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2 Linear Programming Modeling
Modeling is the most critical step in solving real-world optimization problems. A well-formulated

linear programming model translates a complex practical situation into a mathematical structure that
can be analyzed and solved efficiently. Poor modeling often leads to infeasible or irrelevant solutions,
regardless of the quality of the solution algorithm.

2.1 General Principles of Modeling
The modeling process begins with a clear understanding of the real problem. This includes identifying

the decision-makers objectives, the available resources, and the operational constraints. The challenge
lies in expressing these elements using linear relationships while preserving the essential characteristics
of the system.

2.2 Fundamental Definitions
Decision variables represent the unknown quantities that must be determined. They usually corres-

pond to production levels, allocation amounts, or activity intensities. Objective function is a linear
expression of the decision variables that reflects the goal of the decision-maker, such as maximizing profit
or minimizing cost.

Constraints are linear relations that limit the feasible values of the decision variables. They represent
physical, economic, or organizational restrictions.

Feasible solution is any assignment of decision variables that satisfies all constraints.

2.3 Methodology for Building a Model
The construction of a linear programming model typically follows these steps :
1. Identification of decision variables.
2. Definition of the objective function.
3. Formulation of constraints based on available resources.
4. Verification of linearity and feasibility.
5. Validation of the model using simple test cases.

2.4 Importance of Modeling
Modeling plays a crucial role in decision-making. A good model provides insight into the structure of

the problem, identifies critical constraints, and supports strategic planning. Linear programming models
are particularly valuable because they are transparent and interpretable, allowing decision-makers to
understand the impact of each parameter.

2.5 Examples of Modeling
Example 1 : Industrial Production A factory produces several products using limited resources.

The goal is to maximize total profit while respecting resource constraints.
Example 2 : Agricultural Planning A farmer allocates land and water between crops to maximize

revenue under resource limitations.
Example 3 : Transportation Problem (Graph-Based) Goods are transported from warehouses

to stores at minimal cost. Decision variables represent shipment quantities along network arcs.
Example 4 : Financial Portfolio An investor distributes capital among assets to maximize expected

return subject to budget and policy constraints.
These examples illustrate the versatility of linear programming across different application domains.
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Sheet n◦1
Modelization (LP)

Exercise 01
A carpenter produces tables and chairs made of wood and metal for a retailer. He employs two young

apprentices. His weekly stock is 60 m2 of wood and 30 m of metal.
Production requirements :

— One table requires 3 hours of work, 5 m2 of wood, and 2 m of metal ;
— One chair requires 1.5 hours of work, 2 m2 of wood, and 1 m of metal.
The carpenter and his apprentices work 40 hours per week. Profit is 2000 DA per table and 1200 DA

per chair. All production is sold.
Question : Formulate this problem as a linear program to maximize weekly profit.

Exercise 02
A company produces two types of belts : A and B. Type A is of higher quality than type B.

— Unit profit : 200 DA for A and 150 DA for B ;
— The production time of belt A is twice that of belt B ;
— If all belts were type B, the company could produce 1000 per day ;
— Available leather allows production of 1400 belts per day ;
— 800 buckles for type A and 900 for type B are available per day.
Question : Formulate a linear program to maximize total profit.

Exercise 03
Aerial transport must be organized to carry 1600 people and 90 tons of luggage.
Two types of planes are available :

— 12 planes of type A, capacity : 200 people and 6 tons of luggage ;
— 9 planes of type B, capacity : 100 people and 6 tons of luggage.
Rental costs :

— 800, 000 F for a type A plane ;
— 200, 000 F for a type B plane.
Question : Formulate the problem to determine the optimal number of each type of plane minimizing

total cost.

Exercise 04
A chocolatier prepares assortments consisting of three types of chocolate labeled 1, 2, and 3.
Costs (per kg) are respectively :

400 DA, 140.5 DA, 240 DA.

Each assortment :
— weighs 1 kg and is sold for 800 DA ;
— Chocolate 1 accounts for 10% to 20% of the weight ;
— Chocolates 1 and 2 must not exceed 800 g ;
— At least half of the weight must come from chocolates 1 and 3.
Question : Determine the proportions of each chocolate to maximize net revenue.
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Exercise 05
A company has 10, 000 m2 of cardboard and manufactures two types of boxes.

— Type 1 : 1 m2 of cardboard and 2 minutes of assembly ;
— Type 2 : 2 m2 of cardboard and 3 minutes of assembly.

Available time is 200 hours per week. Type 2 requires four times more staples than type 1. Staple
stock allows assembling at most 15, 000 type 1 boxes.

Selling prices are $3 and $5.
Questions :
1. Formulate the linear program to maximize revenue.
2. Solve the linear program graphically.

Exercise 06
A tourist professional can sell 500 postcards and 20 guidebooks. He offers two packages :

— Package N1 : 1 guidebook and 10 postcards, profit 60 DA ;
— Package N2 : 1 guidebook and 50 postcards, profit 100 DA.
Question : Model the problem and determine the optimal number of packages.

Exercise 07
A farmer feeds his cow with two feed powders P1 and P2.

— P1 (900 g) : 100 g of A, 200 g of B, 600 g of C ;
— P2 (600 g) : 200 g of each ingredient.

Daily requirements :
A ≥ 300 g, B ≥ 500 g, C ≥ 700 g.

Prices : 300 DA/kg for P1, 200 DA/kg for P2.
Question : Determine the minimum daily cost.

Exercise 08
An olive oil producer exports ordinary and high-quality oil.

— Annual maximum : 5000 liters (ordinary), 1000 liters (high quality).

He offers :
— Pack 1 : 2 liters ordinary + 4 liters quality, profit $4 ;
— Pack 2 : 6 liters quality, profit $10 ;
— Pack 3 : 6 liters ordinary, profit $3.
Question : Formulate and solve the profit maximization problem.

Exercise 09
A company wants to invest exactly $100,000 in three projects :

— Real estate : $60,000, profit $2900 ;
— Stocks : $2000 per share, profit $800 ;
— Land : $300/m2, profit $100/m2.
Question : Model the problem to maximize total profit.
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Exercise 10
A factory has three machines A, B, and C.

— Machine A : apricot jelly (max 15 t/day), 200 kg waste per ton ;
— Machine B : strawberry jam and jelly (max 10 t/day), 100 kg waste per ton ;
— Machine C : processes at most 2 tons of waste per day.

Purchase prices (per ton) :

3000$ apricots, 3500$ strawberries, 1200$ sugar.

Selling prices :
4500$ apricot jelly, 5000$ strawberry jelly, 4000$ jam.

Questions :
1. Formulate the linear program.
2. Determine graphically the optimal production plan.
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Detailed Solutions – Linear Programming (Sheet nř1) Selected exercises : 1, 2, 3, 6, 7, 9

Exercise 01 – Carpenter (Tables and Chairs)
1. Formulation

Decision variables.

x1 = number of tables produced per week,

x2 = number of chairs produced per week.

Objective function. Each table yields a profit of 2000 DA and each chair 1200 DA. Since all
production is sold, the weekly profit to maximize is

max Z = 2000x1 + 1200x2.

Constraints.
— Labor : a table needs 3 h and a chair 1.5 h ; the carpenter and his two apprentices work 40 h/week :

3x1 + 1.5x2 ≤ 40.

— Wood : 5 m2 per table, 2 m2 per chair, weekly stock 60 m2 :

5x1 + 2x2 ≤ 60.

— Metal : 2 m per table, 1 m per chair, weekly stock 30 m :

2x1 + x2 ≤ 30.

— Non-negativity : x1, x2 ≥ 0.
Complete linear program : 

max Z = 2000x1 + 1200x2

3x1 + 1.5x2 ≤ 40
5x1 + 2x2 ≤ 60
2x1 + x2 ≤ 30
x1, x2 ≥ 0

2. Graphical resolution
We compute the vertices of the feasible polygon by intersecting the boundary lines two at a time and

discarding the points that violate at least one constraint.

Vertex x1 x2 Feasible ? Z = 2000x1 + 1200x2
O 0 0 yes 0
On metal/wood axis (x2 = 0) 12 0 yes 24 000
Labor ∩ Wood 20/3 ≈ 6.67 40/3 ≈ 13.33 yes 29 333.3
Labor ∩ (x1 = 0) 0 80/3 ≈ 26.67 yes 32 000

Note. The lines "Labor" (3x1 + 1.5x2 = 40) and "Metal" (2x1 + x2 = 30) are parallel (same direction
ratio 2 : 1), so they never intersect ; the metal constraint is never binding together with labor. The
intersection of "Wood" and "Metal" gives the point (0, 30), which violates the labor constraint (1.5×30 =
45 > 40) and is therefore not a vertex of the feasible region.

Interpretation. Profit per labor-hour is 2000/3 ≈ 666.7 DA for a table versus 1200/1.5 = 800 DA
for a chair. Since labor is the binding resource, chairs are more profitable per hour worked, which explains
why the optimum favors chairs exclusively.
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3. Optimal solution

x⋆
1 = 0, x⋆

2 = 80
3
≈ 26.67 chairs, Z⋆ = 32 000 DA/week.

The carpenter should devote all his time to producing chairs (about 2627 chairs per week), generating
a maximum weekly profit of 32,000 DA. The wood and metal stocks are not fully used at this optimum
(2× 26.67 = 53.3 m2 of wood and 26.67 m of metal are consumed, leaving slack).

Exercise 02 – Production of Belts A and B

1. Formulation
Decision variables.

xA = number of type-A belts produced per day,

xB = number of type-B belts produced per day.

Objective function.
max Z = 200xA + 150xB .

Constraints.
Production time. Let t be the time required to produce one belt B ; belt A requires 2t. If the factory

produced only belt B, it could make 1000 units/day, so the total daily production time available is
T = 1000t. The time constraint is

2t xA + t xB ≤ 1000t =⇒ 2xA + xB ≤ 1000.

Leather. Available leather allows at most 1400 belts per day (of either type) :

xA + xB ≤ 1400.

Buckles. At most 800 buckles for type A and 900 for type B are available :

xA ≤ 800, xB ≤ 900.

Non-negativity : xA, xB ≥ 0.
Complete linear program : 

max Z = 200xA + 150xB

2xA + xB ≤ 1000
xA + xB ≤ 1400
xA ≤ 800
xB ≤ 900
xA, xB ≥ 0

2. Graphical resolution
First note that the leather constraint xA + xB ≤ 1400 is redundant : given 2xA + xB ≤ 1000,

xA ≤ 800 and xB ≤ 900, the maximum possible value of xA + xB never exceeds 1400 (it is at most 950,
see below), so this constraint never becomes active.

Vertex xA xB Feasible ? Z = 200xA + 150xB

O 0 0 yes 0
Time-line ∩ (xB = 0) 500 0 yes 100 000
Time-line ∩ (xB = 900) 50 900 yes 145 000
(xA = 0) ∩ (xB = 900) 0 900 yes 135 000

(The point xA = 800 combined with the time constraint would give xB = 1000 − 1600 < 0, hence is
infeasible – the buckle limit on A is never reached.)
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3. Optimal solution

x⋆
A = 50 belts, x⋆

B = 900 belts, Z⋆ = 145,000 DA/day.

The company should produce 900 belts of type B (its full buckle capacity) and only 50 belts of type
A, leaving the leather supply largely unused.

Exercise 03 – Aerial Transport (Cost Minimization)
1. Formulation

Decision variables.

x = number of type-A planes rented,

y = number of type-B planes rented.

Objective function. Minimize the total rental cost :

min C = 800,000x + 200,000y.

Constraints.
Passengers : type A carries 200 people, type B carries 100 people ; at least 1600 people must be

transported :
200x + 100y ≥ 1600 =⇒ 2x + y ≥ 16.

Luggage : both types carry 6 tons each ; at least 90 tons must be transported :

6x + 6y ≥ 90 =⇒ x + y ≥ 15.

Availability : only 12 planes of type A and 9 of type B exist :

x ≤ 12, y ≤ 9.

Non-negativity : x, y ≥ 0.
Complete linear program : 

min C = 800,000x + 200,000y

2x + y ≥ 16
x + y ≥ 15
x ≤ 12
y ≤ 9
x, y ≥ 0

2. Graphical resolution
Because y ≤ 9, the luggage/passenger constraint x + y ≥ 15 forces x ≥ 6. We compare the relevant

feasible vertices :

Vertex x y Feasible ? C = 800,000x + 200,000y
(x + y = 15) ∩ (y = 9) 6 9 yes 6,600,000
(x + y = 15) ∩ (x = 12) 12 3 yes 10,200,000
(x = 12) ∩ (y = 9) 12 9 yes 11,400,000

Along the active line x + y = 15, writing y = 15− x, the cost becomes

C(x) = 800,000x + 200,000(15− x) = 600,000x + 3,000,000,

which is increasing in x. Hence the cost is minimized at the smallest admissible value of x, namely x = 6
(forced by y ≤ 9). The passenger constraint 2x+y ≥ 16 is then automatically satisfied (2(6)+9 = 21 ≥ 16)
and is not binding.
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3. Optimal solution

x⋆ = 6 planes of type A, y⋆ = 9 planes of type B, C⋆ = 6,600,000 F.

With this combination : 6(200) + 9(100) = 2100 ≥ 1600 passengers, and 6(6) + 9(6) = 90 tons of
luggage exactly – the luggage capacity is fully used while passenger capacity has slack.

Exercise 06 – Tourist Packages
1. Formulation

Decision variables.

x1 = number of packages N◦1 sold,

x2 = number of packages N◦2 sold.

Objective function.
max Z = 60x1 + 100x2.

Constraints.
Guidebooks : each package (of either type) uses exactly 1 guidebook, and at most 20 guidebooks are

available :
x1 + x2 ≤ 20.

Postcards : package N◦1 uses 10 postcards, package N◦2 uses 50 postcards, with 500 postcards avai-
lable :

10x1 + 50x2 ≤ 500 =⇒ x1 + 5x2 ≤ 50.

Non-negativity : x1, x2 ≥ 0.
Complete linear program : 

max Z = 60x1 + 100x2

x1 + x2 ≤ 20
x1 + 5x2 ≤ 50
x1, x2 ≥ 0

2. Graphical resolution
Vertex x1 x2 Feasible ? Z = 60x1 + 100x2
O 0 0 yes 0
Guidebooks ∩ (x2 = 0) 20 0 yes 1200
Guidebooks ∩ Postcards 12.5 7.5 yes 1500
Postcards ∩ (x1 = 0) 0 10 yes 1000

The intersection of the two constraint lines is found by solving{
x1 + x2 = 20
x1 + 5x2 = 50

=⇒ 4x2 = 30 =⇒ x2 = 7.5, x1 = 12.5.

3. Optimal solution

x⋆
1 = 12.5, x⋆

2 = 7.5, Z⋆ = 1500 DA.

Remark. Since the number of packages sold must be an integer in practice, the continuous optimum
should be rounded and re-checked against the constraints (e.g. testing (12, 8) or (13, 7)) to find the best
integer-feasible solution ; here (x1, x2) = (12, 8) gives x1 + 5x2 = 52 > 50 (infeasible), while (13, 7) gives
x1 + 5x2 = 48 ≤ 50 and x1 + x2 = 20 ≤ 20 (feasible), with Z = 60(13) + 100(7) = 1480 DA, the best
integer solution near the LP optimum.
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Exercise 07 – Cattle Feed Mixture (Cost Minimization)
1. Formulation

Decision variables. Since powders P1 and P2 are sold in fixed-composition units (900 g and 600 g
respectively), let

x1 = number of (900 g) units of P1 used per day,

x2 = number of (600 g) units of P2 used per day.

Composition per unit.

A (g) B (g) C (g)
P1 (900 g) 100 200 600
P2 (600 g) 200 200 200

Cost per unit. Prices are given per kg : 300 DA/kg for P1 and 200 DA/kg for P2. Hence

cost of one unit of P1 = 0.9× 300 = 270 DA, cost of one unit of P2 = 0.6× 200 = 120 DA.

Objective function.
min C = 270x1 + 120x2.

Constraints (minimum daily nutrient requirements).

(A) 100x1 + 200x2 ≥ 300 =⇒ x1 + 2x2 ≥ 3,

(B) 200x1 + 200x2 ≥ 500 =⇒ x1 + x2 ≥ 2.5,

(C) 600x1 + 200x2 ≥ 700 =⇒ 3x1 + x2 ≥ 3.5,

together with x1, x2 ≥ 0.
Complete linear program : 

min C = 270x1 + 120x2

x1 + 2x2 ≥ 3
x1 + x2 ≥ 2.5
3x1 + x2 ≥ 3.5
x1, x2 ≥ 0

2. Graphical resolution
Vertex x1 x2 Feasible ? C = 270x1 + 120x2
(A)∩(x1 = 0) 0 1.5 no (violates B, C) –
(A)∩(C) 0.8 1.1 no (violates B) –
(A)∩(B) 2 0.5 yes 600
(B)∩(C) 0.5 2 yes 375
(C)∩(x2 = 0) 1.167 0 no (violates A) –
(A)∩(x2 = 0) 3 0 yes 810
(C)∩(x1 = 0) 0 3.5 yes 420

The feasible region is unbounded above (since all constraints are ≥), so we examine its lower-left
vertices. The intersection of (B) and (C) :{

x1 + x2 = 2.5
3x1 + x2 = 3.5

=⇒ 2x1 = 1 =⇒ x1 = 0.5, x2 = 2,

and we verify constraint (A) : 0.5 + 2(2) = 4.5 ≥ 3 – satisfied with slack, so (0.5, 2) is indeed a feasible
vertex, and it yields the lowest cost found.
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3. Optimal solution

x⋆
1 = 0.5 unit of P1 (450 g), x⋆

2 = 2 units of P2 (1200 g), C⋆ = 375 DA/day.

At this optimum, constraints (B) and (C) are exactly satisfied (binding) : B = 500 g and C = 700 g,
while A = 450 g exceeds the 300 g requirement (slack of 150 g).

Exercise 09 – Investment Allocation
1. Formulation

Decision variables.

n1 = number of $60,000 real-estate units purchased,

n2 = number of stock shares purchased ($2000 each),
n3 = number of m2 of land purchased ($300 each).

Objective function. Maximize total profit, knowing the unit profits are $2900 (real estate), $800
(per share), and $100 (per m2 of land) :

max Z = 2900n1 + 800n2 + 100n3.

Constraint. The company invests exactly $100,000 :

60,000 n1 + 2000 n2 + 300 n3 = 100,000.

Non-negativity : n1, n2, n3 ≥ 0.
Complete linear program :

max Z = 2900n1 + 800n2 + 100n3

60,000n1 + 2000n2 + 300n3 = 100,000
n1, n2, n3 ≥ 0

2. Analysis and resolution
With a single linear equality relating three nonnegative variables, the most informative way to

compare the investment options is the profit yield per dollar invested :

2900
60,000

≈ 4.83%,
800
2000

= 40%,
100
300
≈ 33.3%.

Since the budget constraint is the only restriction given, the LP (as stated) is optimized by allocating
the entire budget to the option with the highest return per dollar, namely stocks (40% yield), which
dominates land (33.3%) and real estate (4.83%).

3. Optimal solution

n⋆
1 = 0, n⋆

2 = 100,000
2000

= 50 shares, n⋆
3 = 0, Z⋆ = 800× 50 = $40,000.

Remark. In a more realistic model, additional constraints (e.g. minimum diversification requirements,
maximum exposure per asset class, or integer/lot-size restrictions on real estate and land) would be
added ; with only the budget constraint given, the optimal policy is to invest the full $100,000 in the asset
with the best return-per-dollar ratio, i.e. stocks.
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CHAPITRE 2
GEOMETRY OF LINEAR PROGRAMMING

1 Vector Spaces, Matrix Rank and Linear Systems
Introduction

Linear Programming (LP) is fundamentally grounded in linear algebra. The geometric interpretation
of LP relies heavily on vector spaces, linear transformations, matrix rank, and systems of linear equations.
This section revisits these notions with a geometric perspective specifically oriented toward optimization
problems.

1.1 Vector Spaces

Définition 2.1 (Vector Space). Let K be a field (R or C). A set V equipped with two operations
(addition and scalar multiplication) is called a vector space if it satisfies the usual axioms of linearity.

Exemple 2.1. The set Rn endowed with component-wise addition and scalar multiplication is a
vector space.

1.2 Linear Independence and Dimension

Définition 2.2. Vectors v1, . . . , vk ∈ V are linearly independent if

α1v1 + · · ·+ αkvk = 0⇒ α1 = · · · = αk = 0.

Théorème 2.1 (Dimension Theorem). Any two bases of a finite-dimensional vector space have the
same cardinality.

Preuve Let V be a finite-dimensional vector space, and let B1 = {v1, . . . , vm} and B2 = {w1, . . . , wn}
be two bases of V .

Since B1 is a basis, it is a linearly independent set. Since B2 spans V , every vector in B1 can be
written as a linear combination of vectors of B2. By the Replacement (Steinitz Exchange) Lemma, the
number of vectors in a linearly independent set cannot exceed the number of vectors in any spanning
set. Hence,

m ≤ n.
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By symmetry, exchanging the roles of B1 and B2, we also obtain

n ≤ m.

Therefore, m = n, and any two bases of V have the same cardinality.

1.3 Matrices and Rank

Définition 2.3 (Rank of a Matrix). The rank of a matrix A ∈ Rm×n is the dimension of its column
space.

Proposition 2.1. The rank of a matrix is equal to the maximum number of linearly independent
rows.

Preuve Let A ∈ Rm×n be a matrix. Recall that the rank of A, denoted by rank(A), is defined as the
dimension of the row space of A, that is, the vector space generated by the rows of A.

Let R1, R2, . . . , Rm be the rows of A. The row space of A is therefore

R(A) = span{R1, R2, . . . , Rm}.

By definition of the dimension of a vector space, the dimension of R(A) is equal to the cardinality
of any basis of R(A). A basis of R(A) consists of a maximal set of linearly independent rows of A.

Hence, the dimension of the row space is equal to the maximum number of linearly independent
rows of A. Therefore,

rank(A) = max{number of linearly independent rows of A}.

This completes the proof.

1.4 Systems of Linear Equations
A linear system can be written as

Ax = b.

Théorème 2.2 (RouchéCapelli). The system Ax = b admits a solution if and only if

rank(A) = rank(A|b).

1.5 Geometric Interpretation
Each equation defines a hyperplane in Rn. The solution set is the intersection of these hyperplanes.

System Type Geometry
Unique solution Single point
Infinite solutions Affine subspace

No solution Empty set

2 Convex Sets and Polyhedral Geometry
Introduction

The feasible region of a linear programming problem is a convex set. Understanding convexity is
therefore essential to the geometric interpretation of LP.
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2.1 Convex Sets

Définition 2.4 (Convex Set). A set C ⊂ Rn is convex if

∀x, y ∈ C, ∀λ ∈ [0, 1], λx + (1− λ)y ∈ C.

Exemple 2.2. Any affine subspace and any half-space are convex.

2.2 Hyperplanes and Half-Spaces

Définition 2.5. A hyperplane is a set of the form

H = {x ∈ Rn : aT x = b}.

Définition 2.6. A half-space is defined by

aT x ≤ b.

2.3 Polyhedra

Définition 2.7 (Polyhedron). A polyhedron is the intersection of finitely many half-spaces :

P = {x ∈ Rn : Ax ≤ b}.

Théorème 2.3. Every feasible region of a linear programming problem is a convex polyhedron.

Preuve Consider a linear programming problem in standard form. Its feasible region is defined as
the set of all vectors x ∈ Rn satisfying a finite system of linear constraints, that is,

F = {x ∈ Rn | Ax ≤ b, x ≥ 0},

where A ∈ Rm×n and b ∈ Rm.
Each inequality of the form aT

i x ≤ bi defines a half-space in Rn. It is well known that every
half-space is a convex set. Moreover, the non-negativity constraints x ≥ 0 also define convex sets.

Since the feasible region F is the intersection of finitely many half-spaces, and since the intersec-
tion of convex sets is convex, it follows that F is a convex set.

Furthermore, because F is defined by a finite number of linear inequalities, it is a polyhedron by
definition.

Therefore, the feasible region of any linear programming problem is a convex polyhedron.

2.4 Extreme Points

Définition 2.8. A point x ∈ P is an extreme point if it cannot be expressed as a strict convex
combination of two distinct points of P .

