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User Studies
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Study 1: Understanding User Preterences

e Diverse Preterences = Same image, ditterent privacy risks
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Approach

Pljivacy Risk = 4.Q+

Privacy Attribute Prediction 5
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Two proposed approaches:
truth

1. AP-PR: Directly uses attribute predictions( 1 B e
(AP) to estimate privacy risk (PR) Image —» i AP-PR
2. PR-CNN: End-to-end learning to predict * / Pﬁ‘;g{i’t‘:;is : -

user-specific privacy risk from images. This is L L PRCNN

better at handling noisy attribute predictions

Objective Task Subjective Task Privacy Risk
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Humans vs. Machine
e \We compare these approaches to users' visual privacy assessment (Study 2)

e Our approach achieves better Precision-Recall and L1 scores for the same
images, when compared to users themselves
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