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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 applications. 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 visualizations.

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 examples (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 importance 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

