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Evolution and Natural Selection



Genetic Algorithms – Guided 
Trial and Error

1. Genetic Representation 3. Fitness Function

2. Selection, Crossover & Mutation



Example: String discovery problem

1. Randomly pick a 5-letter “word” from letters a-f (e.g., “dbdae”). 
Write it down.

2. Get a fitness score from tinyurl.com/gademopb for your word 
(e.g., f(“dbdae”) = 0). Hold up fingers indicating your fitness.

3. While TRUE:

1. Find another person

2. Create a new word by crossing over the first two of yours 
and last three of theirs (e.g., “dbdae” + “eacdf” -> “dbcdf”).

3. Mutate one letter (e.g., “dbcdf” -> “dbadf”)

4. Get a score for the new word (e.g., f(“dbadf”) = 1)

5. Choose whether to keep the new or the old word

https://tinyurl.com/gademopb


Pseudocode

For detailed code example check out Intro to Genetic Algorithms, towardsdatascience.com

START

Generate the initial population

Compute fitness

REPEAT

Selection

Crossover

Mutation

Compute fitness

Prune population

UNTIL population has converged

STOP
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Generic GA implementation

10

START

Generate the initial population

Compute fitness

REPEAT

Selection

Crossover

Mutation

Compute fitness

Prune population

UNTIL population has converged

STOP



• Break



TAPPS – Recreate the string discovery 
problem

• Get in pairs, choose a driver, and code up a genetic algorithm

START

Generate the initial population

Compute fitness

REPEAT

Selection

Crossover

Mutation

Compute fitness

Prune population

UNTIL population has converged

STOP

Make len and char set variables

10 random “words” made of up a-e

Char by char comparison with solution

Randomly select from population

Randomly select an index for crossover

Foreach index, mutate with low prob

Char by char comparison with solution

Sort by fitness and keep top 10

Until fitness = word len



GA Project

• Due 1 week from today before class

• Creating Crosswords Minis with Genetic Algorithms



• What is a genome?

• Crossover?

• Mutation?

• Fitness?

GA Project Ideation (possibilities)
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GA Project: Fitness
P  A  G  E  

N  B  S  S  

W  Y  A  T  

I  E  S  S 

Fitness: 7

• Clues:
1 Across: one side of one leaf (of a book or magazine or 
newspaper or letter etc.) or the written or pictorial matter it 
contains ( PAGE )

2 Across: a soft grey ductile metallic element used in alloys; 
occurs in niobite; formerly called columbium ( NBSS )

3 Across: English poet who introduced the sonnet form to English 
literature (1503-1542) ( WYAT )

4 Across: a commercial browser ( IESS )

1 Down: PNWI is invalid

2 Down: make amends for ( ABYE )

3 Down: a central management agency that sets Federal policy 
for Federal procurement and real property management and 
information resources management ( GSAS )

4 Down: standard time in the 5th time zone west of Greenwich, 
reckoned at the 75th meridian; used in the eastern United States ( 
ESTS )



GA Project

• https://www2.cose.isu.edu/~bodipaul/courses/sp21/4473/proje
cts/ga.php



• Break



PVY Example

• Genome:

• Fitness:

• Cross-over:

• Mutation:

• Population size:

• Initialization:

A subset of wavelengths

How well they distinguish +/-

Recombine subsets

Randomly resample a wavelength

Boh? 100?

Random subsets of wavelengths

E.g., (750,1246,1876,1976)



PIERRE

Inspiring Set

Evaluator

Generator

WWW

Divine water with sirloin

Ingredients:

2.35 cups - water

2.07 cups - yellow onion

1.76 cups - black bean

1.43 cups - stewed tomato

10.71 ounces - steak

10.68 ounces - ground beef

0.72 cup - salsa

0.66 cup - chicken broth

...

Directions:

Combine ingredients and bring to boil.  

Reduce heat and simmer until done, stirring 

occasionally. Serve piping hot and enjoy.

Presentation

Chili con Carne

Ingredients:

2.35 cups - water

2.07 cups - yellow onion

1.76 cups - black bean

1.43 cups - stewed tomato

10.71 ounces - steak

10.68 ounces - ground beef

0.72 cup - salsa

0.66 cup - chicken broth

...

Directions:

Combine ingredients and bring to boil.  

Reduce heat and simme r until done, stirring 

occa sionally. Serve  piping hot and enjoy.

