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Our classifications



Room For Improvement
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Approach: Improving CRF Learning
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Gradient descent (w) “Boosting” (h)

+ Better learn models with high-order interactions
+ Efficiently handle large data & feature sets
+ Enable non-linear clique potentials

ωFriedman et al. 2001, Ratliff et al. 2007



Conditional Random Fields
Lafferty et al. 2001
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ÇPairwise model

ÇMAP Inference
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Parametric Linear Model
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Weights

Local features that describe label



Associative/Potts Potentials

Labels Disagree
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Overall Score
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Overall Score for a labeling y to all nodes



Learning Intuition

Ç Iterate

ωClassify with current CRF model

ωIf                    (misclassified)

ω(Same update with edges)
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(˒ )       increase score

(˒              )       decrease score



Max-Margin Structured Prediction

min Best score from
all labelings (+M)

Score with
ground truth labelingw

Ground truth labels

Taskar et al. 2003
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Convex



Descending† Direction

Labels from MAP inference
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Ground truth labels

(Objective)



Learned Model
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ÇUnit step-size

Update Rule

Ground truth Inferred
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wt+1+= - + -

, and ɚ= 0 



Ç Iterate

ωIf                    (misclassified)

Verify Learning Intuition
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wt+1 += - + -

(˒ )       increase score

(˒              )       decrease score



Alternative Update

1. Create training set: D

ω From the misclassified nodes & edges

, +1

, -1

, +1

, -1

D =
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Alternative Update

1. Create training set: D

2. Train regressor: ht

ht(∙)D

16



Alternative Update

1. Create training set: D

2. Train regressor: h

3. Augment model:
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(Before)



Functional M3N Summary

ÇGiven features     and labels 

Ç for T iterations

ωClassification with current model

ωCreate training set from misclassified cliques

ωTrain regressor/classifier ht

ωAugment model
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D



Illustration

ÇCreate training set
D
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Illustration

ÇTrain regressor ht

h1(∙)

(∙)1h h1 = (∙)ה
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Illustration

ÇClassification with current CRF model

(∙)1h h1 = (∙)ה
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Illustration

ÇCreate training set

(∙)1h h1 = (∙)ה

D
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-1

+1



Illustration

ÇTrain regressor ht

h2(∙)

+(∙)1h h1 = (∙)ה 2h h2(∙)
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Illustration

ÇStop

+(∙)1h h1 = (∙)ה 2h h2(∙)
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Boosted CRF Related Work

ÇGradient Tree Boosting for CRFs

ωDietterich et al. 2004

ÇBoosted Random Fields

ωTorralba et al. 2004

ÇVirtual Evidence Boosting for CRFs

ωLiao et al. 2007

ÇBenefits of Max-Margin objective

ωDo not need marginal probabilities

ω(Robust) High-order interactions

VKohli et al. 2007, 2008
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Using Higher Order Information
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Colored by elevation



Region Based Model
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Region Based Model
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Region Based Model
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Ç Inference: graph-cut procedure

ωPn Potts model (Kohli et al. 2007)



How To Train The Model
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1Learning



How To Train The Model
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Learning
(ignores features from clique c)



How To Train The Model
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ɓ

Learning

ɓ

1

Robust Pn Potts
Kohli et al. 2008



Experimental Analysis

Ç3-D Point Cloud Classification

ÇGeometry Surface Estimation
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Random Field Description

ÇNodes: 3-D points

ÇEdges: 5-Nearest Neighbors

ÇCliques:   Two K-means segmentations

ÇFeatures
[0,0,1]

normalʻ

Local shape Orientation Elevation
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Qualitative Comparisons
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Parametric Functional (this work)



Qualitative Comparisons
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Parametric Functional (this work)



Qualitative Comparisons
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Parametric Functional (this work)



Quantitative Results (1.2 M pts)

ÇMacro* AP: Parametric 64.3%
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Functional 71.5%
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Experimental Analysis

Ç3-D Point Cloud Classification

ÇGeometry Surface Estimation
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Random Field Description

ÇNodes: Superpixels (Hoiem et al. 2007)

ÇEdges: (none)

ÇCliques:   15 segmentations  (Hoiem et al. 2007)

ÇFeatures (Hoiem et al. 2007)

ωPerspective, color, texture, etc.

Ç1,000 dimensional space

More Robust
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Quantitative Comparisons

Parametric (Potts)

Functional (Potts)

Hoiem et al. 2007

Functional (Robust Potts)
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Qualitative Comparisons
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Parametric (Potts)

Functional (Potts)



Qualitative Comparisons
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Parametric (Potts)

Functional (Potts) Functional (Robust Potts)



Qualitative Comparisons

Parametric (Potts)

Functional (Potts)

Hoiem et al. 2007

Functional (Robust Potts)
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Qualitative Comparisons
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Parametric (Potts)

Functional (Potts)

Hoiem et al. 2007

Functional (Robust Potts)



Qualitative Comparisons
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Parametric (Potts)

Functional (Potts)

Hoiem et al. 2007

Functional (Robust Potts)



Conclusion

ÇEffective max-margin learning of high-order CRFs

ωEspecially for large dimensional spaces

ωRobust Potts interactions

ωEasy to implement

ÇFuture work

ωNon-linear potentials (decision tree/random forest)

ωNew inference procedures:

VKomodakisand Paragios 2009

VIshikawa 2009

VGould et al. 2009

VRother et al. 2009
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Thank you
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