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Overview Today’s Lecture

• Semantic Image Segmentation as a Dense Labeling Problem 
• Conditional Random Field (CRF) Models  
‣ vs. Markov Random Field Models 

• Dense CRF Model 
• Integration of Deep Learning and CRFs 

• Suggested Readings: 
‣ [1] Efficient Inference in Fully Contected CRFs with Gaussian Edge Potential, Philipp Krähenbühl 

and Vladlen Koltun, NeurIPS 2011 (https://arxiv.org/abs/1210.5644) 
‣ [2] Conditional Random Fields Meet Deep Neural Networks for Semantic Segmentation, Arnab, 

Zheng, et al., IEEE Sig. Proc. Magazine, 2018  
(https://www.robots.ox.ac.uk/~tvg/publications/2017/CRFMeetCNN4SemanticSegmentation.pdf)
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Pictorial Overview of Today's Lecture
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Semantic Image Segmentation
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Semantic Image Segmentation:  
Pixel-wise vs. Instance-Level
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Dense Labeling Problems
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Semantic Image Segmentation (Pixel-wise)
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Classification
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Classification
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Classification
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Random Field Models
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Random Field Models
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Random Field Models
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Random Field Models
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Energy vs. Probability
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Energy vs. Probability
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MRF Model of the (complete) Posterior for Image Denoising

• We can put the likelihood and the prior together in a single MRF model:
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More Generally

• The quantity of interest: X = Output 
‣ true pixel values in image denoising 
‣ semantic labels in image segmentation  

• The input / observation: I = Image 
‣ image denoising: I = noisy image 
‣ semantic segmentation: I = image
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More Generally: Factorization Given the particular MRF Graph
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More Generally

• Goal of Inference often MAP (Maximum A Posteriori estimation): 

• For our MRF: 
‣ minimize the following "energy":
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More Generally: Factorization Given the particular MRF Graph

24

quantities of interest (hidden)

pixels of the image (observed)

Edges representing 
the likelihood

Edges representing 
the prior

<latexit sha1_base64="JTnW2HtO/EkGl6qKW7RYipaqHRc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEoseCCB4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2Z++4lrI2L1iJOE+xEdKhEKRtFKD52+6JcrbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUrOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb+8SloXVa9Wde8vK/XbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gAyCY2/</latexit>

Xi

<latexit sha1_base64="KV7h0etToEEabDUirqHk1kK8GIs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WNBBL1VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RRWVtfWN4qbpa3tnd298v5BU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj66nfekKleSwfzThBP6IDyUPOqLHSw12P98oVt+rOQJaJl5MK5Kj3yl/dfszSCKVhgmrd8dzE+BlVhjOBk1I31ZhQNqID7FgqaYTaz2anTsiJVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14ZWfcZmkBiWbLwpTQUxMpn+TPlfIjBhbQpni9lbChlRRZmw6JRuCt/jyMmmeVb2Lqnt/Xqnd5HEU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcbL42w</latexit>

Ii

<latexit sha1_base64="SUArT5YYPxnNOIbLXfCzd+KpIXI="></latexit>

E(X) =
X

i

 i(Xi|I) +
X

i,j2N4

 i,j(Xi, Xj)

slide adapted from: Stefan Roth
unary terms pairwise terms



Probabilistic Graphical Models and Their Applications | Bernt Schiele

CRF (Conditional Random Field): 
Enhance Graphical Model with Additional Dependencies
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Random Field Models
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Random Field Models
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Potts Model  
(used e.g. for stereo matching
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Random Field Models
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Random Field Models
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Random Field Models
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Random Field Models
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Random Field Models
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Random Field Models
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Random Field Models
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Random Field Models
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Filtering
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Filtering
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Filtering
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Filtering
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Filtering
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Filtering
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Filtering
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Filtering
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45slide credit: Philipp Krähenbühl



Probabilistic Graphical Models and Their Applications | Bernt Schiele

Filtering
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Filtering
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Filtering
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields

63slide credit: Philipp Krähenbühl



Probabilistic Graphical Models and Their Applications | Bernt Schiele

Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Dense Random Fields
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Efficient Inference
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Efficient Inference
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Mean-Field Approximation
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Mean-Field Approximation
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Efficient Inference
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Efficient Message Passing
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Efficient Inference
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Parallel Mean-Field
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How Fast Will it Converge
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Iteration 0
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Iteration1
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Iteration 2
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Iteration 10

94slide credit: Philipp Krähenbühl



Probabilistic Graphical Models and Their Applications | Bernt Schiele

Results MSRC 
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Results MSRC 
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Pictorial Overview of Today's Lecture
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Deep Convolutional Neural Networks...

• Top: (Sub-)Image Classification 
• Bottom FCN (Fully Convolutional Neural Network)
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Pascal VOC Semantic Segmentation Results

• Block 1: no deep learning (DL) 

• Block 2: using deep learning (DL) 
‣ but not CRF 

• Block 3: using DL + CRF 
‣ but deep learning and CRF not trained jointly 

• Questions:  
‣ how to benefit better from both? 
‣ how to jointly learn? 
‣ can we perform "end-to-end" training?
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Dense CRF - Mean Field Inference Algorithm
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How Many Mean Field Iterations?

• Classically: 
‣ Iterate until convergence 

• Here: 
‣ Fix the number of iterations (in the figure T) and simply concatenate 
‣ called "CRF-as-RNN"
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Pascal VOC Semantic Segmentation Results

• Block 1: no deep learning (DL) 

• Block 2: using deep learning (DL) 
‣ but not CRF 

• Block 3: using DL + CRF 
‣ but deep learning and CRF not trained jointly 

• Block 4: end-to-end training of DL & CRF
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Pictorial Overview of Today's Lecture
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