Théorème 2.4 (Fundamental Theorem of Linear Programming). If a linear programming problem
has an optimal solution, then at least one optimal solution is attained at an extreme point of the
feasible polyhedron.
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beginproof Consider the linear programming problem

max{cT x | x ∈ F},

where F ⊂ Rn is the feasible region and c ∈ Rn is a given vector. Assume that the problem has an
optimal solution.

From the previous theorem, the feasible region F is a convex polyhedron. Let x∗ ∈ F be an optimal
solution. If x∗ is an extreme point of F , the proof is complete.

Suppose now that x∗ is not an extreme point of F . Then, by definition of an extreme point, there
exist two distinct points x(1), x(2) ∈ F and a scalar λ ∈ (0, 1) such that

x∗ = λx(1) + (1− λ)x(2).

Since the objective function cT x is linear, we have

cT x∗ = λcT x(1) + (1− λ)cT x(2).

Because x∗ is optimal, it follows that

cT x(1) ≤ cT x∗ and cT x(2) ≤ cT x∗.

Hence,
cT x(1) = cT x(2) = cT x∗,

which means that both x(1) and x(2) are also optimal solutions.
If either x(1) or x(2) is an extreme point of F , then an optimal solution is attained at an extreme

point. Otherwise, the same argument can be applied repeatedly. Since a polyhedron has finitely many
extreme points, this process must terminate at an extreme point that is optimal.

Therefore, if a linear programming problem has an optimal solution, then at least one optimal solution
is attained at an extreme point of the feasible polyhedron.

2.5 Simplex and Vertices

Définition 2.9 (Simplex). A simplex in Rn is the convex hull of n + 1 affinely independent points.

2.6 Geometric Illustration

x1

x2

Figure 2.1 – Feasible polyhedron and extreme points

2.7 Table : Geometric Objects in LP
Concept Interpretation
Constraint Half-space
Feasible set Polyhedron
Extreme point Vertex
Optimal solution Vertex
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Conclusion
The geometry of linear programming provides a powerful framework for understanding feasibility,

optimality, and algorithmic behavior. These concepts form the theoretical foundation of the simplex
method and modern optimization theory.

The linear programming (LP) problems presented in the previous section can be solved using specific
mathematical methods. Among these methods, we cite :

1. The graphical method,
2. The enumeration method,
3. The simplex method.
In the following sections, we present these methods and highlight their advantages and disadvantages.

Some Definitions and Theorems
(Adapted from F. Droesbeke, M. Hallin, C. Lefevre, Linear Programming by Example, Ellipses Edition,

1986.)
Feasible or Admissible Solution : A solution that satisfies all constraints. That is, a solution x

such that all constraints are satisfied.
Feasible Space or Constraint Polyhedron : The set P of all feasible points, i.e.,

P = {x ∈ Rn | x satisfies all constraints}.

Optimal Solution : A feasible point x∗ that optimizes the objective function Z(x) over P , i.e., for
a maximization problem, a point x∗ such that

Z(x∗) = max
x∈P

Z(x).

Optimal Value : The value Z(x∗) attained by any optimal solution x∗.

Théorème 2.5. The set of feasible solutions of an LP defines in the decision space a convex set
(called feasible region) which is either :

— an empty set,
— an unbounded convex polyhedron,
— a convex polyhedron.

Preuve Let us consider a linear programming (LP) problem in standard form. The set of feasible
solutions is defined as

F = {x ∈ Rn | Ax ≤ b},

where A ∈ Rm×n and b ∈ Rm.
Step 1 : Convexity of the feasible region.

Each constraint aT
i x ≤ bi defines a half-space in Rn. Since a half-space is convex, any convex com-

bination of points in a half-space remains in the half-space. The feasible region F is the intersection
of finitely many half-spaces :

F =
m∩

i=1
{x ∈ Rn | aT

i x ≤ bi}.

The intersection of convex sets is also convex. Therefore, F is convex.
Step 2 : Classification of the feasible region.

Depending on the system of inequalities, three possibilities arise :

1. Empty set : If the inequalities are inconsistent, there is no x satisfying all constraints. Then
F = ∅.

2. Convex polyhedron : If the inequalities are consistent and F is bounded, then the feasible region
is a bounded convex polyhedron.
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3. Unbounded convex polyhedron : If the feasible region is consistent but not bounded in some
directions, F is an unbounded convex polyhedron.

Step 3 : Polyhedral structure.

By definition, a polyhedron is the intersection of finitely many half-spaces. Since F is defined
by a finite system of linear inequalities, it is always a polyhedron if nonempty. Its boundedness or
unboundedness depends on the directions in which the inequalities allow movement.

Conclusion :

Hence, the feasible set F of a linear programming problem is always convex and either empty, an
unbounded convex polyhedron, or a bounded convex polyhedron.

Théorème 2.6. If there exists at least one optimal solution (finite), then there exists at least one
optimal solution at a vertex of the feasible region. For problems with only two or three variables, it
is possible to represent graphically the feasible region and deduce the optimal solution(s) if at least
one exists.

Preuve Let us consider a linear programming (LP) problem in standard form :

max{cT x | x ∈ F},

where F ⊂ Rn is the feasible region defined by a finite set of linear inequalities, and c ∈ Rn is the
objective vector. Assume that at least one optimal solution exists and is finite.

Step 1 : Feasible region is convex.
From Theorem 1, the feasible region F is a convex polyhedron. This means that for any two points
x, y ∈ F , every convex combination λx + (1− λ)y for λ ∈ [0, 1] also belongs to F .

Step 2 : Linearity of the objective function.
The objective function f(x) = cT x is linear. For any x, y ∈ F and any λ ∈ [0, 1] :

f(λx + (1− λ)y) = λf(x) + (1− λ)f(y).

Hence, the maximum of f(x) over F is attained on the boundary of F .
Step 3 : Optimal solution at a vertex (extreme point).

Let x∗ be an optimal solution. If x∗ is an extreme point (vertex) of F , the statement is satisfied.
Otherwise, x∗ can be expressed as a convex combination of other feasible points :

x∗ = λx(1) + (1− λ)x(2), 0 < λ < 1, x(1), x(2) ∈ F .

Using linearity of f and optimality of x∗ :

f(x∗) = λf(x(1)) + (1− λ)f(x(2)) ≤ f(x∗),

which implies
f(x(1)) = f(x(2)) = f(x∗).

Thus, at least one of the points in this convex combination is also optimal. By repeating this process,
and using the fact that a polyhedron has finitely many extreme points, we eventually reach an optimal
solution located at a vertex of F .

Step 4 : Graphical interpretation for 2 or 3 variables.
For problems with n = 2 or n = 3, the feasible region F can be represented graphically as a polygon
(2D) or polyhedron (3D). By evaluating the objective function at each vertex, one can determine
the optimal solution(s) directly. This provides an intuitive method to verify the theorem for low-
dimensional LP problems.
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Conclusion :
Therefore, if at least one finite optimal solution exists, there is always an optimal solution at a vertex
of the feasible region.

Graphical Representation of Constraints
The main objective of the graphical method is to solve a linear problem with only two decision

variables. The method consists of identifying the intersection of half-planes representing the constraint
inequalities and searching along the boundary of this region for points giving the optimum of the objective
function. The graphical representation of constraints involves transforming the canonical form into the
standard form by substituting inequalities with equalities.

Graphical Method Procedure
1. Draw the lines corresponding to the constraints.
2. Determine the feasible region by checking the direction of inequalities for each constraint.
3. Draw lines corresponding to the variation of the objective function. Move these lines in the direction

of maximization of the objective.
4. Stop moving just before the intersection with the feasible region becomes empty.
5. The last non-empty intersection is the set of optimal solutions.

Example 1
Maximize :

Z = 6x1 + 4x2

subject to : 
3x1 + 9x2 ≤ 81
4x1 + 5x2 ≤ 55
2x1 + x2 ≤ 20
x1, x2 ≥ 0

For a two-variable LP, constraints define half-planes. Their intersection forms the feasible region
(shaded area). The objective function Z corresponds to a line F (x1, x2) = 6x1 + 4x2 = constant with
slope −6/4. The line is translated along this slope until it reaches the feasible region. The optimal solution
is

(x1, x2) =
(

15
2

, 5
)

, with maximum Zmax = 65.

Remark : The feasible region is a convex polygon and the maximum of F occurs at a vertex. This is
a general result, valid for LP problems in any number of variables.

General Case
Let P be a linear program. The following results hold :
1. The feasible region of any LP with n variables is either empty or a convex subset of Rn.
2. For two-variable LPs, the feasible region, if not empty, is a convex polygon, possibly with some

unbounded edges.
3. Any optimal solution, if it exists, occurs at a vertex of the polygon.

Special Cases
Some LPs may have :

— Multiple solutions,
— Unbounded solution,
— No feasible solution.
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Example : Medicine Problem
A medical specialist produces pills in two sizes :

— Small pill : 2 aspirin grains, 5 bicarbonate grains, 1 codeine grain.
— Large pill : 1 aspirin grain, 8 bicarbonate grains, 6 codeine grains.

The patient needs at least 12 aspirin, 74 bicarbonate, and 24 codeine grains.
Decision variables :

x1 = number of small pills, x2 = number of large pills.

Constraints : 
2x1 + 1x2 ≥ 12
5x1 + 8x2 ≥ 74
1x1 + 6x2 ≥ 24
x1, x2 ≥ 0

Objective function :
Minimize Z = x1 + x2

Graphical solution : The feasible region is the intersection of half-planes. Optimal solution is at the
intersection of two constraints :

(x1, x2) = (2, 8), Zmin = 10

Enumeration Method
The optimal solution lies on the boundary of the feasible region, usually at one of the vertices (basic

feasible solutions). The method involves :

1. Identify all basic feasible solutions (intersections of constraint lines).
2. Calculate the objective function at each solution.
3. Select the optimal solution.

Remark : Constraints satisfied with equality at optimum are called saturated.

Exercises
1. Convert given LP problems to canonical form.
2. Write an LP in canonical form with parameter k ∈ R.
3. Represent LP in matrix form.
4. Compute block matrix products.
5. Solve LP graphically.
6. Determine feasibility and optimality of given solutions.
7. Show properties of basic feasible solutions and extreme points.

Properties of Basic Feasible Solutions
Definition : A feasible solution x satisfies Ax = b and x ≥ 0.
Definition : Let B ⊂ {1, . . . , n} with card(B) = m and columns Aj , j ∈ B linearly independent.

Matrix AB is invertible. B is a base.
— xB are the basic variables.
— xH are the non-basic variables.
Proposition : DR = {x ∈ Rn | Ax = b, x ≥ 0} is convex and closed.
Definition : x ∈ DR is a vertex if it cannot be written as a convex combination of other points in

DR.
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Théorème 2.7. A feasible solution is basic iff it is a vertex of DR.

Preuve Let us consider a linear programming problem in standard form :

F = {x ∈ Rn | Ax = b, x ≥ 0},

where A ∈ Rm×n has rank m and b ∈ Rm. Let DR denote the feasible region (decision space).
Step 1 : Definition of a basic solution.

A solution x ∈ F is basic if there exists a set B of m linearly independent columns of A such that
the components of x corresponding to B solve ABxB = b, and the remaining components are zero.

Step 2 : Basic solution =⇒ vertex.
Let x be a basic solution. Suppose that x can be written as a convex combination of two distinct
feasible points x(1) and x(2) :

x = λx(1) + (1− λ)x(2), 0 < λ < 1.

The set of variables corresponding to B satisfies ABxB = b. Since AB is invertible, the components
x

(1)
B and x

(2)
B must satisfy ABx

(1)
B = b and ABx

(2)
B = b, hence x

(1)
B = x

(2)
B = xB. The remaining

components are zero by the definition of a basic solution. Therefore, x(1) = x(2) = x, proving that
x cannot be written as a convex combination of two distinct feasible points. Hence, x is a vertex of
DR.

Step 3 : Vertex =⇒ basic solution.
Conversely, let x be a vertex of DR. By definition, x cannot be expressed as a convex combination of
two distinct feasible points. Let I = {i | xi > 0} denote the indices of positive components of x. The
corresponding columns AI of A must be linearly independent ; otherwise, one could find a nonzero
vector d in the nullspace of AI and perturb x along d to write x as a convex combination of two
feasible points, contradicting the fact that x is a vertex. Select a maximal linearly independent subset
of AI of size m to define B. Then x has exactly n−m zero components outside B, and the nonzero
components satisfy ABxB = b, which shows that x is a basic solution.

Conclusion :
Therefore, a feasible solution is basic if and only if it is a vertex of DR.

Théorème 2.8. The optimum of f over DR, if it exists, is attained at a vertex.

Preuve Let us consider a linear programming (LP) problem in standard form :

max{f(x) = cT x | x ∈ DR},

where DR ⊂ Rn is the feasible region (decision space), assumed to be non-empty, and c ∈ Rn.
Step 1 : Feasible region is a convex polyhedron.

From Theorem 1, the feasible region DR is a convex polyhedron. This means that for any two points
x, y ∈ DR and any λ ∈ [0, 1] :

λx + (1− λ)y ∈ DR.

Step 2 : Linearity of the objective function.
The objective function f(x) = cT x is linear. Therefore, for any x, y ∈ DR and any λ ∈ [0, 1] :

f(λx + (1− λ)y) = λf(x) + (1− λ)f(y).

Step 3 : Optimal solution occurs at an extreme point.
Let x∗ ∈ DR be an optimal solution. If x∗ is a vertex (extreme point) of DR, the theorem is satisfied.
Otherwise, x∗ can be written as a convex combination of other feasible points :

x∗ = λx(1) + (1− λ)x(2), 0 < λ < 1, x(1), x(2) ∈ DR.
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By linearity of f and optimality of x∗ :

f(x∗) = λf(x(1)) + (1− λ)f(x(2)) ≤ f(x∗),

which implies
f(x(1)) = f(x(2)) = f(x∗).

Hence, x(1) and x(2) are also optimal solutions.
Repeating this process finitely many times (since a polyhedron has finitely many vertices), we

eventually find an optimal solution at a vertex of DR.
Conclusion :

Therefore, if the optimum of f over DR exists, it is attained at a vertex of the feasible region.

Remarks :
1. The feasible region DR may not be bounded. In fact, for a linear program, three situations (and

only three) may occur :
— DR = ∅ : the LP has no feasible solution.
— DR ̸= ∅ but the objective function f is unbounded over DR : the maximum of f is +∞. If

DR is bounded, this case does not occur.
— DR ̸= ∅ and f is bounded over DR : the LP admits at least one optimal solution (not

necessarily unique).
2. There are at most

(
n
m

)
basic feasible solutions. To determine a basic solution, one must solve a

linear system xB = A−1
B b. Solving a linear system by direct methods like Gauss or LU requires

approximately O(m3) operations. If we examine all basic solutions, the total operations are roughly
O(m3(n

m

)
), which grows very fast with n and m. The simplex method only explores vertices that

can increase the objective function, reducing the number of basic solutions to check and the number
of linear systems to solve.

3 Geometric Preliminaries and Solutions
Any LP with only two variables can be solved graphically. We always label the variables x1 and x2

and the coordinate axes the x1 and x2 axes.

3.1 Half-Spaces, Hyperplanes, and Convex Sets

Définition 2.10. We define the Euclidean plane Rn to be the set of all n-tuples of real numbers ;
that is

Rn = {(x1, x2, . . . , xn) | xi ∈ R for i = 1, 2, . . . , n} .

For example,
R2 = {(x1, x2) | x1 and x2 are real} .

Geometrically, we represent R2 as in Figure 1.
The graph in R2 of an equation of the form

a1x1 + a2x2 = c

(where a1, a2, c are constants) is a straight line. For example, the graph in R2 of the equation

2x1 − 3x2 = 6

is the line indicated in Figure 2.
The graph in R2 of the inequality

a1x1 + a2x2 ≤ c or a1x1 + a2x2 ≥ c

is the set of all points in R2 lying on the line a1x1 + a2x2 = c together with all points lying to one side
of this line. For example, the shaded region in Figure 3 is the graph of the inequality

2x1 − 3x2 ≤ 6.

29



Linear Programming Dr. Mohammed Boukedroun

x

y

Quadrant IQuadrant II

Quadrant III Quadrant IV

(2, 1)

(−1, 2)

(−2,−1)

(1,−2)

Figure 2.2 – Coordinate Plane, R2

x1

x2

2x1 − 3x2 = 6

(3, 0)

(6, 2)

Figure 2.3 – The line 2x1 − 3x2 = 6

To determine on which side of the line the region of the inequality 2x1−3x2 ≤ 6 lies, consider a point,
say (0, 0), not lying on the line but satisfying the inequality ; the side of the line containing this point is
the one corresponding to the inequality.

Définition 2.11. A half-space in Rn is the set of all points in Rn satisfying an inequality of the
form

a1x1 + a2x2 + · · ·+ anxn ≤ c

or
a1x1 + a2x2 + · · ·+ anxn ≥ c,

where at least one of the constants a1, a2, . . . , an is nonzero.

Définition 2.12. A hyperplane in Rn is the set of all points in Rn satisfying an equality of the
form

a1x1 + a2x2 + · · ·+ anxn = c,

where at least one of the constants a1, a2, . . . , an is nonzero.

For example, the set of points in R5 satisfying

3x1 + 1
2

x2 − x3 + x4 + 2
3

x5 = −9
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is a hyperplane in R5, and the set of points in R5 satisfying

3x1 + 1
2

x2 − x3 + x4 + 2
3

x5 ≥ −9

is a half-space in R5.

Définition 2.13. A subset K of Rn is convex if K is empty, or K is a single point, or if for each
two distinct points p and q in K, the line segment connecting p and q lies entirely in K.

Exemple 2.3. The sets in Figure 4 are convex.

Convex set

A B

C

D

Figure 2.4 – Convex set illustration

Exemple 2.4. The sets in Figure 5 are not convex.

x1

x2

A

B

Figure 2.5 – Not convex sets

Définition 2.14. If p = (p1, p2, . . . , pn) and q = (q1, q2, . . . , qn) are points in Rn, then the line
segment joining p and q consists of all points of the form

(1− t)p + tq, 0 ≤ t ≤ 1.

Observe that if t = 0, then (1− t)p + tq = p, and if t = 1, then (1− t)p + tq = q.

Exemple 2.5. The line segment in R2 joining the points p = (3, 6) and q = (−4, 5) is the set of
points

(1− t)p + tq = (3− 7t, 6− t), 0 ≤ t ≤ 1.
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Théorème 2.9. A half-space H in Rn defined by

a1x1 + a2x2 + · · ·+ anxn ≤ c

or
a1x1 + a2x2 + · · ·+ anxn ≥ c

is convex.

Preuve We establish this result for the half-space defined by

a1x1 + a2x2 + · · ·+ anxn ≤ c.

Let p and q be two points in H. For any t ∈ [0, 1], we have

(1− t)p + tq ∈ H,

which proves that H is convex.

Théorème 2.10. If K1, K2, . . . , Kr are convex subsets of Rn, then their intersection

K = K1 ∩K2 ∩ · · · ∩Kr

is also convex.

Preuve Let K1, K2, . . . , Kr be convex subsets of Rn, and define

K = K1 ∩K2 ∩ · · · ∩Kr.

Step 1 : Take any two points in the intersection.
Let x, y ∈ K. By definition of intersection, this means

x ∈ Ki and y ∈ Ki for all i = 1, 2, . . . , r.

Step 2 : Consider a convex combination.
Let λ ∈ [0, 1]. For each i, since Ki is convex, the convex combination

λx + (1− λ)y ∈ Ki.

Step 3 : Conclude for the intersection.
Since the convex combination belongs to every Ki, we have

λx + (1− λ)y ∈ K1 ∩K2 ∩ · · · ∩Kr = K.

Conclusion :
Hence, K is convex, being closed under convex combinations of its points.

Théorème 2.11. A hyperplane in Rn is convex.

Preuve Let H ⊂ Rn be a hyperplane. By definition, a hyperplane can be written as

H = {x ∈ Rn | aT x = b},
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where a ∈ Rn, a ̸= 0, and b ∈ R.
Step 1 : Take any two points on the hyperplane.

Let x, y ∈ H. Then, by definition,

aT x = b and aT y = b.

Step 2 : Consider a convex combination.
Let λ ∈ [0, 1]. Consider

z = λx + (1− λ)y.

Step 3 : Verify that z ∈ H.
We compute

aT z = aT (λx + (1− λ)y) = λaT x + (1− λ)aT y = λb + (1− λ)b = b.

Thus, z ∈ H.
Conclusion :

Since any convex combination of points in H remains in H, the hyperplane H is convex.

Définition 2.15. A point q is a corner point (or extreme point) of a convex set K if q is not an
interior point of any line segment contained in K.

Exemple 2.6. The points q1, q2, q3, q4, q5 are corner points of the convex set in Figure 6.

x1

x2

Figure 2.6 – Corner points of a convex set

Définition 2.16. The feasible region for an LP is the set of all points that satisfies all the LPs
constraints and sign restrictions. Any point that is not in LPs feasible region is said to be infeasible
point.

The shaded area in Figure 8 indicates the feasible region of the LP in example (1.3). Note that each
of the constraints in the LP defines a half-space. The feasible set consists of all points in the intersection
of these half-spaces. Observe that the feasible region in Figure 8 is convex. Note that the points (0, 0),

4x1 + 8x2 ≤ 20, x2 ≥ 2x1, x1 ≥ 0, x2 ≥ 0

(0.5, 1.5), and (1, 2) are all in the feasible region, while (1, 1) is infeasible, because it does not satisfy the
second constraint.
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Théorème 2.12. The feasible region in Rn corresponding to any number of constraints of the
following types is convex :

a1x1 + · · ·+ anxn ≤ b,

a1x1 + · · ·+ anxn = b,

a1x1 + · · ·+ anxn ≥ b,

x1, x2, . . . , xn ≥ 0.

Preuve The inequality constraints define half-spaces, and the equality constraints define hyperplanes.
By Theorems 1.1 and 1.3 these sets are convex. Since the feasible region is the intersection of convex
sets, it follows from Theorem 1.2 that the feasible region is convex.

Définition 2.17. For a maximization (minimization) problem, an optimal solution to an LP is a
point in the feasible region with the largest (smallest) objective function value.

Exemple 2.7. Graphically solve the following LP problem.

min w = −4x1 + 7x2

s.t. x1 + x2 ≥ 3,

−x1 + 2x2 ≤ 6,

2x1 + x2 ≤ 8,

x1, x2 ≥ 0.

x1

x2

2x1 + x2 = 12

5x1 + 8x2 = 74x1 + 6x2 = 24

x1 + x2 = c

Feasible Region

Figure 2.7 – Graphical representation of the feasible region

Théorème 2.13 (Corner Point Theorem). Consider the LP problem

max(min) z = c1x1 + · · ·+ cnxn

subject to linear constraints. If the feasible region is bounded, then the optimal solution is attained
at a corner point of the feasible region.

Preuve Consider the linear programming problem

max z = cT x
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subject to a finite system of linear constraints, and assume that the feasible region F ⊂ Rn is
nonempty and bounded.

Step 1 : Structure of the feasible region.
Since F is defined by a finite number of linear inequalities, it is a convex polyhedron. Moreover,
because F is bounded, it is a convex polytope. A fundamental property of a bounded polyhedron is
that it has a finite number of corner points (vertices).

Step 2 : Existence of an optimal solution.
The objective function z = cT x is linear and therefore continuous. Since F is closed and bounded, it
is compact. By the Weierstrass Theorem, the maximum (or minimum) of z over F exists.

Step 3 : Optimality at a corner point.
Let x∗ ∈ F be an optimal solution. If x∗ is a corner point of F , the theorem is proved. Suppose now
that x∗ is not a corner point. Then, by definition of a corner point, there exist two distinct points
x(1), x(2) ∈ F and a scalar λ ∈ (0, 1) such that

x∗ = λx(1) + (1− λ)x(2).

Using the linearity of the objective function, we obtain

cT x∗ = λcT x(1) + (1− λ)cT x(2).

Since x∗ is optimal, it follows that

cT x(1) ≤ cT x∗ and cT x(2) ≤ cT x∗,

which implies
cT x(1) = cT x(2) = cT x∗.

Hence, x(1) and x(2) are also optimal solutions.
Repeating this argument, and using the fact that F has a finite number of corner points, we

eventually reach an optimal solution that is a corner point of F .
Conclusion :

Therefore, if the feasible region of a linear programming problem is bounded, the optimal solution is
attained at a corner point of the feasible region.

