
Artificial Intelligence
Local Search

Christopher Simpkins

1 / 17



Local Search

If you don’t care about the path to a goal state, you can use local search.
▶ Search neighbors of current state, moving to best neighbor.
▶ Track only current state.
▶ Uses very little memory.
▶ Can find reasonable solutions in large or infinite state spaces.
▶ Often used for optmization problems – finding states that maximize or minimize an objective

function.
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State Space Landscape Section 4.1 Local Search and Optimization Problems 129
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Figure 4.1 A one-dimensional state-space landscape in which elevation corresponds to the
objective function. The aim is to find the global maximum.

function HILL-CLIMBING(problem) returns a state that is a local maximum
current problem.INITIAL
while true do

neighbor a highest-valued successor state of current
if VALUE(neighbor)  VALUE(current) then return current
current neighbor

Figure 4.2 The hill-climbing search algorithm, which is the most basic local search tech-
nique. At each step the current node is replaced by the best neighbor.

then the aim is to find the highest peak—a global maximum—and we call the process hill Global maximum

climbing. If elevation corresponds to cost, then the aim is to find the lowest valley—a global
minimum—and we call it gradient descent. Global minimum

4.1.1 Hill-climbing search

The hill-climbing search algorithm is shown in Figure 4.2. It keeps track of one current state Hill climbing

and on each iteration moves to the neighboring state with highest value—that is, it heads in
the direction that provides the steepest ascent. It terminates when it reaches a “peak” where Steepest ascent

no neighbor has a higher value. Hill climbing does not look ahead beyond the immediate
neighbors of the current state. This resembles trying to find the top of Mount Everest in a
thick fog while suffering from amnesia. Note that one way to use hill-climbing search is to
use the negative of a heuristic cost function as the objective function; that will climb locally
to the state with smallest heuristic distance to the goal.

To illustrate hill climbing, we will use the 8-queens problem (Figure 4.3). We will use
a complete-state formulation, which means that every state has all the components of a Complete-state

formulation
solution, but they might not all be in the right place. In this case every state has 8 queens
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Hill-Climbing Search
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Figure 4.1 A one-dimensional state-space landscape in which elevation corresponds to the
objective function. The aim is to find the global maximum.

function HILL-CLIMBING(problem) returns a state that is a local maximum
current problem.INITIAL
while true do

neighbor a highest-valued successor state of current
if VALUE(neighbor)  VALUE(current) then return current
current neighbor

Figure 4.2 The hill-climbing search algorithm, which is the most basic local search tech-
nique. At each step the current node is replaced by the best neighbor.

then the aim is to find the highest peak—a global maximum—and we call the process hill Global maximum

climbing. If elevation corresponds to cost, then the aim is to find the lowest valley—a global
minimum—and we call it gradient descent. Global minimum

4.1.1 Hill-climbing search

The hill-climbing search algorithm is shown in Figure 4.2. It keeps track of one current state Hill climbing

and on each iteration moves to the neighboring state with highest value—that is, it heads in
the direction that provides the steepest ascent. It terminates when it reaches a “peak” where Steepest ascent

no neighbor has a higher value. Hill climbing does not look ahead beyond the immediate
neighbors of the current state. This resembles trying to find the top of Mount Everest in a
thick fog while suffering from amnesia. Note that one way to use hill-climbing search is to
use the negative of a heuristic cost function as the objective function; that will climb locally
to the state with smallest heuristic distance to the goal.

To illustrate hill climbing, we will use the 8-queens problem (Figure 4.3). We will use
a complete-state formulation, which means that every state has all the components of a Complete-state

formulation
solution, but they might not all be in the right place. In this case every state has 8 queens

Also known as greedy local search.
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The 8 Queens Problem
Complete-state formulation: each state has all components of a solution.
▶ 8 Queens state: row position for each of 8 columns, e.g., (a) below is <1, 6, 2, 5, 7, 4, 8, 3>

130 Chapter 4 Search in Complex Environments

Figure 4.3 (a) The 8-queens problem: place 8 queens on a chess board so that no queen
attacks another. (A queen attacks any piece in the same row, column, or diagonal.) This
position is almost a solution, except for the two queens in the fourth and seventh columns
that attack each other along the diagonal. (b) An 8-queens state with heuristic cost estimate
h=17. The board shows the value of h for each possible successor obtained by moving a
queen within its column. There are 8 moves that are tied for best, with h=12. The hill-
climbing algorithm will pick one of these.

on the board, one per column. The initial state is chosen at random, and the successors of a
state are all possible states generated by moving a single queen to another square in the same
column (so each state has 8⇥7=56 successors). The heuristic cost function h is the number
of pairs of queens that are attacking each other; this will be zero only for solutions. (It counts
as an attack if two pieces are in the same line, even if there is an intervening piece between
them.) Figure 4.3(b) shows a state that has h=17. The figure also shows the h values of all
its successors.

