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Overview
Brand-new Perspective for Interactive Segmentation

For each image, we model interactive segmentation as a Gaussian process

classification task, with clicked/unclicked pixels as training/testing data.



Overview

• Explicitly guide the information propagation procedure;

• Provide theoretical support for accurate predictions at clicks;

• Concise framework and clear working mechanism.

Gaussian Process Classification-based Interactive Segmentation (GPCIS) Model



Overview
Experiments for Model Verification and Performance Evaluation
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Introduction
Interactive Segmentation (IS) Task

Input image & clicksPrevious mask Segmentation mask

Satisfied?
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Yes Output

New click
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Introduction

• Generally perform pixel-wise classification without specific designs;

• No explicit theoretical support that the clicked regions can be properly activated

   and correctly classified.

Current Deep Learning-based Interactive Segmentation Models



Introduction

• Explicitly measure the relations between data points with a kernel function;

• Promote accurate predictions for training data;

• Can be flexibly integrated with deep networks via deep kernel learning.

Gaussian Process(GP)-based Framework for Interactive Segmentation 
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Methodology
𝐗!/𝐗∗: features of clicked/unclicked pixels;

𝒚!/𝒚∗: labels of clicked/unclicked pixels; 

𝐟∗: latent classification scores of unclicked pixels.

Model Formulation

GP posterior Sample #𝐟∗

Monte Carlo Approximate
𝑝(𝐲∗|𝐗∗, 𝐗", 𝐲") ≈ 𝑠𝑖𝑔( #𝐟∗)

Goal: posterior probability of labels 𝒚∗ at unclicked pixels

key step



Methodology
Overcome the Intractability of the GP Posterior 

GP Posterior:
Gaussian

Gaussian
non-Gaussian

non-Gaussian

intractable

Approximate with 

where



Methodology
Achieve Efficient Sampling of the GP Posterior 

Approximated tractable GP posterior:

Standard approach to draw samples

𝑂(∗#)

We adopt a decoupled sampling framework[1] with the linear complexity 𝑂 ∗  as:

[1] Wilson, et al. Efficiently sampling functions from Gaussian process posteriors. ICML. 2020



Methodology
Remark: Theoretical Support for Accurate Predictions at Clicks

Replacing ∗ with n

> 0



Methodology
GPCIS Framework



Experiments



Experiments
Visualization of the Decoupled GP Posterior 



Experiments
Accuracy at Clicked Pixels 

NoIC : the Number of 
Incorrectly classified Clicks 
over a testing dataset 



Experiments
NoC Performance over Four Evaluation Datasets



Experiments
Performance on Different Metrics



Experiments
Quality Performance

1 Click

2 Clicks
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