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This document contains additional experimental and analysis
details that were not included in the main paper. Moreover, we
provide a large collection of visual results to demonstrate the
various success and failure modes of our models and applica-
tions. We include also the interfaces used in our user studies,
and discuss results of additional variants of the experiments
that were run.

BUBBLEVIEW DATA COLLECTION DETAILS
Participants were shown blurry images of data visualizations,
and were instructed to type a text caption describing the image
(Fig. 1). Clicking on different parts of the image revealed
small regions, or bubbles, of the image at full resolution. We
posted 476 MTurk HITs (tasks), each consisting of 3 images
randomly selected from an original set of 1411 images. An
average of 15 participants completed each HIT. To accept one
of our HITs, a participant had to have an approval rate of
over 95% and live in the United States. A participant was
paid $0.5 for each successfully-completed HIT. We removed
data corresponding to participants who provided duplicate or
garbage descriptions and who clicked fewer than 10 times.
Similar to Komarov et al. [10], we exclude workers whose
click rates were more than 3× IQR (interquartile range) higher
than the third quartile, or more than 3× IQR lower than the
first quartile.

MODEL 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 [3] solver with a momentum of
0.9 and weight decay of 0.0005 was used, and 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 (the
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Figure 1. The BubbleView set-up from [9] that we used to collect the
ground truth importance data (via BubbleView clicks) for 1.4K data vi-
sualizations.

learning rate used on the last iterations training the FCN-32s
network, 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 [12].

MORE PREDICTION EXAMPLES
Fig. 2 contains more examples of predicted and ground truth
importance on graphic designs. We provide a sampling of
results with different performance scores. High scoring exam-
ples (Spearman’s rank correlation close to 1) are ones where
design elements are similarly ranked by predicted and ground
truth importance. Our model can correctly distribute impor-
tance across text and visual elements. Our model can correctly
predict the relative importance of different types of text (e.g.
titles versus secondary text). We also show cases where model
predictions disagree with ground truth. Failure cases include
distributing importance across large visual elements (e.g., a
face or person taking up a large portion of the image), unusual
fonts, and images with many separate elements.

Fig. 3 contains more examples of predicted and ground truth
importance on data visualizations. Our predicted importance
localizes titles well, no matter where they are spatially located
in the image. This matches ground truth data, because people
also pay a lot of attention to the titles of visualizations [2]. Our



model looks for the most important text first. If a title is absent,
the description, caption, or legend might be predicted as most
important. Our model also learns that the most relevant points
on a graph are those at the extremes (e.g., at the top or bottom
of a table, left and right on a bar/line plot). This is all learned
automatically from the training data, without the need for
explicit text detection or a rule-based approach. Despite this,
some of the failure modes of our model include assigning too
much importance to salient visual regions.

FINE-GRAINED DESIGN VARIATIONS
The Design Improvement Results dataset [13] consists of 11
design templates in multiple variants, produced by MTurk
workers. We used the methodology in [13] to gather Explicit
Importance annotations for all 393 designs. Fig. 4 contains
examples of some of these designs, along with our collected
annotations, and our model predictions. 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.

COMPARISON TO RELATED WORK
Here we include all baselines from O’Donovan et al. [13], re-
computed on our train-test split of the GDI dataset, compared
to, and combined with, our predicted importance model (Ta-
ble 1). To replicate the evaluation in [13], we report root-mean-
square error (RMSE) and the R2 coefficient, where R2 = 1
indicates a perfect predictor, and R2 = 0 is the baseline of pre-
dicting 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:
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The full O’Donovan model (OD-Full) includes human-
annotated text, face, and person regions. For a fair comparison,
we compare our automatic predicted importance model (Ours)
to the automatic portion of the O’Donovan model, which does
not rely on human annotations (OD-Automatic). The addi-
tion of our predicted importance model to the OD-Full model,
Ours+OD, improves performance, indicating that our origi-
nal model captures some features not already captured by the
other features in OD-Full.

EVALUATION OF RETARGETING APPLICATION
Given a graphic design and a target aspect ratio as input to
retargeting, we computed an energy map, and removed image
regions with lowest energy, until the desired aspect ratio was
achieved (Fig. 6a-b). This is similar to seam carving [1], ex-
cept instead of removing arbitrary seams, we removed only

Model RMSE↓ R2 ↑
Saliency .229 .462

OD-Automatic .212 .539
Ours .203 .576

Annotations .195 .608
Ours+Annot .164 .725

OD-Full .155 .754
Ours+OD .150 .769

Table 1. A comparison of our automatic predicted importance model
(Ours) to the importance model of O’Donovan et al. [13]. Our model out-
performs the fully automatic O’Donovan variant (OD-Automatic). The
OD-Full variant includes manual annotations of text, face, and person
regions. The performance of these features is also reported separately
as Annotations. The Saliency features include a learned combination of
4 separately-computed saliency models: Itti&Koch [7], Hou&Zhang [6],
Judd et al. [8], and Goferman et al. [5]. 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.

straight seams from the image. We also tried seam carving,
but found that it generated significant visual distortions in
graphic designs (Fig. 6c). To compare importance-based re-
targeting to other approaches, we used 5 variants of energy
maps and a random baseline (Fig. 7). For energy maps, we
used predicted importance, ground truth importance (GDI an-
notations [13]), Judd saliency, DeepGaze saliency, and edge
energy maps. Judd saliency is a top-performing natural image
saliency model [8] often used as a baseline for saliency com-
parisons. DeepGaze is a more recent saliency model with a
neural network architecture [11], and currently a top performer
on the MIT Saliency Benchmark [4]. Edge energy maps have
pixel values proportional to gradient magnitudes, and were the
initial energy maps used in seam carving applications [1].

MTurk details: Fig. 8 is a screenshot of our MTurk experi-
ment and instructions for evaluating retargeting results. Each
MTurk participant scored 6 retargeted design variants on a
5-point Likert scale, from 1 = very poor to 5 = very good. Par-
ticipants were provided with the original design and instructed
to highly rate redesigns that include the most important design
elements, are legible, and not too distorted. Each participant
completed the task for 12 designs, 10 randomly selected from
a collection of 216 images, and another 2 validation images
for ensuring quality results. The order of images and the place-
ment of validation images in the sequence was randomized.
One of the validation images contained identical retargeted de-
signs. If a participant did not assign identical scores for these
designs, all of their results were excluded from analyses. An-
other validation image had significantly distorted designs. If a
participant did not assign poor (< 2) scores for these designs,
all of their results were excluded from analyses.

We ran three versions of the experiment: (a) retargeting with
straight seams, (b) retargeting with crops, and (c) banner retar-
geting with crops. In (a) and (b), an input image with portrait
orientation was retargeted to a landscape with aspect ratio 2:3,
while an input image with a landscape orientation was retar-
geted to a portrait with aspect ratio 3:2. These aspect ratios
correspond to the standard mobile screen size, so a motivating
application is given a design, to retarget it to a mobile screen.
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