Hill climbing is sometimes called greedy local search because it grabs a good neighborGreedy local search

state without thinking ahead about where to go next. Although greed is considered one of the
seven deadly sins, it turns out that greedy algorithms often perform quite well. Hill climbing
can make rapid progress toward a solution because it is usually quite easy to improve a bad
state. For example, from the state in Figure 4.3(b), it takes just five steps to reach the state in
Figure 4.3(a), which has h=1 and is very nearly a solution. Unfortunately, hill climbing can
get stuck for any of the following reasons:

• Local maxima: A local maximum is a peak that is higher than each of its neighboringLocal maximum

states but lower than the global maximum. Hill-climbing algorithms that reach the
vicinity of a local maximum will be drawn upward toward the peak but will then be
stuck with nowhere else to go. Figure 4.1 illustrates the problem schematically. More
concretely, the state in Figure 4.3(a) is a local maximum (i.e., a local minimum for the
cost h); every move of a single queen makes the situation worse.

• Ridges: A ridge is shown in Figure 4.4. Ridges result in a sequence of local maximaRidge

that is very difficult for greedy algorithms to navigate.

▶ Action: move a single queen to new row within column. Each state has 8 · 7 = 56 successor
states.

▶ Possible heuristic: number of pairs of attacking queens (even if blocked). (b) above has h = 17.
▶ Useful to remember:

(
n
k

)
= n!

k!(n−k)!
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Disadvantages of Hill-Climbing
Susceptible to getting stuck in:
▶ local maxima
▶ ridges – sequences of local maxima
▶ plateaus, e.g., flat local maxima or shoulders.

Section 4.1 Local Search and Optimization Problems 129
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Figure 4.1 A one-dimensional state-space landscape in which elevation corresponds to the
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function HILL-CLIMBING(problem) returns a state that is a local maximum
current problem.INITIAL
while true do

neighbor a highest-valued successor state of current
if VALUE(neighbor)  VALUE(current) then return current
current neighbor

Figure 4.2 The hill-climbing search algorithm, which is the most basic local search tech-
nique. At each step the current node is replaced by the best neighbor.

then the aim is to find the highest peak—a global maximum—and we call the process hill Global maximum

climbing. If elevation corresponds to cost, then the aim is to find the lowest valley—a global
minimum—and we call it gradient descent. Global minimum

4.1.1 Hill-climbing search

The hill-climbing search algorithm is shown in Figure 4.2. It keeps track of one current state Hill climbing

and on each iteration moves to the neighboring state with highest value—that is, it heads in
the direction that provides the steepest ascent. It terminates when it reaches a “peak” where Steepest ascent

no neighbor has a higher value. Hill climbing does not look ahead beyond the immediate
neighbors of the current state. This resembles trying to find the top of Mount Everest in a
thick fog while suffering from amnesia. Note that one way to use hill-climbing search is to
use the negative of a heuristic cost function as the objective function; that will climb locally
to the state with smallest heuristic distance to the goal.

To illustrate hill climbing, we will use the 8-queens problem (Figure 4.3). We will use
a complete-state formulation, which means that every state has all the components of a Complete-state

formulation
solution, but they might not all be in the right place. In this case every state has 8 queens

How to fix:
▶ Allow “sideways” moves
▶ Stochastic hill climbing chooses randomly from uphill

moves. Stochastic beam search does this with k states
in parallel.

▶ Random restart hill climbing restarts from multiple
initial states.

Grid of states superimposed on ridge
rising from left to right.

Section 4.1 Local Search and Optimization Problems 131

Figure 4.4 Illustration of why ridges cause difficulties for hill climbing. The grid of states
(dark circles) is superimposed on a ridge rising from left to right, creating a sequence of
local maxima that are not directly connected to each other. From each local maximum, all
the available actions point downhill. Topologies like this are common in low-dimensional
state spaces, such as points in a two-dimensional plane. But in state spaces with hundreds or
thousands of dimensions, this intuitive picture does not hold, and there are usually at least a
few dimensions that make it possible to escape from ridges and plateaus.

