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Mineŕıa de Datos A. Riascos



Introducción
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Introducción

‘In god we trust, all others bring data”
Con la llegada de la era de la computación, el mundo
moderno ha experimentado un crecimiento en la cantidad de
información disponible sin precedentes en la historia.
El proyecto de Radio Telescópios de Australia, el acelerador de
particulas CERN, etc. pueden generar varios petabytes
(106GB = 103TB) de información diaria.
La producción de información anual impresa, filmada, óptica y
magnética requiere de 1,5 billones de GB. Esto es equivalente
a 250 MB per capita.
Una base de datos como la base de suficiencia que
anualmente procesa el Ministerio de Salud tiene
aproximadamente 400 millones de registros.
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Computación y sus ĺımites

¿Cuál es la revolución cient́ıfica?
La revolución empresarial

Quantil

Introducción

‘In god we trust, all others bring data”
Con la llegada de la era de la computación, el mundo
moderno ha experimentado un crecimiento en la cantidad de
información disponible sin precedentes en la historia.
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Introducción

in the future.

Information produced by medium

Most information is stored in four physical media: paper, film, optical (CDs and DVDs), and magnetic.
There are very good data for the worldwide production of each storage medium, and there are
reasonably good estimates of how much original content is produced in each of these different
formats.

We have identified production of content by media type, translated the volume of original content into
a common standard (terabytes), determined how much storage each type takes under certain
assumptions about compression, attempted to adjust for duplication of content, and added up to get
total estimates.

Table 1 depicts yearly worldwide production of original stored content as of 1999. In general, the
upper estimate is based on the raw data, while the lower estimate reflects an attempt to adjust for
duplication and compression. We discuss these adjustments below and in the medium-specific
documents. Note that the growth rate estimates are very rough. See the "Qualifications" section and
Appendix A for further discussion; the details of the calculations are presented in the accompanying
documents.

Table 1: Worldwide production of original content, stored digitally using standard
compression methods, in terabytes circa 1999.

Storage Medium Type of Content Terabytes/Year,
Upper Estimate

Terabytes/Year,
Lower Estimate

Growth
Rate, %

Paper

Books 8 1 2

Newspapers 25 2 -2

Periodicals 12 1 2

Office documents 195 19 2

Subtotal: 240 23 2

Film

Photographs 410,000 41,000 5

Cinema 16 16 3

X-Rays 17,200 17,200 2

Subtotal: 427,216 58,216 4

Optical

Music CDs 58 6 3

Data CDs 3 3 2

DVDs 22 22 100

Subtotal: 83 31 70

Magnetic

Camcorder Tape 300,000 300,000 5

PC Disk Drives 766,000 7,660 100

Departmental Servers 460,000 161,000 100

Enterprise Servers 167,000 108,550 100

Subtotal: 1,693,000 577,210 55
TOTAL:   2,120,539 635,480 50

Executive Summary

http://www.sims.berkeley.edu/how-much-info/summary.html (2 of 9) [11/10/2000 2:11:19 PM]
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Una nueva forma de hacer ciencia.

xviii

eScience: What Is It?

eScience is where “IT meets scientists.” Researchers are using many different meth-
ods to collect or generate data—from sensors and CCDs to supercomputers and 
particle colliders. When the data finally shows up in your computer, what do 
you do with all this information that is now in your digital shoebox? People are 
continually seeking me out and saying, “Help! I’ve got all this data. What am I 
supposed to do with it? My Excel spreadsheets are getting out of hand!” So what 
comes next? What happens when you have 10,000 Excel spreadsheets, each with 
50 workbooks in them? Okay, so I have been systematically naming them, but now 
what do I do? 

