterns in the click data that are different from fixations.
Which elements are most important? For our analysis, we used the element
segmentations available for the visualizations in the MASSVIS dataset [24]. We overlapped these segmentations with normalized maps of eye fixations, clicks, and predicted
importance. We computed the max score of the map within each element to get an
importance ranking across elements (we extended the analysis in Chapter 7, Sec. 7.3.1
to include the predicted importance maps; see also Fig. 7.7).
Text elements, such as titles and captions, were the most looked at, and clicked
on, elements, and were also predicted most important by our model (Fig. 9.6). Even
though our model was trained on BubbleView clicks, the predicted importance remains
representative of eye fixation patterns. With regards to differences, our model overpredicts the importance of titles. Our model learns to localize visualization titles very
well (Fig. 9.5). This matches findings on human perception (Chapter 4), as among the
text and other content in a visualization, titles tend to be best remembered by human
observers [24].

 9.3.2 Prediction performance on graphic designs
The closest approach to ours is the work of O’Donovan et al. [154] who computed an
importance model for the GDI dataset. We re-ran their baseline models on the train-test
split used for our model (Table 9.3). To replicate their evaluation, we report root-meansquare error (RMSE) and the R2 coefficient, where R2 = 1 indicates a perfect predictor,
and R2 = 0 is the baseline of predicting the mean importance value. Defining Q as the
ground truth importance map and P as the predicted importance map, we iterate over
all pixels i to compute:

Figure 9.5. Importance predictions for information visualizations, compared to ground truth BubbleView clicks and sorted by performance. Our
model is good at localizing visualization titles (the
element clicked on, and gazed at, most by human
participants) as well as picking up the extreme
points on graphs (e.g., top and bottom entries). We
include a failure case where our model overestimates
the importance of the visual map regions.

Figure 9.6. Relative importance scores of different elements in an information visualization assigned by
eye fixation maps, BubbleView click maps, and model predictions. Scores were computed by overlapping
element segmentations with normalized importance maps, and taking the max of the map within each
element as its score. The elements that received the most clicks also tended to be highly fixated during
viewing (Spearman’s rs = .96, p < .001). Text (titles, labels, paragraphs) received a lot of attention.
Our neural network model correctly predicted the relative importance of these regions relative to eye
movements (rs = .96, p < .001).
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N

(9.2)

i=1

P
(Qi − Pi )2
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where Q =
Qi
N

(9.3)

i=1

The full O’Donovan model (OD-Full ) requires manual annotations of text, face,
and person regions, and would not be practical in an automatic setting. For a fair
comparison, we evaluate our automatic predicted importance model (Ours) against the
automatic portion of the O’Donovan model, which does not rely on human annotations
(OD-Automatic). We find that our model outperforms OD-Automatic. Our model is
also 100X faster, since it requires a single feed-forward pass through the network (∼0.1
s/image on a GPU). O’Donovan’s method requires separate computations of multiple
CPU-based saliency models and image features (∼10 s/image at the most efficient
setting).
In Table 9.3, we include the performance of Ours+OD, where we added our importance predictions as an additional feature during training of the O’Donovan model, and
re-estimated the optimal weights for combining all the features. Ours+OD improves
upon OD-Full indicating that our importance predictions are not fully explainable by
the existing features (e.g., text or natural image saliency). This full model is included
for demonstration purposes only, and is not practical for interactive applications.
We also annotated elements in each of the test graphic designs using bounding boxes,
and computed the maximum importance value in each bounding box as the element’s
score (Fig. 9.7). This is the same as the analysis in Chapter 7 (Sec. 7.4.1; see also
Fig. 7.12), but extended to predicted importance maps. We obtain an average Spearman
rank correlation of 0.56 between the predicted and ground truth scores assigned to the
graphic design elements.
Some examples of predictions are included in Fig. 9.8. Our predictions capture
important general trends, such as larger and more central text and visual elements
being more important. However, text regions are not always well segmented (predicted
importance is not uniform over a text element), and text written in unusual fonts is
not always detected. Such problems could be ameliorated through training on larger
datasets. Harder cases are directly comparing the importance of a visual and text,
which can depend on the semantics of the text itself (how informative it is) and the
quality of the visual (how unexpected, aesthetic, etc.).

 9.3.3 Prediction performance on fine-grained design variations
To check for feasibility of an interactive application we perform a more fine-grained
test. We want the importance rankings of elements to be adjusted accurately when
the user makes changes to their current design. For example, if the user makes a text
box larger, then its importance should not go down in the ranking. Our predicted

Model

RMSE ↓

R2 ↑

Saliency
OD-Automatic
Ours
Annotations
Ours+Annot
OD-Full
Ours+OD

.229
.212
.203
.195
.164
.155
.150

.462
.539
.576
.608
.725
.754
.769

Table 9.3. A comparison of our predicted importance model (Ours) with the model of O’Donovan
et al. [154]. Lower RM SE and higher R2 are better. Our model outperforms the fully automatic
O’Donovan variant (OD-Automatic). Another fully automatic model from [154] is Saliency, a learned
combination of 4 saliency models: Itti&Koch [97], Hou&Zhang [86], Judd et al. [106], and Goferman et
al. [64]. We also report the results of the semi-automatic OD-Full model, which includes manual annotations of text, face, and person regions. The performance of these features is also reported separately
as Annotations. When we combine our approach with OD-Full (Ours+OD), we can improve upon the
OD model. Note that the first 3 rows of this table correspond to fully automatic models, while the last
4 include manual annotations. The top-performing model is bolded in each case.

Figure 9.7. An example comparison between the predicted importance of design elements and the
ground truth GDI annotations. The heatmaps are overlapped with element bounding boxes and the
maximum score per box is used as the element’s importance score (between 0 and 1).
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Figure 9.8. Importance predictions for graphic designs, sorted by performance. Performance is measured as the Spearman rank correlation (R) between the importance scores assigned to design elements by ground truth (GDI annotations) and predicted importance maps. A score of 1 indicates
a perfect rank correlation; a negative score indicates the element rankings are reversed. The predicted importance maps distribute importance between text and visual features. We include a failure
case where the importance of the man in the design
is underestimated.

importance model has not been explicitly trained on systematic design variations, so
we test if it can generalize to such a setting.
We used the Design Improvement Results dataset [154] containing 11 designs with
an average of 35 variants. Across variants, the elements are preserved but the location
and scale of the elements varies. We repeated the MTurk importance labeling task
of O’Donovan et al. [154] on a subset of 264 design variants, recruiting an average of
19 participants to annotate the most important regions on each design. We averaged
all participant annotations per design to obtain ground truth importance heatmaps.
We segmented each design into elements and used the ground truth and predicted
importance heatmaps to assign importance scores to all the elements, calculating the
maximum heatmap value falling within each segment. The predicted and ground truth
importance scores assigned to these elements achieved an average Spearman’s correlation rs = .53. As Fig. 9.9 shows, even though we make some absolute errors, we
successfully account for the impact of design changes such as the location and size of
various elements. Crucially, our model was not trained on systematic design variations,
like changes in font, text size, or element location; nevertheless, it can correctly assign relative importance values to different design elements, as they are moved around
and resized. This provides evidence that our model can provide meaningful predictions
within an interactive tool setting (Chapter 10.4).

Sec. 9.4. Future directions

135

Figure 9.9. Sample input designs, and how the relative importance of the different design elements
changes as they are moved, resized, and otherwise modified. For instance, compared to in (a), the
event date stands out more and gains importance when it occurs at the bottom of the poster, in large
font, on a contrasting background (b). Similarly, when the most important text of the design in (c)
is moved to the upper righthand corner where it is not surrounded by other text, it gains prominence
(d). Our automatic model makes similar predictions of the relative importance of design elements as
ground truth human annotations.

 9.3.4 Limitations
Our neural network model is only as good as the training data we provide it. In the case
of information visualizations, there is a strong bias, both by the model and the ground
truth human data, to focus on the text regions. This behavior might not generalize
to other types of visualizations and tasks. Click data, gathered via the BubbleView
interface, is not uniform over elements, unlike explicit bounding box annotations (i.e.,
as in the GDI dataset [154]). While this might be a better approximation to natural
viewing, non-uniform importance across design elements might cause side-effects for
downstream applications like thumbnailing, by cutting off parts of elements or text.