• Plateaus: A plateau is a flat area of the state-space landscape. It can be a flat local Plateau

maximum, from which no uphill exit exists, or a shoulder, from which progress is Shoulder

possible. (See Figure 4.1.) A hill-climbing search can get lost wandering on the plateau.

In each case, the algorithm reaches a point at which no progress is being made. Starting
from a randomly generated 8-queens state, steepest-ascent hill climbing gets stuck 86% of
the time, solving only 14% of problem instances. On the other hand, it works quickly, taking
just 4 steps on average when it succeeds and 3 when it gets stuck—not bad for a state space
with 88 ⇡ 17 million states.

How could we solve more problems? One answer is to keep going when we reach a
plateau—to allow a sideways move in the hope that the plateau is really a shoulder, as shown Sideways move

in Figure 4.1. But if we are actually on a flat local maximum, then this approach will wander
on the plateau forever. Therefore, we can limit the number of consecutive sideways moves,
stopping after, say, 100 consecutive sideways moves. This raises the percentage of problem
instances solved by hill climbing from 14% to 94%. Success comes at a cost: the algorithm
averages roughly 21 steps for each successful instance and 64 for each failure.

Many variants of hill climbing have been invented. Stochastic hill climbing chooses at Stochastic hill
climbing

random from among the uphill moves; the probability of selection can vary with the steepness
of the uphill move. This usually converges more slowly than steepest ascent, but in some
state landscapes, it finds better solutions. First-choice hill climbing implements stochastic First-choice hill

climbing

hill climbing by generating successors randomly until one is generated that is better than the
current state. This is a good strategy when a state has many (e.g., thousands) of successors.

Another variant is random-restart hill climbing, which adopts the adage, “If at first you Random-restart hill
climbing

don’t succeed, try, try again.” It conducts a series of hill-climbing searches from randomly
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Simulated Annealing
Section 4.1 Local Search and Optimization Problems 133

function SIMULATED-ANNEALING(problem, schedule) returns a solution state
current problem.INITIAL
for t = 1 to • do

T schedule(t)
if T = 0 then return current
next a randomly selected successor of current
DE VALUE(current) – VALUE(next)
if DE > 0 then current next
else current next only with probability eDE/T

Figure 4.5 The simulated annealing algorithm, a version of stochastic hill climbing where
some downhill moves are allowed. The schedule input determines the value of the “tempera-
ture” T as a function of time.

all the probability is concentrated on the global maxima, which the algorithm will find with
probability approaching 1.

Simulated annealing was used to solve VLSI layout problems beginning in the 1980s. It
has been applied widely to factory scheduling and other large-scale optimization tasks.

4.1.3 Local beam search

Keeping just one node in memory might seem to be an extreme reaction to the problem of
memory limitations. The local beam search algorithm keeps track of k states rather than Local beam search

just one. It begins with k randomly generated states. At each step, all the successors of all k
states are generated. If any one is a goal, the algorithm halts. Otherwise, it selects the k best
successors from the complete list and repeats.

At first sight, a local beam search with k states might seem to be nothing more than
running k random restarts in parallel instead of in sequence. In fact, the two algorithms
are quite different. In a random-restart search, each search process runs independently of
the others. In a local beam search, useful information is passed among the parallel search J
threads. In effect, the states that generate the best successors say to the others, “Come over
here, the grass is greener!” The algorithm quickly abandons unfruitful searches and moves
its resources to where the most progress is being made.

Local beam search can suffer from a lack of diversity among the k states—they can be-
come clustered in a small region of the state space, making the search little more than a
k-times-slower version of hill climbing. A variant called stochastic beam search, analo- Stochastic beam

search
gous to stochastic hill climbing, helps alleviate this problem. Instead of choosing the top k
successors, stochastic beam search chooses successors with probability proportional to the
successor’s value, thus increasing diversity.

4.1.4 Evolutionary algorithms

Evolutionary algorithms can be seen as variants of stochastic beam search that are explicitly Evolutionary
algorithms

motivated by the metaphor of natural selection in biology: there is a population of individuals
(states), in which the fittest (highest value) individuals produce offspring (successor states)
that populate the next generation, a process called recombination. There are endless forms Recombination

of evolutionary algorithms, varying in the following ways:

▶ Based on metallurgy – gradually cool metal to reach low-energy crystalline state.
▶ Intuition: think of gradient descent instead of gradient ascent – multiple shallow valleys, one

deepest valley. Shake ball out of shallow valleys into deepest valley.
▶ Similar to hill climbing, but picks a random move and

▶ accepts it if its better,
▶ if not better, accept with probability < 1.

