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Introducción: La verdadera revolución



Introducción: Datos

En los ultimos 2 años se ha producido y almacenado más
información que en toda la historia de la humanidad.

El proyecto de Radio Telescópios de Australia, el acelerador de
particulas CERN, etc. pueden generar varios petabytes
(106GB = 103TB) de información diaria.

El consumo diario de videos de Netflix es 100 millones de
videos.

A Youtube se suben 400 horas de video cada minuto.

Cisco estima que en el 2020 se van a transferir en el mundo
200 petabytes de video por segundo.
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Introducción: Datos

Lo que toda esta información tiene en común:
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Introducción: Matemáticas

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.
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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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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.



Introducción: La nueva disciplina

1.6 Classification of Data Mining Systems 29

Measures of pattern interestingness are essential for the efficient discovery of patterns
of value to the given user. Such measures can be used after the data mining step in order
to rank the discovered patterns according to their interestingness, filtering out the unin-
teresting ones. More importantly, such measures can be used to guide and constrain the
discovery process, improving the search efficiency by pruning away subsets of the pattern
space that do not satisfy prespecified interestingness constraints. Such constraint-based
mining is described in Chapter 5 (with respect to association mining) and Chapter 7
(with respect to clustering).

Methods to assess pattern interestingness, and their use to improve data mining effi-
ciency, are discussed throughout the book, with respect to each kind of pattern that can
be mined.

1.6 Classification of Data Mining Systems

Data mining is an interdisciplinary field, the confluence of a set of disciplines, includ-
ing database systems, statistics, machine learning, visualization, and information science
(Figure 1.12). Moreover, depending on the data mining approach used, techniques from
other disciplines may be applied, such as neural networks, fuzzy and/or rough set theory,
knowledge representation, inductive logic programming, or high-performance comput-
ing. Depending on the kinds of data to be mined or on the given data mining application,
the data mining system may also integrate techniques from spatial data analysis, informa-
tion retrieval, pattern recognition, image analysis, signal processing, computer graphics,
Web technology, economics, business, bioinformatics, or psychology.

Becauseof thediversityofdisciplinescontributingtodatamining,dataminingresearch
is expected to generate a large variety of data mining systems. Therefore, it is necessary to
provide a clear classification of data mining systems, which may help potential users dis-
tinguish between such systems and identify those that best match their needs. Data mining
systems can be categorized according to various criteria, as follows:

Database
technology

Machine
learning

Data
Mining

Information
science

Statistics

Visualization Other disciplines

Figure 1.12 Data mining as a confluence of multiple disciplines.



¿Estamos viviendo una revolución empresarial?

8 McKinsey Global Institute Executive summary

SIX DISRUPTIVE DATA-DRIVEN MODELS AND CAPABILITIES ARE RESHAPING 
SOME INDUSTRIES—AND COULD SOON TRANSFORM MANY MORE
Certain characteristics of a given market (such as inefficient matching, information 
asymmetries, and human biases and errors) open the door to disruption. They set the 
stage for six archetypes to have a major effect (Exhibit E3). In each of these models, the 
introduction of new data is a key enabler. 

Bringing in orthogonal data can change the basis of competition
As data proliferate, many new types, from new sources, can be brought to bear on any 
problem. In industries where most incumbents have become used to relying on a certain 
kind of standardized data to make decisions, bringing in fresh types of data sets to 
supplement those already in use can change the basis of competition. New entrants with 
privileged access to these “orthogonal” data sets can pose a uniquely powerful challenge 
to incumbents. We see this playing out in property and casualty insurance, where new 
companies have entered the marketplace with telematics data that provides insight into 
driving behavior. This is orthogonal to the demographic data that had previously been used 
for underwriting. Other domains could be fertile ground for bringing in orthogonal data from 
the internet of things (IoT). Connected light fixtures, which sense the presence of people 
in a room and have been sold with the promise of reducing energy usage, generate “data 
exhaust” that property managers can use to optimize physical space planning. Even in 
human resources, some organizations have secured employee buy-in to wear devices that 
capture data and yield insights into the “real” social networks that exist in the workplace, 
enabling these organizations to optimize collaboration through changes in work spaces.

