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1 Introduction to duality

1.1 Definition

Consider the following LP:
max ctx

subject to
Ax ≤ b and x ≥ 0

The dual of this linear program is the following LP:

min bty

subject to
ytA ≥ c and y ≥ 0

Since this second problem has a name, it is quite convenient to give a name to the first one: it is called
the primal. In the following, the primal is denoted by (P) and the dual is denoted by (D)

Note that, the variables of the dual, called dual variables, correspond to the constraints in the primal.
Indeed we multiply the matrix A by the left (recall that we want to “buy” the constraints, so each
variable of the dual will provide the “price” of a constraint). And similarly, each variable of the primal
corresponds to a constraint in the dual (we want to be sure that for each possible production it is better
for the producer to sell constraints than to produce something).

This correspondence constraint - variable is the core of the duality in LP. You have to keep it in mind
at any time !

Example Let us consider the “Dovetail” example:

max
(x1,x2)∈R2

3 · x1 + 2 · x2.

subject to
3 · x1 + x2 ≤ 18

x1 + x2 ≤ 9

x1 ≤ 7

x2 ≤ 6

x1, x2 ≥ 0

The dual of this LP is:
min

(y1,y2,y3,y4)∈R4
18 · y1 + 9 · y2 + 7y3 + 6y4.

subject to
3y1 + y2 + y3 ≥ 3

y1 + y2 + y4 ≥ 2

y1, y2, y3, y4 ≥ 0
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1.2 Interpretation of duality for production

So far we have introduced a new LP in a way that might seem completely arbitrary. We will see later
that this dual LP actually has some strong links in a mathematical way with the primal one. But let us
first exhibit a natural “interpretation” of the dual linear program.

In the Dovetail example, the first constraint correspond to the amount of wood available for the
company. Instead of using it for its own production, the company might decide to sell this wood. There
is then a natural question: when is it interesting for the company to sell this wood? and at which price?
Let us denote by y1 the price at which the company decides to sell one unit (cubic meter) of wood.
Similarly, the company might also decide to sell some “production time” on its machine. Let us denote
by y2 the price at which it decides to sell one unit of production time. It might also decide to sell long
tail boxes (y3) and short ones (y4).

The company decides to do that, but does not want to lose money (business is business). In par-
ticular by producing 100, 000 boxes of long tails, the company earns 3, 000$. And in order to do that,
the company “uses” 3 units of wood, 1 unit of machine and 1 unit of long boxes. So we should have
3y1 + y2 + y3 ≥ 3, otherwise it would not be interesting for the company to sell these items / capaci-
ties but rather to produce, they will earn more money. Similarly, for short tails we have the constraint
y1 + y2 + y4 ≥ 2. Which exactly gives us the constraints of the Dual LP !

Assume finally that you want to buy the ressources of the company. Which price would you pay
for each ressource in order to be sure that the company will sell them to you? Your goal is indeed to
minimize the total price of 18y1+9y2+7y3+6y4... And you want to be sure that the company is willing
to sell you the ressources, ie you must satisfy the above constraints.

1.3 General shape of the dual

We have seen the definition of dual when the LP is in canonical form. Though, in many cases, the
problem is not in this form. We have seen that it is always possible to transform a LP in canonical form.
Using this transformation, we’ll see that every type of inequalities and of variables have their equivalent
in the dual. Let us first see what happen if we have ≥ inequalities or equalities in the constraints.

Assume that (P) has the following constraint: atix ≥ bi. By multiplying by minus one this inequality
we obtain: −atix ≤ −bi. In the dual, we create some a non-negative variable yi such that the coefficient
of yi in the objective function is −bi and the coefficient of yi in the j-th constraint (of the dual) is −ai,j .
Now let us replace yi by a new variable y′i such that y′i is non-positive, the coefficient of y′i in the objective
function is bi and the coefficient of y′i in the j-th constraint of the dual is ai,j . A point is a solution of
this new LP if and only if it is a solution of the original one with y′i = −yi.