Science Paradigms

I show this slide [Figure 1] every time I talk. I think it is fair to say that this insight 
dawned on me in a CSTB study of computing futures. We said, “Look, computa-
tional science is a third leg.” Originally, there was just experimental science, and 
then there was theoretical science, with Kepler’s Laws, Newton’s Laws of Motion, 
Maxwell’s equations, and so on. Then, for many problems, the theoretical mod-
els grew too complicated to solve analytically, and people had to start simulating. 
These simulations have carried us through much of the last half of the last millen-
nium. At this point, these simulations are generating a whole lot of data, along with 

FIGURE 1
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• Thousand years ago: 
  science was empirical
  describing natural phenomena

• Last few hundred years: 
 theoretical branch
  using models, generalizations

• Last few decades: 
 a computational branch
  simulating complex phenomena

• Today: data exploration (eScience)
  unify theory, experiment, and simulation 
 – Data captured by instruments 
  or generated by simulator
 – Processed by software
 – Information/knowledge stored in computer
 – Scientist analyzes database / files
  using data management and statistics      

Science Paradigms

JIM GRAY ON eSCIENCE

Tomado de The Fourth Paradigm: Data-Intensive Scientific
Discovery, Microsoft Research
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El proceso t́ıpico de mineŕıa de datos.

ly understandable patterns in data (Fayyad,
Piatetsky-Shapiro, and Smyth 1996).

Here, data are a set of facts (for example,
cases in a database), and pattern is an expres-
sion in some language describing a subset of
the data or a model applicable to the subset.
Hence, in our usage here, extracting a pattern
also designates fitting a model to data; find-
ing structure from data; or, in general, mak-
ing any high-level description of a set of data.
The term process implies that KDD comprises
many steps, which involve data preparation,
search for patterns, knowledge evaluation,
and refinement, all repeated in multiple itera-
tions. By nontrivial, we mean that some
search or inference is involved; that is, it is
not a straightforward computation of
predefined quantities like computing the av-
erage value of a set of numbers.

The discovered patterns should be valid on
new data with some degree of certainty. We
also want patterns to be novel (at least to the
system and preferably to the user) and poten-
tially useful, that is, lead to some benefit to
the user or task. Finally, the patterns should
be understandable, if not immediately then
after some postprocessing. 

The previous discussion implies that we can
define quantitative measures for evaluating
extracted patterns. In many cases, it is possi-
ble to define measures of certainty (for exam-
ple, estimated prediction accuracy on new

data) or utility (for example, gain, perhaps in
dollars saved because of better predictions or
speedup in response time of a system). No-
tions such as novelty and understandability
are much more subjective. In certain contexts,
understandability can be estimated by sim-
plicity (for example, the number of bits to de-
scribe a pattern). An important notion, called
interestingness (for example, see Silberschatz
and Tuzhilin [1995] and Piatetsky-Shapiro and
Matheus [1994]), is usually taken as an overall
measure of pattern value, combining validity,
novelty, usefulness, and simplicity. Interest-
ingness functions can be defined explicitly or
can be manifested implicitly through an or-
dering placed by the KDD system on the dis-
covered patterns or models. 

Given these notions, we can consider a
pattern to be knowledge if it exceeds some in-
terestingness threshold, which is by no
means an attempt to define knowledge in the
philosophical or even the popular view. As a
matter of fact, knowledge in this definition is
purely user oriented and domain specific and
is determined by whatever functions and
thresholds the user chooses.

Data mining is a step in the KDD process
that consists of applying data analysis and
discovery algorithms that, under acceptable
computational efficiency limitations, pro-
duce a particular enumeration of patterns (or
models) over the data. Note that the space of

Articles

FALL 1996   41

Data

Transformed

Data

Patterns

Preprocessing

Data Mining

Interpretation / 
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--- --- ---
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Figure 1. An Overview of the Steps That Compose the KDD Process.