▶ Probability of accepting a worse move depends on:
▶ how much worse the move is, ∆E, and
▶ the current “temperature,” T .

If T decreases sufficiently slowly, then the Boltzman distribution, e
∆E

T , ensures that all the
probability is concentrated on the global maxima, so the algorithm finds a global maximum with
probability approaching 1.
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Evolutionary (Genetic) Algorithms
A kind of local beam search: tracking k states instead of just one.
Elements of genetic algorithms:
▶ Fitness function.
▶ Population size.
▶ Candidate representation:

▶ Typically a string (vector) over a finite alphabet.
▶ Evolution strategies: sequence of real numbers.
▶ Genetic programming: computer programs.

▶ Mixing number, ρ: number of “parents” from which to generate new candidates. When ρ = 1,
stochastic beam search.

▶ Selection process for choosing “parents.”
▶ Recombination procedure.
▶ Mutation rate.
▶ Composition of next generation.

▶ Elitism: choose top-scoring candidates.
▶ Culling: eliminate bottom-scoring candidates.
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A Genetic Algorithm
Section 4.2 Local Search in Continuous Spaces 137

function GENETIC-ALGORITHM(population, fitness) returns an individual
repeat

weights WEIGHTED-BY(population, fitness)
population2 empty list
for i = 1 to SIZE(population) do

parent1, parent2 WEIGHTED-RANDOM-CHOICES(population, weights, 2)
child REPRODUCE(parent1, parent2)
if (small random probability) then child MUTATE(child)
add child to population2

population population2
until some individual is fit enough, or enough time has elapsed
return the best individual in population, according to fitness

function REPRODUCE(parent1, parent2) returns an individual
n LENGTH(parent1)
c random number from 1 to n
return APPEND(SUBSTRING(parent1, 1, c), SUBSTRING(parent2, c+1, n))

Figure 4.8 A genetic algorithm. Within the function, population is an ordered list of indi-
viduals, weights is a list of corresponding fitness values for each individual, and fitness is a
function to compute these values.

Clearly, this effect is unlikely to be significant if adjacent bits are totally unrelated to
each other, because then there will be few contiguous blocks that provide a consistent bene-
fit. Genetic algorithms work best when schemas correspond to meaningful components of a
solution. For example, if the string is a representation of an antenna, then the schemas may
represent components of the antenna, such as reflectors and deflectors. A good component is
likely to be good in a variety of different designs. This suggests that successful use of genetic
algorithms requires careful engineering of the representation.

In practice, genetic algorithms have their place within the broad landscape of optimiza-
tion methods (Marler and Arora, 2004), particularly for complex structured problems such as
circuit layout or job-shop scheduling, and more recently for evolving the architecture of deep
neural networks (Miikkulainen et al., 2019). It is not clear how much of the appeal of genetic
algorithms arises from their superiority on specific tasks, and how much from the appealing
metaphor of evolution.

4.2 Local Search in Continuous Spaces

In Chapter 2, we explained the distinction between discrete and continuous environments,
pointing out that most real-world environments are continuous. A continuous action space
has an infinite branching factor, and thus can’t be handled by most of the algorithms we have
covered so far (with the exception of first-choice hill climbing and simulated annealing).

This section provides a very brief introduction to some local search techniques for con-
tinuous spaces. The literature on this topic is vast; many of the basic techniques originated
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Genetic Algorithm on 8-Queens Problem134 Chapter 4 Search in Complex Environments

(a)

Initial Population

(b)
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Figure 4.6 A genetic algorithm, illustrated for digit strings representing 8-queens states. The
initial population in (a) is ranked by a fitness function in (b) resulting in pairs for mating in
(c). They produce offspring in (d), which are subject to mutation in (e).

• The size of the population.
• The representation of each individual. In genetic algorithms, each individual is a stringGenetic algorithm

over a finite alphabet (often a Boolean string), just as DNA is a string over the alphabet
ACGT. In evolution strategies, an individual is a sequence of real numbers, and inEvolution strategies

genetic programming an individual is a computer program.Genetic
programming

• The mixing number, ⇢, which is the number of parents that come together to form
offspring. The most common case is ⇢ = 2: two parents combine their “genes” (parts
of their representation) to form offspring. When ⇢ = 1 we have stochastic beam search
(which can be seen as asexual reproduction). It is possible to have ⇢ > 2, which occurs
only rarely in nature but is easy enough to simulate on computers.