So an at least inequality of the primal is transformed into a non-positive variable of the dual.
Let us now consider the case where we have an equality constraint atix = bi (it is for instance the

case if the LP is given in standard form). We have to transform this equality into inequalities. As we
have already seen, this inequality can be transformed into the two following inequalities constraints:

atix ≥ bi
atix ≤ bi

So, in the dual (D) we create two variables, denoted by y+i and y−i such that y+i is non-negative (it
corresponds to the first of these two constraints) and y−i is non-positive (according to what we’ve just
seen). By construction of the dual, in the objective function, both have coefficient bi. Let us now look at
the constraints of the dual. For the j-th constraint of the dual, the coefficients of y+i and of y−i are the
same: it is the coefficient ai,j . So in every constraint, we have ai,j(y+i + y−i ).

Consider now the linear program (D2) where the variables y+i and y−− are replaced by a unique
variable yi which is unconstrained. The coefficient of yi in the objective function is bi and the coefficient
of yi for every constraint is the coefficient of both y+i and y−− in the corresponding constraint. Let us
show that any solution of (D2) can be transformed into a solution of (D) and conversely.

Let y be a solution of (D). By putting y′i = y+i + y−i we obtain a solution of (D2) with the same
objective value satisfying all the constraints. Conversely, if y′ is a solution of (D2), then by putting y+i =
y′i or y−i = y′i depending on the sign of y′i, we obtain a solution of (D) with the objective value. So the
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optimal value of both LP are the same. So an equality constraint is transformed into a unconstrained
variable in the dual.

We can use the same type of arguments to show that each non-negative variable leads to a ≥ con-
straints, each non-positive variable leads to a≤ constraints and each unconstrained variable leads to an
equality constraint (do it!). Nevertheless, we wont’ prove it there since it will be a direct consequence
of the fact that the dual of a dual is the primal. So, to conclude, we have the following correspondence:

Primal Dual
max min

Vector of constraint Objective function
Objective function Vector of constraint

Variables Constraints
Constraints Variables

Constraint ≤ Variable ≥ 0
Constraint ≥ Variable ≤ 0
Constraint = Variable unconstrained

Variable ≥ 0 Constraint ≥
Variable ≤ 0 Constraint ≤

Variable unconstrained Constraint =

We will not prove these “equivalences” during the lectures. Some of them will be treated during the
exercises sessions.

Exercise 1. Show that the dual of a non-negative variable is a ≥ constraint.
Show that the dual of a non-positive variable is a ≤ constraint.
Show that the dual of a ≤ constraints is a non negative variable.

2 Duality theorems

2.1 Dual of dual

Theorem 1. Dual of dual is primal.

Proof. Consider a LP (P) in canonical form and its dual (D):

zp = max cTx zd = min bT y

(P ) such that (D) such that

Ax ≤ b AT y ≥ c
x ≥ 0 y ≥ 0

Let us rewrite the dual in order to obtain a canonical form:

−zd = −max−bT y
such that

−AT y ≤ −c
y ≥ 0

Note that optimal value of this LP is the opposite of the optimal value of the dual and the optimal points
are the same. So finally, we can write the dual of this LP and obtain

−(zd)d = −min−cTx′ zp = max cTx

such that ⇔ such that

(−AT )Tx′ ≥ −b Ax ≤ b
x′ ≥ 0 x ≥ 0

which concludes the proof.
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2.2 Weak and strong duality

Consider a LP (P) and its dual (D) in the following form:

zp = max cTx zd = min bT y

(P ) such that (D) such that

Ax ≤ b AT y ≥ c
x ≥ 0 y ≥ 0

Recall that:

• If we consider a maximization problem and the function f is unbounded in F we say that the
optimal value is +∞. If F is empty we say that the optimal value is −∞.

• If we consider a minimization problem and the function f is unbounded in F we say that the
optimal value is −∞. If F is empty we say that the optimal value is +∞.

In both cases, if f is bounded, we say that the optimization problem has an optimal solution (in the sense
that the optimal solution can be reached).

Theorem 2 (Weak Duality). Assume that both (P) and (D) are feasible. The objective value of any point of (D)
is larger or equal to the objective value of any point of (P). In particular we have:

zp ≤ zd.

Proof. By assumption, (P) has some feasible solution x and (D) has some feasible solution y. Since they
are feasible, we have

Ax ≤ b⇒ bT y ≥ (xTAT )y

since y is non-negative. Moreover we have

AT y ≥ c⇒ (yTA)x ≥ cTx

Since x is non-negative. Note that the (xTAT )y = (yTA)x since the transpose of a real number is itself.
So finally we obtain

bT y ≥ cTx

which is satisfied for any pair of points x, y such that x is in the feasible region of (P) and y in the feasible
region of (D). So in particular this inequality holds for the optimal points of respectively (P) and (D).
And then we have the conclusion.

