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General novelties: Neural diffusion distance (NDD) + applications in image segmentation.

 NDD: Learn diffusion distance by an end-to-end trainable deep network

 Produce high quality diffusion distance map for image

 A new hierarchical image segmentation method using NDD

 A weakly supervised (ws) semantic segmentation method using NDD
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3. Neural diffusion distance

Examples of neural diffusion distance

(shown as diffusion similarity maps w.r.t. red points)

4. NDD-network

Training set: BSD 500 (backbone: pre-trained ResNet-101 on MS-COCO).T
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2. What is diffusion distance? 5. Application to hierarchical image segmentation 

6. Application to ws-semantic segmentation 

+

Graph: 𝐺 = (𝑉, 𝐸)

Affinity matrix W:

Transition matrix P:

{λ𝑚, Φ𝑚}: eigen-decomposition of P.

Pairwise distance of graph nodes considering global structure of graph by spectral analysis.

Neural Diffusion Distance: Diffusion distance computed by NDD-network, which learns node features, hyper-parameters of diffusion distance by end-to-end training.

𝑈𝑇 ∈ 𝑅𝑁×𝑁𝑒: eigenvectors as its columns

𝑅𝑇 ∈ 𝑅𝑁𝑒×𝑁𝑒: eigenvalues as its diagonals

Top-d eigenvectors 
(eigenvalues)

𝑍𝑛+1 = 𝑃2𝑡𝑈𝑛, 𝑈𝑛+1, 𝑅𝑛+1 = QR 𝑍𝑛+1 , 𝑛 = 0,⋯ , 𝑇

Convergence rate: 

Feature attentional interpolation (FAI)

NN FAIInput

⋯

Top-5 eigenvectors

Hierarchical segmentation results
(From right to left: decreasing number of segments)

(a) Input   (b) NCut-DF (c) DeepNCut (d) Ours-LR     (e) Ours-HR      (f) Human

Input images     ours (w/o RFP)      ours (full)        Input images   ours (w/o RFP)    ours (full))

Key Idea: Diffusion distance-guided regional feature pooling.

Kernel k-means 

Ncut[31]: J. Shi, et al., IEEE TPAMI, 2000 
DeepNCut[17]: C. Ionescu, et al., ICCV, 2015

VOC 2012

GAP[38]: B. Zhou, et al., CVPR 2016;                     MIL[29]: P. Pinheiro, et al., CVPR 2015;
Saliency [27]: S. J. Oh, et al., CVPR 2017;              RegGrow[16]: Z. Huang, et al., CVPR 2018;
RandWalk[34]: P. Vernaza, et al., CVPR 2017;      AISI[10]: R. Fan, et al., ECCV 2018.

 Initialize a set of cluster centers (C)

 Run kernel k-means with diffusion similarity 
matrix        as kernel.  (                                )

Iterate until coverage map satisfies 1 − 𝑈𝑐𝑜𝑣 < 𝜖:

𝐾𝐷

Approximate spectral decomposition for 𝑃2𝑡(differentiable)

Diffusion distance


