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Embedding Objective: Satisfy Pairwise Affinities
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I Θ(·, ·) stores pairwise relationships

I Embedding procedure:
I Input: {Θ(p, q),Θ(p, r), . . .}
I Output: {θ(p), θ(q), θ(r), . . .}

such that Θ(p, q) ≈ F (θ(p), θ(r))

I F (·, ·) is a simple decoding function

I Embedding θ(·) is a globally
consistent representation of the
pairwise local relationships Θ(·, ·)
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Segmentation+Figure/Ground

I Θ(p, q) is an offset
I Is p in the same region as q?
I Is p in front of/behind q?

I C (p, q): confidence on Θ(p, q)

I Angular Embedding: (C ,Θ)→ θ

Implementation

I CNN estimates Θ(p, q), C (p, q)

I Sparse multiscale connectivity:
each p connects to k neighbors
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Angular Embedding

Given Pairwise:

Ordering Θ(·, ·)

Confidence C(·, ·)

Recover:

Global ordering θ(p)

p → z(p) = e iθ(p)

i
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minimize: ε =
∑
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∑
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p,q C(p,q)
· |z(p)− z̃(p)|2

[Yu, PAMI 2012]
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Complex-Valued Affinities



Pairwise Pixel Interaction Model

I Probability estimates:

e(p) = Pr(p lies on a boundary)

b(p, q) = Pr(seg(p) 6= seg(q))

f (p, q) = Pr(figural(p, q) | seg(p) 6= seg(q)))

g(p, q) = Pr(figural(q, p) | seg(p) 6= seg(q)))

I Transition error probabilities:

EB(p, q) = b(p, q)

EF (p, q) = 1− (1− e(p))b(p, q)(1− e(q))f (p, q)

EG (p, q) = 1− (1− e(p))b(p, q)(1− e(q))g(p, q)

B: binding F: ground → figure G: figure → ground
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Pairwise Pixel Interaction Model

I Convert error probabilities to confidence :

CB(p, q) = exp(−EB(p, q)/σb)

CF (p, q) = exp(−EF (p, q)/σf )

CG (p, q) = exp(−EG (p, q)/σg )

I Apply rotational action of figure/ground transitions:

WB(p, q) = CB(p, q)

WF (p, q) = CF (p, q) exp(iφ)

WG (p, q) = CG (p, q) exp(−iφ)

I Sum transition forces and symmetrize:

W (p, q) = WB(p, q) + WF (p, q) + WG (p, q)

W ← (W + W ∗)/2
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Generalized Affinity



Affinity Learning

Ground-truth: Berkeley Segmentation Dataset

Image Segmentation Local F/G Globalized F/G



Affinity Learning

Target (b̃, f̃ ) and learned (b, f ) signals

b̃(p, p + d) b(p, p + d) f̃ (p, p + d) f (p, p + d)



Affinity Learning - CNN Architecture

I Trained using log loss between target and prediction

I Left/right mirroring of examples
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Benchmark: Project onto Ground-truth Regions
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Benchmarks: Quantitative Performance

Segmentation: Figure/Ground Prediction Accuracy
Ground-truth R-ACC B-ACC B-ACC-50 B-ACC-25

F/G: Ours 0.62 0.69 0.72 0.73
F/G: [Maire, ECCV 2010] 0.56 0.58 0.56 0.56

Segmentation: Figure/Ground Prediction Accuracy
Ours R-ACC B-ACC B-ACC-50 B-ACC-25

F/G: Ours 0.66 0.70 0.69 0.67
F/G: [Maire, ECCV 2010] 0.59 0.62 0.61 0.58

R-ACC: Pairwise region accuracy
B-ACC: Boundary ownership accuracy
B-ACC-25: B-ACC on 25% most foreground regions in each image
B-ACC-50: B-ACC on 50% most foreground regions in each image



Cross-Domain Generalization: Horses

Image F/G Boundaries Seg + F/G



Cross-Domain Generalization: PASCAL

Image F/G Boundaries Seg + F/G



Thank You!