The proof of the theorem shows that as soon as we have a feasible primal solution x and a feasible
dual solution y, we obtain an upper bound (bT y) for the primal optimal objective value zp, and a lower
bound (cx) for the dual optimal objective value zd. From this it follows that if the primal problem is
unbounded (i.e. has an unbounded solution), then the dual problem is infeasible (it is the only way for
a minimization function to be infinite). Similarly, if the dual problem is unbounded, the primal problem
is infeasible (it is the only way for a maximization function to reach −∞). Note that this explains the
conventions given before the weak duality theorem.

The weak duality theorem can be strengthen into the following theorem called the strong duality
theorem.

Theorem 3 (Strong Duality). If the zp 6= −∞ we have:

zp ≥ zd.

The principle of the proof is the following: given an optimal point x of (P), we want to find some y
such that y is in the feasible region of (D) and such that the value of y is the same as the value of x. The
weak duality theorem then ensures that the two values zp and zd are equal. Note that we will not prove
the y is an optimal point, but this fact follows from the Weak Duality Theorem.
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Proof. The LP can be written in the following form when we add the slack variables.

zp = max c′Tx

(P ) such that(
A I

)( x
xs

)
= b

x ≥ 0

where xs is the set of slack variables, c′ = (c0) (the vector c for the variables in x and 0 for the slack
variables). We moreover denote the matrix (A I) as the matrixA′. Recall the LP with the slack variables
has the same optimal value as the LP without the slack variables. Assume that the Simplex Method
has pivoted to an optimal solution x∗. For this optimal solution, we have a basis B. Let NB be the
complement of B. Let us denote by B the matrix (be careful two notations for the same thing) of the
columns ofA corresponding to the columns of the variables of the basisB. LetAN be the other columns
of the matrix. Let us denote by xB the vector of variables of B and by xN the vector of variables of NB.
We have: (

A I
)( x

xs

)
= BxB +ANxN = b⇔ xB = B−1b−B−1ANxN

Moreover the objective function can be rewritten in the following way:

cTBxB + cTNxN = cTBB
−1b+ (cTN − cTBB−1AN )xN

The simplex algorithm terminates if the coefficients of the non-basis variables in the objective function
are non-positive (indeed in this form, the objective function is expressed in terms of non-basic variables).
So we have,

cTN − cTBB−1AN ≤ 0

Moreover, we have the following inequality: cTB − cTBB−1B ≤ 0. So if we “combine” these two inequal-
ities into a single inequality (recall that the matrix A is the matrix AN plus the columns of the matrix
B)

c′T − cTBB−1A′ ≤ 0

In particular, if we restrict this equation to the variables of xS (or differently to the columns correspond-
ing to the vertices of xS) we have:

0T − cTBB−1I ≤ 0

Indeed the initial vector c was completed with 0 when we add slack variables (the objective function is
a function of the original variables). Now let us consider

yT = cTBB
−1

Let us show that y is a feasible solution of (D) and then we will show that the value of the objective
function of (D) at point y equals zp. First we have

−cTBB−1I ≤ 0⇔ y ≥ 0

Moreover we have:
c′T − cTBB−1A′ ≤ 0⇒ yTA′ ≥ cT ⇒ A′T y ≥ c′

So the point y satisfies the constraints of (D). Now let x∗ be the optimal point of (P) which corresponds
to the basic feasible solution xB . All the non-basic coefficients of x∗ are equal to zero (by definition of
B). So in other words, we have x∗N = 0. So the objective function on x∗ equals cTBB

−1b. Let us now
compute the value of the objective function of (D) at point y:

bT y = bT (B−1)T cB

which is precisely the value of the objective function in the point x∗ which achieves the proof of the
Strong Duality Theorem.

Note that the Strong Duality theorem ensures that if a solution is feasible in the primal then its dual
solution is feasible in the dual if and only if it is an optimal solution of the primal. What we mean by
this is the following: if we look at the “prices” for each constraint given by some basic feasible solution
of the primal, then it does not satisfy the constraints of the dual except if the solution is optimal.