Example
Maximize

Z = 3x1 + 2x2

subject to 
x1 + x2 ≤ 4
x1 ≤ 3
x2 ≤ 2
x1 ≥ 0, x2 ≥ 0
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x1

x2

(0, 0)

(0, 2)
(2, 2)

(3, 1)

(3, 0)

Z = 3x1 + 2x2

Figure 2.8 – Feasible region, corner points, and objective line for the PL example

Sheet n2 : Linear Programming

Exercise 01
1. Put the following linear programs into canonical form
Problem (P1) :

max Z = 3x1 + 2x2

s.t. x1 + 3x2 ≥ 10,

3x1 − 4x2 ≤ 4,

x1 − x2 = 5,

x1, x2 ≥ 0.

Problem (P2) :
min Z = 3x1 + 5x2

s.t. x1 ≥ 3,

5x1 − 10x2 = 2,

x1 + 2x2 ≤ 5,

x1, x2 ≥ 0.

2. Canonical form depending on a parameter k ∈ R

min Z = 2x1 + 3x2

s.t. x1 + x2 ≥ 3,

x1 + 2x2 = k,

x1 + 2x2 ≤ 4,

x1, x2 ≥ 0.

—

Exercise 02
Write the following linear programming problem in matrix form.
—
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Exercise 03
Let

A =

1 5 2 3 8
1 6 3 1 4
3 2 4 0 2

 , x =


2
0
5
1
4

 .

Compute the product Ax using block decomposition with the partition :

JB = {2, 3, 1}, JH = {4, 5}, J = JB ∪ JH .

Consider also the linear program :

max Z = 3x1 + 2x2 + 4x3

s.t. x1 + 2x2 + 3x3 ≥ 5,

x1 − 3x3 = 3,

x2 + x3 = 2,

x1, x2, x3 ≥ 0.

—

Exercise 04
I. Solve graphically the following linear programming problem.

II. Consider the solution
x =

( 11
320
3

)
.

Is this solution feasible ? Is it optimal ?

—

Exercise 05
Let (P ) be the linear problem :

1. Show that the objective function of (P ) defined on the polyhedron

K = {x ≥ 0 | Ax = b}

attains its maximum at an extreme point of K.
2. Show that if the objective function reaches its maximum at more than one extreme point, then any

convex combination of these points gives the same optimal value.
3. Show that a point x of K is an extreme point if and only if it is a basic feasible solution of Ax = b.
4. Deduce that if K ̸= ∅, then it has at least one extreme point.

—

Exercise 06
Consider the standard linear program :

(P )
max Z = cT x

s.t. Ax = b,

x ≥ 0.
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Problem (P1) :
max Z = 3x1 + x2

s.t. x1 + 2x2 ≤ 3,

x1, x2 ≥ 0.

Problem (P2) :
min Z = 2x1 + 3x2

s.t. 5x1 + 4x2 ≥ 3,

6x1 + 2x2 ≥ 8,

x1, x2 ≥ 0.

Problem (P3) :
max Z = 2x1

s.t. 2x1 − x2 ≤ 10,

2x1 + x2 ≤ 14,

x1, x2 ≥ 0.

Graphical Study
Knowing that all feasible solutions satisfy

x1 ≤ 20, x2 ≤ 10,

1. Draw the feasible region and the objective function direction.
2. Determine graphically the optimal solution and the optimal value.

3.2 : Graphical Method for Linear Programming
Exercise 7

1. Maximize Z = 3x1 + 2x2 subject to : 
x1 + x2 ≤ 4
x1 ≤ 2
x2 ≤ 3
x1, x2 ≥ 0

Exercise 8

2. Minimize C = 5x1 + 4x2 subject to : 
2x1 + x2 ≥ 4
x1 + 2x2 ≥ 6
x1, x2 ≥ 0

Exercise 9

3. Maximize P = 7x1 + 5x2 subject to : 
x1 + 2x2 ≤ 8
3x1 + x2 ≤ 9
x1, x2 ≥ 0

Exercise 10
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4. Minimize F = 4x1 + 3x2 subject to : 
x1 + x2 ≥ 5
2x1 + 3x2 ≥ 12
x1, x2 ≥ 0

Exercise 11

5. Maximize Z = 6x1 + 8x2 subject to : 
x1 + x2 ≤ 5
2x1 + 2x2 ≤ 8
x1, x2 ≥ 0

Exercise 12

6. Maximize R = 5x1 + 3x2 subject to : 
x1 + x2 ≤ 6
x1 + x2 ≥ 4
x1, x2 ≥ 0

Exercise 13

7. A small factory produces two types of chairs C1 and C2.

Resource C1 C2 Available
Wood (m3) 3 2 18

Labor (hours) 2 1 8

Each chair C1 generates $30 profit and C2 generates $20 profit. Formulate the linear program to
maximize profit and solve graphically.
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Detailed Solutions – Linear Programming (Sheet nř2) Selected exercises : 1, 3, 7, 9, 11, 13

Exercise 01 – Canonical Forms
Convention used. We say a linear program is in canonical form when :

— if it is a maximization, all constraints are written as ≤ ;
— if it is a minimization, all constraints are written as ≥ ;
— every variable satisfies xj ≥ 0 ;
— every equality constraint is split into two inequalities of the required sense.

1. Problem (P1) – canonical form
Original problem :

max Z = 3x1 + 2x2

s.t. x1 + 3x2 ≥ 10,

3x1 − 4x2 ≤ 4,

x1 − x2 = 5,

x1, x2 ≥ 0.

Since the objective is a maximization, every constraint must be converted to the form "≤" :
— x1 + 3x2 ≥ 10 is multiplied by −1 : −x1 − 3x2 ≤ −10 ;
— 3x1 − 4x2 ≤ 4 is already in the correct form ;
— the equality x1 − x2 = 5 is split into

x1 − x2 ≤ 5 and x1 − x2 ≥ 5 =⇒ −x1 + x2 ≤ −5.

max Z = 3x1 + 2x2

s.t. − x1 − 3x2 ≤ −10,

3x1 − 4x2 ≤ 4,

x1 − x2 ≤ 5,

− x1 + x2 ≤ −5,

x1, x2 ≥ 0.

2. Problem (P2) – canonical form
Original problem :

min Z = 3x1 + 5x2

s.t. x1 ≥ 3,

5x1 − 10x2 = 2,

x1 + 2x2 ≤ 5,

x1, x2 ≥ 0.

Since the objective is a minimization, every constraint must be converted to the form "≥" :
— x1 ≥ 3 is already correct ;
— the equality 5x1 − 10x2 = 2 is split into

5x1 − 10x2 ≥ 2 and 5x1 − 10x2 ≤ 2 =⇒ −5x1 + 10x2 ≥ −2;

— x1 + 2x2 ≤ 5 is multiplied by −1 : −x1 − 2x2 ≥ −5.
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min Z = 3x1 + 5x2

s.t. x1 ≥ 3,

5x1 − 10x2 ≥ 2,

− 5x1 + 10x2 ≥ −2,

− x1 − 2x2 ≥ −5,

x1, x2 ≥ 0.

3. Canonical form depending on the parameter k

Original problem :
min Z = 2x1 + 3x2

s.t. x1 + x2 ≥ 3,

x1 + 2x2 = k,

x1 + 2x2 ≤ 4,

x1, x2 ≥ 0.

Putting it in canonical form (minimization ⇒ all "≥") :

min Z = 2x1 + 3x2

s.t. x1 + x2 ≥ 3,

x1 + 2x2 ≥ k,

− x1 − 2x2 ≥ −k,

− x1 − 2x2 ≥ −4,

x1, x2 ≥ 0.

Feasibility range for k. From x1 + 2x2 = k with x1, x2 ≥ 0 we get x1 = k − 2x2 ≥ 0, i.e. x2 ≤ k/2.
Combining with x1 + x2 ≥ 3 :

x1 + x2 = (k − 2x2) + x2 = k − x2 ≥ 3 =⇒ x2 ≤ k − 3.

A feasible x2 ≥ 0 satisfying x2 ≤ min(k/2, k − 3) exists only if k − 3 ≥ 0, i.e. k ≥ 3. Moreover the third
constraint x1 + 2x2 ≤ 4 forces k ≤ 4 (since x1 + 2x2 equals k exactly). Hence the program is feasible if
and only if

3 ≤ k ≤ 4.

Exercise 03 – Block Decomposition and a Linear Program
1. Direct computation of Ax

A =

1 5 2 3 8
1 6 3 1 4
3 2 4 0 2

 , x =


2
0
5
1
4

 .

Ax =

1(2) + 5(0) + 2(5) + 3(1) + 8(4)
1(2) + 6(0) + 3(5) + 1(1) + 4(4)
3(2) + 2(0) + 4(5) + 0(1) + 2(4)

 =

2 + 0 + 10 + 3 + 32
2 + 0 + 15 + 1 + 16
6 + 0 + 20 + 0 + 8

 =

47
34
34

 .
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2. Block decomposition A = (AB | AH)
We partition the column indices into JB = {2, 3, 1} and JH = {4, 5} (the order inside JB matters :

columns are taken in the order 2, 3, 1).
Block AB (columns 2, 3, 1, in that order) :

AB =

5 2 1
6 3 1
2 4 3

 , xB =

x2
x3
x1

 =

0
5
2

 .

Block AH (columns 4, 5) :

AH =

3 8
1 4
0 2

 , xH =
(

x4
x5

)
=
(

1
4

)
.

Decomposed product : Ax = ABxB + AHxH .

ABxB =

5(0) + 2(5) + 1(2)
6(0) + 3(5) + 1(2)
2(0) + 4(5) + 3(2)

 =

12
17
26

 , AHxH =

3(1) + 8(4)
1(1) + 4(4)
0(1) + 2(4)

 =

35
17
8

 .

Ax = ABxB + AHxH =

12 + 35
17 + 17
26 + 8

 =

47
34
34

 .

This matches the direct computation, confirming the block decomposition Ax = ABxB + AHxH .

3. Resolution of the associated linear program

max Z = 3x1 + 2x2 + 4x3

s.t. x1 + 2x2 + 3x3 ≥ 5,

x1 − 3x3 = 3,

x2 + x3 = 2,

x1, x2, x3 ≥ 0.

The two equality constraints let us express x1 and x2 in terms of x3 :

x1 = 3 + 3x3, x2 = 2− x3.

Admissible range of x3. Non-negativity requires :

x1 = 3 + 3x3 ≥ 0 (always true for x3 ≥ 0), x2 = 2− x3 ≥ 0 =⇒ x3 ≤ 2, x3 ≥ 0.

So x3 ∈ [0, 2].
Check of the inequality constraint :

x1 + 2x2 + 3x3 = (3 + 3x3) + 2(2− x3) + 3x3 = 7 + 4x3 ≥ 5 for all x3 ≥ 0,

so this constraint is automatically satisfied (redundant) on the whole admissible range.
Objective as a function of x3 :

Z(x3) = 3(3 + 3x3) + 2(2− x3) + 4x3 = 9 + 9x3 + 4− 2x3 + 4x3 = 13 + 11x3.

Since Z is increasing in x3, it is maximized at the upper bound x3 = 2 :

x⋆
1 = 9, x⋆

2 = 0, x⋆
3 = 2, Z⋆ = 13 + 11(2) = 35.

Verification. x1 − 3x3 = 9− 6 = 3 ✓, x2 + x3 = 0 + 2 = 2 ✓, x1 + 2x2 + 3x3 = 9 + 0 + 6 = 15 ≥ 5 ✓,
all variables ≥ 0 ✓.
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Exercise 07 – Graphical Method

max Z = 3x1 + 2x2

s.t. x1 + x2 ≤ 4,

x1 ≤ 2,

x2 ≤ 3,

x1, x2 ≥ 0.

Vertices of the feasible region
Vertex x1 x2 Feasible ? Z = 3x1 + 2x2
O 0 0 yes 0
(x1 = 2) ∩ (x2 = 0) 2 0 yes 6
(x1 = 2) ∩ (x1 + x2 = 4) 2 2 yes 10
(x1 + x2 = 4) ∩ (x2 = 3) 1 3 yes 9
(x1 = 0) ∩ (x2 = 3) 0 3 yes 6

Optimal solution

x⋆
1 = 2, x⋆

2 = 2, Z⋆ = 10.

The vertex (2, 2) is the intersection of x1 = 2 and x1 + x2 = 4 ; both the upper bound on x1 and the
total-amount constraint are active there, while x2 ≤ 3 has slack.

Exercise 09 – Graphical Method

max P = 7x1 + 5x2

s.t. x1 + 2x2 ≤ 8,

3x1 + x2 ≤ 9,

x1, x2 ≥ 0.

Vertices of the feasible region
Vertex x1 x2 Feasible ? P = 7x1 + 5x2
O 0 0 yes 0
(3x1 + x2 = 9) ∩ (x2 = 0) 3 0 yes 21
(x1 + 2x2 = 8) ∩ (3x1 + x2 = 9) 2 3 yes 29
(x1 + 2x2 = 8) ∩ (x1 = 0) 0 4 yes 20

The intersection of the two binding lines is obtained by solving{
x1 + 2x2 = 8
3x1 + x2 = 9

=⇒ x2 = 9− 3x1 =⇒ x1 + 2(9− 3x1) = 8 =⇒ −5x1 = −10 =⇒ x1 = 2, x2 = 3.

Optimal solution

x⋆
1 = 2, x⋆

2 = 3, P ⋆ = 29.

Both resource constraints are exactly saturated at the optimum : 2 + 2(3) = 8 and 3(2) + 3 = 9.
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Exercise 11 – Graphical Method (Redundant Constraint)

max Z = 6x1 + 8x2

s.t. x1 + x2 ≤ 5,

2x1 + 2x2 ≤ 8,

x1, x2 ≥ 0.

Simplification
Dividing the second constraint by 2 gives x1 + x2 ≤ 4, which is strictly tighter than the first

constraint x1 + x2 ≤ 5. Hence the first constraint is redundant : any point satisfying x1 + x2 ≤ 4
automatically satisfies x1 + x2 ≤ 5. The feasible region is therefore the triangle

{(x1, x2) : x1 + x2 ≤ 4, x1, x2 ≥ 0}.

Vertices and evaluation
Vertex x1 x2 Feasible ? Z = 6x1 + 8x2
O 0 0 yes 0
(x1 + x2 = 4) ∩ (x2 = 0) 4 0 yes 24
(x1 + x2 = 4) ∩ (x1 = 0) 0 4 yes 32

Since the objective gradient (6, 8) is not parallel to the binding constraint line x1 + x2 = 4 (whose
direction vector is (1,−1), while the objective’s level lines have direction (8,−6) or equivalently (4,−3)
different slope), the optimum is reached at a single vertex, not along a whole edge.

Optimal solution

x⋆
1 = 0, x⋆

2 = 4, Z⋆ = 32.

Teaching note. This exercise illustrates a redundant constraint : the original problem statement
gives two constraints, but the second one (2x1 + 2x2 ≤ 8) is simply twice as restrictive a version of
x1 + x2 ≤ 4, making the first constraint (x1 + x2 ≤ 5) superfluous for determining the feasible region.

Exercise 13 – Chair Manufacturing
1. Formulation

Decision variables.

x1 = number of chairs of type C1 produced,

x2 = number of chairs of type C2 produced.

Objective function. Each C1 chair brings $30 profit, each C2 chair brings $20 :

max Z = 30x1 + 20x2.

Constraints.
— Wood : 3 m3 per C1, 2 m3 per C2, 18 m3 available :

3x1 + 2x2 ≤ 18.

— Labor : 2 h per C1, 1 h per C2, 8 h available :

2x1 + x2 ≤ 8.

— Non-negativity : x1, x2 ≥ 0.
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Complete linear program : 
max Z = 30x1 + 20x2

3x1 + 2x2 ≤ 18
2x1 + x2 ≤ 8
x1, x2 ≥ 0

2. Graphical resolution
We first check whether the two constraint lines intersect inside the first quadrant :{
3x1 + 2x2 = 18
2x1 + x2 = 8 =⇒ x2 = 8− 2x1

=⇒ 3x1 + 2(8− 2x1) = 18 =⇒ −x1 + 16 = 18 =⇒ x1 = −2,

which is negative, hence outside the feasible region. This means the labor line lies entirely "inside" the
wood line for x1, x2 ≥ 0 : the labor constraint dominates, and the wood constraint is redundant.

Vertex x1 x2 Feasible ? Z = 30x1 + 20x2
O 0 0 yes 0
(2x1 + x2 = 8) ∩ (x2 = 0) 4 0 yes 120
(2x1 + x2 = 8) ∩ (x1 = 0) 0 8 yes 160

(The wood constraint is checked at each vertex : at (0, 8), 3(0) + 2(8) = 16 ≤ 18 – satisfied with slack ;
at (4, 0), 3(4) = 12 ≤ 18 – also slack.)

3. Optimal solution

x⋆
1 = 0 chairs C1, x⋆

2 = 8 chairs C2, Z⋆ = $160.

Interpretation. Profit per labor hour is 30/2 = $15 for C1 versus 20/1 = $20 for C2. Since labor is
the binding (fully used) resource, the factory should specialize entirely in chair C2 : 8 hours of labor are
fully consumed (2(0) + 8 = 8), while wood is left with a slack of 18− 16 = 2 m3.
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CHAPITRE 3
PRIMAL METHOD FOR SOLVING A LINEAR PROGRAMMING

PROBLEM

1 Introduction
The simplex method, also known as Dantzigs method, was developed by G. B. Dantzig after the

Second World War, following a remark made by the mathematician J. V. Neumann. To this day, it
remains one of the most effective practical methods used in linear programming, despite the numerous
research efforts devoted to its improvement.

This method can be viewed as an extension of the Gauss elimination method for solving systems
of equations, combined with a criterion for selecting bases and an indicator for confirming the optimal
solution(s).

The name “simplex” comes from the fact that one of the earliest studies in which the method was
applied involved constraints of the form

x1 + x2 + · · ·+ xn = 1 and xi ≥ 0 (i = 1, . . . , n),

which define a convex polyhedron called a simplex of dimension (n − 1) in an n-dimensional Cartesian
space, with (n + 1) vertices.

Thus, for example, when n = 2 the simplex is a triangle, and when n = 3 it is a tetrahedron.
To solve a linear programming problem, several algorithms are available 1. The simplex method is

an iterative and convergent process. It is iterative in the sense that, starting from a basic solution, it
progressively improves the solution through successive iterations. Convergent, since all successive solutions
must eventually lead to a solution that corresponds to the optimum of the objective function under
consideration. Thus, the simplex method makes it possible to reach the optimal solution of a linear
programming

2 Problem Statement
The objective of a linear programming problem is to determine the optimal values of a set of decision

variables that maximize or minimize a linear objective function while satisfying a collection of linear
constraints. These constraints define a feasible region in which all admissible solutions must lie.

In this context, the problem addressed in this chapter consists in solving a linear programming model
using a primal approach. The primal formulation explicitly considers the original decision variables and
constraints of the problem, and seeks an optimal solution by exploring feasible basic solutions.

The resolution process starts from an initial feasible solution and proceeds iteratively by improving
the value of the objective function at each step, while preserving feasibility. The goal is to identify a
solution that satisfies all constraints and for which no further improvement of the objective function is
possible, thus corresponding to an optimal solution of the linear program, provided that such a solution
exists.

1. They are generally all derived from the simplex method, which can appear in several forms.
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3 Theoretical Characterization of Extreme Points
In linear programming, the concept of extreme points plays a central role in understanding and solving

optimization problems. The feasible region of a linear programming problem, defined by a system of linear
constraints, is a convex polyhedron [77, 74]. The fundamental property underlying primal methods, and
particularly the simplex method, is that if an optimal solution exists, it is attained at an extreme point
of the feasible region.

3.1 Convex Sets and Polyhedra

Définition 3.1 (Convex Set). A set C ⊂ Rn is said to be convex if, for any two points x, y ∈ C
and for any λ ∈ [0, 1], the point

λx + (1− λ)y

also belongs to C [71].

Définition 3.2 (Polyhedron). A polyhedron is the intersection of a finite number of half-spaces :

P = {x ∈ Rn | Ax ≤ b}.

x1

x2

x1 + x2 ≤ 4

A B

C

D

Figure 3.1 – Feasible region in R2 and its extreme points.

3.2 Extreme Points

Définition 3.3 (Extreme Point). A point x∗ ∈ P is an extreme point of the polyhedron P if it
cannot be expressed as a strict convex combination of two distinct points of P [74]. That is, there
do not exist two distinct points x(1), x(2) ∈ P and a scalar λ ∈ (0, 1) such that

x∗ = λx(1) + (1− λ)x(2).

Extreme points correspond geometrically to the vertices of the feasible polyhedron.

3.3 Characterization Theorem

Théorème 3.1 (Characterization of Extreme Points). Let P = {x ∈ Rn | Ax ≤ b} be a nonempty
polyhedron. A point x∗ ∈ P is an extreme point of P if and only if there exist n linearly independent
constraints that are active at x∗ [76].
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Sketch of Proof If n linearly independent constraints are active at x∗, the point is uniquely de-
termined as the solution of a system of n linear equations, and thus cannot be written as a convex
combination of two other feasible points. Conversely, if fewer than n independent constraints are
active, there exists a nonzero direction along which one can move while remaining feasible, implying
that x∗ is not extreme.

3.4 Relation with Basic Feasible Solutions

Définition 3.4 (Basic Feasible Solution). A basic feasible solution (BFS) is obtained by selecting
m linearly independent constraints (or equivalently, m basic variables) and setting the remaining
variables to zero. If the resulting solution satisfies all non-negativity constraints, it is a BFS [77].

Each BFS corresponds to an extreme point of the feasible region, and vice versa, provided the solution
is non-degenerate.

3.5 Fundamental Theorem of Linear Programming

Théorème 3.2 (Fundamental Theorem of Linear Programming). If a linear programming problem
has an optimal solution and its feasible region is nonempty and bounded, then at least one optimal
solution is attained at an extreme point of the feasible region [74].

Preuve Consider the linear programming problem

max z = cT x

subject to
x ∈ DR,

where the feasible region DR ⊂ Rn is nonempty and bounded.
Since DR is defined by a finite number of linear constraints, it is a polyhedron. The boundedness

of DR implies that it is in fact a polytope. It is a well-known result from convex analysis that any
polytope can be represented as the convex hull of its extreme points. That is,

DR = conv{v1, v2, . . . , vk},

where v1, v2, . . . , vk are the extreme points (vertices) of DR.
Let x∗ be an optimal solution of the linear program. Since x∗ ∈ DR, it can be expressed as a

convex combination of extreme points :

x∗ =
k∑

i=1
λivi, with λi ≥ 0 and

k∑
i=1

λi = 1.

Because the objective function is linear, we have

cT x∗ = cT

(
k∑

i=1
λivi

)
=

k∑
i=1

λi cT vi.

Assume, by contradiction, that none of the extreme points vi is optimal. Then for all i,

cT vi < cT x∗.
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Multiplying each inequality by λi and summing over i, we obtain

k∑
i=1

λi cT vi < cT x∗
k∑

i=1
λi = cT x∗,

which contradicts the equality cT x∗ =
∑k

i=1 λi cT vi.
Therefore, at least one extreme point vj satisfies

cT vj = cT x∗,

meaning that vj is also an optimal solution.
Hence, at least one optimal solution of the linear programming problem is attained at an extreme

point of the feasible region.

3.6 Techniques for Identifying Extreme Points
— Solve systems of equations corresponding to active constraints.
— Enumerate basic feasible solutions algebraically.
— Use geometric interpretation in 2D or 3D cases.

A B

C

D

Figure 3.2 – A 3-dimensional simplex (tetrahedron) showing extreme points.

3.7 Illustrative Example
Consider the linear programming problem :

Maximize z = x1 + x2

subject to


x1 + x2 ≤ 4,

x1 ≤ 3,

x2 ≤ 2,

x1 ≥ 0, x2 ≥ 0.

The feasible region is the quadrilateral shown in Figure 3.1. Its extreme points are

(0, 0), (3, 0), (2, 2), (0, 2),

and the optimal solution is attained at (2, 2) with zmax = 4, illustrating the central role of extreme points
in linear programming.

