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Sunwook Hwang?, Youngseok Kim?!, Seongwon Kim?, Saewoong Bahk?!, Hyung-Sin Kim?
1Seoul National University, 2SK Telecom

Introduction

Privacy Protection of Feature Sharing

Feature Augmentation

Hybrid Pseudo Label

* Confidence-based pseudo label filtering
* Pseudo-label-aware GT sampling

* Versatile application
» Regardless of feature type .

* Problem: Collecting and annotating large datasets of 3D scenes
» Exposing private information on the road
» Labeling costs for vast amounts of data

Privacy leaks from inversion attack

e Restoration from backbone network

 Augmentation methods > 1st, 3rd, and 5th convolution layers

» F-GT: feature-level GT sampling
» Overwriting GT features .

* Hybrid pseudo labels
» GT samples: Enabling powerful supervision

* Semi-supervised learning: Using de-identified, unlabeled > Pseudo labels: Extending the training data
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