 9.4 Future directions
This chapter presented the first neural network model for predicting saliency or importance in graphic designs and information visualizations, capable of generalizing to
a wide range of design formats. To train this model, we curated hundreds of examples
of graphic designs and information visualizations, annotated with importance. The
methodology and models can easily be adapted to other visual domains, such as websites [113] or mobile applications [47]. As better webcam-based eyetracking methods
become available (e.g., [123, 160, 224]) possibilities also open up for directly training our
model from eye movement data.
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Chapter 10

Design applications

N this chapter we demonstrate how the automatic importance models from the previous chapter can enable diverse design applications. An importance map can provide a common building block for different summarization tasks, including retargeting,
thumbnailing, and interactive design tools. The prototypes presented here are meant as
proofs-of-concept, showing that our importance prediction alone can give good results
with almost no additional post-processing.

I

 10.1 Retargeting
The retargeting task is to take a graphic design as input, and to produce a new version
of that design with specific dimensions. Retargeting is a common task for modern
designers, who must work with many different output dimensions. There is a substantial
amount of work on automatic retargeting for natural images, e.g., [6, 186]. Several of
these methods have shown that saliency or gaze provide good cues for retargeting, to
avoid cropping out image content that people are likely to pay most attention to, such
as faces in photographs.
The only previous work on retargeting graphic designs is by O’Donovan et al. [154].
They assumed knowledge of the underlying vector representation of the design and
used an expensive optimization with many different energy terms. The method we
propose uses bitmap data as input, and is much simpler, without requiring any manual
annotations of the input image.
Importance-based retargeting for graphic designs should preserve the most important regions of a design, such as the title and key visual elements. Given a graphic
design bitmap as input and specific dimensions, we use the predicted importance map
to automatically select a crop of the image with highest importance (Fig. 10.1). Alternative variants of retargeting (e.g., seam carving) are discussed in the Supplemental
Material of [35].
Evaluation: We ran MTurk experiments where 96 participants were presented
with a design and 6 retargeted variants, and were asked to score each variant using a
5-point Likert scale with 1 = very poor and 5 = very good (Fig. 10.2). Each participant
completed this task for 12 designs: 10 randomly selected from a collection of 216 designs,
and another 2 designs used for quality control. We used this task to compare crops
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Figure 10.1. (a) Input designs, (b) our predicted importance maps, and (c) automatic retargeting
results using the predicted importance maps to crop out design regions with highest overall importance.
This is compared to: (d) edge-based retargeting, where gradient magnitudes are used as the energy
map, and (e) Judd saliency, a commonly-used natural image saliency model.

retargeted using predicted importance to crops retargeted using ground truth GDI
annotations, Judd saliency [106], DeepGaze saliency [129], and an edge energy map.
We extracted a crop with an aspect ratio of 1:4 from a design using the highest-valued
region, as assigned by each of the saliency/importance maps. As a baseline, we selected
a random crop location.
After an analysis of variance showed a significant effect of retargeting method on
score, we performed Bonferroni paired t-tests on the scores of different methods. Across
all 216 designs, crops obtained using ground truth GDI annotations had the highest
score (Mean: 3.19), followed by DeepGaze (Mean: 2.95) and predicted importance
(Mean: 2.92). However, the difference between the latter pair of models was not statistically significant. Edge energy maps (Mean: 2.66) were worse, but not significantly;
while Judd saliency (Mean: 2.47) and the random crop baseline (Mean: 2.23) were
significantly worse in pairwise comparisons with all the other methods (p < .01 for all
pairs). Results of additional experimental variants are reported in the Supplemental
Material of [35].
Our predicted importance outperforms Judd saliency, a natural saliency model commonly used for comparison [137, 154]. Judd saliency has no notion of text. Predicted
importance, trained on less than 1K graphic design images, performs on par with
DeepGaze, the currently top-performing neural network-based saliency model [31] which
has been trained on 10K natural images, including images with text. Both significantly
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Figure 10.2. MTurk interface for evaluating retargeting results of predicted importance compared to
other baselines.

outperform the edge energy map, which is a common baseline for retargeting. These
results show the potential use case of predicted importance for a retargeting task, even
without any post-processing steps.

 10.2 Thumbnailing
Thumbnailing is similar to retargeting, but with a different goal. It aims to provide
a visual summary for an image to make it easier to find relevant images in a large
collection [104, 210]. Unlike previous methods, our approach operates directly on a
bitmap input, rather than requiring a specialized representation as input. For this
example our domain is information visualizations rather than graphic designs.
Given an information visualization and an automatically-computed importance map
as input, we generate a thumbnail by carving out the less important regions of the
image. The importance map is used as an energy function, whereby we iteratively
remove image regions with least energy first. Rows and columns of pixels are removed
until the desired proportions are achieved, in this case a square thumbnail. This is
similar to seam carving [6, 186], but using straight seams, found to work better in our
setting. The boundaries of the remaining elements are blurred using the importance
map as an alpha-mask with a fade to white. This was done for simplicity, but note
that a better design might be to take the highest frequency color as the background.
Qualitatively, the resulting thumbnails consist of titles and other main supporting text,
as well as data extremes (from the top and bottom of a table, for instance, or from the
left and right sides of a plot).
Evaluation: We designed a task intended to imitate a search through a database
of visualizations. MTurk participants were given a description and a grid of 60 thumbnails, and were instructed to find the visualization that best matches the description.
We ran two versions of the study: with the original visualizations resized to thumbnails
(Fig. 10.3a), and another with our automatically-computed importance-based thumbnails (Fig. 10.3b). We measured how many clicks it took for participants to find the
visualization corresponding to the description in each version.
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(b)

Figure 10.3. Given a set of information visualizations (a), we use our importance maps to automatically generate thumbnails (b). The thumbnails facilitate visual search through a database of
visualizations by summarizing the most important content.

A total of 400 participants were recruited for our study. After filtering, we compared
the performance of 200 participants who performed the study with resized visualizations
and 169 participants who saw the importance-based thumbnails.
Each MTurk assignment, containing a single search task assigned to a single participant, was treated as a repeated observation. We ran an unpaired two-sample t-test to
compare the task performance of both groups. On average, participants found the visualization corresponding to the description in fewer clicks using the importance-based
thumbnails (1.96 clicks) versus using the resized visualizations (3.25 clicks, t(367) =
5.10, p < .001). Our importance-based thumbnails facilitated speedier retrieval, indicating that the thumbnails captured visualization content relevant for retrieval.

 10.3 Color theme extraction
Note: this section was omitted from the UIST’17 paper and appears in this thesis only.
Initial user studies performed with this application were not conclusive.
A color theme is a collection of a small number of colors [137, 153]. Color themes
are often used by designers when defining the style of a design. Designers often work
from examples; here we propose a method to automatically extract a color theme from a
graphic design bitmap. Previous work has shown that, when people create color themes
from natural images, they tend to select colors from salient regions [100, 137].
We apply this idea to designs: our method obtains a color theme by sampling the
regions predicted most important in a design. In this way, the regions people would most
likely pay attention to in a design would contribute most to the color theme representing
the design. In Fig. 10.4, we compare a color palette obtained by k-means clustering
all image pixels (k = 5, most commonly) to one obtained by clustering image pixels
lying within the top 25% pixels with highest predicted importance. Fine structures in
a design, such as text, do not take up many pixels overall, but have high importance,
based on importance labels and clicking patterns. It is left to future work to combine
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Figure 10.4. Some examples where importance
can help retrieve more relevant colors for graphic
design color themes. We include a k-means baseline, where all image pixels are clustered to generate the colors, compared to natural image saliency
and importance-based color themes. For simplicity, for the latter two strategies we perform k-means
clustering on the top 25% of the saliency and importance maps, respectively. Importance picks up more
on the text in graphic designs, especially the most
important text, and ranks the colors accordingly.

importance with other features of a design, and optimize color theme extraction as in
the work of Lin and Hanrahan [137].

 10.4 Interactive applications
An attractive aspect of neural network models is their fast run-time performance. For
instance, on a Titan-X GPU, our model computes the importance map for a design
in the GDI dataset (600×450 pixels) in 100 ms. Table 10.1 provides some timing
information for our model on differently-sized images.
As a prototype, we integrated our importance prediction with a simple design layout
tool that allows users to move and resize elements, as well as change color, text font, and
opacity (Fig. 9.2). With each change in the design, an importance map is recomputed
automatically to provide immediate feedback to the user. The accompanying video and
demo (visimportance.csail.mit.edu) demonstrate the interactive capabilities of our
predictions. The experiments in Chapter 9 (Sec. 9.3.3) provide initial evidence that our
model can generalize to the kind of fine-grained design manipulations, like the resizing
and relocation of design elements, that would be common in an interactive setting.
Determining how best to use importance prediction to provide feedback to users is an
interesting problem for future work. For example, importance prediction could help in
formulating automatic suggestions for novice users to improve their designs.
Image size (pixels/side)

300

600

900

1200

1500

Avg. compute time (ms)

46

118

219

367

562

Table 10.1. Time (in milliseconds) taken by our model to compute an importance map for differentlysized images, averaged over 100 trials.