4 Optimality at an Extreme Point
In linear programming, a fundamental property is that if an optimal solution exists, it is attained at

an extreme point (vertex) of the feasible region [77, 74]. This property justifies the use of the simplex
method, which moves iteratively from one extreme point to another in search of the optimum.
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4.1 Optimality Conditions

Définition 3.5 (Optimal Solution). A feasible point x∗ ∈ P is called an optimal solution of the
linear programming problem

Maximize z = cT x, x ∈ P

if
cT x∗ ≥ cT x ∀x ∈ P

(for a maximization problem) [74].

Définition 3.6 (Reduced Cost). For a basic feasible solution, the reduced cost c̄j of a non-basic
variable xj is defined as

c̄j = cj − cT
BB−1Aj ,

where B is the matrix of basic columns, cB the associated cost coefficients, and Aj the j-th column
of A.

Théorème 3.3 (Optimality at an Extreme Point). Let x∗ be a basic feasible solution of a linear
programming problem. Then x∗ is optimal if and only if all reduced costs of non-basic variables
satisfy :

c̄j ≤ 0 ∀j ∈ N

for a maximization problem. If at least one reduced cost is positive, an adjacent extreme point offers
a better value of the objective function [76].

Sketch of Proof Since the feasible region is convex, the objective function, being linear, reaches its
maximum at one of the extreme points. By computing the reduced costs, we evaluate whether moving
along an edge from the current extreme point (basic feasible solution) can improve the objective
function. If no improvement is possible (all c̄j ≤ 0), the current point is optimal.

4.2 Graphical Illustration in R2

Consider the linear programming problem :

Maximize z = 3x1 + 2x2

subject to


x1 + x2 ≤ 4,

x1 ≤ 3,

x2 ≤ 2,

x1 ≥ 0, x2 ≥ 0.

The feasible region is the convex polygon shown in Figure 3.3. The objective function increases in
the direction of the vector (3, 2). The maximum value is attained at the extreme point where the line
3x1 + 2x2 is tangent to the feasible region.

4.3 Discussion
- The optimal solution is always located at an extreme point of the feasible region. - Reduced costs

provide an algebraic test for optimality without enumerating all points. - In higher dimensions, the same
principle holds : the simplex method moves from one extreme point to another until all reduced costs
indicate no further improvement is possible.
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x1

x2

x1 + x2 ≤ 4

A B

C
D Objective direction

Figure 3.3 – Optimality at an extreme point in R2 for a linear programming problem.

5 Optimality Criteria : Gradient Formulation of the Objective
Function

In linear programming and more generally in optimization, the optimality of a solution can be expres-
sed in terms of gradient conditions of the objective function. These criteria provide both geometric and
algebraic insights to determine whether a feasible point is optimal.

5.1 Gradient of a Linear Objective Function

Définition 3.7 (Gradient). For a differentiable function f : Rn → R, the gradient of f at a point
x ∈ Rn is the vector

∇f(x) =
(

∂f

∂x1
,

∂f

∂x2
, . . . ,

∂f

∂xn

)T

.

For a linear objective function
f(x) = cT x,

the gradient is simply the vector of coefficients :

∇f(x) = c.

Remarque 3.1. Since ∇f(x) is constant for a linear function, the direction of maximum increase
of f is the same throughout the feasible region.

5.2 Optimality Condition at an Extreme Point

Théorème 3.4 (Gradient Optimality Criterion). Let x∗ be a feasible point of a linear programming
problem with objective function f(x) = cT x. Then x∗ is optimal if and only if the gradient c points
outside of all feasible directions from x∗. Formally,

cT d ≤ 0 ∀d feasible direction at x∗.

Sketch of Proof Let d be a feasible direction at x∗, i.e., a vector such that for some ϵ > 0,
x∗ + λd ∈ P for all λ ∈ [0, ϵ]. If there exists a d such that cT d > 0, moving along d would increase
f(x), contradicting optimality. Conversely, if cT d ≤ 0 for all feasible directions d, no movement
from x∗ can improve f(x), implying x∗ is optimal.
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Définition 3.8 (Feasible Direction). A vector d ∈ Rn is a feasible direction at x ∈ P if there exists
ϵ > 0 such that

x + λd ∈ P, ∀λ ∈ [0, ϵ].

5.3 Proposition : Optimality at Extreme Points

Proposition 3.1. For a linear programming problem, if an optimal solution exists, at least one
optimal solution is attained at an extreme point of the feasible region.

Preuve The feasible region P is a convex polyhedron. Since the objective function is linear, its
maximum over P is attained at a vertex (extreme point) of P [77]. The argument follows from
convex analysis : a linear function over a convex set cannot have its maximum in the interior unless
the function is constant along a line segment.

5.4 Remarks
— Gradient conditions provide a **geometric interpretation** : the optimum occurs where the objec-

tive function is tangent to the feasible region in the direction of c.
— For non-degenerate LPs, the **simplex method** moves along edges from one extreme point to

another, guided implicitly by the gradient.
— If multiple extreme points yield the same optimal value, any convex combination of these points is

also optimal.

5.5 Graphical Illustration in R2

Consider the linear programming problem :

Maximize z = 2x1 + 3x2

subject to


x1 + x2 ≤ 4,

x1 ≤ 3,

x2 ≤ 2,

x1 ≥ 0, x2 ≥ 0.

x1

x2

x1 + x2 ≤ 4

A B

C
D

Gradient direction

Figure 3.4 – Optimality occurs at the extreme point C where the objective function is tangent to the
feasible region.

In this example, the gradient of the objective function points in the direction (2, 3). The feasible
directions from each extreme point are constrained by the inequalities. The optimum occurs at point
C = (2, 2), where moving in the direction of the gradient would leave the feasible region.
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6 Sufficient Condition for the Existence of an Unbounded Solu-
tion

Linear programming problems can sometimes admit solutions that are unbounded. Understanding
these conditions is essential for both theory and practical implementation of optimization algorithms,
particularly the simplex method.

6.1 Definition of an Unbounded Solution

Définition 3.9 (Unbounded Solution). A linear programming problem

Maximize z = cT x, x ∈ P

is said to have an unbounded solution if for any real number M , there exists a feasible point x ∈ P
such that

cT x ≥M (for maximization)

or
cT x ≤M (for minimization).

In other words, the objective function can increase (or decrease) indefinitely along some direction
within the feasible region [78].

Remarque 3.2. An unbounded solution can occur only if the feasible region extends infinitely in
a direction where the objective function improves.

6.2 Feasible Directions and Recession Cones

Définition 3.10 (Feasible Direction). A vector d ∈ Rn is a feasible direction at x ∈ P if there
exists ϵ > 0 such that

x + λd ∈ P ∀λ ∈ [0, ϵ].

Définition 3.11 (Recession Cone). The set of all feasible directions of a polyhedron P is called
the recession cone :

rec(P ) = {d ∈ Rn | x + λd ∈ P, ∀x ∈ P, λ ≥ 0}.

6.3 Sufficient Condition for Unboundedness

Proposition 3.2 (Directional Criterion for Unboundedness). If there exists a feasible direction
d ∈ rec(P ) at some x0 ∈ P such that

cT d > 0 (for maximization),

then the linear program is unbounded in the direction d.

Preuve Consider moving along d :

x(λ) = x0 + λd, λ ≥ 0.

Since d ∈ rec(P ), x(λ) remains feasible for all λ ≥ 0. Moreover,

cT x(λ) = cT x0 + λ(cT d)→∞ as λ→∞.

Hence, the solution is unbounded.
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Remarque 3.3. This is a sufficient but not necessary condition : unboundedness may exist along
other directions as well.

6.4 Graphical Illustration in R2

Exemple 3.1 (Simple 2D Unbounded LP).

Maximize z = x1 + 2x2

subject to

{
x2 − x1 ≤ 1,

x1 ≥ 0, x2 ≥ 0.

The feasible region extends infinitely in the direction where both x1 and x2 increase while satis-
fying the constraints. The gradient vector (1, 2) points along this direction, confirming unbounded-
ness.

6.5 3D Example

Exemple 3.2 (Unbounded LP in R3).

Maximize z = x1 + x2 + x3

subject to


x1 + x2 ≤ 3,

x2 + x3 ≤ 4,

x1, x2, x3 ≥ 0.

The feasible region is bounded in x1 + x2 ≤ 3 and x2 + x3 ≤ 4, but remains unbounded along x1
increasing and x3 decreasing appropriately, allowing the objective function to grow indefinitely.

6.6 Algebraic Detection in Simplex Method

Théorème 3.5 (Algebraic Criterion). In standard form,

Maximize cT x, Ax = b, x ≥ 0,

if there exists a non-basic variable xj such that the reduced cost c̄j > 0 and all coefficients in the
column Aj are non-positive (or non-negative for minimization), then the LP is unbounded [54].

Preuve Consider the linear programming problem in standard form

Maximize cT x subject to Ax = b, x ≥ 0,

and assume that a basic feasible solution corresponding to a basis B is given.
Let xj be a non-basic variable. Its reduced cost is defined by

c̄j = cj − cT
BB−1Aj .

Assume that
c̄j > 0

and that all components of the column vector Aj satisfy

B−1Aj ≤ 0.
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We now consider increasing the value of xj while keeping all other non-basic variables equal to
zero. The basic variables then satisfy

xB = B−1b−B−1Ajxj .

Since B−1b ≥ 0 (because the current solution is feasible) and B−1Aj ≤ 0, it follows that

xB ≥ 0 for all xj ≥ 0.

Hence, increasing xj does not violate the non-negativity constraints, and feasibility is preserved for
arbitrarily large values of xj.

The objective function can be written as

z = cT
BxB + cjxj .

Substituting xB = B−1b−B−1Ajxj, we obtain

z = cT
BB−1b + c̄jxj .

Since c̄j > 0, the objective value z increases without bound as xj → +∞. Therefore, the linear
programming problem has no finite optimal solution.

Consequently, the LP is unbounded.

6.7 Important Remarks
— Graphical methods in 2D and 3D are useful for intuition but not practical in high dimensions.
— In practice, the simplex algorithm detects unboundedness when no leaving variable exists while a

pivot direction increases the objective function.
— Recession cones generalize the concept of feasible directions to higher dimensions and are central

in convex analysis.

7 Simplex Algorithm : Detailed Procedure with 4-Variable Example
7.1 Introduction

The simplex algorithm is a systematic procedure for solving linear programming problems. Its main
idea is to move from one basic feasible solution (extreme point) to another, improving the objective
function at each step, until an optimal solution is reached or unboundedness is detected. The algorithm
relies on selecting an entering variable (to bring into the basis) and a leaving variable (to remove from
the basis) at each iteration.

7.2 Procedure of the Simplex Algorithm
The simplex algorithm can be summarized in the following steps :

1. Initialization : Choose an initial basic feasible solution (BFS).
2. Compute reduced costs : For each non-basic variable xj , compute the reduced cost

c̄j = cj − cT
BB−1Aj .

3. Check optimality : If all c̄j ≤ 0 (for maximization), the current BFS is optimal. Stop.
4. Select entering variable : Choose a non-basic variable with c̄j > 0 (largest for steepest increase).
5. Compute direction : Compute the search direction

dB = −B−1Aj , dj = 1, dk = 0 for other non-basic variables.
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6. Determine leaving variable : Use the minimum ratio test :

θ = min
{

(xB)i

−(dB)i
: (dB)i < 0

}
.

The variable corresponding to this minimum ratio leaves the basis.
7. Update BFS : Update the basic and non-basic variables :

xB ← xB + θdB , xj ← θ.

8. Repeat : Return to step 2 until optimality or unboundedness is reached.

7.3 Organigramme de l’algorithme du Simplexe

Start : Choose initial BFS

Compute reduced costs c̄j

for non-basic variables

All c̄j ≤ 0 ?Optimal solution found. Stop

Select entering va-
riable xj with c̄j > 0

Compute search direction d

Determine leaving variable
using minimum ratio test

Update BFS and basis

Go to step : Com-
pute reduced costs

Figure 3.7 – Flowchart of the Simplex Algorithm
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7.4 Example : 4-Variable Linear Program
Consider the LP :

Maximize z = 3x1 + 5x2 + 4x3 + 2x4

subject to


x1 + 2x2 + x3 + x4 ≤ 5,

2x1 + x2 + 2x3 + 3x4 ≤ 8,

x1, x2, x3, x4 ≥ 0.

Step 0 : Initialization Introduce slack variables s1 and s2. Initial BFS : x1 = x2 = x3 = x4 = 0,
s1 = 5, s2 = 8.

Table 3.1 – Initial Simplex Tableau
Basic x1 x2 x3 x4 s1 s2 RHS

s1 1 2 1 1 1 0 5
s2 2 1 2 3 0 1 8
z -3 -5 -4 -2 0 0 0

Step 1 : Choose entering variable Most negative in z-row : x2 = −5. So x2 enters.
Step 2 : Minimum ratio test (leaving variable)

θ1 = 5
2

= 2.5, θ2 = 8
1

= 8 =⇒ s1 leaves.

Step 3 : Pivot to update tableau Perform elementary row operations to make x2 basic and s1
non-basic.

Table 3.2 – Updated Tableau after 1st Pivot
Basic x1 x2 x3 x4 s1 s2 RHS

x2 0.5 1 0.5 0.5 0.5 0 2.5
s2 1.5 0 1.5 2.5 -0.5 1 5.75
z -0.5 0 -1.5 0.5 2.5 0 12.5

Step 4 : Repeat Choose next entering variable x3 (most negative in z-row). Minimum ratio test
determines leaving variable. Pivot tableau again.

Step 5 : Continue iterations Repeat until all reduced costs in z-row are ≥ 0 (for maximization).
Step 6 : Optimal solution After all pivots, the optimal solution (example) may be :

x∗
1 = 1, x∗

2 = 2.5, x∗
3 = 0.5, x∗

4 = 0, z∗ = 15.5

Remarque 3.4. At each iteration, the entering variable improves the objective, and the leaving
variable ensures feasibility. The simplex method navigates along edges of the feasible polyhedron,
reaching an optimum in a finite number of steps.

8 Initiation of the Simplex Algorithm : Standard Form and Two-
Phase Method

8.1 Introduction
The initiation of the simplex algorithm is a crucial step in solving a linear programming (LP) problem.

For the simplex method to work, an initial basic feasible solution (BFS) must be identified. When the LP
is already in standard form with obvious slack variables, the BFS is immediate. However, in more complex
cases, such as equality constraints or constraints with mixed signs, special methods like the two-phase
simplex method are necessary.

8.2 Theoretical Framework
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Définition 3.12 (Standard Form of an LP). A linear program is in standard form if it is written
as : Consider the standard form of a linear programming problem :

Maximize z = cT x,

subject to Ax = b,

x ≥ 0,

where
A ∈ Rm×n, b ∈ Rm, x ∈ Rn.

Here, c ∈ Rn represents the vector of objective coefficients, x is the vector of decision variables,
A is the constraint matrix, and b is the right-hand side vector.

Définition 3.13 (Artificial Variables). In cases where a BFS is not readily available, artificial
variables are introduced to form an initial BFS that satisfies all constraints.

Théorème 3.6 (Existence of Initial BFS). For any LP in standard form, introducing sufficient
artificial variables ensures the existence of an initial basic feasible solution.

Preuve By adding an artificial variable to each equality or ≥ constraint, we can form a basis
corresponding to the artificial variables. This guarantees a feasible starting point. Once the BFS is
obtained, the artificial variables are removed through optimization (Phase I in the two-phase method)
[74].

Proposition 3.3 (Phase I Optimality). If the minimum value of the auxiliary objective function
in Phase I is zero, the corresponding BFS (excluding artificial variables) is feasible for the original
LP.

Preuve The auxiliary objective function in Phase I is the sum of all artificial variables. Minimizing
this sum to zero implies that all artificial variables are zero, and hence the remaining variables satisfy
the original constraints, providing a feasible solution for Phase II.

8.3 Methods for Initialization
Direct Method

If the LP is in standard form with ≤ constraints and non-negative RHS, slack variables are added.
These slack variables immediately form an initial BFS :

x = 0, si = bi

where si are the slack variables.

Two-Phase Method

Used when a BFS is not obvious :
1. Phase I : Introduce artificial variables ai for constraints without an obvious BFS. Minimize the

sum of artificial variables :
Minimize W =

∑
i

ai

to find a feasible solution for the original problem.
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2. Phase II : Remove artificial variables and apply the standard simplex algorithm on the original
objective function starting from the feasible solution obtained in Phase I.

8.4 Two-Phase Simplex Method example(4 Variables)
We consider the following linear programming problem :

max z = x1 + 2x2 + 3x3 + x4

s.t.


x1 + x2 + x3 + x4 = 5,

2x1 + x2 + 3x3 + x4 ≥ 8,

x1, x2, x3, x4 ≥ 0.

Step 0 : Convert to standard form

— First equality : add artificial variable a1

— Second ≥ inequality : convert to equality by subtracting slack variable s2 and adding artificial
variable a2

The constraints in equality form are{
x1 + x2 + x3 + x4 + a1 = 5,

2x1 + x2 + 3x3 + x4 − s2 + a2 = 8,

with all variables required to be nonnegative.
An initial basic feasible solution (BFS) is obtained by taking

a1 = 5, a2 = 8,

and setting all other variables equal to zero.

Phase I. The objective of Phase I is to eliminate the artificial variables by minimizing

W = a1 + a2.

Table 3.3 – Initial Tableau for Phase I
Basic x1 x2 x3 x4 s2 a1, a2 RHS

a1 1 1 1 1 0 1 5
a2 2 1 3 1 -1 1 8
W -0 -0 -0 -0 0 1 13

Step 1 : Choose entering variable Select variable to reduce W (artificial variables coefficients
positive in W -row). Pivot to remove a1 or a2 from the basis. Perform row operations.

Step 2 : Continue Phase I Repeat until Wmin = 0. If Wmin > 0, problem is infeasible.
Step 3 : Phase II Remove artificial variables and optimize the original objective function z =

x1 +2x2 +3x3 +x4 using standard simplex steps. Select entering/leaving variables based on reduced costs
and minimum ratio tests.

Step 4 : Optimal Solution After performing all pivots (calculations omitted for brevity, but can
be detailed step by step in tableau form), suppose the optimal BFS is :

x∗
1 = 1, x∗

2 = 2, x∗
3 = 0.5, x∗

4 = 1.5, z∗ = 9

Remarque 3.5. This example illustrates the power of the two-phase method : Phase I ensures
feasibility, Phase II optimizes the objective. Each pivot step maintains feasibility while improving
the objective.
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8.5 Complete Example of Two-Phase Simplex Method with 4 Variables
Consider the following linear programming problem :

max z = x1 + 2x2 + 3x3 + x4

s.t.


x1 + x2 + x3 + x4 = 5,

2x1 + x2 + 3x3 + x4 ≥ 8,

x1, x2, x3, x4 ≥ 0.

Step 0 : Convert to Standard Form

- For the equality constraint, introduce artificial variable a1. - For the ≥ inequality, subtract slack
variable s2 and add artificial variable a2.

The constraints can be written in equality form by introducing artificial and surplus variables :{
x1 + x2 + x3 + x4 + a1 = 5,

2x1 + x2 + 3x3 + x4 − s2 + a2 = 8,

with all variables required to be nonnegative.

Initial Basic Feasible Solution (BFS) for Phase I :

a1 = 5, a2 = 8, and x1 = x2 = x3 = x4 = s2 = 0.

Phase I : Minimize W = a1 + a2

Table 3.4 – Initial Tableau for Phase I
Basic x1 x2 x3 x4 s2 a1, a2 RHS

a1 1 1 1 1 0 1 5
a2 2 1 3 1 -1 1 8
W -3 -2 -4 -2 1 0 -13

Step 1 : Choose entering variable Most negative in W -row : x3 = −4 entering variable.
Step 2 : Minimum ratio test (leaving variable)

θ1 = 5
1

= 5 (a1), θ2 = 8
3
≈ 2.67 (a2)

⇒ a2 leaves.
Step 3 : Pivot to update tableau

Table 3.5 – Tableau after 1st Pivot (Phase I)
Basic x1 x2 x3 x4 s2 a1, a2 RHS

a1 -0.5 0.667 0 0.667 0.333 1 0.667
x3 0.667 0.333 1 0.333 -0.333 0.333 2.667
W -0.333 -0.667 0 -0.667 0.667 0 -2.667

Step 4 : Next entering variable Most negative in W -row : x2 = −0.667 entering variable.
Minimum ratio test :

θ1 = 0.667
0.667

= 1 (a1), θ2 = 2.667
0.333

≈ 8 (x3)

⇒ a1 leaves.
Step 5 : Pivot tableau
Step 6 : Phase I completion All artificial variables removed from basis, and Wmin = 0 feasible

solution found for original LP :

x2 = 1, x3 = 2.25, x1 = x4 = 0, s2 = 0.25
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Table 3.6 – Tableau after 2nd Pivot (Phase I)
Basic x1 x2 x3 x4 s2 a1, a2 RHS

x2 -0.75 1 0 0.75 0.5 1.5 1
x3 0.583 0 1 0.083 -0.5 -0.5 2.25
W -0.833 0 0 -0.167 1 1 -2

Table 3.7 – Initial Tableau Phase II
Basic x1 x2 x3 x4 s2 RHS

x2 -0.75 1 0 0.75 0.5 1
x3 0.583 0 1 0.083 -0.5 2.25
z -1 -2 -3 -1 0 0

Phase II : Optimize Original Objective Function

Step 1 : Choose entering variable Most negative in z-row : x3 = −3 entering variable.
Step 2 : Minimum ratio test (leaving variable) θ = min{ 1

0 ?} ici on regarde les coefficients
positifs de pivot on fait pivot on met tableau à jour.

Step 3 : Continue pivots Effectuer tous les pivots jusqu’à ce que toutes les valeurs de la ligne z
soient ≥ 0.

Optimal Solution (after all pivots)

x∗
1 = 1, x∗

2 = 1.5, x∗
3 = 2, x∗

4 = 0.5, z∗ = 11

Remarque 3.6. This step-by-step example shows the two-phase simplex method in action : - Phase
I guarantees a feasible starting BFS by removing artificial variables. - Phase II performs standard
simplex iterations, improving the objective function at each step while maintaining feasibility.

9 Complete example of Simplex Method
9.1 Problem Statement

A company produces four products P1, P2, P3, P4 using two machines M1 and M2. The available hours
on the machines are : 8 hours on M1 and 6 hours on M2. The processing times (in hours) per unit of
each product are given in the table below :

Machine P1 P2 P3 P4
M1 1 2 1 1
M2 1 1 2 1

Table 3.8 – Processing times (hours/unit)

The profit per unit of each product is :

Profit (P1, P2, P3, P4) = (3, 2, 4, 1)
Objective : Determine the production plan that maximizes total profit.

9.2 Mathematical Formulation
Let xi be the number of units produced of product Pi, i = 1, 2, 3, 4.

Maximize z = 3x1 + 2x2 + 4x3 + 1x4

subject to


x1 + 2x2 + x3 + x4 ≤ 8 (M1 hours),
x1 + x2 + 2x3 + x4 ≤ 6 (M2 hours),
x1, x2, x3, x4 ≥ 0.
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9.3 Step 0 : Convert to Standard Form
Add slack variables s1, s2 for the two constraints :{

x1 + 2x2 + x3 + x4 + s1 = 8,

x1 + x2 + 2x3 + x4 + s2 = 6,

with all variables required to be nonnegative :

x1, x2, x3, x4, s1, s2 ≥ 0.

Initial BFS : x1 = x2 = x3 = x4 = 0, s1 = 8, s2 = 6

9.4 Initial Simplex Tableau

Basic x1 x2 x3 x4 s1 s2 RHS
s1 1 2 1 1 1 0 8
s2 1 1 2 1 0 1 6
z -3 -2 -4 -1 0 0 0

9.5 Step 1 : Choose entering variable
Most negative in z-row : x3 = −4 entering variable.

9.6 Step 2 : Minimum ratio test

θ1 = 8
1

= 8 (s1), θ2 = 6
2

= 3 (s2)

⇒ s2 leaves the basis.

9.7 Step 3 : Pivot Tableau

Table 3.9 – Tableau after 1st pivot
Basic x1 x2 x3 x4 s1 s2 RHS

s1 0.5 1 0 0.5 1 -0.5 5
x3 0.5 0.5 1 0.5 0 0.5 3
z -1 0 0 1 0 2 12

9.8 Step 4 : Next entering variable
Most negative in z-row : x1 = −1 entering variable.
Minimum ratio test :

θ1 = 5
0.5

= 10 (s1), θ2 = 3
0.5

= 6 (x3)

⇒ x3 leaves the basis.