KDD: Knowledge Discovery in Datasets
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Matemáticas en acción
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¿Cuál es la revolución cient́ıfica?
La revolución empresarial

Quantil

Contenido

1 Introducción
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Matemáticas en acción

Un psicólogo de una prisión en California se acercó al
Departamento de Estad́ıstica de Stanford con esto:

BULLETIN (New Series) OF THE
AMERICAN MATHEMATICAL SOCIETY
Volume 46, Number 2, April 2009, Pages 179–205
S 0273-0979(08)01238-X
Article electronically published on November 20, 2008

THE MARKOV CHAIN MONTE CARLO REVOLUTION

PERSI DIACONIS

Abstract. The use of simulation for high-dimensional intractable computa-
tions has revolutionized applied mathematics. Designing, improving and un-
derstanding the new tools leads to (and leans on) fascinating mathematics,
from representation theory through micro-local analysis.

1. Introduction

Many basic scientific problems are now routinely solved by simulation: a fancy
random walk is performed on the system of interest. Averages computed from the
walk give useful answers to formerly intractable problems. Here is an example
drawn from course work of Stanford students Marc Coram and Phil Beineke.

Example 1 (Cryptography). Stanford’s Statistics Department has a drop-in con-
sulting service. One day, a psychologist from the state prison system showed up
with a collection of coded messages. Figure 1 shows part of a typical example.

Figure 1:

The problem was to decode these messages. Marc guessed that the code was a
simple substitution cipher, each symbol standing for a letter, number, punctuation
mark or space. Thus, there is an unknown function f

f : {code space} −→ {usual alphabet}.
One standard approach to decrypting is to use the statistics of written English to
guess at probable choices for f , try these out, and see if the decrypted messages
make sense.

Received by the editors August 5, 2008.
2000 Mathematics Subject Classification. Primary 60J20.

c©2008 American Mathematical Society
Reverts to public domain 28 years from publication
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Matemáticas en acción

Los estudiantes supusieron que el mensaje se pod́ıa decodificar
de la forma:

f : {Śımbolos del mensaje} → {Alfabeto tradicional}

El número de posibilidades para f es muy grande.

Para juzgar la plausibilidad de que una f en particular
podemos definir una medida de rendimiento.

Tomaron un libro estándar (e.g. One Hundred Year of
Solitude) y calcularon la frecuencia con la que después del
śımbolo x segúıa el śımbolo y .

Interpretamos esto como la probabilidad de transición de x a
y en el idioma Inglés (i.e. una cadena de Markow).
Denotamos por M(x , y) esta frecuencia.
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f : {Śımbolos del mensaje} → {Alfabeto tradicional}

El número de posibilidades para f es muy grande.

Para juzgar la plausibilidad de que una f en particular
podemos definir una medida de rendimiento.
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Matemáticas en acción

Ahora resolvemos este problema:

máx
f ∈F

∏
M(f (si ), f (si+1)) (1)

Este problema se resuelve usando al algoritmo de Metropolis -
Hasting (un truco muy creativo!)

Ahora, por qué esto funcionaŕıa? Para ganar un poco de
confianza en el modelo veamos el resultado en un caso
conocido.
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Revolver todos los śımbolos de este párrafo de Hamlet:

180 PERSI DIACONIS

To get the statistics, Marc downloaded a standard text (e.g., War and Peace)
and recorded the first-order transitions: the proportion of consecutive text symbols
from x to y. This gives a matrix M(x, y) of transitions. One may then associate a
plausibility to f via

Pl(f) =
∏

i

M (f(si), f(si+1)) ,

where si runs over consecutive symbols in the coded message. Functions f which
have high values of Pl(f) are good candidates for decryption. Maximizing f ’s were
searched for by running the following Markov chain Monte Carlo algorithm:

• Start with a preliminary guess, say f .
• Compute Pl(f).
• Change to f∗ by making a random transposition of the values f assigns to

two symbols.
• Compute Pl(f∗); if this is larger than Pl(f), accept f∗.
• If not, flip a Pl(f∗)/Pl(f) coin; if it comes up heads, accept f∗.
• If the coin toss comes up tails, stay at f .

The algorithm continues, trying to improve the current f by making random trans-
positions. The coin tosses allow it to go to less plausible f ’s, and keep it from
getting stuck in local maxima.