 10.5 Future directions
This chapter has shown that the same underlying representation of importance, as
pixel-wise importance scores, can be used for a variety of design applications, including
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retargeting, thumbnailing, extracting color themes, and providing feedback in interactive design settings. The applications in this chapter are simple prototypes, with
limited to no post-processing of the results, and can be improved significantly. Adding
an extra segmentation step or else working directly with vector data can allow designs
to be more seamlessly edited based on importance. Currently, the importance maps are
not guaranteed to be uniform over design elements, and the side-effects of this include
cut-off or distorted design regions during thumbnailing and retargeting.
Future work can also explore the use of importance predictions to offer more targeted
design feedback and to provide automated suggestions to a user. Our current use of
importance within a design tool is to offer feedback about where people are likely to
look. However, more active suggestions about where elements can be moved based
on importance scores can help optimize designs for effectiveness. In an application
where a designer is expected to provide minimal interaction, the designer can specify
the intended importance values for a set of design elements, and an automated system
can iterate on generating a design under these constraints. There is a wide range of
opportunities for integrating importance into design applications, from ones where the
designer is in-the-loop to completely automated design systems. The work presented
here on predicting importance can open up future doors for using A.I. in the service of
facilitating creativity.

Part V

Parsing Infographics
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Chapter 11

Visually29K: A curated dataset of
infographics

VAST amount of semantic and design knowledge is encoded in graphic designs,
which are created to effectively communicate messages about complex and often abstract topics including ‘ways to conserve the environment’ and ‘understanding
the financial crisis’. Graphic designs include clipart [232, 233], comics [98], advertisements [95, 218], diagrams [109, 193], and the infographics that are the focus of this
part of the thesis (Fig. 11.1a). Expanding the capabilities of computational algorithms
to understand graphic designs can therefore complement natural image understanding
by motivating a set of novel research questions with unique challenges. In particular,
current techniques trained for natural images do not generalize to the abstract visual
elements and diverse styles in graphic designs [95, 98, 218].
In Chapter 12, we tackle the challenge of identifying stand-alone visual elements,
which we call ‘icons’. To adapt to the stylistic, semantic, and scale variations of icons
in graphic designs, which differentiate them from objects in natural images, we propose
a synthetic data generation approach. We augment background patches in infographics
with a dataset of Internet-scraped icons which we use as training data for an icon
proposal mechanism (Fig. 11.1b). In Chapter 13, we use the detected icons along with
detected text on infographics for topic prediction and to generate automatic multimodal summaries: outputting the text tags and corresponding icons (visual hashtags)
that are most representative of an infographic’s topics (Fig. 11.1c).
To make these applications possible, in this chapter we present a curated dataset
of 29K infographics called Visually29K. The work in this part of the thesis along with
the dataset that we plan to release to the research community provides some first steps
towards the automated understanding of infographics.

A

 11.1 Curating the Visually29K dataset
To facilitate computer vision research on infographics, we assembled the Visually29K
dataset. We scraped 63K static infographic images from the Visual.ly website, a community platform for human-designed visual content. Each infographic is hand categorized,
tagged, and described by a designer, making it a rich source of annotated data. We cu145
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Figure 11.1. We make 3 contributions: a) We present Visually29K, a curated dataset of infographics
(this chapter); b) We generate synthetic data by augmenting Internet-scraped icons onto patches of
infographics to train an icon proposal mechanism (Chapter 12); c) We evaluate our automatic icon
proposals and present a multi-modal summarization application that takes an infographic and outputs
the text tags and visual hashtags that are most representative of the infographic’s topics (Chapter 13).

rated this dataset to obtain a representative subset of 28,973 images, ensuring sufficient
instances per tag (Table 11.1). The tags associated with images are free-form text, so
many of the original tags were either semantically redundant or had too few instances.
We cut the original heavy-tailed distribution of 19K tags down to 391 tags with at least
50 exemplars, and by merging redundant tags manually using WordNet [150]. Tags
range from concepts which have concrete visual depictions (e.g., car, cat, baby) to abstract concepts (e.g., search engine optimization, foreclosure, revenue). Metadata for
this dataset also includes labels for 26 categories (available for 90% of the infographics),
titles (99%) and descriptions (94%), available for future applications. Categories are
coarser-grained than tags, and include topics such as environment, technology, sports.
Each infographic is annotated with a single category but multiple tags.
The infographics in Visually29K are very large: up to 5000 pixels per side. Over a
third of the infographics are larger than 1000 × 1500 pixels. Aspect ratios vary between
5:1 and 1:5. Visual and textual elements occur at a variety of scales, and resizing the
images for visual tasks may not be appropriate, given that smaller design elements may
be lost.
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Dataset

# of
tags

63K
(full)

19469

29K
(curated)

391

Images
per tag
min=1
max=3784
mean=7.8
min=50
max=2331
mean=151

Tags per
Image
min=0
max=10
mean=3.7
min=1
max=9
mean=2.1

Aspect
ratios
min=1:20
max=22:1
min=1:5
max=5:1

Table 11.1. Visually dataset
statistics. We curated the original 63K infographics available
on Visual.ly to produce a representative dataset with consistent
tags and sufficient instances per
tag.

Figure 11.2. User interface for collecting human
ground truth to evaluate icon detection and classification. Participants were either asked to annotate
all icons on an infographic, or to only annotate icons
corresponding to a particular tag (e.g., fish).

 11.2 Human annotations of icons
For a subset of infographics from Visually29K, we designed two tasks to collect icon annotations to be used as ground-truth for evaluating computational models (Fig. 11.2).
In the first task, we asked participants to annotate all the icons on infographics. In the
second task, we asked participants to annotate only the icons corresponding to a particular tag, where the tag comes from the set of tags assigned to the entire infographic.
We used the annotations from the first task for evaluating icon proposals (Sec. 12.4),
and the second task for evaluating visual hashtags (Sec. 13.2).
Tag-independent icon annotations: For 1,400 infographics, we asked participants to “put boxes around any elements that look like icons or pictographs”. No further
definitions of “icon” were provided. This was a time-consuming task, requiring an average of 15 bounding boxes to be annotated per infographic. A total of 45 participants
were recruited, producing a total of 21,288 bounding boxes across all 1,400 infographics.
We split these annotated infographics into 400 for validation (training experiments in
Sec. 12.2) and 1,000 for testing (reporting final performance in Sec. 12.4).
Annotation consistency: Because the interpretation of “icon” may differ across
participants, we wanted to measure how consistently humans annotate icons on infographics. For each of 55 infographics, we recruited an additional 5 annotators. Annotations of these participants were compared to the original collected annotations (above).
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Figure 11.3. Human agreement in annotating
icons is not perfect because different people have
different interpretations of “icon”. Here we include
3 crops from annotated infographics. In the world
map crop we notice three strategies: (i) labeling the
entire map as an icon, (ii) labeling individual continents, (iii) labeling the circle graphics superimposed
on the map. The set of participant annotations used
for evaluation purposes are indicated in red. The
other colored boxes depict annotations from additional participants asked to complete the same task
for consistency analyses.

We use human consistency as an upper bound on computational models. The scores
were averaged across participants and images and are reported in Table 12.1. Human precision and recall are not perfect because different people might disagree about
whether a particular visual element (e.g., map, embedded graph, photograph) is an
icon. They may also disagree when annotating the boundaries of the icon (Fig. 11.3).
Tag-conditional icon annotations: As ground truth for icon classification, we
collected finer-grained annotations by giving participants the same task as before, but
asking them to mark bounding boxes around all icons that correspond to a specific text
tag (Fig. 11.2). We used 544 infographics along with their associated Visually29K text
tags, to produce a total of 1,110 separate annotation tasks (each task corresponding
to a single image-tag pair). From all these tasks, participants indicated that for 275
(25%) there were no icons on the infographic that corresponded to the text tag. For the
remaining 835 image-tag pairs, we collected a total of 7,761 bounding boxes from 45
undergraduate students, averaging 9 bounding boxes per image-tag pair. To compute
human consistency for this task as well, for 55 infographics (a total of 172 image-tag
pairs) we got an additional 5 annotators. This human upper bound is reported in
Table 13.1.