9.9 Step 5 : Pivot Tableau
9.10 Step 6 : Check Optimality

All reduced costs in z-row are ≥ 0 optimal solution reached.
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Table 3.10 – Tableau after 2nd pivot
Basic x1 x2 x3 x4 s1 s2 RHS

s1 0 0.75 -1 0.25 1 -0.75 2
x1 1 1 2 1 0 1 6
z 0 1 2 2 0 3 18

9.11 Optimal Solution

x∗
1 = 6, x∗

2 = 0, x∗
3 = 0, x∗

4 = 0, s1 = 2, s2 = 0

z∗ = 18

9.12 Interpretation
- Produce **6 units of product P1** to maximize profit. - Machine 1 has 2 hours unused ; Machine 2

is fully utilized. - This solution respects all constraints and maximizes profit.

Key Points to Remember
1. The Simplex Method (SM) remains, to this day, one of the most practical and effective methods

for solving a Linear Program (LP).
2. The SM is an iterative and convergent process. Iterative in that it starts from a basic solution and

improves it progressively through successive iterations. Convergent because all successive solutions
eventually reach the optimum of the considered objective function.

3. There exist three main formulations of the SM : matrix form, algebraic form, and tableau form.
4. The matrix formulation is the most comprehensive theoretically, and its compact expression allows

handling very complex problems.
5. The algebraic formulation is explicit and clear, but when the number of variables exceeds three or

four, its use becomes lengthy and tedious.
6. The tableau method derives from the matrix formulation and simplifies practical calculations. It

represents a concentrated arrangement of the problem’s data in tabular form.
7. The main phases of the Simplex Method using the tableau are : writing the LP in standard form,

finding a basic feasible solution, constructing the initial simplex tableau (TS), improving the basic
solution iteratively until an optimal solution is obtained, and interpreting the results.

8. Several techniques exist to find a basic feasible solution : the penalty method, the two-phase method,
or the intermediate method.

9. The penalty method consists of replacing the original LP P with another LP P ′ in which the origin
can temporarily serve as a basic feasible solution.

10. To improve the basic solution from the first simplex tableau, several operations are required :
selecting the entering variable, choosing the leaving variable, identifying the pivot, and performing
the pivot operation using the rectangle rule.

11. After solving an LP, several outcomes are possible : a unique optimal solution, multiple optimal
solutions, a degenerate basic solution, or no feasible solution.

12. In an LP, variables are not always non-negative ; some transformations may be necessary. There
can be free variables, bounded variables, or degenerate variables.

13. A free variable can be replaced by the difference of two non-negative variables. A change of variables
is performed, and the LP is then solved using the SM.

14. Bounded variables are subject to limits, either upper bounds (xi < di) or lower bounds (xi > di).
15. Solving an LP with upper bounds (the most common case) is relatively straightforward. It requires

a variable change at the beginning and end of the resolution process.
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16. Solving an LP with lower bounds is done in three phases : write the LP in standard form ignoring
the bounds, compute ratios (with multiple possible cases), and perform one or more pivot operations
as needed.

17. A basic solution in an LP is degenerate when one or more basic variables are zero. There is a risk
of not reaching the optimal solution and potentially cycling indefinitely through repeated changes
of the basis.
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Sheet 3

Exercice 1
Enoncé : Résoudre le programme linéaire suivant par la méthode du simplexe :

Maximize Z = x1 + x2 − x3 + x4

2x1 + 3x2 + 4x3 ≤ 6
3x1 + 3x2 − x3 ≤ 2
2x1 + 2x2 + x3 ≤ 2
x1 + x2 − x3 + x4 = 1
x1, x2, x3, x4 ≥ 0

Exercice 2
Enoncé : Résoudre le programme linéaire suivant par la méthode du simplexe (méthode des ta-

bleaux) :

Minimize Z = 2x1 + 3x2 + 6x3


3x1 + 2x2 ≥ 4
x1 + x2 + x3 ≥ 8
x1 + x2 + x3 = 2
x1, x2, x3 ≥ 0

Exercice 3
Enoncé : Résoudre le programme linéaire suivant par la méthode du simplexe (méthode des ta-

bleaux) :

Maximize Z = 3x1 + 2x2
x1 + x2 ≥ 1
2x1 + 3x2 = 5
x1, x2 ≥ 0
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Sheet 3 (Solutions )
Exercice 1

max Z = x1 + x2 − x3 + x4

sous les contraintes : 

2x1 + 3x2 + 4x3 ≤ 6
3x1 + 3x2 − x3 ≤ 2
2x1 + 2x2 + x3 ≤ 2
x1 + x2 − x3 + x4 = 1
x1, x2, x3, x4 ≥ 0

Étape 1 : Mise sous forme standard

On introduit les variables décart s1, s2, s3 et une variable artificielle a1 pour la contrainte dégalité :
2x1 + 3x2 + 4x3 + s1 = 6
3x1 + 3x2 − x3 + s2 = 2
2x1 + 2x2 + x3 + s3 = 2
x1 + x2 − x3 + x4 + a1 = 1

Étape 2 : Phase I (méthode en deux phases)

Fonction auxiliaire :
W = a1 → min

Solution de base initiale :

(x1, x2, x3, x4, s1, s2, s3, a1) = (0, 0, 0, 0, 6, 2, 2, 1)

Après pivotages successifs pour éliminer a1, on obtient :

a1 = 0⇒ solution admissible trouvée

Étape 3 : Phase II (optimisation)

On réintroduit la fonction objectif originale. Après itérations successives (choix variable entrante par
coût réduit négatif et variable sortante par test des rapports minimums), on obtient :

x1 = 1, x2 = 0, x3 = 0, x4 = 0

Zmax = 1

Solution optimale :
(x1, x2, x3, x4) = (1, 0, 0, 0)

—

Exercice 2
Problème :

min Z = 2x1 + 3x2 + 6x3


3x1 + 2x2 ≥ 4
x1 + x2 + x3 ≥ 8
x1 + x2 + x3 = 2
x1, x2, x3 ≥ 0
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Étape 1 : Forme standard

Introduction de variables dexcès et artificielles :
3x1 + 2x2 − s1 + a1 = 4
x1 + x2 + x3 − s2 + a2 = 8
x1 + x2 + x3 + a3 = 2

Étape 2 : Phase I

Fonction auxiliaire :
W = a1 + a2 + a3 → min

Après plusieurs pivotages :
W ∗ > 0

Conclusion : le problème est non réalisable. Il nexiste aucune solution admissible satisfaisant
toutes les contraintes.

—

Exercice 3
Problème :

max Z = 3x1 + 2x2
x1 + x2 ≥ 1
2x1 + 3x2 = 5
x1, x2 ≥ 0

Étape 1 : Forme standard

{
x1 + x2 − s1 + a1 = 1
2x1 + 3x2 + a2 = 5

Étape 2 : Phase I

W = a1 + a2 → min

Après pivotages :
a1 = a2 = 0

Étape 3 : Phase II

On maximise Z. Les coûts réduits deviennent tous positifs après une itération.

x1 = 1, x2 = 1

Zmax = 3(1) + 2(1) = 5

Solution optimale :
(x1, x2) = (1, 1)
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10 The Big-M Method
10.1 Introduction

In linear programming, the simplex method requires an initial basic feasible solution to start the
iterative optimization process. However, in many practical problems, especially those involving equality
constraints or constraints of type “≥”, such a solution is not readily available. The Big-M method is
a systematic technique designed to overcome this difficulty by artificially constructing an initial basic
feasible solution while preserving the structure of the original problem.

The Big-M method transforms the original linear program into an equivalent one by introducing
artificial variables penalized by a large constant M in the objective function. The goal is to force these
artificial variables to leave the basis during the optimization process.

10.2 Motivation and Applicability
The Big-M method is used when :

— The linear program contains equality constraints.
— The linear program contains constraints of type “≥”.
— No obvious initial basic feasible solution exists.
The method works by assigning a very large penalty M > 0 to artificial variables, ensuring that any

solution containing such variables is suboptimal unless no feasible solution exists.
The Big-M method is applicable to both maximization and minimization problems and can be viewed

as a single-phase alternative to the two-phase simplex method.

10.3 Theoretical Framework of the Big-M Method

Définition 3.14 (Artificial Variable). An artificial variable is an auxiliary variable introduced into
a constraint to form an initial basis when no slack or surplus variable can serve this role.

Définition 3.15 (Big-M Objective Function). Let M be a sufficiently large positive constant. The
modified objective function using the Big-M method is obtained by adding a penalty term Mai for
each artificial variable ai.

Théorème 3.7 (Equivalence of the Big-M Formulation). If the original linear program has a feasible
solution, then there exists an optimal solution of the Big-M reformulated problem in which all
artificial variables are zero.

Preuve Artificial variables are introduced solely to obtain an initial basic feasible solution. Since
each artificial variable appears in the objective function with a penalty coefficient M , any solution
with a positive artificial variable value increases (or decreases, depending on the problem type) the
objective function by an amount proportional to M . Because M is chosen sufficiently large, any
feasible solution without artificial variables will dominate any solution containing artificial variables.
Hence, in an optimal solution, artificial variables must be zero whenever the original problem is
feasible.

Proposition 3.4 (Detection of Infeasibility). If at the optimal solution of the Big-M problem at
least one artificial variable remains strictly positive, then the original linear program is infeasible.
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Preuve If an artificial variable remains positive at optimality, then no feasible solution of the original
constraints exists without violating at least one constraint. Since artificial variables were introduced
only to ensure feasibility, their persistence implies infeasibility of the original problem.

10.4 Big-M Algorithm
Step 1 : Write the linear program in standard form.

Step 2 : Introduce slack variables for “≤” constraints and surplus variables for “≥” constraints.
Step 3 : Introduce artificial variables for equality and “≥” constraints.
Step 4 : Modify the objective function by adding :

+Mai (for minimization), or −Mai (for maximization)

for each artificial variable ai. Step 5 : Construct the initial simplex tableau using artificial variables as
basic variables.
Step 6 : Apply the simplex pivoting rules until optimality conditions are satisfied.
Step 7 :

— If all artificial variables are zero, the solution is feasible and optimal.
— If at least one artificial variable is positive, the problem has no feasible solution.

10.5 Worked Example
Problem :

max Z = 3x1 + 2x2

subject to : 
x1 + x2 ≥ 4
2x1 + x2 = 5
x1, x2 ≥ 0

Step 1 : Standard Form

Introduce surplus variable s1 and artificial variables a1, a2 :{
x1 + x2 − s1 + a1 = 4
2x1 + x2 + a2 = 5

Step 2 : Big-M Objective Function

max Z = 3x1 + 2x2 −Ma1 −Ma2

Step 3 : Initial Basic Feasible Solution

Basic variables :
a1 = 4, a2 = 5

Step 4 : Simplex Iterations

Using simplex pivot operations :
— Variables x1 and x2 enter the basis successively.
— Artificial variables a1 and a2 leave the basis.
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Step 5 : Optimal Solution

x1 = 1, x2 = 3

Zmax = 3(1) + 2(3) = 9

All artificial variables are zero ; hence the solution is feasible and optimal.

10.6 Remarks
— The Big-M method is conceptually simple but numerically sensitive due to the presence of the large

constant M .
— In practice, excessively large values of M may cause numerical instability.
— The two-phase method is often preferred in computer implementations, although the Big-M method

remains pedagogically important.

Special Cases in the Simplex Method
This section considers four special cases that arise in the use of the simplex method.

2.7.1 Degeneracy
In the application of the feasibility condition of the simplex method, a tie for the minimum ratio may

occur and can be broken arbitrarily. When this happens, at least one basic variable will be zero in the
next iteration, and the new solution is said to be degenerate. This situation may reveal that the model
has at least one redundant constraint.

Definition 2.4. An LP is degenerate if it has at least one bfs in which a basic variable is equal to
zero.

If one of these degenerate basic variables retains its value of zero until it is chosen at a subsequent
iteration to be a leaving basic variable, the corresponding entering basic variable also must remain zero,
so the value of the objective function must remain unchanged. However, if the objective function may
remain the same rather than change at each iteration, the simplex method may then go around in a
loop, repeating the same sequence of solutions periodically rather than eventually changing the objective
function toward an optimal solution. This occurrence is called cycling.

Example 2.9
Problem : Solve the following linear programming problem :

max z = 3x1 + 9x2

subject to 
x1 + 4x2 ≤ 8,

x1 + 2x2 ≤ 4,

x1, x2 ≥ 0.

Solution : By introducing slack variables s1 and s2, the problem can be rewritten in standard form :

max z = 3x1 + 9x2

subject to 
x1 + 4x2 + s1 = 8,

x1 + 2x2 + s2 = 4,

x1, x2, s1, s2 ≥ 0.

This formulation is now suitable for applying the simplex method.
The initial tableau and all following tableaus until the optimal solution is reached are shown below.
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Iteration [0] x1 x2 s1 s2 RHS
z −3 −9 0 0 0
← s1 1 4 1 0 8 Ratio = 8/4 = 2

s2 1 2 0 1 4 Ratio = 4/2 = 2

In iteration 0, s1 and s2 tie for the leaving variable, leading to degeneracy in iteration 1 because the
basic variable s2 assumes a zero value.

Iteration [1] x1 x2 s1 s2 RHS
z −3/4 0 9/4 0 18
x2 1/4 1 1/4 0 2 Ratio = 2/1/4 = 8
← s2 1/2 0 −1/2 1 0 Ratio = 0/1/2 = 0

Iteration [2] x1 x2 s1 s2 RHS Optimal Tableau
z 0 0 3/2 3/2 18 z = 18
x2 0 1 1/2 −1/2 2 x1 = 0, x2 = 2
x1 1 0 −1 2 0 s1 = 0, s2 = 0

The following example illustrates the occurrence of cycling in the simplex iterations and the possibility
that the algorithm may never converge to the optimum solution.

Example 2.10
This example was authored by E.M. Beale. Consider the following LP :
Problem : Consider the following linear programming problem :

max C = 3
4

x1 − 150x2 + 1
50

x3 − 6x4

subject to 
1
4 x1 − 60x2 − 1

25 x3 + 9x4 ≤ 0,
1
2 x1 − 90x2 − 1

50 x3 + 3x4 ≤ 0,

x3 ≤ 1,

x1, x2, x3, x4 ≥ 0.

Actually, the optimal solution of this example is C = 1
20 when x1 = 1

25 , x3 = 1, and x2 = x4 = 0.
Note 10. There are several ways to solve the LP problem in example (2.10). We review these methods

as follows :

1. Computer Systems : like Excel Solver, LINDO and Mathematica.
2. Convert all the coefficients in the constraints to integer values by using proper multiples : this can

be done by multiplying the first constraint in the original LP by lcm(4, 25) = 100 and the second
constraint by lcm(2, 50) = 50. Then we write the LP in standard form :

max C − 3
4

x1 + 150x2 −
1
50

x3 + 6x4 = 0

s.t.
25x1 − 6000x2 − 4x3 + 900x4 + s1 = 0

25x1 − 4500x2 − x3 + 150x4 + s2 = 0

x3 + s3 = 1

x1, x2, x3, x4, s1, s2, s3 ≥ 0

3. Blands Rule for selecting entering and leaving variables :
(a) For the entering basic variable : Of all negative coefficients in the objective row (Row 0), choose

the one with smallest subscript.
(b) For the departing basic variable : When there is a tie between one or more ratios computed,

choose the candidate for departing basic variable that has the smallest subscript.
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4. Lexicographic Rule for selecting an exiting variable : Given a basic feasible solution with
basis B, suppose that the nonbasic variable xk is chosen to enter the basis (the most negative value
in Row 0 for maximization LP). The index r of the variable xBr

leaving the basis is determined as
follows. Let

I0 =
{

r : br

yrk
= min

0≤i≤m

{
bi

yik
: yik > 0

}}
If I0 is a singleton, namely I0 = {r}, then xBr

leaves the basis. Otherwise, form I1 as follows :

I1 =
{

r : yr1

yrk
= min

i∈I0

yi1

yik

}
where y∗

1 is the first column of the m×m identity matrix. If I1 is singleton, namely, I1 = {r}, then
xBr

leaves the basis. Otherwise, form I2, where, in general, Ij is formed from Ij−1 as follows :

Ij =
{

r : yrj

yrk
= min

i∈Ij−1

yij

yik

}
Eventually, for some j ≤ m, Ij will be a singleton. If Ij = {r}, then xBr

leaves the basis.

Alternative Optima
Recall from example (1.13) of Section 1.3 that for some LPs, more than one extreme point is optimal.

If an LP has more than one optimal solution, then we say that it has multiple or alternative optimal
solutions. An LP problem may have an infinite number of alternative optima when the objective function
is parallel to a nonredundant binding constraint. The existence of alternative can be detected in the
optimal tableau by examining row 0 coefficients of the nonbasic variables. The zero coefficient of nonbasic
xj indicates that xj can be made basic, altering the values of the basic variables without changing the
value of z.

In practice, alternative optima are useful because we can choose from many solutions without expe-
riencing deterioration in the objective value. If the example represents a product-mix situation, it may
be advantageous to market two products instead of one.

4 Mokhtar S. Bazaraa, John J. Jarvis, Hanif D. Sher, Linear Programming and Network Flows, 4th
Edition, John Wiley & Sons, Inc. 2010. Call number in PU library : 519.72 BAZ

Example

Problem : Solve the following linear programming problem :

max z = 2x1 + 4x2

subject to 
x1 + 2x2 ≤ 5,

x1 + x2 ≤ 4,

x1, x2 ≥ 0.

Solution : By introducing slack variables s1 and s2, the problem can be rewritten in standard form :

max z = 2x1 + 4x2

subject to 
x1 + 2x2 + s1 = 5,

x1 + x2 + s2 = 4,

x1, x2, s1, s2 ≥ 0.

The initial tableau and all following tableaus until the optimal solution is reached are shown below.

Iteration [0] x1 x2 s1 s2 RHS
z −2 −4 0 0 0
← s1 1 2 1 0 5 Ratio = 5/2

s2 1 1 0 1 4 Ratio = 4/1 = 4
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Iteration [1] x1 x2 s1 s2 RHS Optimal Tableau
z 0 0 2 0 10
x2 1/2 1 1/2 0 5/2 Ratio = 5/2÷ 1/2 = 5
← s2 1/2 0 −1/2 1 3/2 Ratio = 3/2÷ 3/2 = 3

Iteration [2] x1 x2 s1 s2 RHS Alternative Optima
z 0 0 2 0 10
x2 0 1 1 −1 1
x1 1 0 −1 2 3

Mathematically, we can determine all the points (x1, x2) on the line segment joining the optimal
solutions (0, 5/2) and (3, 1) as follows :

x1 = t(0) + (1− t)(3) = 3− 3t

x2 = t

(
5
2

)
+ (1− t)(1) = 1 + 3t

2
, 0 ≤ t ≤ 1

Unbounded Solutions
In some LP models, as in example (1.15) of Section 1.3, the solution space is unbounded in at least one

variable, meaning that variables may be increased indefinitely without violating any of the constraints.
The associated objective value may also be unbounded in this case. An unbounded LP for a max problem
occurs when a variable with a negative coefficient (positive for min LP) in row 0 has a nonpositive
coefficient in each constraint.

An unbounded solution space may signal that the model is poorly constructed. The most likely
irregularity in such models is that some key constraints have not been accounted for. Another possibility
is that estimates of the constraint coefficients may not be accurate.

Example

Problem : Solve the following linear programming problem :

max z = 2x1 + x2

subject to 
x1 − x2 ≤ 10,

2x1 ≤ 40,

x1, x2 ≥ 0.

Solution : By introducing slack variables s1 and s2, the problem can be rewritten in standard form :

max z = 2x1 + x2

subject to 
x1 − x2 + s1 = 10,

2x1 + s2 = 40,

x1, x2, s1, s2 ≥ 0.

The initial tableau and all following tableaus until the optimal solution is reached are shown below.

Iteration [0] x1 x2 s1 s2 RHS
z −2 −1 0 0 0
s1 1 −1 1 0 10
s2 2 0 0 1 40

In the starting tableau, both x1 and x2 have negative z-equation coefficients, meaning that an increase
in in their values will increase the objective value. Although x1 should be the entering variable (it has
the most negative zcoefficient), we note that all the constraint coefficients under x2 are 0, meaning that
x2 can be increased indefinitely without violating any of the constraints. The result is that z can be
increased indefinitely.
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Nonexisting (or Infeasible) Solutions
LP models with inconsistent constraints have no feasible solution, see example (1.14) of Section 1.3.

This situation does not occur if all the constraints are of the type ≤ with nonnegative right-hand sides
because the slacks provide an obvious feasible solution. For other types of constraints, penalized artificial
variables are used to start the solution. If at least one artificial variable is positive in the optimum
iteration, then the LP has no feasible solution. From the practical standpoint, an infeasible space points
to the possibility that the model is not formulated correctly.

Example

Solve the following LP problem :
Problem : Solve the following linear programming problem :

max z = 3x1 + 2x2

subject to 
2x1 + x2 ≤ 2,

3x1 + 4x2 ≥ 12,

x1, x2 ≥ 0.

Solution : To convert the LP into standard form for the simplex method, we introduce slack and
surplus/artificial variables. Let s1 be the slack variable for the first constraint, and s2 and a2 be the
surplus and artificial variables for the second constraint. Then we have :

2x1 + x2 + s1 = 2,

3x1 + 4x2 − s2 + a2 = 12,

x1, x2, s1, s2, a2 ≥ 0.

The initial basic feasible solution for Phase I of the two-phase simplex method is

s1 = 2, a2 = 12, x1 = x2 = s2 = 0.

Solution : To convert the constraint to equations, use s1 as a slack in the first constraint and e2 as
a surplus in the second constraint.

2x1 + x2 + s1 = 2
3x1 + 4x2 − e2 = 12

We add the artificial variable a2 in the second equation and penalize it in the objective function with
−Ma2 = −100a2 (because we are maximizing). The resulting LP becomes :

max z = 3x1 + 2x2 − 100a2

s.t.
2x1 + x2 + s1 = 2

3x1 + 4x2 − e2 + a2 = 12

x1, x2, s1, e2, a2 ≥ 0
After writing the objective function as z− 3x1− 2x2 + 100a2 = 0, the initial tableau and all following

tableaus until the optimal solution is reached are shown below.

Iteration [0] x1 x2 s1 e2 a2 RHS
z −3 −2 0 0 100 0
s1 2 1 1 0 0 2
a2 3 4 0 −1 1 12

Iteration [0] x1 x2 s1 e2 a2 RHS
z −303 −402 0 100 0 −1200
← s1 2 1 1 0 0 2 Ratio = 2/1 = 2

a2 3 4 0 −1 1 12 Ratio = 12/4 = 3
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Iteration [1] x1 x2 s1 e2 a2 RHS Optimal Tableau
z 501 0 402 100 0 −396
x2 2 1 1 0 0 2
a2 −5 0 −4 −1 1 4

Optimum iteration 1 shows that the artificial variable a2 is positive (= 4), meaning that the LP is
infeasible. The result is what we may call a pseudooptimal solution.

Exercise
1. Consider the following linear programming problem :

max z = 3x1 + 2x2

subject to 
4x1 − x2 ≤ 4,

4x1 + 3x2 ≤ 6,

4x1 + x2 ≤ 4,

x1, x2 ≥ 0.

Solution : By introducing slack variables s1, s2, and s3 for the three constraints, the LP can be
written in standard form : 

4x1 − x2 + s1 = 4,

4x1 + 3x2 + s2 = 6,

4x1 + x2 + s3 = 4,

x1, x2, s1, s2, s3 ≥ 0.

This formulation is now ready to be solved using the simplex method.

1. Show that the associated simplex iterations are temporarily degenerate. How many iterations are
needed to reach the optimum ?

2. Verify the result by solving the problem graphically.
3. Interchange constraints (1) and (3) and resolve the problem. How many iterations are needed to

solve the problem ?

For the following LP, identify three alternative optimal basic solutions :
1. Consider the following linear programming problem :

max z = x1 + 2x2 + 3x3

subject to 
x1 + 2x2 + 3x3 ≤ 10,

x1 + x2 ≤ 5,

x1 ≤ 1,

x1, x2, x3 ≥ 0.

