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Motivation
Semantic segmentation is commonly considered as a pixel-wise classification

problem and solved by optimizing a pixel-wise loss. However, the pixel-wise

loss ignores the dependencies between pixels in an image. Previous works are

time-consuming or resource-consuming.

We use one pixel and its neighbor pixels to represent this pixel and transform a

image into a multi-dimensional distribution. Then the prediction and ground

truth can achieve high order consistency through maximizing the mutual

information (MI) between their multi-dimensional distributions.

Results on PASCAL VOC 2012 Test Set

Ablation Study on PASCAL VOC 2012 Val Set 

Avg. is average pooling, Max. is max pooling, and Int. is interpolation. The image size after down-sampling is the

original image size divided by 𝒟ℱ.

Selected Qualitative Results

A Lower Bound of MI

A normal distribution has the maximal entropy with the same covariance matrix𝚺 ∈ ℝ𝑑×𝑑
, which is

12 log((2𝜋𝑒)𝑑𝑑𝑒𝑡(𝚺)).
Ignore the constant terms, we further get

An Approximation of Posterior Variance

Exact 𝚺𝑌|𝑃 is unknown because we do not know relevant PDFs and their

dependence. Following [1], we make an assumption:

𝐴𝑦𝑝 = Cov(𝒀, 𝑷)𝚺𝑃−1 is the regression matrix of 𝒀, given 𝑷. 𝒀 ⊥2 𝑷 indicates

that 𝒀 and 𝑷 are second order independent, i.e., 𝔼(𝒀|𝑷 = 𝑝) = 𝔼(𝒀) and

Var(𝒀|𝑷 = 𝑝) = Var(𝒀). Thus:

Results on PASCAL VOC 2012 Val Set

CE and BCE are softmax and sigmoid cross entropy loss respectively. CRF-X, X means iteration steps.

Output stride = 16, only ImageNet pretraining, no special inference strategies. We apply average pooling

(kernel size = 3 × 3, stride = 3) to down-sample the logits and GT when calculating RMI, ℛ = 3.

The overall objective is a combination of sigmoid loss and RMI loss, and they are equally important.

[1] K. Triantafyllopoulos and P.J. Harrison. Posterior mean and variance approximation for regression and

time series problems. Statistics, 2008.
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predicted probability 𝑷 = [𝑝1, 𝑝2, … , 𝑝𝑑]𝑇 ground truth𝒀 = [ 1,  2, … ,  𝑑]𝑇
ℛ

ℛ

𝑑 = ℛ × ℛ.

The PDFs of 𝑷 and 𝒀 are 𝑓(𝑝) and 𝑓( ), their joint PDF is 𝑓( , 𝑝) . The

distribution of 𝑷 can be considered as the joint distribution of 𝑝1, 𝑝2, … , 𝑝𝑑, and

it means 𝑓 𝑝 = 𝑓(𝑝1, 𝑝2, … , 𝑝𝑑).
Objective Function

The mutual information

However, pixels in an image are dependent, which makes 𝑓( ) and 𝑓 𝑝 hard to 

analysis. Therefore, we maximize a lower bound of 𝐼 𝒀; 𝑷 to maximize its real 

value.
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