R eci pes

Figure 1: High-level view of the system architecture. In-
spiring set recipes are taken from online sources and inform
the evaluator and generator. Recipes are created through an
iterative process involving both generation and evaluation.
Eventually, generated recipes with thehighest evaluation are
fed to the presentation module for rendering and may be
published online.

tem whose focus iscreativity hasnot yet been developed (or
even attempted). These other AI recipe generators use case-
based reasoning to plan out a recipe, in the case of CHEF
(Hammond 1986), or a meal, in the case of Julia (Hinrichs
1992). These approaches maximize the quality of a pre-
sented recipe without considering novelty, often preferring
prior success to exploring new possibilities. The goal of our
system is not only to produce a good recipe, but also to pro-
duceacreative one. This requires high quality aswell as the
development of novel artefacts.

2 PIERRE

Recipe generation is a complicated task that requires not
only precise amounts of ingredients, but also explicit direc-
tions for preparing, combining, and cooking the ingredients.
To focus on the foundational task of the type and amount
of ingredients, we restrict our focus to recipes (specifically
soups, stews, and chilis) that can be cooked in a crockpot.
Crockpot recipes simplify thecooking process to essentially
determining a set of ingredients to be cooked together.

We introduce a novel recipe generation system, PIERRE
(Pseudo-Intelligent Evolutionary Real-time Recipe Engine),
which, given access to existing recipes, learns to produce
new crockpot recipes. PIERRE is composed primarily of
two modules, for handling evaluation and generation, re-
spectively. Each of these components takes input from an
inspiring set and each is involved in producing recipes to
send to the presentation module, as shown in Figure 1. In
addition, the system interacts with the web, both acquiring
knowledge from online databases and (potentially) publish-
ing created recipes.

2.1 Inspir ing Set

Theinspiring set contains 4,748 soup, stew, and chili recipes
gathered from popular online recipe websites1. From these
recipes wemanually created both alist of measurements and
ingredients in order to parse recipes into aconsistent format.
Thisparsing enabled 1) grouping identical ingredients under
a common name, 2) grouping similar ingredients at several
levels, and 3) gathering statistics (including min, max, mean,
variance, and frequency) about ingredients and ingredient
groups across the inspiring set. Recipes in the inspiring set
are normalized to 100 ounces.

Thedatabase of ingredients wasexplicitly partitioned into
a hierarchy in which similar ingredients were grouped at a
sub-level and these ingredient groups were further grouped
at a super-level. For example, as shown in Figure 2, the
super-group Fruits and Vegetables is composed of the sub-
groupsBeans, Fruits, Leafy Vegetables, and others. Thesub-
group of Beans includes many different types of beans in-
cluding Butter Beans, Red Kidney Beans, Garbanzo Beans,
and others.

Statistics are kept for each ingredient, including mini-
mum, maximum, average, and standard deviation for the
amount of the ingredient, as well as the probability of the
ingredient occurring in an inspiring set recipe. These statis-
tics are also aggregated at the sub- and super-group level,
enabling comparison and evaluation of recipes at different
levels of abstraction. In addition, gathering statistics at the
group level providesfor smoothing amounts for rareingredi-
ents. Each statistic ! (min, max, mean, standard deviation,
or frequency) for ingredients occurring less than a thresh-
old in the set is linearly interpolated with the corresponding
statistic of the sub-group, according to the following:

! =

( ⇣
↵

↵ + β

⌘
x +

⇣
β

↵ + β

⌘
⇠ if ↵ < ✓

x if ↵ ≥ ✓

where x is the statistic of the ingredient, ⇠is the statistic
of the sub-group, ↵ is the number of times the ingredient
occurs in the inspiring set, β is the number of times any of
the sub-group ingredients occur in the inspiring set, and the
threshold ✓is set to 100.

The inspiring set is used differently for generation than it
is for evaluation. During artefact generation (Section 2.2)
the inspiring set determines the initial population used for
the genetic algorithm. During artefact evaluation (Section
2.3) the inspiring set determines which recipes and ratings
are used as training examples for the multi-layer perceptron
(MLP). Since the inspiring set isused in multiple ways, em-
ploying adifferent inspiring set for generating artefacts than
the one used to evaluate artefacts can have useful effects.