 11.3 Future directions
The Visually29K dataset provides a rich source of training data for future computer
vision problems. In the following chapters, we tackle text and icon detection, topic prediction, and summarization. Future applications can additionally make use of the titles,
captions, and view statistics that are provided along with the Visually infographics. For
instance, meta-data on the number of views and likes can be used to train a classifier
of popularity (e.g., [48, 110]) and to learn about the attributes of an infographic that
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make it effective (see also Chapter 4). Moreover, while the topic and category labels
we have in the dataset can tell us what an infographic is about, we can not directly use
this data to infer the intention of the infographic (e.g., whether it has been designed
to educate, to convince, to surprise, to dispel bias, to advertise a product, etc.). To be
able to make these kinds of higher-level predictions about infographics, we may need
to gather additional human annotations (in the style of Hussain et al. [95]).
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Chapter 12

Synthetically trained icon proposals
for parsing infographics

ISUAL elements in infographics have important roles to play in effectively communicating content to the viewer, in a memorable and attention-capturing way
(Chapter 4). Motivated by studies of human perception, we aim to design computational algorithms that can parse the visual elements inside infographics - for future
summarization, captioning, and information retrieval applications. In this chapter,
we tackle the challenge of identifying these stand-alone visual elements, which we call
‘icons’.
Instead of (class-specific) icon detection, we instead wish to locate all icon-like elements in an image - i.e., to generate icon proposals. To adapt to the stylistic, semantic,
and scale variations of icons in graphic designs (Fig. 12.1), which differentiate them
from objects in natural images, we propose a synthetic data generation approach. We
augment background patches in infographics with a dataset of Internet-scraped icons
which we use as training data for an icon proposal mechanism.
We use the term icon to refer to any visual element that has a well-defined closed
boundary in space and different appearance from the background (i.e., can be segmented
as a stand-alone element). This is inspired by how an object is defined by Alexe et
al. [2]. Our approach is more related to objectness than to object detection in that we

V

Figure 12.1. Examples of stylistic
and semantic variations in scraped
icons.
a) Visually similar icons
scraped for different but semantically
related tags medical, doctor, health,
hospital, medicine. b) Icons with varied styles scraped for the tag dog. c)
Icons with varied semantic representations for the tag accident.
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are after class-agnostic object proposals: regions in the image containing icons of any
class. While finding icons can be useful for graphic designs more generally, here we
train and test icon proposals on our own dataset of infographics.
Training an object detector often requires a large dataset of annotated instances,
which is a costly manual effort. We took a different approach, leveraging the fact
that infographics are digitally-born to generate synthetic training data: we augmented
existing infographics from the Visually29K dataset (Chapter 11) with Internet-scraped
icons. The advantage of this approach is that we can synthesize any amount of training
data by repeatedly sampling new windows from infographics and selecting appropriate
patches within the windows to paste new icons into.

 12.1 Synthetic dataset creation
The use of synthetically generated data to train large CNN models has been gaining
popularity, e.g., for learning optical flow [30], action recognition [46], overcoming scattering [190], and object tracking [60]. Simulated environments like video games have
been used to collect realistic scene images for semantic segmentation [182]. Our work
was inspired by a text recognition system which was trained on a synthetic dataset of
images augmented with text [75]. Related to our approach, Dwibedi et al. [51] insert
segmented objects into real images to learn to detect natural objects in the wild. We
leverage the fact that infographics are digitally-born, so augmenting them with more
Internet-scraped design elements is a natural step. Tsutsui and Crandall [213] synthesize compound figures by randomly arranging them on white backgrounds to learn to
re-detect them. However, the icons we aim to detect occur on top of complex backgrounds, so we need our synthetic data to capture the visual statistics of in-the-wild
infographics.
Collecting icons: Starting with the 391 tags in the Visually29K dataset, we
queried Google with the search terms ‘dog icon’, ‘health icon’, etc. for each tag.
The search returned a wide range of stylistically and semantically varied icon images
(Fig. 12.1). We scraped 250K icons with both transparent and non-transparent backgrounds. Only transparent-background icons were used to augment infographics and
train our final icon proposal mechanism, while all 250K icons were used for training an
icon classifier (Sec. 13.1). We also present results of training an icon proposal mechanism with icons without transparent backgrounds (Sec. 12.4).
Augmenting infographics: To create our synthetic data, we randomly sampled
600 × 600px windows from the Visually29K infographics. Each window was analyzed
for patches of low entropy: measuring the amount of texture in a patch to determine if
it is sufficiently empty for icon augmentation. Specifically, from a window, a random
patch (with varying location and size) was selected, and Canny edge detection was
applied to the patch. The resulting edge values were weighted by a Gaussian window
centered on the patch, to give more weight to edges in the center of the patch, and
summed to quantify the local entropy, with value ranging from 0 to 1. If the entropy
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value was below a predefined threshold, the patch was kept, otherwise it was discarded
and a new patch was sampled from the window (Fig. 12.2b). A randomly selected icon
from our scraped icon collection was augmented onto each valid patch in a window, for
a fixed number of patches per window (Fig. 12.2c). An additional constraint required
the icon to meet a set contrast threshold with the patch to ensure it would be visually
detectable, or else a new icon would be selected.
a)

b)

c)

Figure 12.2. Synthetic data generation pipeline. a) Icons with transparent backgrounds scraped
from Google. b) Patches selected for augmenting icons, using different approaches. The approach on
the left allows more overlap of icons with background elements. The approach on the right is more
conservative, selecting appropriate patches to add icons to. c) Infographic windows augmented with
the scraped icons.

 12.2 Effect of synthetic data parameters on model performance
We analyzed how different data augmentation strategies affect the icon proposals on a
set of 400 validation infographics containing ground truth annotations of 7,020 bounding
boxes. We performed a grid search on 4 augmentation parameters, varying them one
at a time: (a) number of icons augmented per window, (b) variation in the size of
augmented icons, (c) contrast threshold between the icon and the patch: calculated as
difference in color variance between the patch and the icon, and (d) entropy threshold
for a patch to be considered valid for augmentation.
We tried 5 settings for the number of icons augmented, from 1 to 16, doubling the
number of icons for each experiment. We found no statistically significant differences
in the mAP scores of the models trained with these settings. However, increasing
the number of icons augmented per patch increases the time required to generate the
synthetic data, since we need to find enough valid image patches to paste icons into.
We found that higher scale variation during training helps the model detect icons in
infographics, which often occur at different scales. By allowing icons to be augmented
at sizes ranging from 30 to 480 pixels per side, we achieved the highest mAP scores.
Other settings we tried included capping the maximum icon size at 30, 60, 120, and
240 pixels per side. Icons larger than 480 pixels per side were not practical with our
600 × 600px windows.
We found no significant effects of varying the contrast and entropy thresholds independently, while keeping the other augmentation parameters fixed. However, when
we disregard both thresholds and place icons entirely at random in the image windows,
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the performance of the trained model degrades significantly (Sec. 12.4). For generating
icon proposals on test images, we chose the model with the highest mAP score on the
400 validation images, with 4 icons per window and icon sizes varying from 30 to 240
pixels per side.

 12.3 Learning to propose icons
We can now use our synthetic data to learn to detect icons. We use the Faster R-CNN
network architecture [179], although it is worth noting our training procedure with
synthetic icon data can be applied with any architecture. Similar to Dwibedi et al. [51],
we are motivated by the fact that Faster R-CNN puts more emphasis on the local visual
appearance of an object rather than the global scene layout. As a result, the fact that
icons can occur at any location on an infographic is not a problem for the approach.
We adapted Faster R-CNN by making three changes: (i) to handle the large size of
infographic images, each image was fed as a cascade of crops, and the detections were
aggregated; (ii) we changed the last layer to classify only two categories: any type of
icon versus background; (iii) early termination was used during training because the
network was found to converge in significantly fewer epochs than the original paper.
This could be because detecting generic “iconic” regions depends more on low-level
information while category-specific details don’t need to be learned.
Multi-scale detection at test-time: Infographics in the Visually29K data-set
are large and contain features at different scales. At test-time, we sampled windows
from infographics at 3 different scales to be fed into the network. The first scale spans
the entire image. For the two subsequent scales, we sampled 4 and 9 windows, respectively, such that (i) windows at each scale jointly cover the entire image, and (ii)
neighboring windows overlap by 10%. Before being fed into the network, every window was rescaled to 600 × 600px. The predicted detections from each window were
thresholded. Detections across multiple scales were aggregated using non-maximal suppression (NMS) with a value of 0.3. Finally, NMS was applied again to combine smaller
detections (often parts of icons) to obtain the final predictions.
Training details: We used a total of 10K training instances (windows), where
each window was provided with bounding boxes corresponding to the synthetically
augmented icons. Faster R-CNN was trained for 30K iterations with a learning rate of
10−3 . Each iteration used a single augmented window to generate a mini-batch of 300
region proposals.

