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 Primal-Dual Method

1.

2.

1.

2.

 We will have more to say about this in the context of augmented

Lagrangian methods. 

Example Solution via Primal-Dual Method
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 Defn: The inequality constraint                 is said to be binding or active at 

the point       if                ; it is nonbinding if

 Set of active( or binding) constraints:

 Idea:  If we can identify the active set at the optimum, then solve equality 

constrained problem & delete the rest of the nonbinding constraints

 Defn :     is a regular point if the gradient vectors                                 and

are linearly independent
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s.t.  ( ) 0,  1,2,...,                                  s.t.  ( ) 0

      ( ) 0,  1,2,...,                                
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Inequality (Mixed) Constraints
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 Necessary and sufficient conditions for optimality: Also called 

Krusch-Kuhn-Tucker conditions.  We derive the conditions by 

converting the problem into an equality constrained problem  

 Define

 is a solution of problem 1

solution to modified problem

Karusch-Kuhn-Tucker (KKT) Conditions -1
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 Binding inequality constraint *  0jz 
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 What do the first and second order conditions yield?

• 1st order conditions

• 2nd order conditions 

* * * * * * * *
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such that

 The quadratic term simplifies to
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 Karusch-Kuhn-Tucker (KKT) necessary conditions 

 Sufficient conditions: Replace        by

* * * * *
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 Example 2:    
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 Second order condition
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 Second order condition
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Illustration of Optimality Conditions - 4
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 For linear inequality constraints, Lagrange multipliers exist even in 

the absence of regularity condition  Don’t need independence of 

rows of A

This proof is based on Farkas’ lemma

 Farkas’ lemma : Let                          . Let     be another vector in 
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 Convex programming problems and Duality

 Geometric interpretation of Lagrange multiplier vector 

Convex Programming and Duality-1
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 Saddle Point  Theorem



Saddle Point Theorem - 1
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*
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If we let 
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Primal-Dual Problems - 1
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 LP with inequality constraints and non-negative x
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 Production allocation

A unit of electric power must be produced by  units.   is the amount produced 

by unit .  ( ) cost of producing  units by th unit. Assumed to be convex.
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 Separable programming problem
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 Note that max ( ) is a one-dimensional search problem.q
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Primal-Dual Problems - 4
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 Algorithm is well-suited for parallel implementation 

Update λ

  

*( )nx 
*

2 ( )x 
*

1 ( )x 

1

opt.

  x 2

opt.

  x

opt.

  nx

• This algorithm works even 

with asynchronous updates

Primal-Dual Problems - 5
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 Now, we have the machinery to develop algorithms 

1. Penalty and augmented Lagrangian methods ….. Relation to 

primal-dual methods

2. Feasible direction methods…..

3. Solving the necessary conditions of optimality 

Manifold sub-optimization methods 

Gradient projection Reduced gradient Quadratic programming

Constrained Optimization Algorithms
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