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1. Contribution 2. What 1s diffusion distance?

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

General novelties: Neural diffusion distance (NDD) + applications in image segmentation.
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B A new hierarchical image segmentation method using NDD I Transition matrix P: e mz_:o)"’"(%(l) & (5) : | i =argmax {Kp(1 = Ueo)}, C = C U{i"}, Ueop = min{Ueor + Kpy, 1} |
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B A weakly supervised (ws) semantic segmentation method using NDD | P=D"'W, where D = diag(W1). b P Pk eigen-decomposition of P. | | > Run kernel k-means with diffusion similarity ,
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Hierarchical segmentation results
(From right to left: decreasing number of segments)

3. Neural diffusion distance

Table 2: Comparison of different segmentation methods.

Neural Diffusion Distance: Diffusion distance computed by NDD-network, which learns node features, hyper-parameters of diffusion distance by end-to-end training. Methods | NCul[31] NCutDF _DeepNCut[17] | QursLR OursHR

MAX 0.53 0.56 0.70 0.78 0.80
) .. ] ] . . . AVR 0.44 0.48 0.60 0.68 0.69
~ Approximate spectral decomposition for P2 (differentiable) # Feature attentional interpolation (FAI) ~.
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: . y; = —exp(—y||f; — £~ Y; ) DeepNCut[17]: C. | ,etal., ICCV, 2015
| Zn+1 = PZtUn, {Un+1, Rn+1} — QR(Zn+1);n — 0; Tty T | FEDIMSur (i) Zé ! ¢ ’ l eepNCut(17] onescu, eta (@) Input  (b) NCut-DF (c) DeepNCut (d) Ours-LR (e) Ours-HR  (f) Human

,  Top-deigenvectors  [J,. € RV*Ne: eigenvectors as its columns
(eigenvalues)

! —) R; € RNeXNe: ejgenvalues as its diagonals

6. Application to ws-semantic segmentation
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l. ‘ : ‘H Image features maps .Scoresfor different categories + Global image feature
I Key Idea: Diffusion distance-guided regional feature pooling. ‘
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- Feature extraction Approximate VOC 2012
I module spectral Methods | GAP [38] Embedding Ours (w/o RFP)  Ours (w/o sharing)  Ours
: devomposition Val | 452 54.7 44.6 64.7 65.8
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