 12.4 Evaluation of icon proposals
To evaluate our icon proposals, we compare to human annotations of icons on 1,000
test infographics. We report performances using standard detection metrics: precision (Prec), recall (Rec), F-measure, and mAP. To compute precision and recall, we
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threshold IOU at 0.5 (as in the VOC challenge [55]). F-measure is defined as:
Fβ =

(1 + β 2 )P rec × Rec
β 2 P rec + Rec

We set β = 0.3 to weight precision more than recall (a common setting [22]).
Related methods: Existing state-of-the-art object detection systems typically rely
on object proposal mechanisms [63, 177, 179]. While general literature on detection is
aligned with our work, class-agnostic object proposal mechanisms like [2] and [165] are
more related. In [2], Alexe et al. present the idea of objectness: a metric to quantify
how likely it is for an image window to contain an object of any class as opposed to
background. In [165], authors present a method that generates segmentation masks as
class-agnostic object proposals. While related to objectness, our icon proposal mechanism directly proposes object proposals with scores, whereas objectness is a metric that
is used to score proposals.
We evaluated whether object proposal mechanisms trained on natural images could
generalize to the scale and style variations of icons in infographics. Finding that objectness [2] and [165] failed to detect the icons in our infographics (Table 12.1), we
also tried the state-of-the-art object detectors: YOLO9000 [177], SSD [140], and Faster
R-CNN [179]. To treat their outputs as object proposals (class-agnostic detections), we
report any detection above threshold for any object class that these detectors predict.
We also compared to class-agnostic object masks [164]. Default parameters were used
for Faster R-CNN and YOLO9000. SSD detections were thresholded at three values
(0.01, 0.1, 0.6), and we report results on the best setting (0.01). Re-training Faster
R-CNN with our synthetic data (our full model) significantly outperformed networks
trained on natural images (Table 12.1).
Evaluation of synthetic data design choices: To evaluate the contributions
of the main design choices in generating our synthetic data, we ran three additional
baselines: (a) augmenting icons in random locations on infographics (instead of finding
background patches with low entropy and high contrast with icons), (b) augmenting
icons without transparent backgrounds, so that when pasted on an infographic, the
augmented icons have clearly-visible boundaries, (c) augmenting icons onto white backgrounds, rather than infographic backgrounds. The last baseline is most similar to the
approach in Tsutsui and Crandall [213]. From Table 12.1 we see that all three baselines perform significantly worse than our full model, demonstrating the importance
of all three of our design choices: pasting icons with (i) transparent backgrounds onto
(ii) appropriate background patches of (iii) in-the-wild infographics. We note that the
worst performance among the baselines was when icon proposals were not trained with
appropriate backgrounds.

 12.5 Future directions
In this chapter, we have presented an icon proposal mechanism that, after being trained
on synthetic data with icons augmented onto patches of infographics, was able to gen-
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Training data
Synthetic with icons

Natural images

Model

Prec.

Rec.

F0.3

mAP

Full model (ours)
Random locations
Non transparent icons
Blank background

38.8
27.3
15.3
9.3

34.3
12.6
14.3
27.6

43.2
26.5
17.5
15.1

44.2
29.4
17.8
14.5

YOLO9000 [177]
Faster R-CNN [179]
SSD [140]
Objectness [2]
Sharpmask [164]

13.6
11.0
9.3
2.9
1.1

7.1
6.0
34.2
5.6
1.4

12.6
10.2
10.0
3.1
1.2

13.7
11.4
11.4
3.0
1.1

Human upper bound

63.1

64.7

61.8

66.3

Table 12.1. Model performance at localizing icons in infographics. The first 4 models were trained
with synthetic data containing icons. The next 5 models were trained to detect objects in natural
images. The human upper bound is a measure of human consistency on this task. All values are listed
as percentages.

eralize to spotting icons in new, in-the-wild infographics. All the evaluations carried
out in this chapter pertain to infographics, as we had collected human ground truth
annotations of icon locations on a subset of infographics from our Visually29K dataset
(Chapter 11). It remains up for evaluation whether this icon proposal mechanism generalizes to other multimodal documents, for instance for spotting figures in papers,
diagrams in textbooks, or pictures in slideshow presentations. This might require extra
training to adapt to the differences in style and format, as well as a collection of human
ground truth annotations to validate the results.
Our icon proposal mechanism was specifically trained separately from classification. This is the difference between proposals and detections, where the former are
class-agnostic and the latter are class-conditional. This makes our pipeline more easily
extendable, since different classifiers can be applied to the proposed icons to accomplish
different tasks - e.g., to differentiate abstract from photo-realistic icons or to annotate
the proposals using a fixed set of labels for a particular application. For instance, since
all the infographics in our Visually29K dataset cover a fixed set of 391 topics, we can
constrain our icon classifier to predict 1 of 391 classes for each of our icons. We use this
approach for generating multimodal summaries of infographics in the next chapter.

Chapter 13

Generating multimodal summaries
of infographics

ETECTING the textual and visual elements in multimodal documents like infographics can facilitate knowledge retrieval, captioning, and summarization applications. As a first step towards infographic understanding, we propose a multimodal
summarization application built upon automatically-detected visual and textual elements (Fig. 13.1). Just as video thumbnails facilitate the sharing, retrieval, and organization of complex media files, our multimodal summaries can be used for effectively
capturing a visual digest of complex infographics. Given an infographic as input, our
multimodal summary consists of textual and visual hashtags representative of an infographic’s topics. We define visual hashtags as icons that are most representative of a
particular text tag. We evaluate the quality of our multimodal summary by separately
testing each component of the pipeline against a set of human annotations.

D

 13.1 Approach
Predicting text tags: We used Google’s Cloud Vision optical character recognition [68] to detect and parse the text from infographics. On average, we extracted 236
words per infographic, of which 170 had word2vec representations [69, 149]. The 300dimensional mean word2vec of the bag of extracted words was used as the global feature
vector of the text for the infographic. This feature vector was fed into a single-hiddenlayer neural network for tag prediction. Since each infographic could have multiple tags,
we set this up as a multi-label problem with 391 tags.
Classifying icon proposals: We used the ResNet18 architecture [84] pre-trained
on ImageNet, and fine-tuned on icons scraped from Google along with their associated
tags (Sec. 12.1). Training was set up as a multi-class problem with 391 tag classes. In
addition to the icons with transparent backgrounds, icons with non-transparent backgrounds facilitated the generalization of icon classification to automatically-detected
icons.
Predicting visual hashtags: For an input infographic, we predict text tags and
generate icon proposals. All the proposals are then fed to the icon classifier to produce
a 391-dimensional feature vector of tag probabilities. Then, for each predicted text tag,
157
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Figure 13.1. Our computational pipeline for parsing an infographic and computing a multimodal
summary. a) The output of our fully-automatic annotation system, running text detection and OCR
using Google’s Cloud Vision API [68] (semi-transparent green boxes), and our icon detection and
classification (red outlines). We trained an icon proposal mechanism with synthetic data to make
this system possible. The underlying infographic has been faded to facilitate visualization. b) Our
multimodal summarization application uses the detected text and icons on an infographic to produce
the text tags and visual hashtags most representative of the infographic’s topics.

Figure 13.2. Visual hashtags for different concepts. We include 6 different tag classes, sorted by
mAP. For each tag class, depicted are the top 4 instances with highest classifier confidence for each tag,
constrained to come from different images. Also indicated is the total number (N) of icon proposals per
tag class.

we return the icon with the highest probability of belonging to that tag class. Fig. 13.2
contains examples of some visual hashtags: the most confident detections for different
tag classes. We demonstrate the automatic output of our system in Fig. 13.3: given an
infographic, we predict the text tag and corresponding visual hashtag.