2.2 Generation

PIERRE generates new recipes using a genetic algorithm
acting on a population of recipes, each composed of a list
of ingredients. The population is initialized by choosing
recipes uniformly at random from the inspiring set, and the

1www.foodnetwork.com and www.allrecipes.com
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Event Feature Descr iption Range
Feature Value
for E in Figure1

i s r est(E ) Tr ue if E occurs during a rest [Tr ue, F alse] F alse

pi tch(E ) the MIDI note value being voiced at E
[0,127]

(? if i s r est(E ))
69

measur e(E ) the measure in which E occurs (0-based) Z> 0 3

beat(E )
the offset in beats within measure
measur e(E ) (0-based)

R> 0 0.5

dur ation(E )
the duration in beats of the note or rest being
voiced at E

R> 0 2.5

i s note onset(E )
Tr ue if the measure and beat of the onset
of the note or rest being voiced at E equals
measur e(E ) and beat(E )

[Tr ue, F alse] Tr ue

lyr i c(E ) the lyric being sung at E
Set of all valid sylla-
bles [ ?

“ try”

i s lyr i c onset(E )
Tr ue if the measure and beat of the on-
set of the lyric being voiced at E equals
measur e(E ) and beat(E )

[Tr ue, F alse] (? if
lyr i c(E ) = ? )

F alse

har mony(E )
the harmony (represented using chord sym-
bols) being voiced at E

Set of all valid chord
symbols [ ?

F

i s har mony onset(E )
Tr ue if the measure and beat of onset
of the harmony being voiced at E equals
measur e(E ) and beat(E )

[Tr ue, F alse] (? if
har mony(E ) = ? )

F alse

Table 1: Features for a music sequence event

Figure 1: Example of a music sequence event. Musical sequences are non-discrete and thus events must be sampled. Table 1
describes the features and feature values for the event sampled at the dotted red line.

diagonal of M (i.e., j ≥ i ). We are also not interested in
alignments that are close to the diagonal (i.e., that represent
thealignment of an event with itself or close neighbors). We
therefore only compute M where j ≥ i + ✏(see Figure 2).
For our implementation,✏= 4.

Genetic Algor ithm Parameters

Given this general approach, the challenge becomes prop-
erly defining the pairwise scoring function s(ai , bj ) and the
general alignment parameters Go, Ge, and ⌧. We describe
several viewpoint-specific definitions for s(ai , bj ) below,
each of which defines several scoring function parameters.
These viewpoint-specific parameters together with the gen-
eral alignment parameters are learned viaGA (seeFigure3).

Initially wegenerateapopulation of 20 uniqueparameter-
izations where each parameter is randomly initialized in the
range [-3,3] (⌧is randomly initialized in the range [0,20)).
For each of 5000 generations of theGA, wegenerate10 new
parameterizations via 1) crossover of two parameterizations
randomly selected from the population and then 2) muta-

tion where each parameter has a 0.2 probability of adding a
random number in the range [-10,10] to its value (with 0.2
probability ⌧is multiplied by a factor in the range [0,2)).

Alignment Fitness Function We manually labeled a
small subset of the Wikifonia leadsheet dataset with struc-
tural repetitions across viewpoints. These labels essentially
represent which eventsweexpect to bealigned viaour MSW
alignment. An event can be aligned with 0, 1, or many other
events. We can evaluate a parameterization Γ according to
the number of event pair alignments that are true positive
(TP ), false positive (F P ), and true negative (TN ) when Γ
isused in our scoring function. Wedo thisusing theF-score:

F1(Γ) =
(1 + β2) ⇤TP + 1

(1 + β2) ⇤TP + β2 ⇤F N + F P + 1

with β = 1.0 to equally weight recall and precision. We
add 1 to the numerator and the denominator to ensure that
F1 isdefined when no TP are possible (e.g., Twinkle, Twin-
kle, Little Star has no verse). Averaged over all songs in the
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How do humans recognize musical motifs?

Fitness function: How accurately did it predict motifs?





Gen Avg F-Score
1 0.202751217
2 0.283322436
3 0.348936672
5 0.419817123
6 0.583818628
8 0.626922611
18 0.630017273
22 0.822838916
44 0.877148402
59 0.899415259
67 0.903958945
79 0.91960754



Evolutionary Programming



Municipal 
solid 
waste 

collection 
routing



City Planning



NP-Complete Problems

• Finding optimal solutions in 
reasonable time is not 
possible for large instances

• GAs can be applied to find 
good solutions



Q&A

• What problems are you interested in
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