
 Initialized the CNNs using DeepLab CNN [1] pre-trained on 
ImageNet and finetuned on PASCAL VOC 2012.

 Pairwise CNN and similarity layer are pre-trained like a Siamese 
network at pixel level.

 GCRF network training loss function:
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𝑦𝑦𝑖𝑖𝑘𝑘 − 𝑇𝑇 .

 The parameter matrices 𝑪𝑪 and 𝑭𝑭 are parameterized as 𝑪𝑪 = 𝑹𝑹𝑹𝑹𝑻𝑻
and 𝑭𝑭 = ∑𝑚𝑚=1

𝑀𝑀 𝑓𝑓𝑚𝑚𝑓𝑓𝑚𝑚𝑇𝑇.
 We learn all the parameters (unary and pairwise CNN 

parameters, 𝑹𝑹, 𝑓𝑓𝑚𝑚 ) by training the network end-to-end.

 Each 𝑾𝑾𝑖𝑖𝑖𝑖 is computed as 𝑾𝑾𝑖𝑖𝑖𝑖 = 𝑠𝑠𝑖𝑖𝑖𝑖𝑪𝑪;𝑪𝑪 ≽ 0.
 𝑠𝑠𝑖𝑖𝑖𝑖 ∈ [0,1] is a similarity measure between pixels 𝑖𝑖 and 𝑗𝑗.
 𝑪𝑪 is a parameter matrix that encodes the class 

compatibility information.

 The similarity measure 𝑠𝑠𝑖𝑖𝑖𝑖 is computed as 

𝑠𝑠𝑖𝑖𝑖𝑖 = 𝑒𝑒− 𝒛𝒛𝑖𝑖−𝒛𝒛𝑗𝑗
𝑇𝑇𝑭𝑭 𝒛𝒛𝑖𝑖−𝒛𝒛𝑗𝑗 .

 𝒛𝒛𝑖𝑖 is a feature vector extracted at pixel 𝑖𝑖 using the 
pairwise CNN.

 𝑭𝑭 ≽ 0 is a parameter matrix that defines a Mahalanobis 
distance function.
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 We use the iterative Gaussian mean field (GMF) 
inference approach.

 We unroll the GMF inference steps into a deep network.

 GMF update equation (optimal coordinate descent step):
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𝑾𝑾𝑖𝑖𝑖𝑖𝒚𝒚𝑖𝑖𝑡𝑡 .

 We use a Gaussian CRF model on top of a CNN.
 Each discrete output variable is replaced by a vector of 
𝐾𝐾 continuous variables: 𝒚𝒚𝑖𝑖 = 𝑦𝑦𝑖𝑖1, … , 𝑦𝑦𝑖𝑖𝑖𝑖 ∈ 𝑅𝑅𝑖𝑖 .

 𝑦𝑦𝑖𝑖𝑘𝑘 represents the score for 𝑘𝑘𝑡𝑡𝑡 class at 𝑖𝑖𝑡𝑡𝑡 pixel. 
 Class label for 𝑖𝑖𝑡𝑡𝑡 pixel is given by argmax

𝑘𝑘
𝑦𝑦𝑖𝑖𝑘𝑘.

 𝑿𝑿: Input image

 𝑃𝑃 𝒀𝒀 𝑿𝑿 ∝ 𝑒𝑒−
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𝒚𝒚𝑖𝑖 − 𝒚𝒚𝑖𝑖
𝑇𝑇 𝑾𝑾𝑖𝑖𝑖𝑖 𝑿𝑿;𝜃𝜃𝑝𝑝 𝒚𝒚𝑖𝑖 − 𝒚𝒚𝑖𝑖 ; 𝑾𝑾𝑖𝑖𝑖𝑖 ≽ 0.

 CNNs do not explicitly model the interactions between 
output variables which is very important for structured 
prediction tasks such as semantic segmentation.

 Various recent approaches [1,2] combine CNNs with 
discrete CRFs.

 Inference techniques in the case of discrete CRFs do 
not have optimality guarantees upon convergence.

 In contrast, Gaussian mean field inference gives 
optimal solution upon convergence in the case of a 
Gaussian CRF.
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 For convergence, parallel GMF inference requires the precision matrix 
of the Gaussian distribution 𝑃𝑃 𝒀𝒀 𝑿𝑿 to be diagonally dominant.

 In our graph, instead of connecting each pixel to every pixel, we 
connect each pixel to every other pixel along both rows and columns 
within a spatial neighborhood.

 This connectivity makes our graph bipartite.
Even columns – Odd columns

 We can update all the pixels within a partition in parallel and still have 
convergence guarantees without the diagonal dominance constraints.

 This is equivalent to (optimal) block coordinate descent.

Convergence of GMF Inference

The center black pixel is connected 
only to the red pixels.
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Results on PASCAL VOC 2012 test set when trained using ImageNet (for pretraining) and PASCAL VOC data.
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