Input infographics with detections
Ground truth tag
#happiness

#virus

#cell phone

#oil

#credit card

Legend:
Ground truth
visual hashtags
Predicted
iconness
Predicted
visual hashtags

Multi-modal summaries
Predicted tags

#happiness

#virus

#mobile phone

#economy

#australia

#wellness

#mobile

#cell phone

#oil

#credit card

a)

b)

c)

d)

e)

Predicted
visual hashtags

Additional
visual hashtags

Figure 13.3. Examples of our automated multimodal summarization pipeline, which given an infographic as input, predicts text tags and corresponding visual hashtags. In both (a) and (b), the
predicted text tags for the infographics are correct, and the predicted visual hashtags (solid blue boxes)
overlap with human annotations (red boxes). Because a single tag might not be sufficient to summarize
an infographic, we also provide an additional predicted text tag (second most likely) and corresponding
visual hashtag for (a) and (b). In (c)-(e) the text model predicts the wrong tag. In (c), the semantic
meaning of the predicted tag is preserved, so the visual hashtag is still correct. In (d) and (e), the
wrong visual hashtags are returned as a result of the text predictions. However, we show that if the
correct text tag would have been used (bottom, red), correct visual hashtags would have been returned.
In dashed blue are all our icon proposals for each infographic. The underlying infographics have been
faded to facilitate visualization.
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 13.2 Evaluation
Given an infographic, to evaluate the quality of our predicted text tags, we compared
them to the ground truth tags in the Visually29K dataset. To evaluate the ability of
our computational system to output a relevant visual hashtag for a given infographic
and tag, we compare against the human annotations for 544 Visually29K infographics
(Sec. 11.2). Similar to the task that our computational system receives, participants
were asked to annotate all icons corresponding to a particular text tag on an infographic.
Evaluation of text tag prediction: Each infographic in Visually29K comes with
1-9 tags (2 on average). We achieved 42.6% top-1 average precision and 24.6% top-1
average recall at predicting at least one of an infographic’s tags.
Evaluation of icon classification: Before evaluating visual hashtags on a perinfographic basis, we evaluate the ability of the icon classifier to retrieve relevant icons
across infographics. For each of 391 tags, we used the icon classifier’s confidence to
re-rank all the icon proposals extracted from 544 infographics. Fig. 13.2 contains the
highest confidence icon proposals for a few different tags. For each icon proposal, we
measure overlap with human annotations: if an icon proposal sufficiently overlaps with
a ground truth bounding box (IOU> 0.5), that proposal is considered successful. We
obtained a mAP of 25.1% by averaging the precision of all the retrieved icon proposals
(across all tags).
Evaluation of visual hashtags: Next we evaluate the ability of the classifier to
retrieve visual hashtags: icons representative of a particular tag, on a per-infographic
basis. For the following evaluation, we assume that the input is an infographic and a
text tag (or multiple tags, if they exist). In a fully automatic setting, the text tags
would be predicted by the text model. Fig. 13.3 contains sample results from the
fully automatic pipeline. Here we evaluate the quality of our proposed visual hashtags
independently of the text model’s performance.
For the 835 image-tag pairs with human annotations, we computed the IOU of each
of our predicted hashtags with ground truth. We evaluated precision as the percent of
predicted visual hashtags that have an IOU > 0.5 with at least one of the ground truth
annotations. Human participants may annotate multiple icons for an image-tag pair
(Fig. 13.3, red boxes). Our application is intended to return a single visual hashtag
for a given image-tag pair (Fig. 13.3, solid blue boxes), so we report top-1 precision
(Table 13.1). However, we also include the mAP score by considering all our proposals
per image-tag pair (Fig. 13.3, dashed blue boxes). From Table 13.1 we see that sorting the icon proposals using our icon classifier produces more relevant results (mAP
= 18.0%) for a given tag than just returning the most confident (class-agnostic) icon
proposals (mAP = 14.5%). We also verify again that the icon proposals generated by
training with icons with transparent backgrounds augmented onto appropriate background regions of in-the-wild infographics outperform baselines that were also trained
with synthetic data but with one of these aspects missing.
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Model

Top-1 Prec.

mAP

Icon proposals + classification
Random locations + class.
Non transparent icons + class.
Blank background + class.
Icon proposals

27.2
16.7
15.9
16.2
16.2

18.0
14.2
14.5
14.5
14.5

Human upper bound

55.4

57.2

Table 13.1. Given an infographic
and text tag as input, we evaluate
the visual hashtags returned. For
each image-tag pair, we compute
IOU with the ground truth bounding box annotations. A successful
visual hashtag is one that has an
IOU > 0.5 with at least one ground
truth bounding box. All values are
listed as percentages.

 13.3 Future directions
The tools developed in this and the previous chapter provide the ability to densely
annotate infographic images - that is, to detect and parse all the text elements, and to
detect and classify all the icons. We provide two additional examples of densely annotated infographics in Fig. 13.4. Our current approach considers each text and visual
element in isolation, without making use of the strong context afforded by incorporating the semantics of nearby elements. This would help reduce the number of icon
misclassifications.
While our main use cases have been infographics, text and icon detection should
generalize to other multimodal documents like articles with images and slideshow presentations. Some additional fine-tuning of the training might be required to handle the
image types and icon styles more common in articles, for instance to be able to detect
larger-scale photographs.
Although we have focused on text and icon annotations as input to a multimodal
summarization application, many other applications can be made possible, including
automatic captioning and visual question answering. Having an understanding of all
the components on an infographic can allow us to generate descriptions for the visually
impaired or to facilitate search through a database of infographics. Infographics themselves provide effective summaries on a broad range of topics, so they can be used for
information retrieval and building up knowledge databases for artificial agents.

Figure 13.4. The output of our fully-automatic dense annotation system, running text detection and
OCR using Google’s Cloud Vision API [68] (semi-transparent green boxes; we exclude the actual OCR
transcriptions here), and our icon detection and classification (red outlines).
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(a)

(b)

(c)

Figure 13.5. In this thesis, we have developed computer vision tools to parse the visual and textual
elements inside multimodal documents like infographics by operating directly on the pixels (a). Stepping
back, we have also considered the visual design in the context of the viewer (b), by modeling the attention
patterns of viewers on information visualizations and graphic designs. Future steps involve stepping
back further to examine the individual user context (c), by incorporating the cultural differences, prior
experiences, etc. of the user to make individualized predictions. Taking into account the designer that is
behind-the-scenes of the design, focus can also turn to the design decisions and intentions that underlie
the designs.

ULTIMODAL documents like graphic designs, information visualizations, and infographics are specifically designed with a human viewer in mind, characterized
by higher-level semantics, such as a story or a message. Designers choose layouts for the
visual and textual elements to effectively convey this story. Developing computational
systems for understanding multimodal documents therefore requires tools beyond text
and object detection: there needs to be an understanding of the included text (e.g., what
topics are discussed, what is the intent), the role of the visual elements (e.g., as concrete
examples, to put more emphasis on certain topics, as metaphors, for symbolism), and
the relationships between the elements (the layout, the relative sizes and locations of
the elements), all of which come together to convey the message.
In this thesis, we scratched the surface of multimodal document understanding,
presenting computational models that parse the text in infographics to predict the main
topics, detect and classify the visual elements, and put the most representative text and
visual elements together into a multimodal summary (Chapters 11-13). This approach
considered the image in isolation, making a prediction from pixels to concepts directly
using computer vision tools (Fig. 13.5a). We also stepped back from the image to
consider it in the context of the viewer (Fig. 13.5b), by modeling the attention patterns
of viewers on information visualizations and graphic designs (Chapter 9). We used
the predicted attention patterns as input to design applications like automatic feedback
within design tools, and automatic summarization in the form of design retargeting and
thumbnailing (Chapter 10). Both sets of approaches, for parsing the text and visuals on
infographics, and for predicting attention on visualizations and graphic designs, assume
no knowledge of the underlying vectorized content. On the one hand, it makes these
approaches ambivalent to the encoding format and generalizable to all bitmap images.
On the other hand, there is a lot of design information encoded in structured formats
like SVG or JavaScript/HTML that can be leveraged for prediction or redesign.

