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Energy Minimization in Computer Vision

Labeling y given an input image x. Energy minimization of the form

y∗ = argmin
y

∑
i∈V

ψi(x, yi) +
∑

(i ,j)∈E

ψij(x, yi , yj).

semantic segmentation stereo vision image denoising

How to choose ψi and ψij? Learn them from data!

Our Work

• Empirical comparison of different learning and prediction paradigms.

• How well do the different approaches reproduce image statistics?

• Full learning of the potentials for image denoising.

• Study influence of misspecified models.

Running Example: A Simple Model for Image Denoising

Energy of a denoised image y for given image x and parameters w:

E (y, x,w) = −
∑
i∈V

w u
|yi−xi | −

∑
(i ,j)∈E

w p
|yi−yj |.

Can be written in a linearized form E (y, x,w) = −〈w, s(x, y)〉 with:

• s(x, y) = [su(x, y)T, sp(y)T]T and

• suk (x, y) =
∑

i∈V δk(|xi − yi|), spk (y) =
∑

(i ,j)∈E δk(|yi − yj|).

Learning and Prediction: Overview

• Conditional Gibbs energy of a labeling/image pair:

P(y|x,w) =
1

Z (x,w)
exp(−E (y, x,w)).

• Loss ∆(y, y∗), error when predicting y instead of y∗.
• Pixelwise zero-one error: ∆(y, y∗) =

∑
i∈V[1− δy∗i (yi)].

• Pixelwise mean squared error: ∆(y, y∗) =
∑

i∈V(yi − y∗i )2.
• Full image zero-one error: ∆(y, y∗) = [1− δy∗(y)].

• Pre-dominant approaches in the literature:
{(xn, yn)}Nn=1

E (y, x,w) P(y|x,w∗)

∆

fw∗(x) y∗

x

Incorporate loss only at predict time

{(xn, yn)}Nn=1

E (y, x,w)

∆

fw∗(x) y∗

x

Directly train a prediction function

Optimal Prediction for a Given Posterior

• Given the true posterior P(y|x). How should we predict?

• Depends on the loss ∆(y, y∗): error when predicting y instead of y∗.

P(y|x)

MAP max marginal MMSE

zero-one pixelwise squaredpixelwise zero-one

• Best predictor: minimize the risk:

y(x) = argmin
y

∑
y′

∆(y, y′)P(y′|x).

• Maximum-A-Posteriori (MAP) prediction:

y∗ = argmax
y

E (y, x,w).

Efficient approximate algorithms exist (graph-cut or belief propagation).

• Minimum Mean Squared Error (MMSE) prediction:

y∗i = EP(yi |x)[yi] ∀i ∈ V .
Marginals for example computed using Gibbs sampling.

• Problem: In reality we do not have the true posterior!

Learning

• Maximum Likelihood (MLE):

wmle = argmin
w
− 1

N

N∑
n=1

logP(yn|xn,w)+
λ

2
‖w‖2.

• Maximum Pseudo-likelihood (MPLE), tractable MLE approximation:

wmple = argmin
w
− 1

N

N∑
n=1

∑
i∈V

logP(y ni |yn
N (i), x

n,w)+
λ

2
‖w‖2.

• Maximum Margin (MM):

wmm = argmin
w

1

N

N∑
n=1

max
y

[〈w, s(xn, y)− s(xn, yn)〉 + ∆(y, yn)] +
λ

2
‖w‖2.

Insights on Image Statistics Matching

• Without regularization MLE can be
understood as statistics matching:

1

N

N∑
n=1

EP(y|xn,wmle)[s(xn, y)] =
1

N

N∑
n=1

s(xn, yn).

• However: Image statistics only matched in
expectation, not for a single labeling.
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method MSE PSNR MSE PSNR

MM/MAP 8.65 27.05 6.86 28.23
MPLE/MAP 17.42 24.30 13.31 25.5

MPLE/MMSE 10.04 26.65 8.47 27.54

BM3D only - - 6.95 28.19

• Berkeley dataset with σ = 25 noise level. Reduced to 64 labels.

• MM/MAP performs at least as good as MPLE/MMSE.

• Linear pairwise costs are optimal for MAP.

Synthetic Data: Misspecified Models

• Synthetic experiment: Data generating
model different than assumed model.

• Amount of misspecification controlled by ε.

• MM/MAP more robust to misspecifications
than MPLE/MMSE.
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Conclusions

• Only use MAP if model trained using max-margin!

• Properly trained MAP performs on par with MMSE.

• MMSE not better suited for reproducing image statistics.
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