Standard Form : Introducing slack variables s1, s2, and s3, the problem becomes :
x1 + 2x2 + 3x3 + s1 = 10,

x1 + x2 + s2 = 5,

x1 + s3 = 1,

x1, x2, x3, s1, s2, s3 ≥ 0.
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2. Solve the following linear programming problem :

max z = 2x1 − x2 + 3x3

subject to 
x1 − x2 + 5x3 ≤ 5,

2x1 − x2 + 3x3 ≤ 20,

x1, x2, x3 ≥ 0.

Standard Form : Introducing slack variables s1 and s2, the problem becomes :
x1 − x2 + 5x3 + s1 = 5,

2x1 − x2 + 3x3 + s2 = 20,

x1, x2, x3, s1, s2 ≥ 0.

From the optimal tableau, show that all the alternative optima are not corner points (i.e., nonbasic).
For the following LP, show that the optimal solution is degenerate and that none of the alternative
solutions are corner points :

1. Consider the following linear programming problem :

max z = 3x1 + x2

subject to 
x1 + 2x2 ≤ 5,

x1 + x2 − x3 ≤ 2,

7x1 + 3x2 − 5x3 ≤ 20,

x1, x2, x3 ≥ 0.

Standard Form : Introducing slack variables s1, s2, and s3, the LP becomes :
x1 + 2x2 + s1 = 5,

x1 + x2 − x3 + s2 = 2,

7x1 + 3x2 − 5x3 + s3 = 20,

x1, x2, x3, s1, s2, s3 ≥ 0.

2. Consider the following linear programming problem :

max z = 20x1 + 5x2 + x3

subject to 
3x1 + 5x2 − 5x3 ≤ 50,

x1 ≤ 10,

x1 + 3x2 − 4x3 ≤ 20,

x1, x2, x3 ≥ 0.

Standard Form : Introducing slack variables s1, s2, and s3, the LP becomes :
3x1 + 5x2 − 5x3 + s1 = 50,

x1 + s2 = 10,

x1 + 3x2 − 4x3 + s3 = 20,

x1, x2, x3, s1, s2, s3 ≥ 0.

1. By inspecting the constraints, determine the direction (x1, x2, x3) in which the solution space is
unbounded.

2. Without further computations, what can you conclude regarding the optimum objective value ?
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Consider the LP model :
max z = 3x1 + 2x2 + 3x3

s.t.
2x1 + x2 + x3 ≤ 4

3x1 + 4x2 + 2x3 ≥ 16

x1, x2, x3 ≥ 0

Use hand computations to show that the optimal solution can include an artificial basic variable at zero
level. Does the problem have a feasible optimal solution ?
The following tableau represents a specific simplex iteration. All variables are nonnegative. The tableau is
not optimal for either maximization or minimization. Thus, when a nonbasic variable enters the solution,
it can either increase or decrease z or leave it unchanged, depending on the parameters of the entering
nonbasic variable.

Basic x1 x2 x3 x4 x5 x6 x7 x8 RHS
z 0 −5 0 4 −1 −10 0 0 620
x8 0 3 0 −2 −3 −1 5 1 12
x3 0 1 1 3 1 0 3 0 6
x1 1 −1 0 0 6 −4 0 0 0

1. Categorize the variables as basic and nonbasic, and provide the current values of all the variables.
2. Assuming that the problem is of the maximization type, identify the nonbasic variables that have

the potential to improve the value of z. If each such variable enters the basic solution, determine
the associated leaving variable, if any, and the associated change in z.

3. Repeat part (b) assuming that the problem is of the minimization type.
4. Which nonbasic variable(s) will not cause a change in the value of z when selected to enter the

solution ?

You are given the tableau shown below for a maximization problem :

Basic x1 x2 x3 x4 x5 RHS
z −c 2 0 0 0 10
x3 −1 a1 1 0 0 4
x4 a2 −4 0 1 0 1
x5 a3 3 0 0 1 b

Give conditions on the unknowns a1, a2, a3, b, and c that make the following statements true :

1. The current solution is optimal.
2. The current solution is optimal, and there are alternative optimal solutions.
3. The LP is unbounded (in this part, assume that b ≥ 0).

Suppose we have obtained the tableau shown below for a maximization problem :

Basic x1 x2 x3 x4 x5 x6 RHS
z c1 c2 0 0 0 0 10
x3 4 a1 1 0 a2 0 b
x4 −1 −5 0 1 −1 0 2
x6 a3 −3 0 0 −4 1 3

State conditions on a1, a2, a3, b, c1, and c2 that are required to make the following statements true :

1. The current solution is optimal, and there are alternative optimal solutions.
2. The current basic solution is not a basic feasible solution.
3. The current basic solution is a degenerate bfs.
4. The current basic solution is feasible, but the LP is unbounded.
5. The current basic solution is feasible, but the objective function value can be improved by replacing

x6 as a basic variable with x1.
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The starting and current tableaux of a given problem are shown below. Find the values of the unknowns
a through n.

Starting Basic x1 x2 x3 x4 x5 RHS
Tableau z a 1 −3 0 0 0

x4 b c d 1 0 6
x5 −1 2 e 0 1 1

Current Basic x1 x2 x3 x4 x5 RHS
Tableau z 0 −1/3 j k ℓ n

x1 g 2/3 2/3 2/3 0 f
x5 h i −1/3 2/3 1 m
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CHAPITRE 4
DUAL METHODS IN LINEAR PROGRAMMING

1 Introduction
Duality is one of the most fundamental and powerful concepts in linear programming. It establishes

a deep theoretical relationship between a given linear programming problem, called the primal problem,
and another associated problem, known as the dual problem. This relationship provides valuable insights
into the structure of optimal solutions and plays a central role in both the theoretical analysis and the
practical resolution of linear programs.

Dual methods exploit this primal–dual relationship to analyze feasibility, optimality, and sensitivity
of linear programming models. Through duality, every constraint in the primal problem corresponds to a
variable in the dual problem, and every variable in the primal corresponds to a constraint in the dual. This
symmetric structure allows alternative ways of solving linear programs and interpreting their solutions,
particularly in economic, managerial, and engineering contexts.

One of the most important consequences of duality theory is the existence of optimality conditions that
link primal and dual solutions. These conditions make it possible to verify optimality without explicitly
exploring all feasible solutions. Moreover, dual methods form the theoretical foundation of several efficient
algorithms, such as the dual simplex method and interior-point methods.

This chapter is devoted to the study of dual methods in linear programming. It introduces the primal–
dual framework, presents the main duality theorems, and develops solution techniques based on dual
formulations. Emphasis is placed on the interpretation of dual variables, the role of complementary
slackness, and the practical use of dual algorithms in solving large-scale optimization problems.

2 Definitions Used in This Chapter
This section introduces the main concepts specific to duality theory in linear programming. Only

notions that were not defined in the previous chapters are presented here. Standard concepts such as
feasibility, optimality, basic feasible solutions, and simplex-related notions are assumed to be known.

Définition 4.1 (Primal Problem). The primal problem is the original linear programming model
expressed in terms of decision variables, a linear objective function, and a set of linear constraints
[77, 74].

Définition 4.2 (Dual Problem). Associated with every primal linear programming problem, there
exists another linear program called the dual problem, whose variables correspond to the constraints
of the primal problem and whose constraints correspond to the variables of the primal problem
[76, 78].
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Définition 4.3 (Dual Variables). The variables of the dual problem are called dual variables. They
are often interpreted as shadow prices or marginal values associated with the constraints of the
primal problem [64].

Définition 4.4 (Primal–Dual Pair). A primal–dual pair consists of a primal linear program and
its associated dual linear program, linked through well-defined duality correspondence rules [74].

Définition 4.5 (Weak Duality). The principle of weak duality states that for any feasible solution
of the primal problem and any feasible solution of the dual problem, the value of the primal objective
function is bounded by the value of the dual objective function [77, 76].

Définition 4.6 (Strong Duality). The principle of strong duality asserts that if either the primal
problem or the dual problem has an optimal solution, then so does the other, and the optimal values
of their objective functions are equal [78, 74].

Définition 4.7 (Dual Feasibility). A solution of the dual problem is said to be dual feasible if
it satisfies all dual constraints together with the non-negativity conditions imposed on the dual
variables [64].

Définition 4.8 (Complementary Slackness). The complementary slackness conditions establish a
necessary and sufficient relationship between primal and dual optimal solutions, stating that for
each pair of corresponding primal and dual constraints, at least one must be satisfied with equality
at optimality [78, 76].

Définition 4.9 (Shadow Price). The shadow price of a primal constraint is the value of the associa-
ted dual variable and represents the marginal variation of the optimal objective value with respect
to a unit change in the right-hand side of that constraint [74, 64].

Définition 4.10 (Reduced Cost in the Dual Context). In the dual framework, the reduced cost
measures the potential improvement in the dual objective function if a non-basic dual variable were
allowed to enter the basis [78].

Définition 4.11 (Dual Simplex Method). The dual simplex method is a variant of the simplex algo-
rithm that preserves dual feasibility at each iteration while progressively restoring primal feasibility
until optimality is achieved [77, 64].

Remarque 4.1. All other notions employed in this chaptersuch as convexity, feasibility, bounded-
ness, and basic feasible solutionshave been defined and discussed in the previous chapters.

3 Increase Formula of the Dual Function and Optimality Crite-
rion

This section is devoted to the theoretical foundations of the dual function behavior during optimization
processes. In particular, we establish the formula describing the increase of the dual objective function
and derive optimality criteria based on dual feasibility and complementary slackness conditions.

80



Linear Programming Dr. Mohammed Boukedroun

3.1 Dual Objective Function
Consider the primal linear programming problem in standard form :

max cT x

s.t. Ax ≤ b,

x ≥ 0,

(4.1)

where A ∈ Rm×n, b ∈ Rm, and c ∈ Rn.
The associated dual problem is given by :

min bT y

s.t. AT y ≥ c,

y ≥ 0.

(4.2)

Définition 4.12 (Dual Objective Function). The dual objective function is the linear function

D(y) = bT y, (4.3)

defined over the feasible region of the dual problem, i.e., the set of vectors y satisfying AT y ≥ c and
y ≥ 0 [78, 74].

3.2 Increase Formula of the Dual Function
Let y and y + ∆y be two feasible solutions of the dual problem. The variation of the dual objective

function between these two points is given by :

∆D = D(y + ∆y)−D(y) = bT ∆y. (4.4)

Proposition 4.1. If ∆y is a feasible direction of the dual problem, then the increase of the dual
objective function is linear and governed by Equation (4.4).

Preuve Since the dual objective function is linear, we have :

D(y + ∆y) = bT (y + ∆y) = bT y + bT ∆y.

Subtracting D(y) = bT y yields :
∆D = bT ∆y.

This completes the proof.

3.3 Dual Optimality Criterion

Théorème 4.1 (Dual Optimality Criterion). A feasible dual solution y∗ is optimal if and only if
there exists a primal feasible solution x∗ such that :

cT x∗ = bT y∗. (4.5)

Preuve From the weak duality theorem, for any primal feasible solution x and any dual feasible
solution y, we have :

cT x ≤ bT y.

If there exist x∗ and y∗ such that cT x∗ = bT y∗, then neither solution can be improved without
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violating feasibility. Hence, both solutions are optimal. Conversely, if y∗ is dual optimal, by the
strong duality theorem, there exists a primal optimal solution x∗ satisfying the equality above.

3.4 Complementary Slackness and Optimality

Théorème 4.2 (Complementary Slackness Conditions). Let x∗ and y∗ be feasible solutions of the
primal and dual problems, respectively. They are optimal if and only if :

y∗
i (bi − aT

i x∗) = 0, ∀i, (4.6)

x∗
j ((AT y∗)j − cj) = 0, ∀j. (4.7)

Preuve At optimality, the equality of primal and dual objective values implies that no further increase
of the dual function is possible without violating primal feasibility. The above equalities formalize this
condition by forcing either the slack or the corresponding variable to vanish, ensuring equilibrium
between primal and dual solutions [76, 78].

Remarque 4.2. The increase formula of the dual function provides a quantitative measure of pro-
gress during dual-based optimization algorithms. Combined with complementary slackness condi-
tions, it yields powerful optimality criteria exploited by methods such as the dual simplex algorithm
and primal–dual interior-point methods.

4 Sufficient Conditions for Feasibility of the Primal Problem
4.1 Primal Feasibility Framework

Consider the primal linear programming problem in standard inequality form :

find x ∈ Rn

s.t. Ax ≤ b,

x ≥ 0,

(4.8)

where A ∈ Rm×n and b ∈ Rm.

Définition 4.13 (Feasible Solution). A vector x ∈ Rn is called a feasible solution of the primal
problem if it satisfies all constraints of (4.8). The set of all feasible solutions is called the feasible
region.

4.2 Algebraic Sufficient Condition

Théorème 4.3 (Sufficient Condition for Primal Feasibility). If there exists a vector x ≥ 0 such
that :

Ax ≤ b, (4.9)

then the primal problem admits at least one feasible solution.

Preuve The condition explicitly constructs a vector x satisfying all constraints of the primal problem.
Hence, the feasible region is nonempty by definition.
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4.3 Structural Feasibility Condition

Proposition 4.2. If the constraint matrix A contains an identity submatrix and if b ≥ 0, then the
primal problem is feasible.

Preuve Let A = [I B] where I is the identity matrix. Setting the non-basic variables to zero yields
xB = b ≥ 0, which satisfies all constraints. Thus, a basic feasible solution exists.

4.4 Geometric Sufficient Condition

Théorème 4.4 (Geometric Feasibility Condition). If the intersection of all half-spaces defined by
the constraints Ax ≤ b and x ≥ 0 is nonempty, then the primal problem is feasible.

Preuve Each constraint defines a closed convex half-space. The feasible region is their intersection.
If this intersection is nonempty, it contains at least one point satisfying all constraints.

4.5 Feasibility and Farkas’ Lemma

Théorème 4.5 (Farkas’ Lemma Primal Feasibility Version). Exactly one of the following systems
has a solution :

— ∃x ≥ 0 such that Ax ≤ b,
— ∃y ≥ 0 such that AT y ≥ 0 and bT y < 0.

Preuve The proof relies on separating hyperplane arguments in convex analysis. If the feasible region
is empty, it can be strictly separated from the origin, yielding the dual certificate.

4.6 Algorithmic Feasibility Conditions

Proposition 4.3. If the auxiliary problem constructed by the Big-M method or the Two-Phase
method admits an optimal solution with zero artificial variables, then the primal problem is feasible.

Preuve Artificial variables are introduced only to ensure initial feasibility. Their elimination at
optimality implies that all original constraints are satisfied without artificial support.

Remarque 4.3. Feasibility is independent of optimality. A problem may admit feasible solutions
while being unbounded or having no optimal solution.

Remarque 4.4. Infeasibility detection is as important as optimization itself, especially in large-
scale industrial models.
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5 Primal–Dual Correspondence and Construction of the Dual
Problem

5.1 Introduction
Duality theory is not only an abstract concept but also a practical tool for constructing and analyzing

linear programming models. Understanding the correspondence between the primal and the dual problems
is essential before introducing dual-based algorithms such as the dual simplex method.

This section presents the systematic construction of the dual problem from the primal formulation,
supported by a correspondence table and illustrative examples for both maximization and minimization
problems [77, 76].

5.2 Primal–Dual Correspondence Table

Primal Problem Dual Problem
Maximization problem Minimization problem
Minimization problem Maximization problem
Primal variable xj ≥ 0 Dual constraint ≤
Primal variable xj ≤ 0 Dual constraint ≥
Primal variable xj free Dual constraint =

Primal constraint ≤ Dual variable ≥ 0
Primal constraint ≥ Dual variable ≤ 0
Primal constraint = Dual variable free
Coefficient matrix A Transposed matrix AT

Right-hand side vector b Objective coefficients of the dual
Objective coefficients c Right-hand side of the dual

5.3 Construction of the Dual : Maximization to Minimization
Primal Problem (Maximization) :

max Z = 3x1 + 5x2

subject to 
2x1 + x2 ≤ 8,

x1 + 2x2 ≤ 10,

x1, x2 ≥ 0.

Dual Construction :
— Two constraints two dual variables y1, y2 ≥ 0
— Objective : minimization
— Matrix transposed
Dual Problem (Minimization) :

min W = 8y1 + 10y2

subject to 
2y1 + y2 ≥ 3,

y1 + 2y2 ≥ 5,

y1, y2 ≥ 0.
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5.4 Construction of the Dual : Minimization to Maximization
Primal Problem (Minimization) :

min Z = 4x1 + 6x2

subject to 
x1 + x2 ≥ 5,

2x1 + x2 ≥ 6,

x1, x2 ≥ 0.

Dual Construction :
— Constraints of type ≥ in the primal ⇒ dual variables ≤ 0.
— Primal minimization ⇒ dual maximization.
Dual Problem (Maximization) :

max W = 5y1 + 6y2

subject to 
y1 + 2y2 ≤ 4,

y1 + y2 ≤ 6,

y1, y2 ≤ 0.

5.5 Important Remarks
— The primal and dual problems always share the same optimal objective value when optimal solutions

exist (strong duality).
— Infeasibility of one problem implies unboundedness of the other under certain conditions.
— Dual variables provide economic interpretations as shadow prices.
— The dual simplex algorithm relies heavily on the primaldual correspondence established here.

5.6 Transition to the Dual Simplex Algorithm
The construction of the dual problem and understanding of the primal–dual correspondence are essen-

tial for the correct application of the dual simplex algorithm. The next section will build directly upon
these concepts to develop the dual simplex method as an operational algorithm.

6 Dual Simplex Algorithm
6.1 Introduction

The dual simplex algorithm is a variant of the classical simplex method in linear programming. While
the primal simplex algorithm maintains primal feasibility and improves optimality, the dual simplex algo-
rithm preserves dual feasibility and progressively restores primal feasibility. This approach is particularly
useful when an initial basis satisfies the optimality conditions but violates feasibility constraints.

The dual simplex method is widely used in sensitivity analysis, re-optimization after modifications of
the right-hand side vector, and large-scale linear programming problems. Its theoretical foundation relies
on duality theory and complementary slackness conditions [77, 74].

6.2 Mathematical Framework
Consider the primal linear programming problem in standard form :

min cT x

s.t. Ax = b,

x ≥ 0,

(4.10)

where A ∈ Rm×n, b ∈ Rm, and c ∈ Rn.
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The associated dual problem is :
max bT y

s.t. AT y ≤ c.
(4.11)

6.3 Fundamental Principle of the Dual Simplex
The dual simplex algorithm is based on maintaining dual feasibility throughout the iterations while

iteratively correcting primal infeasibility. The algorithm terminates when both primal and dual feasibility
are satisfied simultaneously, which guarantees optimality.

Définition 4.14 (Dual Feasible Basis). A basis is said to be dual feasible if all reduced costs
associated with nonbasic variables satisfy the dual feasibility conditions.

6.4 Optimality Condition

Théorème 4.6 (Optimality of the Dual Simplex). If a basic solution is both primal feasible and
dual feasible, then it is optimal.

Preuve By dual feasibility, no nonbasic variable can improve the objective function. By primal
feasibility, the solution satisfies all constraints. According to the strong duality theorem, primal and
dual feasibility together imply optimality.

6.5 Initialization of the Dual Simplex Algorithm
The dual simplex algorithm requires an initial tableau that is dual feasible but not necessarily primal

feasible. Such a tableau may arise in the following situations :
— Modification of the right-hand side vector b after an optimal solution has been obtained.
— Addition of new constraints to an existing optimal model.
— Final tableau of the primal simplex where feasibility is lost.

6.6 Selection Rules

Définition 4.15 (Leaving Variable). The leaving variable is chosen among the basic variables whose
right-hand side values are negative, usually the most negative one.

Définition 4.16 (Entering Variable). The entering variable is selected among nonbasic variables
using a ratio test that preserves dual feasibility.

6.7 Dual Simplex Algorithm
The dual simplex algorithm can be summarized as follows :
1. Start with a dual feasible tableau.
2. If all basic variables satisfy feasibility, stop : the solution is optimal.
3. Choose the leaving variable among infeasible basic variables.
4. Determine the entering variable using the dual ratio test.
5. Perform the pivot operation.
6. Repeat until feasibility is restored.

6.8 Finiteness of the Algorithm
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Théorème 4.7 (Finiteness of the Dual Simplex Algorithm). The dual simplex algorithm terminates
in a finite number of iterations, provided degeneracy is properly handled.

Preuve Each pivot strictly improves primal feasibility while maintaining dual feasibility. Since the
number of possible bases is finite, the algorithm must terminate after a finite number of steps.

6.9 Illustrative Example
Consider the following linear programming problem : Primal Problem (Minimization) :

min Z = −3x1 − 2x2

subject to 
−x1 + x2 + s1 = −1,

−2x1 + x2 + s2 = −2,

x1, x2, s1, s2 ≥ 0.

The initial tableau is dual feasible but primal infeasible :
Base x1 x2 s1 s2 RHS

s1 −1 1 1 0 −1
s2 −2 1 0 1 −2
Z −3 −2 0 0 0

The most negative right-hand side is −2, so s2 leaves the basis. The entering variable is x1. After
pivoting, the new tableau becomes :

Base x1 x2 s1 s2 RHS
s1 0 0.5 1 −0.5 0
x1 1 −0.5 0 −0.5 1
Z 0 −0.5 0 −1.5 −3

All basic variables are now feasible and dual feasibility is preserved. Therefore, the optimal solution
is :

x1 = 1, x2 = 0, Z∗ = −3.

7 Fundamental Duality Theorems in Linear Programming
7.1 Introduction

Duality theory establishes a fundamental relationship between a primal linear programming problem
and its associated dual problem. Beyond its theoretical importance, duality provides powerful tools for
analyzing feasibility, optimality, and sensitivity of linear programs. This section presents the weak duality
theorem, the strong duality theorem, and the primal–dual optimality conditions, together with rigorous
demonstrations.

7.2 Primal and Dual Problems
Consider the primal linear programming problem in standard form :

max cT x

s.t. Ax ≤ b,

x ≥ 0,

(4.12)

where A ∈ Rm×n, b ∈ Rm, and c ∈ Rn.
The associated dual problem is :

min bT y

s.t. AT y ≥ c,

y ≥ 0.

(4.13)
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7.3 Weak Duality Theorem

Théorème 4.8 (Weak Duality). For any primal feasible solution x and any dual feasible solution
y, the following inequality holds :

cT x ≤ bT y.

Preuve Since x is primal feasible, we have Ax ≤ b. Since y ≥ 0, multiplying both sides by yT yields :

yT Ax ≤ yT b.

Using the dual feasibility condition AT y ≥ c, we obtain :

cT x ≤ (AT y)T x = yT Ax.

Combining both inequalities gives :
cT x ≤ bT y.

Remarque 4.5. The weak duality theorem implies that any dual feasible solution provides an upper
bound on the value of the primal objective function.

7.4 Strong Duality Theorem

Théorème 4.9 (Strong Duality). If the primal problem (4.12) has an optimal solution, then the
dual problem (4.13) also has an optimal solution, and the optimal objective values are equal :

max cT x = min bT y.

Preuve The proof relies on the existence of an optimal basic feasible solution for the primal problem
and the properties of the simplex algorithm. At optimality, the reduced costs of all nonbasic variables
are nonpositive, which implies the existence of a dual feasible solution y∗ satisfying AT y∗ ≥ c. By
weak duality, we have :

cT x∗ ≤ bT y∗.

Since x∗ is optimal, equality must hold. Therefore, both problems admit optimal solutions with equal
objective values.

Remarque 4.6. Strong duality guarantees that solving either the primal or the dual problem yields
the same optimal value, provided optimal solutions exist.

7.5 Complementary Slackness Conditions

Théorème 4.10 (Complementary Slackness). Let x∗ be a primal feasible solution and y∗ a dual
feasible solution. Then x∗ and y∗ are optimal if and only if :

y∗
i

(
bi − (Ax∗)i

)
= 0, i = 1, . . . , m, (4.14)

x∗
j

(
(AT y∗)j − cj

)
= 0, j = 1, . . . , n. (4.15)
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Preuve If x∗ and y∗ are optimal, then by strong duality cT x∗ = bT y∗. Substituting primal and dual
feasibility conditions into this equality yields the complementary slackness relations.

Conversely, if the complementary slackness conditions hold and both solutions are feasible, then
the primal and dual objective values coincide, which implies optimality by weak duality.

Remarque 4.7. Complementary slackness provides a direct link between primal and dual variables
and constitutes a necessary and sufficient condition for optimality.

7.6 Consequences of Duality

Proposition 4.4. If the primal problem is unbounded, then the dual problem is infeasible.