Of course, the space of f ’s is huge (40! or so). Why should this Metropolis
random walk succeed? To investigate this, Marc tried the algorithm out on a
problem to which he knew the answer. Figure 2 shows a well-known section of
Shakespeare’s Hamlet.

Figure 2:

The text was scrambled at random and the Monte Carlo algorithm was run.
Figure 3 shows sample output.

Figure 3:
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Resultado decodificación mensaje presos:

THE MARKOV CHAIN MONTE CARLO REVOLUTION 181

After 100 steps, the message is a mess. After two thousand steps, the decrypted
message makes sense. It stays essentially the same as further steps are tried. I find
it remarkable that a few thousand steps of this simple optimization procedure work
so well. Over the past few years, friends in math and computer science courses
have designed homework problems around this example [17]. Students are usually
able to successfully decrypt messages from fairly short texts; in the prison example,
about a page of code was available.

The algorithm was run on the prison text. A portion of the final result is shown
in Figure 4. It gives a useful decoding that seemed to work on additional texts.

Figure 4:

I like this example because a) it is real, b) there is no question the algorithm found
the correct answer, and c) the procedure works despite the implausible underlying
assumptions. In fact, the message is in a mix of English, Spanish and prison jargon.
The plausibility measure is based on first-order transitions only. A preliminary
attempt with single-letter frequencies failed. To be honest, several practical details
have been omitted: we allowed an unspecified “?” symbol in the deviation (with
transitions to and from “?” being initially uniform). The display in Figure 4 was
“cleaned up” by a bit of human tinkering. I must also add that the algorithm
described has a perfectly natural derivation as Bayesian statistics. The decoding
function f is a parameter in a model specifying the message as the output of a
Markov chain with known transition matrix M(x, y). With a uniform prior on f ,
the plausibility function is proportional to the posterior distribution. The algorithm
is finding the mode of the posterior.

In Section 2, I explain Markov chains and the Metropolis algorithm more care-
fully. A closely related Markov chain on permutations is analyzed in Section 3.
The arguments use symmetric function theory, a bridge between combinatorics and
representation theory.

A very different example — hard discs in a box — is introduced in Section 4. The
tools needed for study are drawn from analysis, micro-local techniques (Section 5)
along with functional inequalities (Nash and Sobolev inequalities).

Throughout, emphasis is on analysis of iterates of self-adjoint operators using
the spectrum. There are many other techniques used in modern probability. A brief
overview, together with pointers on how a beginner can learn more, is in Section 6.
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Matemáticas en acción
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Ĺımites al apredizaje de máquinas

Theorem (Arbitrariamente cerca al clasificador aleatorio)

Sea f un clasificador entrenado con una muestra finita. Entonces
exite una distribución de probabilidad P (generador de datos) tal
que:

1 En promedio P genera la muestra finita.

2 El error de clasificación de f de acuerdo a P es
arbitrariamente cerca a 0,5.

No hay forma de aprender sin hipótesis sobre la estructura del
fenómeno que se quiere estudiar (una teorá!).

Mineŕıa de Datos A. Riascos
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2 Matemáticas en acción
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Computación y sus ĺımites

Pocas dudas sobre la capacidad de calcular de los
computadores.

Moore’s law

Mineŕıa de Datos A. Riascos



Computación y sus ĺımites

Sin embargo, existen algunos ĺımites que se derivan de nuestro
conocimiento actual de la f́ısica y las matemáticas (Lloyd, S.
(2000). The Ultimate Physical Limits to Computation):

1 La capacidad de almacenamiento del Universo visible es: 1092

bits.
2 Número de operaciones realizadas desde el Big Bang: 10122.
3 La totalidad del Universo si fuera una computadora cuántica

no podŕıa encontrar una cadena de 500 bits.
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Computación y sus ĺımites

Juego de Rabin (1957). Dos jugadores A y B, y un conjunto
W ⊂ N3.

Reglas: En tres rondas, A y B escogen tres números naturales.