• The selection process for selecting the individuals who will become the parents of theSelection

next generation: one possibility is to select from all individuals with probability pro-
portional to their fitness score. Another possibility is to randomly select n individuals
(n > ⇢), and then select the ⇢ most fit ones as parents.

• The recombination procedure. One common approach (assuming ⇢= 2), is to randomly
select a crossover point to split each of the parent strings, and recombine the parts toCrossover point

form two children, one with the first part of parent 1 and the second part of parent 2;
the other with the second part of parent 1 and the first part of parent 2.

• The mutation rate, which determines how often offspring have random mutations toMutation rate

their representation. Once an offspring has been generated, every bit in its composition
is flipped with probability equal to the mutation rate.

• The makeup of the next generation. This can be just the newly formed offspring, or it
can include a few top-scoring parents from the previous generation (a practice called
elitism, which guarantees that overall fitness will never decrease over time). The prac-Elitism

tice of culling, in which all individuals below a given threshold are discarded, can lead
to a speedup (Baum et al., 1995).

Figure 4.6(a) shows a population of four 8-digit strings, each representing a state of the 8-
queens puzzle: the c-th digit represents the row number of the queen in column c. In (b),
each state is rated by the fitness function. Higher fitness values are better, so for the 8-queens

1. Population is generated in (a).
2. Fitness function is applied to population, which is then ranked by fitness score.
3. Highest-scoring candidates are selected for reproduction in (c).
4. Crossover operation is applied to candidates in (c) to produce “children” in (d).
5. In (e) “offspring” are randomly chosen for mutation. For each chosen candidate, a “gene” is

randomly chosen, then that gene is assigned a random “mutated” value.
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Crossover in the 8-queens Problem

Here is a pictorial illustration of the crossover operation in the 8-queens problem:

Section 4.1 Local Search and Optimization Problems 135

+ =

Figure 4.7 The 8-queens states corresponding to the first two parents in Figure 4.6(c) and
the first offspring in Figure 4.6(d). The green columns are lost in the crossover step and the
red columns are retained. (To interpret the numbers in Figure 4.6: row 1 is the bottom row,
and 8 is the top row.)

problem we use the number of nonattacking pairs of queens, which has a value of 8⇥7/2 =
28 for a solution. The values of the four states in (b) are 24, 23, 20, and 11. The fitness scores
are then normalized to probabilities, and the resulting values are shown next to the fitness
values in (b).

In (c), two pairs of parents are selected, in accordance with the probabilities in (b). Notice
that one individual is selected twice and one not at all. For each selected pair, a crossover
point (dotted line) is chosen randomly. In (d), we cross over the parent strings at the crossover
points, yielding new offspring. For example, the first child of the first pair gets the first three
digits (327) from the first parent and the remaining digits (48552) from the second parent.
The 8-queens states involved in this recombination step are shown in Figure 4.7.

Finally, in (e), each location in each string is subject to random mutation with a small
independent probability. One digit was mutated in the first, third, and fourth offspring. In the
8-queens problem, this corresponds to choosing a queen at random and moving it to a random
square in its column. It is often the case that the population is diverse early on in the process,
so crossover frequently takes large steps in the state space early in the search process (as in
simulated annealing). After many generations of selection towards higher fitness, the popu-
lation becomes less diverse, and smaller steps are typical. Figure 4.8 describes an algorithm
that implements all these steps.

Genetic algorithms are similar to stochastic beam search, but with the addition of the
crossover operation. This is advantageous if there are blocks that perform useful functions.
For example, it could be that putting the first three queens in positions 2, 4, and 6 (where they
do not attack each other) constitutes a useful block that can be combined with other useful
blocks that appear in other individuals to construct a solution. It can be shown mathematically
that, if the blocks do not serve a purpose—for example if the positions of the genetic code
are randomly permuted—then crossover conveys no advantage.

The theory of genetic algorithms explains how this works using the idea of a schema, Schema

which is a substring in which some of the positions can be left unspecified. For example,
the schema 246***** describes all 8-queens states in which the first three queens are in
positions 2, 4, and 6, respectively. Strings that match the schema (such as 24613578) are
called instances of the schema. It can be shown that if the average fitness of the instances of Instance

a schema is above the mean, then the number of instances of the schema will grow over time.