M
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Behind the scenes of every design is a designer who arranged the elements with
intention (Fig. 13.5c). Parsing the structured format of a design can make it easier
to segment individual elements for further analysis and to evaluate the relative importance of each element. Our current approaches predict importance at the pixel
level (Chapter 9), losing sight of semantics. Our current approaches also ignore the
relationships between the elements and the layout, which can improve predictions by
adding contextual information. Next steps to a deeper understanding of multimodal
documents include recognizing metaphors, symbolism, and artistic intent. For instance,
consider the infographic in Fig. 13.6 which communicates statistics about microblogging
website usage, in the visual format of an iceberg. When we used our computational
models to make topic predictions about this infographic (Chapter 13), the visual features were predictive of “travel”, while the textual features predicted “social media”.
Currently, in our approach, we allow the textual predictions to dominate. However, a
better description of this infographic would involve recognizing that the iceberg is used
as a visual metaphor to make a point about social media. Integrating the visual and
textual information on a design can facilitate applications like captioning and visual
question answering (e.g., for the visually impaired) and general information retrieval
and search (e.g., extracting facts directly from infographics to answer search queries).
Human designers are experts at piecing together elements that are cognitively salient
or memorable and maximize the utility of information. The space of multimodal documents can give computer vision researchers the opportunity to model and understand
the higher-level properties of textual and visual elements in the story being told.
In this thesis, the approach to image saliency and importance of visual content has
focused on modeling patterns averaged across a population (Chapters 6-9), without
stepping back to consider the individual user context, including cultural differences and
prior experience (Fig. 13.5c). The human-computer interfaces we designed were used to
collect attention and importance data from many participants (Chapters 7-8), and the
average attention maps were used for analyses, to train automatic models, and to retarget and thumbnail designs (Chapters 9-10). Building interfaces to crowdsource user
attention data at-scale can facilitate more individualized approaches: sufficient data per
user can be used for generating multimodal documents and document summaries that
are customized to the user. For instance, knowing where a particular individual would
look or what information they would find important can be used to more effectively
design content for the user (a sample application for generating personalized GIFs of
academic posters is prototyped in Chapter 8). This thesis has focused mainly on discriminative problems: making inferences about multimodal documents taken as input.
Future work can leverage the computational understanding built up about multimodal
documents for generative problems: synthesizing multimodal content like diagrams,
posters, and graphs from raw text and data. Other ideas include translating textbooks into interactive slideshow presentations and making articles more interactive by
populating them with relevant images and visualizations (see Chapter 1).
The space of multimodal documents has traditionally been tackled by separate re-

Figure 13.6. This infographic (courtesy of Digital Jungle) communicates statistics about microblogging website usage in the visual format of an iceberg. When we used our computational models to make
topic predictions about this infographic, the visual features were predictive of “travel”, while the textual features predicted “social media”. Currently, in our approach, we allow the textual predictions to
dominate. However, a better description of this infographic would involve recognizing that the iceberg
is used as a visual metaphor to make a point about social media. Integrating the visual and textual
information on a design can facilitate applications like captioning and visual question answering.
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search communities, working on text parsing, image recognition, and style/format classification (Chapter 2). In this thesis, tools and ideas from computer vision, human
perception, natural language processing, and human-computer interaction have been
combined and adapted for parsing information visualizations, graphic designs, and infographics. The design and summarization applications demonstrated in this thesis are
just the tip of the iceberg for what can be done when the visual and textual elements
on multimodal documents can be fully segmented and understood. This thesis has laid
some of the groundwork and tools necessary to make more applications possible in the
future, for instance for democratizing graphic design for internet-scale education and
for disseminating information in a broadly-accessible, multimodal format.

 13.4 Contributions
This thesis has presented contributions at the interface of human and computer vision,
with applications to human-computer interfaces and design. Specifically, in this thesis,
we have presented:
• An analysis of where people look most and what they find interesting in natural images (Chapters 6, 8.3), information visualizations (Chapters 4, 9.3.1), and
graphic designs (Chapter 9.3.2). These findings can be used to design automated
models for predicting attention and importance on images.
• The notion of “importance” to replace saliency as a predictor of image regions
people are likely to look at over longer periods of time and find interesting (Chapters 1.3, 6, 7).
• Two novel data collection methods for crowdsourcing importance based on a
moving-window methodology, using mouse clicks (Chapter 7) and zoom gestures
(Chapter 8). Both can be used for efficiently scaling up the collection of attention
data online.
• A neural network model to predict importance on novel graphic designs and information visualizations (Chapter 9), capable of being run in real-time within
interactive design tools (Chapter 10.4).
• Automatic pipelines for retargeting, thumbnailing, and otherwise summarizing
posters (Chapter 8.4), graphic designs (Chapter 10.1), information visualizations
(Chapter 10.2), and infographics (Chapter 13).
• A large-scale curated dataset of infographics, with associated tags and human
annotations, to facilitate computer vision research on non-natural images (Chapter 11).
• A synthetically trained neural network model for detecting icons in infographics
(Chapter 12).
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• A computational pipeline for parsing the textual and visual elements in infographics in order to predict the main topics of the infographics (Chapter 13).

 13.5 Decade-long vision
Developing the computational tools to parse a wide range of multimodal documents will
allow A.I. agents to query knowledge from and answer questions about a more diverse
set of topics than found in text documents and photo collections alone. Computational
understanding precedes synthesis. I envision that the next generation of algorithms
will be able to automatically create novel multimodal content, combining not just visuals and text, but sounds and motions, physical and virtual experiences, to explain
concepts, imagine and tell stories. These algorithms could then harness knowledge of
existing designs and automatically-learned metaphors and analogies, to visualize abstract concepts not previously visualized by humans. Building up knowledge about
individual users could be used to build systems that synthesize personalized content,
efficiently educating and delivering information to diverse audiences. Currently, designing audio-visual and interactive content to communicate complex concepts is done
manually by trained designers. Augmenting designers with automatic systems will allow for the greater democratization of information. Being able to take any piece of
information and automatically deliver it to any user in personalized physical or virtual
reality form will have important educational implications.
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[52] W. Einhäuser and P. Konig. Does luminance-contrast contribute to a saliency for
overt visual attention? European Journal of Neuroscience, 17:1089–1097, 2003.
[53] Kevin Ellis, Daniel Ritchie, Armando Solar-Lezama, and Joshua B Tenenbaum.
Learning to infer graphics programs from hand-drawn images. arXiv preprint
arXiv:1707.09627, 2017.
[54] U. Engelke, H. Liu, J. Wang, P. Le Callet, I. Heynderickx, H-J Zepernick, and
A. Maeder. Comparative study of fixation density maps. IEEE TIP, 22(3):1121–
1133, 2013.
[55] Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and
Andrew Zisserman. The Pascal Visual Object Classes (VOC) Challenge. IJCV,
88(2):303–338, 2010.

176

BIBLIOGRAPHY

[56] A. Farhadi, A. Gupta, A. Kembhavi, R. Mottagi, E. Kolve, G. Sigurdsson, J. Choi,
D. Schwenk, and D. Gordon. Workshop on visual understanding across modalities.
In CVPR Workshops, 2017. URL http://vuchallenge.org/index.html.
[57] T. Fawcett. An introduction to ROC analysis. Pattern recognition letters, 27(8):
861–874, 2006.
[58] Simone Frintrop, Erich Rome, and Henrik I. Christensen. Computational visual
attention systems and their cognitive foundations: A survey. ACM Trans. Appl.
Percept., 7(1):6:1–6:39, January 2010. ISSN 1544-3558. doi: 10.1145/1658349.
1658355. URL http://doi.acm.org/10.1145/1658349.1658355.
[59] Kenneth Alberto Funes Mora, Florent Monay, and Jean-Marc Odobez. Eyediap:
A database for the development and evaluation of gaze estimation algorithms
from rgb and rgb-d cameras. In Proceedings of the Symposium on Eye Tracking
Research and Applications, ETRA ’14, pages 255–258, New York, NY, USA, 2014.
ACM. ISBN 978-1-4503-2751-0. doi: 10.1145/2578153.2578190. URL http:
//doi.acm.org/10.1145/2578153.2578190.
[60] Adrien Gaidon, Qiao Wang, Yohann Cabon, and Eleonora Vig. Virtual worlds as
proxy for multi-object tracking analysis. In CVPR, 2016.
[61] Elena Garces, Aseem Agarwala, Diego Gutierrez, and Aaron Hertzmann. A similarity measure for illustration style. ACM Transactions on Graphics (TOG), 33
(4):93, 2014.
[62] Sohaib Ghani and Niklas Elmqvist. Improving revisitation in graphs through
static spatial features. In Proceedings of Graphics Interface 2011, pages 175–182.
Canadian Human-Computer Communications Society, 2011.
[63] Ross Girshick, Jeff Donahue, Trevor Darrell, and Jitendra Malik. Rich feature
hierarchies for accurate object detection and semantic segmentation. In CVPR,
2014.
[64] Stas Goferman, Lihi Zelnik-Manor, and Ayellet Tal. Context-aware saliency detection. IEEE Transactions on Pattern Analysis and Machine Intelligence, 34
(10):1915–1926, Oct 2012. ISSN 0162-8828. doi: 10.1109/TPAMI.2011.272.
[65] Joseph H. Goldberg and Jonathan I. Helfman. Comparing information graphics:
A critical look at eye tracking. In BELIV’10, pages 71–78. ACM, 2010. ISBN
978-1-4503-0007-0. doi: 10.1145/2110192.2110203. URL http://doi.acm.org.
ezp-prod1.hul.harvard.edu/10.1145/2110192.2110203.
[66] Joseph H Goldberg and Xerxes P Kotval. Computer interface evaluation using
eye movements: methods and constructs. International Journal of Industrial
Ergonomics, 24(6):631–645, 1999.