5



2.3 Unbounded or unfeasible Linear Programs

Recall that by convention we have:

min{cTx|x ∈ F = ∅} = +∞ and max{cTx|x ∈ F = ∅} = −∞

In the previous section, we have seen that if both (P) and (D) are feasible then zp = zd. One may ask
what happens in the other cases. This section is devoted to understand what happens in these cases.
Before stating the other cases, let us state a useful lemma knwon as Farkas lemma.

Theorem 4 (Farkas’ Lemma). Let m,n ∈ N. Let A be a matrix of size n×m and b be a vector of Rn. Exactly
one of the following two holds:

(i) There exists a vector x ≥ 0 in Rm such that Ax = b.
(ii) There exists a vector c ∈ Rn such that ctb < 0 and ctA ≥ 0.

Let us show the following:

Lemma 5. If (P) is infeasible then (D) is unbounded or infeasible.

Proof. The proof is based on the Farkas’ Lemma. Up to an addition of the slack variables, we can assume
that we are looking for a solution of (

A I
)( x

xs

)
= b

x, xs ≥ 0

in the primal (P) with the objective function max ctx. So in the dual we are looking for:

Aty ≥ c

with unconstrained variables yi and with the objective function min bty.
Assume now that (D) has a solution. So there exists z ≥ 0 such that Atz ≥ c. The Farkas’ Lemma

ensures moreover that there exists y such that

yt
(
A I

)
≥ 0 and bty < 0

Indeed, the equation
(
A I

)(
x
xs

)
= b, x, xs ≥ 0 has no solution so the above equation has a solution.

The set of “constraint” for y (which is the set of columns) can be divided into two parts: Aty ≥ 0
and y ≥ 0. So in particular y ≥ 0. Moreover z + λy is a solution (D) as long as λ ≥ 0. Indeed
At(z + λy) = Atz + λAty ≥ b and z + λy ≥ 0. Let us finally show that the objective function of the dual
tends to infinity when λ tends to infinity. If λ → +∞ then the objective function tends to −∞ (since
bty < 0) which achieves the proof.

So if (P) is infeasible then if (D) is feasible then (D) is unbounded. Note that we have not proved that
it can be unbounded or infeasible, it will be done in exercise.

As we have already mentioned, we have:

Lemma 6. The dual of a unbounded linear program is not feasible.

Proof. Assume that the linear program (P) is unbounded. By weak duality theorem, we know that the
value of any solution of (D) (if it exists) is larger than any solution of (P). So in particular, if (P) is un-
bounded it would mean that any solution of (D) is infinite which is a non-sense. So if (P) is unbounded
then (D) is not feasible.

In the following array, p∗ denotes the optimal value of the primal while d∗ denotes the optimal value
of the dual. A 0 means that this case cannot happen while a 1 ensures that this case can happen.

p∗ = −∞ p bounded p = +∞
d∗ = −∞ 1 0 0
d∗ bounded 0 1 0
d∗ = +∞ 1 0 1

Exercise 2. 1. Find a linear program (P) such that both (P) and its dual (D) are not feasible.

2. Find a linear program (P) such that (P) is not feasible and (D) is unbounded.
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3 Complementary slackness and certificate of optimality

Let us finally prove the following theorem:

Theorem 7 (Complementary Slackness). Let x be a feasible solution to the primal and y be a feasible solution
to the dual. Then x is an optimal point of (P) and y is an optimal point of (D) if and only if the conditions of
Complementary Slackness hold:

(bi −
n∑

j=1

aijxj)yi = xn+iyi = 0 for i = 1, 2, . . . ,m

where xn+i is the slack variable of the i-th constraint of (P) and

(

m∑
i=1

ajiyi − cj)xj = ym+jxj = 0 for i = 1, 2, . . . , n

where ym+j is the slack variable of the j-th constraint of (D).

In other words: If the i-th constraint is not tight then the corresponding slack variable has value 0.
If the slack variable of the i-th constraint is positive then the i-th constraint is not tight.
If the

Interpretation Let us try to interpret this inequality before proving it. Consider the first inequality.
It means that there are two options, either the constraint is tight or the value of the dual variable cor-
responding to this equality equals 0. And it exactly corresponds to what we have seen before in that
lecture. Indeed, either the constraint is tight and we are done, or the constraint is not tight. But in that
case, the shadow price of that constraint is equal to zero. And then the optimal solution of the dual for
that constraint equal zero !

The other inequality can be interpreted similarly.