Is the random crossover operation depicted here meaningful for the 8-queens problem?
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Genetic Algorithms and Biological Evolution

Genetic algorithms borrow the language of biological evolution for marketing purposes, but are far
more simplistic than biological evolution. My takes:
▶ Genetic algorithms are just stochastic beam search with “sexual” successor generation and

“mutation.”
▶ If there is no meaningful crossover operation, genetic algorithms are just random walks in the

state space graph.
There is an interesting connection between biological evolution and AI, in particular learning.
▶ Learning is adaptation. With experience an agent adapts to a task, getting better at the task.
▶ Biological evolution can be seen as a learning process whereby specieses “learn” to perform

better in their environments.
▶ The Baldwin effect: immutable traits vs. online learning ability.

▶ Plasticity, or the ability to learn, allows a species to adapt to an environment for which it is
ill-suited. E.g., building shelters, fire, etc. in cold regions.

▶ Things that are harder, or impossible, to learn online must be encoded in the genome. E.g., the
way our body uses the air it breathes or the sun.
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Continuous State Spaces – Airports In Romania

If each airport xi is at location (xi, yi)
and the set of cities closest to airport xi

is Ci, then

f(x) = f(x1, y1, x2, y2, x3, y3)

and we want to minimize

f(x) =
3∑

i=1

∑
c∈Ci

(xi − xc)2 + (yi − yc)2

For a globally optimal solution, if the
airports move “too much,” the sets Ci

change. How to deal with that?
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Local Gradient Descent

The gradient of

f(x) =
3∑

i=1

∑
c∈Ci

(xi − xc)2 + (yi − yc)2

is

∇f =
(

∂f

∂x1
,

∂f

∂y1
,

∂f

∂x2
,

∂f

∂y2
,

∂f

∂x3
,

∂f

∂y3

)
But that would only work for one airport. We can decompose it into three local problems:

∂f

∂x1
= 2

∑
c∈C1

(x1 − xc)

∂f

∂y1
= 2

∑
c∈C1

(y1 − yc)

∂f

∂x2
= 2

∑
c∈C2

(x2 − xc)

∂f

∂y2
= 2

∑
c∈C2

(y2 − yc)

∂f

∂x3
= 2

∑
c∈C3

(x3 − xc)

∂f

∂y3
= 2

∑
c∈C3

(y3 − yc)
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Gradient Descent in Action
Given our 3 gradient expressions, we can
use the update rule:

x← x + α∇f(x)

where α is a step size, or learning rate.
▶ What if α is “too big?”
▶ What if α is “too small?”

1

1https://udlbook.github.io/udlbook/
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Continuous State Spaces and Convexity
A convex set is a set of points in which a line between any two points lies within the set. A convex
function is a function for which the points above the function form a convex set.

2

There are mathematical properties of continuous spaces that rule out local minima. Take my deep
learning class to learn about them!

2https://udlbook.github.io/udlbook/
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Constrained Optimization via Linear Programming

maximize 3x1 + 2x2

subject to − x1 + 3x2 ≤ 12
x1 + x2 ≤ 8

2x1 − x2 ≤ 10
x1, x2 ≥ 0

EXERCISES 21

FIGURE 2.1. The half-planes defined by the constraints. For each
half-plane, the line that defines its edge is labeled using the nonneg-
ative variable that is zero at the edge of that half-plane.

and arrive at the optimal solution which is at (x1, x2) = (6, 2). Algorithms of this
type do exist but in higher dimensions the algebra required to implement such an al-
gorithm gets quite complicated. It turns out that the simplex method is algebraically
much simpler and, as we will see later, on average it performs very well. The simplex
method starts at (0, 0) and jumps to adjacent vertices of the feasible set until it finds a
vertex that is an optimal solution. For the problem at hand, the vertices visited by the
simplex method are shown with red dots in the figure. Starting at (0, 0), it only takes
two simplex pivots to get to the optimal solution.

Exercises

Solve the following linear programming problems. If you wish, you may check
your arithmetic by using the simple or the advanced online pivot tool:

vanderbei.princeton.edu/JAVA/pivot/simple.html

vanderbei.princeton.edu/JAVA/pivot/advanced.html

3

3https://vanderbei.princeton.edu/LPbook/
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