El resultado final es una tripla (a, b, c).

Si (a, b, c) ∈W gana B.

¿Qué sabemos sobre este juego?

1 Es determinado (inducción hacias atrás).
2 Existe W decidible tal que el juego es determinado en favor de

B.
3 B no puede calcular (con ningún computador incluso

hipotético) su estrategia ganadora!

La teoŕıa es imprescindible, no basta con capacidad de
cómputo.



Computación y sus ĺımites
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Juego de Rabin (1957). Dos jugadores A y B, y un conjunto
W ⊂ N3.

Reglas: En tres rondas, A y B escogen tres números naturales.

El resultado final es una tripla (a, b, c).

Si (a, b, c) ∈W gana B.
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¿Qué sabemos sobre este juego?

1 Es determinado (inducción hacias atrás).
2 Existe W decidible tal que el juego es determinado en favor de

B.
3 B no puede calcular (con ningún computador incluso
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¿Cuál es la revolución cient́ıfica?

En mi opinión no es el fin de la teoŕıa como se profesa:

Anderson: The End of Theory: The Data Deluge Makes the
Scientific Method Obsolete
Napoletani, Panza, Struppa: Agnostic Science. Towards a
Philosophy of Data Analysis.
Big data: A revolution that will transform how we live work
and think.

Mineŕıa de Datos A. Riascos



¿Cuál es la revolución cient́ıfica?

En mi opinión la revolución está por llegar y es en esta
dirección:

Humphreys (computational science and scientific method,
extending ourselves, the philosophical novelty of computer
simulation methods).

...our own intellectual and computational capailities as human
beings is no more a benchmark of scientific thought...
...the situation within which humans deal with science that is
carried out at least in part by machines [is] the hybrid scenario
and the more extreme situation of a completely automated
science [is] the automated scenario

Steve Omohundro (Parc Forums): Es necesario programarles
valores y principios morales a los robots!

Steve Hawking: Success in creating AI will be the biggest
event in human history. Unfortunately it might also be the
last, unless we learn how to avoid the risks.
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dirección:

Humphreys (computational science and scientific method,
extending ourselves, the philosophical novelty of computer
simulation methods).

...our own intellectual and computational capailities as human
beings is no more a benchmark of scientific thought...
...the situation within which humans deal with science that is
carried out at least in part by machines [is] the hybrid scenario
and the more extreme situation of a completely automated
science [is] the automated scenario

Steve Omohundro (Parc Forums): Es necesario programarles
valores y principios morales a los robots!

Steve Hawking: Success in creating AI will be the biggest
event in human history. Unfortunately it might also be the
last, unless we learn how to avoid the risks.



¿Cuál es la revolución cient́ıfica?

En mi opinión la revolución está por llegar y es en esta
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5 ¿Cuál es la revolución cient́ıfica?

6 La revolución empresarial

7 Quantil
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La revolución empresarial

Farecast (microsoft pagó $115 USD): Predicciones de cuando
comprar tiquetes con base en 200 billones de ofertas en
Internet.

Cada hora se cargan a facebook más de 100 millones de fotos.
Los modelos de reconocimiento de imágenes utilizan los tags
como muestras de entrenamiento.

Google entrena su corrector de texto cada que hacemos click
en: Quizás quisiste decir: XXX
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La revolución empresarial

Lo que hace particularmente interesante esta revolución
empresarial es que está surgiendo de la mano de la académia y
los empresarios.

Considere el problema de reconocimiento de voz. Los grandes
competidores son Google, IBM y Microsoft.



La revolución empresarial: deep learning

Big data, capacidad de computo y redes neuronales.

Una red t́ıpica tiene entre 5 y 7 capas ocultas.

1000 neuronas por capa.

Es necesario estimar miles de parámetros.

Se necesitan 1000 horas de grabación.

Un super computador se demora dos semanas estimando.



La revolución empresarial: deep learning

www.clarifai.com

www.clarifai.com
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