BIBLIOGRAPHY

177

[67] Joseph H. Goldberg, Mark J. Stimson, Marion Lewenstein, Neil Scott, and
Anna M. Wichansky. Eye tracking in web search tasks: Design implications.
In Proceedings of the 2002 Symposium on Eye Tracking Research & Applications,
ETRA ’02, pages 51–58, New York, NY, USA, 2002. ACM. ISBN 1-58113-4673. doi: 10.1145/507072.507082. URL http://doi.acm.org/10.1145/507072.
507082.
[68] Google. Cloud Vision API: Optical Character Recogition.
google.com/vision/, accessed in October 2017.

https://cloud.

[69] Google.
Word2vec model.
https://drive.google.com/file/d/
0B7XkCwpI5KDYNlNUTTlSS21pQmM/edit?usp=sharing, accessed in October
2017.
[70] W Graf and H Krueger. Ergonomic evaluation of user-interfaces by means of eyemovement data. In Proceedings of the third international conference on humancomputer interaction, pages 659–665. Elsevier Science Inc., 1989.
[71] Elizabeth R. Grant and Michael J. Spivey. Eye movements and problem solving.
Psychological Science, 14(5):462–466, 2003. doi: 10.1111/1467-9280.02454. URL
http://dx.doi.org/10.1111/1467-9280.02454.
[72] D. M Green and J. A Swets. Signal detection theory and psychophysics. John
Wiley, 1966.
[73] Rebecca Grier, Philip Kortum, and James Miller. How users view web pages: An
exploration of cognitive and perceptual mechanisms. Human computer interaction
research in Web design and evaluation, pages 22–41, 2007.
[74] Qi Guo and Eugene Agichtein. Towards predicting web searcher gaze position
from mouse movements. In CHI ’10 Extended Abstracts on Human Factors in
Computing Systems, CHI EA ’10, pages 3601–3606, New York, NY, USA, 2010.
ACM. ISBN 978-1-60558-930-5. doi: 10.1145/1753846.1754025. URL http:
//doi.acm.org/10.1145/1753846.1754025.
[75] A. Gupta, A. Vedaldi, and A. Zisserman. Synthetic data for text localisation in
natural images. In CVPR, 2016.
[76] David Ha and Douglas Eck. A neural representation of sketch drawings. arXiv
preprint arXiv:1704.03477, 2017.
[77] Michael J. Haass, Andrew T. Wilson, Laura E. Matzen, and Kristin M. Divis. Modeling Human Comprehension of Data Visualizations, pages 125–134.
Springer International Publishing (VAMR), Cham, 2016. ISBN 978-3-319-399072. doi: 10.1007/978-3-319-39907-2 12. URL http://dx.doi.org/10.1007/
978-3-319-39907-2_12.

178

BIBLIOGRAPHY

[78] Mark A Hall. Correlation-based feature selection for machine learning. PhD
thesis, The University of Waikato, 1999.
[79] Adam W Harley, Alex Ufkes, and Konstantinos G Derpanis. Evaluation of deep
convolutional nets for document image classification and retrieval. In ICDAR,
pages 991–995. IEEE, 2015.
[80] Steve Haroz and David Whitney. How capacity limits of attention influence information visualization effectiveness. IEEE TVCG, 18(12):2402–2410, 2012.
[81] Steve Haroz, Robert Kosara, and Steven L Franconeri. Isotype visualization–
working memory, performance, and engagement with pictographs. In CHI ’15,
pages 1191–1200. ACM, 2015.
[82] Lane Harrison, Katharina Reinecke, and Remco Chang. Infographic aesthetics:
Designing for the first impression. In Proceedings of the 33rd Annual ACM Conference on Human Factors in Computing Systems, CHI ’15, pages 1187–1190, New
York, NY, USA, 2015. ACM. ISBN 978-1-4503-3145-6. doi: 10.1145/2702123.
2702545. URL http://doi.acm.org/10.1145/2702123.2702545.
[83] Mary Hayhoe. Advances in relating eye movements and cognition. Infancy, 6(2):
267–274, 2004.
[84] K. He, X. Zhang, S. Ren, and J. Sun. Deep Residual Learning for Image Recognition. In CVPR, 2016.
[85] Kenneth Holmqvist, Marcus Nyström, Richard Andersson, Richard Dewhurst,
Halszka Jarodzka, and Joost Van de Weijer. Eye tracking: A comprehensive
guide to methods and measures. OUP Oxford, 2011.
[86] Xiaodi Hou and Liqing Zhang. Saliency detection: A spectral residual approach.
In 2007 IEEE Conference on Computer Vision and Pattern Recognition, pages
1–8, June 2007. doi: 10.1109/CVPR.2007.383267.
[87] Jeff Huang, Ryen W. White, and Susan Dumais. No clicks, no problem: Using cursor movements to understand and improve search. In Proceedings of the
SIGCHI Conference on Human Factors in Computing Systems, CHI ’11, pages
1225–1234, New York, NY, USA, 2011. ACM. ISBN 978-1-4503-0228-9. doi: 10.
1145/1978942.1979125. URL http://doi.acm.org/10.1145/1978942.1979125.
[88] Jeff Huang, Ryen White, and Georg Buscher. User see, user point: Gaze and
cursor alignment in web search. In Proceedings of the SIGCHI Conference on
Human Factors in Computing Systems, CHI ’12, pages 1341–1350, New York,
NY, USA, 2012. ACM. ISBN 978-1-4503-1015-4. doi: 10.1145/2207676.2208591.
URL http://doi.acm.org/10.1145/2207676.2208591.

BIBLIOGRAPHY

179

[89] Qiong Huang, Ashok Veeraraghavan, and Ashutosh Sabharwal. Tabletgaze: unconstrained appearance-based gaze estimation in mobile tablets. arXiv preprint
arXiv:1508.01244, 2015.
[90] Weidong Huang. Using eye tracking to investigate graph layout effects. In APVIS
’07, pages 97–100, Feb 2007. doi: 10.1109/APVIS.2007.329282.
[91] Weidong Huang, P. Eades, and Seok-Hee Hong. A graph reading behavior:
Geodesic-path tendency. In PacificVis ’09, pages 137–144, April 2009. doi:
10.1109/PACIFICVIS.2009.4906848.
[92] Weihua Huang and Chew Lim Tan. A system for understanding imaged infographics and its applications. In Proceedings of the 2007 ACM symposium on
Document engineering, pages 9–18. ACM, 2007.
[93] Xun Huang, Chengyao Shen, Xavier Boix, and Qi Zhao. Salicon: Reducing the
semantic gap in saliency prediction by adapting deep neural networks. In 2015
IEEE International Conference on Computer Vision (ICCV), pages 262–270, Dec
2015. doi: 10.1109/ICCV.2015.38.
[94] Jessica Hullman, Eytan Adar, and Priti Shah. Benefitting infovis with visual
difficulties. IEEE TVCG, 17(12):2213–2222, 2011.
[95] Zaeem Hussain, Mingda Zhang, Xiaozhong Zhang, Keren Ye, Christopher
Thomas, Zuha Agha, Nathan Ong, and Adriana Kovashka. Automatic understanding of image and video advertisements. In CVPR, 2017.
[96] Laurent Itti and Christof Koch. Computational modelling of visual attention.
Nature reviews neuroscience, 2(3):194, 2001.
[97] Laurent Itti, Christof Koch, and Ernst Niebur. A model of saliency-based visual
attention for rapid scene analysis. IEEE Transactions on Pattern Analysis &
Machine Intelligence, 20(11):1254–1259, 1998.
[98] M. Iyyer, V. Manjunatha, A. Guha, Y. Vyas, J. Boyd-Graber, H. Daumé, III,
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