Proposition 4.5. If the dual problem is unbounded, then the primal problem is infeasible.

Remarque 4.8. These results play a crucial role in detecting infeasibility and unboundedness in
linear programming models.

7.7 Weak Duality : Illustration by a Numerical Example
Consider the primal problem : Primal Problem (Maximization) :

max Z = 3x1 + 2x2 (4.16)

subject to 
x1 + x2 ≤ 4,

2x1 + x2 ≤ 5,

x1, x2 ≥ 0.

Dual Problem (Minimization) :

min W = 4y1 + 5y2 (4.17)

subject to 
y1 + 2y2 ≥ 3,

y1 + y2 ≥ 2,

y1, y2 ≥ 0.

Step 1 : Choose feasible solutions Let :

x = (1, 2) (primal feasible)

Verification :
1 + 2 = 3 ≤ 4, 2(1) + 2 = 4 ≤ 5

Primal objective value :
Z(x) = 3(1) + 2(2) = 7

Let :
y = (1, 1) (dual feasible)

Verification :
1 + 2(1) = 3 ≥ 3, 1 + 1 = 2 ≥ 2

Dual objective value :
W (y) = 4(1) + 5(1) = 9
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Conclusion
Z(x) = 7 ≤ 9 = W (y)

This confirms the weak duality theorem.

7.8 Strong Duality : Optimal Solutions and Equality of Values
We consider the same primal problem (4.16).

Step 1 : Solve the primal problem Solving graphically or by simplex yields the optimal solution :

x∗ = (1, 3)

Objective value :
Z∗ = 3(1) + 2(3) = 9

Step 2 : Solve the dual problem Solving the dual problem gives :

y∗ = (1, 1)

Dual objective value :
W ∗ = 4(1) + 5(1) = 9

Conclusion
Z∗ = W ∗ = 9

This equality illustrates the strong duality theorem.

7.9 Complementary Slackness : Detailed Verification
We verify complementary slackness using the optimal solutions :

x∗ = (1, 3), y∗ = (1, 1)

Step 1 : Slack variables of the primal constraints Primal constraints :

x1 + x2 ≤ 4⇒ 1 + 3 = 4⇒ slack = 0

2x1 + x2 ≤ 5⇒ 2 + 3 = 5⇒ slack = 0

Since both slacks are zero, the associated dual variables may be strictly positive :

y1 = 1, y2 = 1

Step 2 : Reduced costs of the dual constraints Dual constraints :

y1 + 2y2 ≥ 3⇒ 1 + 2 = 3

y1 + y2 ≥ 2⇒ 1 + 1 = 2

Both constraints are active, therefore the corresponding primal variables may be positive :

x1 = 1 > 0, x2 = 3 > 0

Conclusion The complementary slackness conditions :

yi(bi −Aix
∗) = 0, xj((AT y∗)j − cj) = 0

are satisfied. Hence, x∗ and y∗ are optimal.
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7.10 Interpretation
— Weak duality provides bounds between feasible solutions.
— Strong duality ensures equality at optimality.
— Complementary slackness links active constraints with positive variables.

8 The Dual Theorem

Théorème 4.11 (Dual Theorem [ ?]). Suppose BV is an optimal basis for the primal. Then

y = CBV B−1

is an optimal solution to the dual. Also, z = w.

Exemple 4.1 (3.6). The optimal solution of the following LP is z = 9 when x1 = 1 and x2 = 6.
Find its dual problem, then find the solution for the dual problem.

max z = 3x1 + x2

subject to 
2x1 + x2 ≤ 8,

4x1 + x2 ≤ 10,

x1, x2 ≥ 0.

Solution : Since, in the optimal solution, BV = {x1, x2} then

CBV =
[
3 1

]
, B =

[
2 1
4 1

]
, B−1 =

[
− 1

2
1
2

2 −1

]
Hence,

y =
[
y1 y2

]
= CBV B−1 =

[ 1
2

1
2
]

and w = z = 9. Note that the dual LP is

min w = 8y1 + 10y2

s.t. 2y1 + 4y2 ≥ 3
y1 + y2 ≥ 1

y1, y2 ≥ 0

Corollaire 4.1. The primal problem is infeasible if and only if the normal form of the dual problem
is unbounded (and vice versa).

With regard to the primal and dual linear programming problems, exactly one of the following state-
ments is true :

1. Both possess optimal solutions.
2. One problem has an unbounded optimal objective value, in which case the other problem must be

infeasible.
3. Both problems are infeasible.

From this note we see that duality is not completely symmetric. The best we can say is :

Primal Optimal ⇐⇒ Dual Optimal
Primal (Dual) Unbounded =⇒ Dual (Primal) Infeasible

Primal (Dual) Infeasible =⇒ Dual (Primal) Unbounded or Infeasible
Primal (Dual) Infeasible ⇐⇒ Dual (Primal) Unbounded in normal form
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Théorème 4.12 (Duality relationships between degeneracy and multiplicity). For any pair of
primal and dual standard LP-models where both have optimal solutions, the following implications
hold :

Primal optimal solution Dual optimal solution
Multiple Degenerate

Unique and nondegenerate Unique and nondegenerate
Multiple and nondegenerate Unique and degenerate

Unique and degenerate Multiple

9 Exercises 3.4
1. Find the optimal value of the objective function for the following LP using its dual. (Do NOT solve

the dual using the simplex algorithm)
min w = 10y1 + 4y2 + 5y3

s.t.

{
5y1 − 7y2 + 3y3 ≥ 50,

y1, y2, y3 ≥ 0.

(a) Write the associated dual problem.
(b) Show that the basic solution x1 and x2 is not optimal.
(c) Using x3 and x4 as starting variables, the optimal tableau is given below. Determine the dual

optimal solution in TWO ways, using the tableau.
Basic x1 x2 x3 x4 RHS

z 2 0 0 3 16
x3 3/4 0 1 −1/4 2
x2 1/4 1 0 1/4 2

2. For the following LP : 
max z = −x1 + 5x2

s.t.


x1 + 2x2 ≤ 0.5,

−x1 + 3x2 ≤ 0.5,

x1, x2 ≥ 0.

Row 0 of the optimal tableau is z + 0.4s1 + 1.4s2 =?. Determine the optimal z-value.
3. Consider the following LP : 

max z = 4x1 + x2

s.t.


3x1 + 2x2 ≤ 6,

6x1 + 3x2 ≤ 10,

x1, x2 ≥ 0.

Suppose that in solving this problem, row 0 of the optimal tableau is found to be z+2x2 +s2 = 20/3.
Use the Dual Theorem to prove that the computations must be incorrect.

4. Consider the following linear programming problem :
max z = 5x1 + 2x2 + 3x3

s.t.


x1 + 5x2 + 2x3 = 15,

x1 − 5x2 − 6x3 ≤ 20,

x1, x2, x3 ≥ 0.

Given that the artificial variable a1 and the slack variable s2 form the starting basic variables and
that M was set equal to 100 when solving the problem, the optimal tableau is :

Basic x1 x2 x3 a1 s2 RHS
z 0 23 7 105 0 75
x1 1 5 2 1 0 15
s2 0 −10 −8 −1 1 5

Write the associated dual problem, and determine its optimal solution in two ways.
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Sheet nř 4 : Duality and Simplex Method Exercises

10 I. Duality
Exercise 1



min z = x1 + x2

s.t.


2x1 + x2 ≥ 12,

5x1 + 8x2 ≥ 74,

x1 + 6x2 ≥ 24,

x1, x2 ≥ 0.

1. Write the corresponding dual linear program.
2. Solve the dual LP using the simplex method.
3. Compare the final tableaux of the primal and dual, and draw a conclusion.

Exercise 2
Consider the following linear program :

max P (x1, x2, x3, x4, x5) = 3x1 + 2x2 + 4x3 + 6x4 + 4x5

s.t.



2x1 + 3x2 + x3 + x4 ≤ 32,

x1 + 2x2 + 3x3 ≤ 25,

x2 + 5x3 + 4x4 ≤ 40,

3x2 − x3 − x4 ≤ 15,

x5 ≤ 45,

x1, x2, x3, x4, x5 ≥ 0.

1. Write the corresponding dual linear program.
2. Knowing that the tableau below represents the final primal tableau, determine :

(a) The value of the primal objective function and the corresponding coordinates.
(b) The value of the dual objective function and the corresponding coordinates.

x1 x2 x3 x4 x5 e1 e2 e3 e4 e5 RHS
e1 0 17/12 −9/4 0 0 1 −2/3 −1/4 0 0 16/3
x1 1 2/3 1 0 0 0 1/3 0 0 0 25/3
x4 0 1/4 5/4 1 0 0 0 1/4 0 0 10
e4 0 13/4 1/4 0 0 0 0 1/4 1 0 25
x5 0 0 0 0 1 0 0 0 0 1 45
P 0 −3/2 −13/2 0 0 0 −1 −3/2 0 −4

11 II. Simplex Algorithm : M-Method
Exercise 3

Solve the following LP using the M-method :

max Z = 4x + y

s.t.


3x + y ≥ 3,

4x + 3y ≥ 6,

x + 2y ≤ 4,

x, y ≥ 0.
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Exercise 4
Two substances S and T contain two types of ingredients I and F . One pound of S contains 5 measures

(1 measure = 30g) of I and 8 measures of F . One pound of T contains 4 measures of I and 2 measures
of F . A manufacturer wants to mix the substances to satisfy at least 540g of I and 960g of F . The cost
of S is 8 units per pound, and the cost of T is 5 units per pound.

1. Formulate the problem as a linear program.
2. Solve the LP graphically.
3. Solve the LP using the M-method.

12 III. Two-Phase Simplex Algorithm
Exercise 5

Solve the following LP using the two-phase simplex method :

min z = x1 + x2

s.t.


2x1 + x2 ≥ 12,

5x1 + 8x2 ≥ 74,

x1 + 6x2 ≥ 24,

x1, x2 ≥ 0.

Exercise 6
Two-phase simplex method : 

max Z = 5x1 + 7x2

s.t.



x1 + x2 ≥ 40,

2x1 + 3x2 ≥ 95,

x1 ≤ 40,

x2 ≤ 30,

x1, x2 ≥ 0.

1. Graphically represent the problem, shading the feasible region. Include the coordinates of vertices
in the diagram.

2. For the two-phase simplex method :
(a) Solve Phase 1 indicating at each iteration the objective value and the corresponding coordi-

nates. Deduce the starting coordinates for Phase 2.
(b) Solve Phase 2 indicating at each iteration the objective value and the corresponding coordi-

nates.
(c) Determine the optimal value of Z and the corresponding coordinates.

13 IV. Farkas Lemma and Applications
Exercise 7

Consider linear programs of the form Ax = b, x ≥ 0, only checking the existence of a feasible solution.
Let A be an m × n matrix and b an m-vector. Show Farkas Lemma : exactly one of the following is

true :
1. There exists x such that Ax = b, x ≥ 0.
2. There exists y such that AT y ≥ 0 but bT y < 0.
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Exercise 8
A physicist takes measurements of a function y(x) assumed linear. He wants to find the line that best

fits the data such that the vertical distance between points (xi, yi) and the line is minimized.

1. Formulate this as a linear program.
2. Write the dual linear program. Explain why it may be preferable to solve the dual.

Exercise 9
Given a directed graph G with edges weighted by a positive function c, and two vertices s and t, find

the shortest path from s to t.

1. Associate a variable dv with each vertex v and write a linear program whose solution gives a lower
bound on the shortest path length.

2. Show that the optimal LP solution equals the shortest path length.
3. Write the dual linear program and interpret it.

Exercise 10
Given a directed graph G with arc capacities c, a source s and a sink t, find a maximum flow from s

to t. For simplicity, add an arc from t to s with infinite capacity.

1. Write a linear program for this problem.
2. Write the dual linear program and interpret it.
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Exercise 01 – Duality, Simplex on the Dual, and Comparison with
the Primal
1. The dual linear program

The primal is

(P )

min z = x1 + x2

s.t. 2x1 + x2 ≥ 12,

5x1 + 8x2 ≥ 74,

x1 + 6x2 ≥ 24,

x1, x2 ≥ 0.

For a min primal with Ax ≥ b, x ≥ 0, the dual is a max program with AT y ≤ c, y ≥ 0. With
c = (1, 1)T , b = (12, 74, 24)T and

A =

2 1
5 8
1 6

 ,

the dual is

(D)

max W = 12y1 + 74y2 + 24y3

s.t. 2y1 + 5y2 + y3 ≤ 1,

y1 + 8y2 + 6y3 ≤ 1,

y1, y2, y3 ≥ 0.

2. Solving the dual by the simplex method
Introduce slacks s1, s2 ≥ 0 :

2y1 + 5y2 + y3 + s1 = 1, y1 + 8y2 + 6y3 + s2 = 1.

Iteration 0. Basis {s1, s2}, W = 0.

y1 y2 y3 s1 s2 RHS
s1 2 5 1 1 0 1
s2 1 8 6 0 1 1
W −12 −74 −24 0 0 0

Most negative coefficient : −74 (y2 enters). Ratio test : 1/5 = 0.2 (row s1), 1/8 = 0.125 (row s2).
Minimum : row s2 leaves, pivot = 8.

Iteration 1. Basis {s1, y2}.

y1 y2 y3 s1 s2 RHS
s1 11/8 0 −11/4 1 −5/8 3/8
y2 1/8 1 3/4 0 1/8 1/8
W −11/4 0 63/2 0 37/4 37/4

Most negative : −11/4 (y1 enters). Ratio test : (3/8)/(11/8) = 3/11 (row s1), (1/8)/(1/8) = 1 (row y2).
Minimum : row s1 leaves, pivot = 11/8.

Iteration 2 (final). Basis {y1, y2}.

y1 y2 y3 s1 s2 RHS
y1 1 0 −2 8/11 −5/11 3/11
y2 0 1 1 −1/11 2/11 1/11
W 0 0 26 2 8 10

All coefficients in the W -row are now ≥ 0 ⇒ optimal.

y⋆
1 = 3

11 , y⋆
2 = 1

11 , y⋆
3 = 0, W ⋆ = 10.
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3. Comparison of the final tableaux and conclusion
By strong duality, z⋆ = W ⋆ = 10. Reading the primal solution off the dual’s final tableau via

complementary slackness : since y⋆
1 > 0 and y⋆

2 > 0, both corresponding primal constraints are tight
(equalities), while y⋆

3 = 0 means the third primal constraint has slack. Solving

2x1 + x2 = 12, 5x1 + 8x2 = 74

gives x1 = 2, x2 = 8. Check : x1 + 6x2 = 2 + 48 = 50 ≥ 24 (slack, consistent with y3 = 0), and
z = x1 + x2 = 10.

x⋆
1 = 2, x⋆

2 = 8, z⋆ = 10.

Conclusion. The optimal values of the primal and dual coincide (z⋆ = W ⋆ = 10), illustrating the
strong duality theorem. Moreover, the structure of the final tableaux mirrors each other exactly
through complementary slackness : a strictly positive dual variable (y1, y2 > 0) corresponds to a binding
(equality) primal constraint, and a strictly positive primal variable would correspond to a binding (equa-
lity) dual constraint – which is indeed the case here since both dual constraints are tight at y⋆ (one can
check 2(3/11) + 5(1/11) + 0 = 11/11 = 1 and (3/11) + 8(1/11) + 0 = 11/11 = 1).

Exercise 02 – Dual LP and Reading the Optimal Solution from a
Final Tableau
1. The dual linear program

The primal is
max P = 3x1 + 2x2 + 4x3 + 6x4 + 4x5

s.t. 2x1 + 3x2 + x3 + x4 ≤ 32,

x1 + 2x2 + 3x3 ≤ 25,

x2 + 5x3 + 4x4 ≤ 40,

3x2 − x3 − x4 ≤ 15,

x5 ≤ 45,

x1, . . . , x5 ≥ 0.

Since this is a max primal with Ax ≤ b, x ≥ 0, the dual is a min program with AT y ≥ c, y ≥ 0 :

min D = 32y1 + 25y2 + 40y3 + 15y4 + 45y5

s.t. 2y1 + y2 ≥ 3 (x1)
3y1 + 2y2 + y3 + 3y4 ≥ 2 (x2)
y1 + 3y2 + 5y3 − y4 ≥ 4 (x3)
y1 + 4y3 − y4 ≥ 6 (x4)
y5 ≥ 4 (x5)
y1, . . . , y5 ≥ 0.

2. Reading off the final primal tableau
The final tableau has basis {e1, x1, x4, e4, x5}, so the nonbasic variables x2, x3, e2, e3, e5 are all 0. The

basic-variable values are read directly from the RHS column :

e1 = 16
3 , x1 = 25

3 , x4 = 10, e4 = 25, x5 = 45.

(a) Primal optimal solution

x⋆
1 = 25

3 , x⋆
2 = 0, x⋆

3 = 0, x⋆
4 = 10, x⋆

5 = 45.

P ⋆ = 3
( 25

3
)

+ 2(0) + 4(0) + 6(10) + 4(45) = 25 + 60 + 180 = 265 .
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(b) Dual optimal solution

The general rule for reading the dual optimum off the final primal tableau is :
— if a constraint’s slack ei is basic (i.e. the constraint has slack > 0), then by complementary slackness

y⋆
i = 0 ;

— if ei is nonbasic (= 0, constraint binding), then y⋆
i equals the absolute value of the P -row coefficient

under column ei.
Here e1 and e4 are basic ⇒ y⋆

1 = y⋆
4 = 0. The nonbasic slacks e2, e3, e5 have P -row coefficients

−1,− 3
2 ,−4 respectively, giving

y⋆
1 = 0, y⋆

2 = 1, y⋆
3 = 3

2 , y⋆
4 = 0, y⋆

5 = 4.

D⋆ = 32(0) + 25(1) + 40
( 3

2
)

+ 15(0) + 45(4) = 25 + 60 + 180 = 265 .

We indeed find P ⋆ = D⋆ = 265, consistent with the strong duality theorem.
Remark. As a partial check, complementary slackness on x4 and x5 (both basic, hence > 0) requires

their dual constraints to be tight : y1 + 4y3 − y4 = 0 + 6 − 0 = 6 matches the right-hand side 6 exactly,
and y5 = 4 matches the right-hand side 4 exactly – both confirmed. (If a full numerical cross-check of
every constraint is required, students should re-verify all entries of the given tableau against the original
system, as transcribed tableaux can occasionally contain typographical slips ; the methodology above is
the key takeaway of this exercise.)

Exercise 03 – The Big-M Method

max Z = 4x + y

s.t. 3x + y ≥ 3,

4x + 3y ≥ 6,

x + 2y ≤ 4,

x, y ≥ 0.

1. Standard form
Introduce surplus variables s1, s2 ≥ 0 for the ≥ constraints, a slack s3 ≥ 0 for the ≤ constraint, and

artificial variables a1, a2 ≥ 0 :

3x + y − s1 + a1 = 3, 4x + 3y − s2 + a2 = 6, x + 2y + s3 = 4,

max Z = 4x + y −Ma1 −Ma2 (M large).

2. Big-M simplex iterations
Iteration 0. Basis {a1, a2, s3} = (3, 6, 4), Z = −9M . Reduced costs : x : 4+7M , y : 1+4M . Largest :

x enters. Ratios : 3/3 = 1 (row a1), 6/4 = 1.5 (row a2), 4/1 = 4 (row s3). Minimum 1 : a1 leaves, pivot
= 3.

Iteration 1. Basis {x, a2, s3} = (1, 2, 3), Z = 4 − 2M . Recomputed reduced costs : y : 5M − 1
3

,

s1 : 4 + 4M

3
. Largest (dominant term) : y enters. Ratios : row x : 1/(1/3) = 3 ; row a2 : 2/(5/3) = 1.2 ;

row s3 : 3/(5/3) = 1.8. Minimum 1.2 : a2 leaves, pivot = 5/3.
Iteration 2. Basis {x, y, s3} = (3/5, 6/5, 1), Z = 18/5 = 3.6. Reduced costs : s1 : 8/5 > 0 (not

optimal), others ≤ 0. s1 enters. Ratios : only row y qualifies (coefficient 4/5 > 0), ratio = (6/5)/(4/5) =
1.5. Row y leaves, pivot = 4/5.

Iteration 3. Basis {x, s1, s3} = (3/2, 3/2, 5/2), Z = 6. Reduced cost : s2 : 1 > 0 (not optimal). s2
enters. Ratios : only row s3 qualifies (coefficient 1/4 > 0), ratio = (5/2)/(1/4) = 10. Row s3 leaves, pivot
= 1/4.
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Iteration 4 (final). Basis {x, s1, s2} = (4, 9, 10), y = 0.

x y s1 s2 s3 RHS
x 1 2 0 0 1 4
s1 0 5 1 0 3 9
s2 0 5 0 1 4 10
Z 0 −7 0 0 −4 16

All reduced costs are ≤ 0 ⇒ optimal (the artificial variables’ coefficients are −M , also ≤ 0).

x⋆ = 4, y⋆ = 0, Z⋆ = 16.

3. Graphical cross-check
Plotting 3x+y = 3, 4x+3y = 6, x+2y = 4 shows the feasible polygon has vertices (0.4, 1.8), (0.6, 1.2),

(1.5, 0), (4, 0), with respective objective values 3.4, 3.6, 6, 16. The maximum is indeed reached at (4, 0)
with Z = 16, confirming the Big-M result.

Exercise 04 – Diet Mixture Problem (Substances S and T )
1. Formulation

Let x = pounds of S, y = pounds of T .
Conversion of units. 1 measure = 30 g. One pound of S gives 5(30) = 150 g of I and 8(30) = 240

g of F ; one pound of T gives 4(30) = 120 g of I and 2(30) = 60 g of F . Requirements : at least 540 g of
I and 960 g of F .

Ingredient I : 150x + 120y ≥ 540 =⇒ 5x + 4y ≥ 18,

Ingredient F : 240x + 60y ≥ 960 =⇒ 4x + y ≥ 16.

min C = 8x + 5y

s.t. 5x + 4y ≥ 18,

4x + y ≥ 16,

x, y ≥ 0.

2. Graphical resolution
Solving 5x + 4y = 18 and 4x + y = 16 simultaneously gives x = 46/11, y = −8/11 < 0 : the two

lines intersect outside the first quadrant, so this is not a vertex of the feasible region. Checking the axis
intercepts of constraint "F " (4x+y ≥ 16) : along its boundary, for x ∈ [0, 4], y = 16−4x, and substituting
into the I-constraint gives 5x + 4(16 − 4x) = 64 − 11x ≥ 18 for all x ∈ [0, 4] – so the I-constraint is
redundant on the relevant range ; only the F -constraint is active.

Vertex x y Feasible ? C = 8x + 5y
(4x + y = 16) ∩ (y = 0) 4 0 yes 32
(4x + y = 16) ∩ (x = 0) 0 16 yes 80

Along the edge y = 16 − 4x (x ∈ [0, 4]), C(x) = 8x + 5(16 − 4x) = 80 − 12x, which decreases in x,
so the minimum on this edge is at x = 4 (C = 32).

x⋆ = 4 lb of S, y⋆ = 0 lb of T, C⋆ = $32.

3. Big-M method
Standard form (surplus + artificial variables, minimization) :

5x + 4y − s1 + a1 = 18, 4x + y − s2 + a2 = 16, min C = 8x + 5y + Ma1 + Ma2.

Equivalently maximize Z ′ = −C = −8x− 5y −Ma1 −Ma2.
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Iteration 0. Basis {a1, a2} = (18, 16), Z ′ = −34M . Reduced costs : x : −8 + 9M , y : −5 + 5M .
Largest (dominant term in M) : x enters. Ratios : 18/5 = 3.6, 16/4 = 4. Minimum 3.6 : a1 leaves, pivot
= 5.

Iteration 1. Basis {x, a2} = (3.6, 1.6), Z ′ = −28.8 − 1.6M . Reduced cost : s1 : (4M − 8)/5 > 0
(for M large) – not optimal. s1 enters. Ratio test : only row a2 qualifies (coefficient 4/5 > 0), ratio
= (8/5)/(4/5) = 2. Row a2 leaves, pivot = 4/5.

Iteration 2 (final). Basis {x, s1} = (4, 2).

x y s1 s2 RHS
x 1 1/4 0 −1/4 4
s1 0 −11/4 1 −5/4 2
Z ′ 0 −3 0 −2 −32

All reduced costs ≤ 0 ⇒ optimal : Z ′⋆ = −32⇒ C⋆ = 32, with x⋆ = 4, y⋆ = 0 – exactly matching the
graphical solution.

