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Outline of Lecture 12

 Review: Multiplier (primal-dual and augmented 

Lagrangian methods) and Successive Quadratic 

Programming methods

 Feasible Direction Methods
 Rosen’s Gradient Projection methods

 Reduced Gradient method

 Newton-type methods

 Updating QR decompositions

 Problems with Simple Constraints

 Subgradient Methods for Discrete Optimization

 Cutting plane methods



Copyright ©1991-2009 by K. Pattipati
3

 Let us review the methods that we have discussed so far

Multiplier (primal-dual, AL) Successive Quadratic programming

methods methods

Review of Multiplier and SQP Methods
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 Feasible Direction Methods

Manifold sub-optimization methods 

Gradient projection Reduced gradient Quadratic programming

(Newton-type Methods)

Feasible Direction Methods
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 These methods are good for linear equality and inequality constraints:

Suppose  have a feasible xk. For example, such a point at k=0 can be 

obtained via the following  phase I of LP

Manifold Suboptimization Methods - 1
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 In the process, we get 
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Manifold Suboptimization Methods - 2
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 Basic idea:
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 Key question:

1. How to find dk ? The problem is more general than just 

2. How to update working sets?

Most of the methods based on this idea can be viewed as one of 

solving a quadratic programming problem (QPP) of the form:

Directions via QPP
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•

Updating Working Set - 1
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•

Otherwise, drop the constraint with the most negative
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QR Implementation
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 Choice of Mk determines the type of projection algorithm

• Rosen’s Gradient Projection Algorithm Mk =I

Rosen’s Gradient Projection Algorithm
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Reduced Gradient Method

 Reduced Gradient Method:  
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Newton-type Methods

 Newton-type Methods:
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A General Projection Algorithm - 1

 Algorithm

1. Get initial x0 and working set          .  k=0

2. Determine dk

3. Determine maximum step size       w/o violating any inactive 
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6.

 Linear Programming application 
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A General Projection Algorithm - 2
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- Affine scaling method due to Dikin (1967)

- Actually superior to Karmarkar’s original method 

- These methods belong to the so-called interior point methods for LP 
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Barrier (Penalty) Viewpoint of LP - 1

 More general view of LP via Barrier function methods
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So, Newton direction is a combination of affine scaling 

direction and so called centering direction that minimizes
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Barrier (Penalty) Viewpoint of LP - 2
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Sequential QR Updates - 1

• QR decomposition for initial working set from
− Householder Reflections

− (or) Gram-Schmidt (parallel)

− (or) Givens  Rotations

• Each add (or drop) constraint modifies in one column only. The 

procedure for modifying QR decompositions is as follows:
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− Convergence Analysis: Rate of convergence depends on Eigen values 

of                                        is the projection matrix associated with 

active constraints.  For ROSEN’s gradient projection method

22

1 1

1 1

1

2

1 1 1

Use Givens rotations

.....

...

Suppose want to add a column 

:

; ....
0 10 1

0

:

0

a

T T T

m i i

i i m

T

iT T T T

m r n m r

J J J H R

Q QJ J J

w

w

R Q a R w
Q A J J w w

 

 

    



 

 
 
 
 

     
       
      

 
 
 
 







 1 2 1....
a

T T

m r m r iA a a a a A a  
    



1 1.....n m rQ QJ J  

2 ( )  where k k k kP f x P P

2*

1 max min

*

max min

( ) ( )
lim

( ) ( )

k

k
k

f x f x

f x f x

 

 




 
  

  

Sequential QR Updates - 2
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Optimization with Simple Constraints - 1

For reduced gradient method, convergence rate depends on eigen values of
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• Optimization with simple constraints
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− A Steepest descent method:

− Generalized gradient method:
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− Extension to upper and lower bound constraints:
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Optimization with Simple Constraints - 2
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Suppose at the first trail point 
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Optimization with Discerete Variables - 1
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Example

 Example:
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Proof of Convergence Property 

• Proof:  
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Step Size Selection 
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 Advantages: 

 Disadvantages: Not easy to tune the parameters  and 

• Ideas are intuitively clear
• Straightforward implementation
• Computationally efficient
• Works well     
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Cutting plane Methods
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Summary

 Review: Multiplier (primal-dual and augmented 

Lagrangian methods) and Successive Quadratic 

Programming methods

 Feasible Direction Methods
 Rosen’s Gradient Projection methods

 Reduced Gradient method

 Newton-type methods

 Updating QR decompositions

 Problems with Simple Constraints

 Subgradient Methods for Discrete Optimization

 Cutting plane methods


