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Overview

• Max-margin Markov networks captures the 
strengths of the two frameworks:

– Kernel-based approaches (i.e. SVMs): the ability to 
use high-dimensional feature spaces; strong 
theoretical guarantees.

– Graphical models (i.e. Markov networks): the ability to 
represent correlations between labels.

Problem Formulation

• Multi-label supervised learning:
– Input:

– Output: 
• Example problem:
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Discriminative vs. Generative Models 

• Linear Discriminative Model:

• Generative Model:
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Markov Network
• A pairwise Markov network

– A graph G=(Y,E)
– A potential function associated with each edge

• The joint conditional probability distribution
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Marginal-based Markov networks

• Goal:

• Start with formulation of SVMs for a single-label 
binary classification:
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• In the multi-label setting, the margin between t(x) and y
scales linearly with the number of wrong labels in y, ∆tx(y):

where

• The QP form:

Margin-based Markov networks
• Introduction of slack variables, the primal formulation:

• The dual formulation:

Margin-based Markov networks

Exploiting Structure in M3 networks

• Note: the number of constraints in the 
primal QP and the number of variables in 
the dual QP are exponential in the number 
of labels.

• Main Idea: the variables             in the dual 
formulation can be interpreted as a density 
function over y conditional on x.

• Define the marginal dual variables:

• Require conditions:
– Consistency:
– The Markov network is a forest.

• The equivalent dual QP:

Exploiting Structure in M3 networks

Generalization Error Bound
• A γ-margin per-label loss measures the worst per-label loss on x 

made by any classifier z which is perturbed from wTfx by at most a γ-
margin per-label.
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Conclusion

• M3 networks integrate kernel methods 
with graphical models.

• M3 networks effectively train by exploiting 
the network structure, i.e. a forest.

• Authors provide theoretical guarantees on 
the average per-label generalization error 
of the model in term of training set margin.