Proof of Theorem 7 By the weak duality theorem we have

ctx ≤ ytAx ≤ bty

where the mid-equality is correct since Ax ≤ b. So we have:

(ct − ytA)x ≤ 0

yt(b−Axt) ≥ 0

Moreover, the Strong duality theorem ensures that the solutions are optimal if and only if both equalities
equal 0. Note that the value of the i-th coordinate of (b−Axt) is precisely the value of the slack variable
of the i-th variable. The fact that this coordinate is equal to zero precisely ensures that either (bi −∑n

j=1 aijxj) or yi equals 0. The second case is handled symmetrically using the first equation.

Certificate of optimality Let us consider the “Dovetail” example:

max
(x1,x2)∈R2

3 · x1 + 2 · x2.

subject to
3 · x1 + x2 ≤ 18

x1 + x2 ≤ 9

x1 ≤ 7

x2 ≤ 6

x1, x2 ≥ 0
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Its dual is the following LP.

min
(y1,y2,y3,y4)∈R4

18 · y1 + 9 · y2 + 7y3 + 6y4.

subject to
3y1 + y2 + y3 ≥ 3

y1 + y2 + y4 ≥ 2

y1, y2, y3, y4 ≥ 0

Assume that someone is claim that the optimal solution is (3, 6). Can we find an (efficient) way of
checking if it is true or not without computing the optimal solution? The answer is positive ! One can
easily check that two constraints are tight for these values (x2 ≤ 6 and x1+x2 ≤ 9) and that all the other
constraints are satisfied.

Now we can use the complementary slackness to find a contradiction. Indeed it ensures that, since
the first and the third constraint are not tight, the dual variable should be equal to 0. And then y∗1 =
y∗3 = 0 in an optimal solution of the dual y∗ of the dual. We moreover now that, since xt and xc are
positive, the corresponding constraints of the dual have to be tight. So we must have:

y∗2 = 3

y∗2 + y∗4 = 2

So the corresponding solution of the dual would be (0, 3, 0,−1), which does not satisfy the non nega-
tivity constraints, a contradiction ! Si (3, 6) was not a solution of the primal...

4 Farkas’ Lemma

The so-called Farkas’ Lemma, which has a lot of application in combinatorics can be seen as a conse-
quence of strong duality theorem (the two statements are actually “equivalent” since the strong duality
theorem can be also be proved using the Farkas’ Lemma. We propose here a proof based on strong
duality (other proofs exist).

Theorem 8 (Farkas’ Lemma). Let m,n ∈ N. Given vectors a1, · · · , am, b ∈ Rn. Exactly one of the following
two holds:

(i) There exists a vector λ ≥ 0 in Rm such that
∑
λiai = b (i.e. Aλ = b).

(ii) There exists c ∈ Rn such that ctb < 0 and ctai ≥ 0 for all i.
In other words, we want b to be a conic combination of the ai’s, i.e. if we want b to be in the cone

generated by a1, . . . , am. Note that Farkas’ Lemma is a separating hyperplane theorem, that is, either it
ensures that b is a conic combination C of the vectors ai, or it produces a hyperplane H = {x : ctx = 0}
such that the cone generated by a1, . . . , am lies on one side of H (in the half-space {x : ctx ≥ 0}) and
b lies on the other side (ctb < 0). In the latter case, we thus have a proof that b is not in the cone. In
mathematics, there are many separating hyperplane theorems, this one is weaker compared to others
but has a simple proof which does not require the axiom of choice...

We can reformulate Farkas’ Lemma in the following way:

Theorem 9 (Farkas’ Lemma v2.0). Let m,n ∈ N. Let A be a matrix of size n ×m and b be a vector of Rn.
Exactly one of the following two holds:

(i) There exists a vector x ≥ 0 in Rm such that Ax = b.

(ii) There exists a vector c ∈ Rn such that ctb < 0 and ctA ≥ 0.
Proof. Consider the following LP

max 0x

subject to Ax = b

Its dual is
min bty

subject to Aty ≥ 0
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If (i) holds, then the primal is feasible and its value is, indeed, 0. So the dual is feasible and then the
optimal solution of the dual is 0 by Strong Duality Theorem. And then there is no vector u such that
btu < 0 and Atu ≥ 0.