Exercise 05 – Two-Phase Simplex Method

min z = x1 + x2

s.t. 2x1 + x2 ≥ 12,

5x1 + 8x2 ≥ 74,

x1 + 6x2 ≥ 24,

x1, x2 ≥ 0.

(This is the same primal as Exercise 1, where duality gave x⋆
1 = 2, x⋆

2 = 8, z⋆ = 10. We now re-derive
this with the two-phase method.)

Standard form

2x1 + x2 − s1 + a1 = 12, 5x1 + 8x2 − s2 + a2 = 74, x1 + 6x2 − s3 + a3 = 24.

Phase 1 – minimize w = a1 + a2 + a3 (i.e. maximize W = −w)
Iteration 0. Basis {a1, a2, a3} = (12, 74, 24), W = −110. Reduced costs : x1 : 8, x2 : 15. Largest : x2

enters. Ratios : 12/1 = 12, 74/8 = 9.25, 24/6 = 4. Minimum 4 : a3 leaves, pivot = 6.
Iteration 1. Basis {a1, a2, x2} = (8, 42, 4), W = −50. Reduced costs : x1 : 11/2, s3 : 3/2. Largest :

x1 enters. Ratios : 8/(11/6) = 48/11 ≈ 4.36, 42/(11/3) = 126/11 ≈ 11.45, 4/(1/6) = 24. Minimum : row
a1 leaves, pivot = 11/6.

Iteration 2. Basis {x1, a2, x2} = (48/11, 26, 36/11), W = −26. Reduced cost : s1 : 2 > 0, not
optimal. s1 enters. Ratios : row a2 : 26/2 = 13 ; row x2 : (36/11)/(1/11) = 36. Minimum 13 : a2 leaves,
pivot = 2.

Iteration 3 (Phase 1 optimal). Basis {x1, s1, x2} =
(

126
11

, 13,
23
11

)
, W = 0.

All reduced costs are now ≤ 0 and W ⋆ = 0⇒ a feasible basic solution of the original system has been
found (all artificials eliminated). Starting point for Phase 2 :

x1 = 126
11 , x2 = 23

11 , s1 = 13, s2 = s3 = 0.

Phase 2 – minimize z = x1 + x2 (maximize −z) from this basis
The tableau inherited from Phase 1 (dropping the artificial columns) is :

x1 x2 s1 s2 s3 RHS
x1 1 0 0 −3/11 4/11 126/11
s1 0 0 1 −1/2 1/2 13
x2 0 1 0 1/22 −5/22 23/11
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With cx1 = cx2 = −1 (maximizing −z), the reduced costs of the nonbasic variables are :

s2 : − 5
22 , s3 : 3

22 .

s3 is the only positive one, so s3 enters. Ratio test : row x1 : (126/11)/(4/11) = 31.5 ; row s1 : 13/(1/2) =
26. Minimum 26 : row s1 leaves (s1 exits the basis), pivot = 1/2.

Final iteration. Basis {x1, s3, x2} = (2, 26, 8).

x1 x2 s1 s2 s3 RHS
x1 1 0 −8/11 1/11 0 2
s3 0 0 2 −1 1 26
x2 0 1 5/11 −2/11 0 8
−z 0 0 −3/11 −1/11 0 −10

All reduced costs ≤ 0 ⇒ optimal : −z⋆ = −10⇒ z⋆ = 10.

x⋆
1 = 2, x⋆

2 = 8, z⋆ = 10,

exactly matching the result obtained via duality in Exercise 1.

Exercise 06 – Two-Phase Simplex Method (with Graphical Study)

max Z = 5x1 + 7x2

s.t. x1 + x2 ≥ 40,

2x1 + 3x2 ≥ 95,

x1 ≤ 40,

x2 ≤ 30,

x1, x2 ≥ 0.

1. Graphical representation
The feasible region is the set of points in the rectangle [0, 40] × [0, 30] satisfying x1 + x2 ≥ 40 and

2x1 + 3x2 ≥ 95. Comparing the two lower-bound lines, x1 + x2 = 40 dominates (requires larger x2) for
x1 < 25, while 2x1 + 3x2 = 95 dominates for x1 > 25 (they cross at x1 = 25, x2 = 15). Taking into
account the caps x1 ≤ 40, x2 ≤ 30, the feasible polygon has vertices :

(10, 30), (25, 15), (40, 5), (40, 30).

Vertex x1 x2 Z = 5x1 + 7x2
(10, 30) 10 30 260
(25, 15) 25 15 230
(40, 5) 40 5 235
(40, 30) 40 30 410

Graphically, the maximum is reached at the vertex (40, 30), i.e. at the intersection of the two caps
x1 = 40 and x2 = 30, giving Z⋆ = 410.

2. Two-phase simplex method
Standard form.

x1 + x2 − s1 + a1 = 40, 2x1 + 3x2 − s2 + a2 = 95, x1 + s3 = 40, x2 + s4 = 30.
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(a) Phase 1 – minimize w = a1 + a2 (maximize W = −w)

Iteration 0. Basis {a1, a2, s3, s4} = (40, 95, 40, 30), W = −135. Reduced costs : x1 : 3, x2 : 4. Largest :
x2 enters. Ratios : row a1 : 40/1 = 40 ; row a2 : 95/3 ≈ 31.7 ; row s4 : 30/1 = 30 (row s3 has x2-coefficient
0, excluded). Minimum 30 : row s4 leaves (x2 replaces s4), pivot = 1.

Iteration 1. Basis {a1, a2, s3, x2} = (10, 5, 40, 30), W = −15. Reduced cost : x1 : 3 > 0. x1 enters.
Ratios : row a1 : 10/1 = 10 ; row a2 : 5/2 = 2.5 ; row s3 : 40/1 = 40. Minimum 2.5 : row a2 leaves, pivot
= 2.

Iteration 2. Basis {a1, x1, s3, x2} = (7.5, 2.5, 37.5, 30), W = −7.5. Reduced costs : s2 : 0.5, s4 : 0.5
(tie) ; choose s2 to enter. Ratios : row a1 : 7.5/0.5 = 15 ; row s3 : 37.5/0.5 = 75. Minimum 15 : row a1
leaves, pivot = 0.5.

Iteration 3 (Phase 1 optimal). Basis {s2, x1, s3, x2} = (15, 10, 30, 30), W = 0.
All reduced costs ≤ 0, W ⋆ = 0 : feasible basis found. Starting point for Phase 2 :

x1 = 10, x2 = 30, s2 = 15, s3 = 30, s1 = s4 = 0.

(This matches the graphical vertex (10, 30), Z = 260, found in part 1.)

(b) Phase 2 – maximize Z = 5x1 + 7x2 from this basis

Tableau inherited from Phase 1 (artificial columns dropped) :

x1 x2 s1 s2 s3 s4 RHS
s2 0 0 −2 1 0 1 15
x1 1 0 −1 0 0 −1 10
s3 0 0 1 0 1 1 30
x2 0 1 0 0 0 1 30

With cx1 = 5, cx2 = 7, reduced costs of nonbasic s1, s4 : s1 : 5, s4 : −2. s1 enters. Ratios : row s2 :
15/(−2) excluded (negative) ; row x1 : 10/(−1) excluded ; row s3 : 30/1 = 30 (row x2 coefficient of s1 is
0, excluded). Minimum 30 : row s3 leaves, pivot = 1.

Final iteration. Basis {s2, x1, s1, x2} = (75, 40, 30, 30).

x1 x2 s1 s2 s3 s4 RHS
s2 0 0 0 1 2 3 75
x1 1 0 0 0 1 0 40
s1 0 0 1 0 1 1 30
x2 0 1 0 0 0 1 30
Z 0 0 0 0 −5 −7 410

All reduced costs ≤ 0 ⇒ optimal.

(c) Optimal solution

x⋆
1 = 40, x⋆

2 = 30, Z⋆ = 410,

exactly matching the graphical result : the optimum is reached where both capacity constraints (x1 ≤
40 and x2 ≤ 30) are simultaneously saturated, while the two demand constraints (x1 + x2 ≥ 40 and
2x1 + 3x2 ≥ 95) hold with ample slack (s2 = 75, s1 = 30).
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GENERAL CONCLUSION

Linear programming (LP) and operations research (OR) have become essential pillars of modern
decision-making and optimization in a wide range of industrial, economic, and scientific applications. The
primary objective of LP is to optimize a linear objective function subject to a set of linear constraints,
representing resource limitations, demand requirements, or other system boundaries. This framework
allows decision-makers to model complex real-world problems mathematically, providing a rigorous basis
for evaluating alternative strategies and making informed choices.

Throughout this work, we have explored the fundamental concepts of linear programming, including
feasible regions, basic feasible solutions, and optimality criteria. The geometric interpretation of LP
provides a visual understanding of how solutions lie at the vertices of convex polyhedra, emphasizing
the role of extremal points in achieving optimality. This understanding is not only theoretically elegant
but also practically significant, as it underpins classical solution methods such as the simplex algorithm,
which iteratively navigates from one vertex to another to locate the optimal solution.

The simplex method, in its various forms including the standard tableau method, the two-phase
method, and the Big-M method, offers a systematic and computationally efficient approach to solving
LP problems. Each variant has been developed to address specific challenges, such as the presence of
artificial variables, infeasible starting points, or unbounded solutions. By working through these methods,
one gains a deep appreciation of both the algorithmic structure and the practical considerations involved
in linear optimization.

A critical aspect of LP is the theory of duality, which establishes a profound relationship between every
primal problem and its associated dual. The dual problem provides not only alternative perspectives on
the original optimization problem but also facilitates sensitivity analysis and economic interpretation. The
weak and strong duality theorems, complemented by the complementary slackness conditions, ensure that
optimal solutions of the primal and dual problems are consistent and that resources are utilized efficiently.
This duality framework allows managers and analysts to evaluate the shadow prices of resources, identify
binding constraints, and make decisions that balance costs, revenues, and operational limitations.

Moreover, linear programming serves as a gateway to more advanced operations research techniques.
By extending LP to integer programming, stochastic programming, and nonlinear programming, decision-
makers can handle discrete choices, uncertainty, and complex system dynamics. LP also supports sensiti-
vity and parametric analysis, enabling planners to understand how variations in parameters affect optimal
solutions and system performance. This capacity for analysis under uncertainty is crucial in real-world
applications, from production scheduling and transportation planning to financial portfolio optimization
and energy management.

Operations research, through the lens of LP, provides a systematic methodology for solving resource al-
location, production planning, logistics, and strategic planning problems. The integration of mathematical
modeling, algorithmic solution methods, and analytical interpretation transforms abstract optimization
problems into actionable insights. This holistic approach emphasizes not only efficiency and optimality
but also fairness, robustness, and adaptability in decision-making processes.

In conclusion, linear programming exemplifies the power and elegance of mathematical optimization
applied to real-world challenges. Its theoretical foundations, combined with practical algorithms and dua-
lity principles, offer a versatile toolkit for tackling diverse operational problems. The insights gained from
LP extend beyond immediate optimization, fostering a mindset of structured problem-solving and analyti-
cal rigor. As operations research continues to evolve, the principles and techniques of linear programming
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remain central, providing a solid foundation for innovation, efficiency, and intelligent decision-making
across industries and scientific domains.
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CHAPITRE 5
APPENDIX

Exam : Linear Programming
Duration : 01h30 hours Total : 20 points

[10 points] A dairy company produces two types of strawberry yogurts A and B. The profits are
respectively 400 DA and 500 DA per kilogram.

Each yogurt must satisfy the following raw material proportions :

A B
Strawberry (kg) 2 1

Milk (kg) 1 2
Sugar (kg) 0 1

Available resources :
— 800 kg of strawberries
— 700 kg of milk
— 300 kg of sugar

1. Formulate the linear program (P ).
2. Solve (P ) graphically.
3. Interpret and analyze the results.
4. Study graphically the effect of a variation in the selling price of yogurt A.
5. Analyze the impact of uncertainty in the strawberry supply.

a) Mathematical formulation
Let :

x1 = quantity of yogurt A (kg), x2 = quantity of yogurt B (kg)

max Z = 400x1 + 500x2

Subject to : 
2x1 + x2 ≤ 800 (Strawberries)
x1 + 2x2 ≤ 700 (Milk)
x2 ≤ 300 (Sugar)
x1, x2 ≥ 0

b) Graphical resolution
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x1

x2

2x1 + x2 = 800

x1 + 2x2 = 700

x2 = 300

Figure 5.1 – Feasible region and corner points

Corner points :
(0, 0), (0, 300), (200, 300), (300, 200), (400, 0)

Evaluation of Z :
Z(300, 200) = 400(300) + 500(200) = 220 000

Optimal solution :
x∗

1 = 300, x∗
2 = 200, Z∗ = 220 000 DA

c) Interpretation
The company should produce 300 kg of yogurt A and 200 kg of yogurt B to maximize profit.
d) Variation of the profit of yogurt A
If the coefficient 400 changes, the slope of the objective function changes. The optimal solution remains

at the same corner point as long as the slope stays between the slopes of the active constraints.
e) Variation of strawberry availability
An increase in strawberry supply shifts constraint (1) outward, enlarging the feasible region and

potentially increasing profit. A decrease may make the current optimal solution infeasible.
[10 points] Consider the following linear program (P ) :

max Z = 400x1 + 500x2

Subject to : 
2x1 + x2 ≤ 800
x1 + 2x2 ≤ 700
x2 ≤ 300
x1, x2 ≥ 0

1. Write (P ) in standard form.
2. Solve (P ) using the Simplex method.
3. Write the dual program (D).
4. Deduce the optimal solution of (D).

a) Standard form
Introduce slack variables s1, s2, s3 ≥ 0 :

2x1 + x2 + s1 = 800
x1 + 2x2 + s2 = 700

x2 + s3 = 300

b) Simplex method
The optimal solution is :

x∗
1 = 300, x∗

2 = 200, Z∗ = 220 000
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c) Dual problem

min W = 800y1 + 700y2 + 300y3
2y1 + y2 ≥ 400
y1 + 2y2 + y3 ≥ 500
y1, y2, y3 ≥ 0

d) Dual optimal solution
By complementary slackness, the dual optimal value satisfies :

W ∗ = Z∗ = 220 000

Good luck !
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Exam : Linear Programming
Duration : 01h30 hours Total : 20 points

[10 points] To manufacture two products P1 and P2, operations must be performed on three machines
M1, M2, and M3, successively but in any order.

The processing times (in minutes per unit) are :

P1 P2
Machine M1 11 9
Machine M2 7 12
Machine M3 6 16

The available machine times are :
— M1 : 165 hours
— M2 : 140 hours
— M3 : 160 hours
The unit profits are :

P1 : 900 um, P2 : 1000 um
1. Formulate the production planning problem as a linear program.
2. Derive the dual program.
Decision variables

x1 = number of units of product P1

x2 = number of units of product P2

Objective function

max Z = 900x1 + 1000x2

Constraints
Machine times are converted into minutes :

165h = 9900, 140h = 8400, 160h = 9600


11x1 + 9x2 ≤ 9900 (M1)
7x1 + 12x2 ≤ 8400 (M2)
6x1 + 16x2 ≤ 9600 (M3)
x1, x2 ≥ 0

Dual problem
Let y1, y2, y3 be the dual variables associated with machines M1, M2, M3.

min W = 9900y1 + 8400y2 + 9600y3
11y1 + 7y2 + 6y3 ≥ 900
9y1 + 12y2 + 16y3 ≥ 1000
y1, y2, y3 ≥ 0

[10 points] Solve the following linear program using the Simplex tableau method :

max Z = 60x1 + 80x2

Subject to : 
10x1 + 8x2 ≤ 990
6x1 + 12x2 ≤ 840
4x1 + 16x2 ≤ 820
x1, x2 ≥ 0
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Standard form
Introduce slack variables s1, s2, s3 ≥ 0 :

10x1 + 8x2 + s1 = 990
6x1 + 12x2 + s2 = 840
4x1 + 16x2 + s3 = 820

Initial basic feasible solution

x1 = 0, x2 = 0, s1 = 990, s2 = 840, s3 = 820

Simplex iterations
After applying the Simplex tableau method, the optimal solution is obtained :

x∗
1 = 66, x∗

2 = 30

Z∗ = 60(66) + 80(30) = 6360

Optimal solution

x∗
1 = 66, x∗

2 = 30, Z∗ = 6360

Good luck !

———————-
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Instructions
— Duration : 1h.30 hours
— Justify all your answers rigorously.
— Show all steps for full credit.

Exercise 1 : Polyhedral Theory (07 points)
Let

P = {x ∈ Rn | Ax ≤ b}, A ∈ Rm×n, b ∈ Rm

1. Prove that P is a convex polyhedron.
2. State and prove the Fundamental Theorem of Linear Programming.
3. Show that if P is bounded, it has a finite number of extreme points.
4. Give a counterexample showing that a convex set is not necessarily a polyhedron.

Exercise 2 : Simplex Algorithm (05 points)
Maximize

Z = 3x1 + 5x2 + 4x3

subject to : 
x1 + 2x2 + x3 ≤ 8
2x1 + x2 + 3x3 ≤ 10
x1 + x2 + x3 ≤ 6
x1, x2, x3 ≥ 0

1. Convert the problem into standard form.
2. Apply the Simplex method step by step.
3. Detect possible degeneracy and explain its consequences.
4. Give the final optimal tableau and solution.
Optimal solution :

x1 = 2, x2 = 2, x3 = 2, Z∗ = 24

Exercise 3 : Duality Theory (04 points)
Primal problem :

min cT x s.t. Ax ≥ b, x ≥ 0
1. Write explicitly the dual problem.
2. Prove the Weak Duality Theorem.
3. Prove the Strong Duality Theorem using Simplex arguments.
4. State the Complementary Slackness Conditions and explain their economic meaning.

Exercise 4 : Sensitivity Analysis (04 points)
Given the optimal tableau :

x1 x2 x3 b
x2 0 1 −1 3
x1 1 0 2 4
Z 0 0 1 18

a. Identify the basic and non-basic variables.
b. Determine the range of optimality for the objective coefficient of x3.
c. Study the effect of perturbing the RHS vector b.
d. Interpret the shadow prices.
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Exercise 5 : Theory Question (02 points bonnus)
Explain rigorously the relationship between :

— Degeneracy
— Cycling
— Blands rule
Why does Blands rule guarantee finite convergence ?
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Instructions
— Duration : 3 hours
— Justify all answers rigorously
— Show all steps for full credit

Exercise 1 Polyhedral Theory (04 pts)
Let

P = {x ∈ Rn | Ax ≤ b}, A ∈ Rm×n, b ∈ Rm

1. Prove that P is a convex polyhedron.
2. State and prove the Fundamental Theorem of Linear Programming.
3. Show that if P is bounded, then it has a finite number of extreme points.
4. Give an example of a convex set that is not a polyhedron.

Exercise 2 Simplex Algorithm (04 pts)
Maximize :

Z = 4x1 + 3x2 + 6x3

Subject to : 
x1 + x2 + 2x3 ≤ 8
2x1 + x2 + x3 ≤ 6
x1, x2, x3 ≥ 0

1. Convert the problem into standard form with slack variables.
2. Apply the Simplex method step by step.
3. Identify possible degeneracy and explain its implications.
4. Provide the final optimal tableau and the optimal solution.

Exercise 3 Duality Theory (04 pts)
Consider the primal problem :

min cT x s.t. Ax ≥ b, x ≥ 0

1. Write explicitly the dual problem.
2. Prove the Weak Duality Theorem.
3. Prove the Strong Duality Theorem.
4. State the Complementary Slackness Conditions and explain their significance.

Exercise 4 Degeneracy and Cycling (04 pts)
a. Define degeneracy in the Simplex method and explain how it can lead to cycling.
b. Explain Bland’s rule and why it guarantees convergence.
c. Give an example of a degenerate LP where cycling could occur if Bland’s rule is not applied.

Exercise 5 Advanced Theory (04 pts)
a. Explain the concept of extreme points, basic feasible solutions, and their equivalence.
b. Prove that any linear program attains its maximum (if bounded) at an extreme point.
c. Discuss the importance of polyhedral geometry in solving linear programs.
——————–
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University of Khemis Miliana
Faculty of Material Sciences and Computer Science
Department of Computer Science

Academic year : 2025–2026
Course : Linear Programming
Level : L3 Computer Science

Final Exam

Course Questions (04pts) Provide True or False responses and explain your justification if the statement is
False

1- The optimal solution of any linear programming problem always lies strictly inside the feasible region, never
on the boundary.
2-The simplex method can choose any point inside the feasible region as the next step, not necessarily a vertex.
3-If a primal linear programming problem is feasible, its dual is always infeasible.

Exercise 01 (06 points)
Consider a high-performance computing (HPC) research laboratory operating a heterogeneous computing platform
composed of CPU nodes, GPU accelerators, and specialized engineering staff. The laboratory allocates its resources
among three categories of computational tasks : data-intensive tasks (T1), simulation tasks (T2), and optimization
tasks (T3).
Available weekly capacities are : 400 CPU core-hours, 250 GPU-hours, and 180 staff-hours.

Task type CPU (h) GPU (h) Staff (h)
T1 5 2 3
T2 8 6 4
T3 6 4 5

The scientific impact weights are w1 = 12, w2 = 20, and w3 = 18.
Institutional constraints require that at least 20% of the executed tasks are of type T3 and that the number of
simulation tasks does not exceed twice the number of data-intensive tasks.
Questions :

1. Formulate the complete linear programming model (P) of this problem.

1. Construct the dual LP (D) of this program.

1. Solve the linear programming model graphically.

Exercise 02 (05 points)

max Z = 3x1 + 5x2 + 4x3

Subject to : 
2x1 + x2 + x3 ≤ 10
x1 + 3x2 + x3 ≤ 12
x1 + x2 + 2x3 ≤ 8
x1, x2, x3 ≥ 0

Questions :
1. Convert the problem into standard form.
2. Build the initial simplex tableau.
3. Perform two iterations.
4. Determine the optimal solution.
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Exercise 03 (05 points)

max Z = 2x1 + 3x2 + 4x3

Subject to : x1 + 2x2 + x3 ≥ 6
2x1 + x2 + 3x3 = 10
x1, x2, x3 ≥ 0

Questions :
1. Introduce artificial variables.
2. Write the Big M objective function.
3. Construct the initial Big M tableau.
4. Perform two iterations.
5. Interpret the final solution.
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University of Khemis Miliana Academic Year : 2025–2026
Faculty of Science of Matter and Computer Science Duration : 01h30
Department of Computer Science Level : L3 Computer Science
Module : Linear Programming

MAKE-UP EXAMINATION
Linear Programming

Exercise 1 (8 Points)
A company develops three types of applications : Web, Mobile, and Artificial Intelligence (AI).

Web Mobile AI
Development (hours) 4 5 8

Testing (hours) 2 3 5
Computation (units) 3 2 6

Available resources :

1200 development hours, 700 testing hours, 1200 computation units.

Profit per unit :
300, 400, 700.

Constraints :
— AI production must be at least 20% of the total production.
— Web production must be greater than or equal to Mobile production.
— Total production must be at least 150 units.
— AI production cannot exceed 80 units.

a) Define the decision variables.
b) Formulate the objective function.
c) Write all constraints.
d) Give the complete linear programming model.

Exercise 2 (6 Points)
Solve the following linear programming problem using the Simplex Method :

max Z = 9x1 + 7x2 + 5x3

subject to :
x1 + x2 + x3 ≤ 100

2x1 + x2 + 3x3 ≤ 180
x1 + 4x2 + 2x3 ≤ 200
3x1 + 2x2 + x3 ≤ 210

x1, x2, x3 ≥ 0

a) Convert the problem into standard form.
b) Construct the initial simplex tableau.
c) Perform simplex iterations.
d) Determine the optimal solution.
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Exercise 3 (6 Points)
Solve the following problem using the Big-M method :

min Z = 6x1 + 8x2 + 5x3

subject to :
x1 + x2 + x3 = 15

2x1 + x2 + 4x3 ≥ 25
3x1 + 2x2 + x3 ≥ 30
x1 + 4x2 + 2x3 ≤ 40

x1, x2, x3 ≥ 0

a) Convert the model into standard form.
b) Introduce slack, surplus, and artificial variables.
c) Construct the Big-M formulation.
d) Solve using the simplex method.
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