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Canonical Form of LP
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Primal and Dual Problems
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Primal and Dual Problems
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Examples of Primal/Dual Pairs @ S 7 ‘“a
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Examples of Primal/Dual Pairs
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Examples of Primal/Dual Pairs

Pull the network apart; the shortest path becomes taut
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Weak / Strong Duality Theorem

Theorem. (Weak Duality Theorem)

men meay
Primal value > Dual value

Theorem. (Strong Duality Theorem)
If either primal or dual problem is feasible, then

Primal value = Dual value




Weak / Strong Duality Theorem

Feasible Feasible p*=d* € (—oo
Feasible Infeasible p*=d" = -
Infeasible Feasible *=d* =0

Infeasible Infeasible p* = oo, d*



Proof (Idea) of Weak / Strong Duality Theorems
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Proof (Idea) of Weak / Strong Duality Theorems



Solving LP with No-Regret Algorithms

Arora, Hazan, Kale. The Multiplicative Weights Update Method: A Meta-Algorithm and Applications. 2012.

(Problem 2, Homework 2)



Linear Programming
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Using No-regret algorithm to solve LP

Initialize a no-regret algorithm ALG over Ay
Fort=1,..,T:
Let ALG output y, € Ay

Find x, = argmin y; (b — Ax)
x€XK

Define reward r, = b — Ax,.
Feed reward vector r; to ALG.

7 = ‘i‘“ 2 Xt G:K
min max y‘T(ZeB’(— Ax) < max y"(b — Ax) < min max y'(b — Ax) + log N
XEK yeEAp T yEAy  x€EX yeAy \ T

Need another outer loop of binary search over U




Methods for Solving Linear Programming

Interior point  Poly(m, n, log (1/¢)) General, high accuracy
Simplex Exponential in n in the worst case Often fast, exact solution
Ellipsoid Poly(m, n, log (1/¢)) Mainly theoretical
N Poly(m’, n, 1/€¢, time of best- Cheap best-response oracle
o-regret .
response oracle) Looser accuracy requirement

m: # constraints
n: # variables
m’: # difficult constraints



	Slide 1: Linear Programming and  Learning with Constraints
	Slide 2: Linear Programing 
	Slide 3: Linear Programing 
	Slide 4: Canonical Form of LP
	Slide 5: Primal and Dual Problems
	Slide 6: Primal and Dual Problems
	Slide 7: Examples of Primal/Dual Pairs
	Slide 8: Examples of Primal/Dual Pairs
	Slide 9: Examples of Primal/Dual Pairs
	Slide 10: Weak / Strong Duality Theorem
	Slide 11: Weak / Strong Duality Theorem
	Slide 12: Proof (Idea) of Weak / Strong Duality Theorems
	Slide 13: Proof (Idea) of Weak / Strong Duality Theorems
	Slide 14: Solving LP with No-Regret Algorithms
	Slide 15: Linear Programming
	Slide 16: Linear Programming
	Slide 17: Using No-regret algorithm to solve LP
	Slide 18: Methods for Solving Linear Programming


   max  f ,   F     F


    ∑  e ∈ OUT ( v )    f e −   ∑  e ∈ IN  ( v )    f e =  {    F ,   − F ,   0 ,


  v = s


  v = t


  v ≠ s , t


  0 ≤  f e ≤  c e


  ∀ e ∈ E


  subject   to


   max  f ,   F     F


  0 ≤ f ≤ c


  s . t .  


  B f = F b


  x ≥ 0


  s . t .  


  A x ≥ b


   min x      c ⊤ x


  x ≥ 0


  s . t .  


  A x ≥ b


   min x      c ⊤ x


  y ≥ 0


  s . t .  


   A ⊤ y ≤ c


   max y      b ⊤ y


   max  f ,   F     F


    ∑  e ∈ OUT ( v )    f e −   ∑  e ∈ IN  ( v )    f e =  {    F ,   − F ,   0 ,


  v = s


  v = t


  v ≠ s , t


  0 ≤  f e ≤  c e


  ∀ e ∈ E


  subject   to


   min  y , z   ∑  ( u , v )    c  u v  z  u v


  subject   to


   z  u v ≥  y u −  y v


   z  u v ≥ 0


   y s −  y t = 1


  ∀ ( u , v ) ∈ E


  ∀ ( u , v ) ∈ E


   min  x ≥ 0   ∑  e ∈ E    c e  x e


    ∑  e ∈ OUT ( v )    x e −   ∑  e ∈ IN  ( v )    x e =  {    1 ,   − 1 ,   0 ,


  v = s


  v = t


  v ≠ s , t


  subject   to


   max d      d t −  d s


  subject   to


   d v −  d u ≤  c  u v


  ∀ ( u , v ) ∈ E


  ≥


  =


   p ⋆ =  d ⋆ ∈ ( − ∞ , ∞ )


   p ⋆ =  d ⋆ = − ∞


   p ⋆ =  d ⋆ = ∞


   p ⋆ = ∞ ,      d ⋆ = − ∞


  x ≥ 0


  s . t .  


  A x ≥ b


   min x      c ⊤ x


  y ≥ 0


  s . t .  


   A ⊤ y ≤ c


   max y      b ⊤ y


  x ∈ 𝒦


  s . t .  


  A x ≥ b


   min x      c ⊤ x


  =  min  x ∈ 𝒦    max  y ≥ 0    c ⊤ x +  y ⊤ ( b − A x )


   min  x ∈ 𝒦      g ⊤ x


  𝒦


    𝒦 =  [ − B , B ] d


  A x ≥ b


  x ∈ 𝒦


   c ⊤ x ≤ 𝑼


   argmin  x ∈ 𝒦    max  y ∈  Δ N      y ⊤ (  b ~ −  A ~ x )


   min  x ∈ 𝒦    max  y ∈  Δ N      y ⊤ (  b ~ −  A ~ x )


  x


   A ~ x ≥  b ~


  x ∈ 𝒦


  x


  t = 1 ,   … ,   T


   Δ N


   y t ∈  Δ N


   x t =  argmin  x ∈ 𝒦      y t ⊤ (  b ~ −  A ~ x )


   r t =  b ~ −  A ~  x t


   r t


   min  x ∈ 𝒦    max  y ∈  Δ N      y ⊤  (  b ~ −  A ~ x ) ≤  max  y ∈  Δ N      y ⊤  (  b ~ −  A ~  x ¯ ) ≤  min  x ∈ 𝒦    max  y ∈  Δ N      y ⊤  (  b ~ −  A ~ x ) +    log   N T  


  𝑼


  log   ( 1 / 𝜖 )


  log   ( 1 / 𝜖 )


  𝟏 / 𝝐