So from now on we can assume that the primal is not feasible. Then we know that the dual is either
not feasible or unbounded. Since u = 0 is a feasible solution of the dual, we know that the dual is
unbounded. So there exists a vector u such that At ≥ 0 and btu < 0, which concludes the proof.

5 Ellipsoid method

Let us briefly discuss the ellipsoid method. We have already seen that there is no (so far) any pivoting
rule that guarantees that the Simplex algorithm stops in polynomial time. The method was introduced
by Shor, Nemirovsky, Yudin in the 1970s. Khachian proved in 1979 that we can use this method to solve
LP in polynomial time.

Let us now describe the outiline of the algorithm. No formal proof of it will be provided, you can
find such proofs in many lectures on the internet or books on that topic.

Before entering into the details, let us first prove the following:

Lemma 10. Finding a point in a polytope is as hard as solving a LP.

Proof. Assume that we want to solve the following LP:

max ctxsubject to Ax ≤ bx ≥ 0

Then, by Strong Duality Theorem it is equivalent to find a point in:

Ax ≤ bAty ≥ cbty − ctx ≤ 0x, y ≥ 0

(since finding a point in this polyhedron consists in finding an optimal solution of both the primal and
the dual of the initial LP).

So from now on, our goal just consists in finding a point in a polyhedron. Assume that we are given
an ellipsoid E with its center and its radii (in all the directions). Assume moreover that the ellipsoid
E contains the whole polytope P . The idea of the algorithm consists in enclosing the polytope P by
reducing little by little the size of E in order to approch P .

The algorithm consists in repeating the following steps a long enough number of steps:

• Test if the center c of the ellipsoid is in P . If yes, stop.

• Otherwise, at least one constraint of P is violated for c. Let C be that constraint.

• Find a new ellipsoid E′ which still contains P and is smaller than E.

Note that we can indeed decide the two first point in polynomial time. For the third point, this is a
bit less clear but we can do the following. Let C be the violated constraint. We can slide this constraint
(ie modify the RHS) in order to make sure that it passes through the center c (indeed, changing the RHS
just consists in moving a hyperplane). Note that this hyperplane H cuts the ellipsoid E into two parts
of equal size. Moreover, since C is a violated constraint, the whole polytope P is included in one of
these two sides. Now we claim the following:

Lemma 11 (Skrinking Lemma). Given the center, the radii of an ellipsoid E and a hyperplane H passing
through the center. Let D be an “half” of the polytope defined by D. It is possible to construct in polynomial time
an ellipsoid E′ containing D. Moreover we have:

vol(E′) ≤ vol(E) · e−1/2n

where vol()̇ denotes the volume and n the dimension of the space.
So we know that when we don’t find a point in the polytope then the volume of the ellipsoid de-

creases a lot. When can we stop? The answer is not clear since the volume of the ellipsoid will never
reach zero. But at some point it will be so close that we can “hope” that no point of our polyhedron can
be included in it... Actually this intuition is almost true.
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Assume that the set of constraitns were of the form Ax ≤ b, then we perturb a bit the set of con-
straints and replace it by Ax ≤ b+ ε. One can prove that P is empty or the volume of P is 2−cn. So we
have to stop when the volume of the ellipsoid is smaller than 2−cnL (we then now that the polytope is
empty !).

Now now simply have to start. In order to do it we have to be sure that we can find an ellipsoid
containing a polyhedra... which is indeed not the case in general ! But again, we can prove that,
if a polyhedron is non empty, then it contains some point which is in the box [−(nL)n, (nL)n] for each
coordinate. Since we only want to find a point in the polyhedron, if it exists, we simply have to consider
the intersection of the polyhedron with these constraints in order to get a polytope. So it is simple to
find an ellipsoid containing this initial polyhedra, which is simply the ball centered at zero and of radius
(nL)n. So the initial volume of the polyhedron is (c ·R)n = cn(nU)n

2

(where c is a constant).
So after t∗ steps of the algorithm, we have:

V ol(Et∗)/V ol(E0) ≤ e−t
∗/2n

So if we choose t∗ to be at least cst · n4 (with some constant large enough), we have:

V ol(Et∗) ≤ 2−cn

which concludes the proof.
For more details and all the calculations, see for instance Chapter 8 of Introduction to linear optimiza-

tion by Dimitris Bertsimas and John N. Tsitsiklis or the lectures by Alantha Newmann given a few years
ago at ENS Lyon (available online on her webpage).
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