Orthogonal data will rarely replace the data that are already in use in a domain; it is more 
likely that an organization will integrate orthogonal data with existing data. Within the other 

Exhibit E3

Archetype of disruption Domains that could be disrupted

Business models 
enabled by orthogonal 
data

 Insurance
 Health care
 Human capital/talent

Hyperscale, real-time
matching

 Transportation and logistics
 Automotive
 Smart cities and infrastructure

Radical personalization  Health care
 Retail
 Media
 Education

Massive data 
integration capabilities

 Banking
 Insurance
 Public sector
 Human capital/talent

Data-driven discovery  Life sciences and pharmaceuticals
 Material sciences
 Technology

Enhanced decision 
making

 Smart cities
 Health care
 Insurance
 Human capital/talent

Data and analytics underpin six disruptive models, and certain characteristics make individual domains susceptible

SOURCE: McKinsey Global Institute analysis 

Indicators of potential for disruption:

▪ Assets are underutilized due to 
inefficient signaling

▪ Supply/demand mismatch

▪ Dependence on large amounts of 
personalized data

▪ Data is siloed or fragmented

▪ Large value in combining data from 
multiple sources

▪ R&D is core to the business model

▪ Decision making is subject to human 
biases

▪ Speed of decision making limited by 
human constraints

▪ Large value associated with improving 
accuracy of prediction

REPEATS in report
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Only a fraction of the value we envisioned in 2011 has been captured to date

Enhanced sensory 
perception

Understanding 
natural language

Recognizing
known patterns

Generating
natural language

Optimizing and
planning

The age of analytics:
Competing in a data-driven world

 

Data and analytics fuel 6 disruptive models that 
change the nature of competition

Machine learning has broad applicability in many common work activities

Data

Data-driven 
discovery and 

innovation

99% 79% 76% 59% 33%

Generate AnalyzeAggregate

Value

Generate AnalyzeAggregate

Volume

Massive
data

integration

 Hyperscale, 
real-time  
matching

Enhanced
decision 
making 

Radical
personalization

European Union
public sector

United States
health care

Manufacturing United States
retail

Location-based
data

Orthogonal
data sets

As data ecosystems evolve, value 
will accrue to providers of analytics, 

but some data generators and 
aggregators will have unique value

Value share

Percent of work activities that require:

Volume of data and use cases per player

50–60%30–40%20–30%10–20% 10–20%
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We identified 120 potential use cases of machine learning in 12 industries, and surveyed 
more than 600 industry experts on their potential impact. The most striking finding was 
the extraordinary breadth of the potential applications of machine learning; each of the use 
cases was identified as being one of the top three in an industry by at least one expert in that 
industry. But there were differences. 

We plotted the top 120 use cases in Exhibit E6. The y-axis shows the volume of available 
data (encompassing its breadth and frequency), while the x-axis shows the potential impact, 
based on surveys of more than 600 industry experts. The size of the bubble reflects the 
diversity of the available data sources.

Exhibit E6

SOURCE: McKinsey Global Institute analysis 

Machine learning has broad potential across industries and use cases
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http://www.alvaroriascos.com/mineriadatos/

The-age-of-analytics-Executive-summary.pdf

http://www.alvaroriascos.com/mineriadatos/The-age-of-analytics-Executive-summary.pdf
http://www.alvaroriascos.com/mineriadatos/The-age-of-analytics-Executive-summary.pdf
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Aprendizaje Profundo: Inteligencia básica AlphaZero

Game White Black Win Draw Loss

Chess
AlphaZero Stockfish 25 25 0
Stockfish AlphaZero 3 47 0

Shogi
AlphaZero Elmo 43 2 5
Elmo AlphaZero 47 0 3

Go
AlphaZero AG0 3-day 31 – 19
AG0 3-day AlphaZero 29 – 21

Table 1: Tournament evaluation of AlphaZero in chess, shogi, and Go, as games won, drawn
or lost from AlphaZero’s perspective, in 100 game matches against Stockfish, Elmo, and the
previously published AlphaGo Zero after 3 days of training. Each program was given 1 minute
of thinking time per move.

strongest skill level using 64 threads and a hash size of 1GB. AlphaZero convincingly defeated
all opponents, losing zero games to Stockfish and eight games to Elmo (see Supplementary Ma-
terial for several example games), as well as defeating the previous version of AlphaGo Zero
(see Table 1).

We also analysed the relative performance of AlphaZero’s MCTS search compared to the
state-of-the-art alpha-beta search engines used by Stockfish and Elmo. AlphaZero searches just
80 thousand positions per second in chess and 40 thousand in shogi, compared to 70 million
for Stockfish and 35 million for Elmo. AlphaZero compensates for the lower number of evalu-
ations by using its deep neural network to focus much more selectively on the most promising
variations – arguably a more “human-like” approach to search, as originally proposed by Shan-
non (27). Figure 2 shows the scalability of each player with respect to thinking time, measured
on an Elo scale, relative to Stockfish or Elmo with 40ms thinking time. AlphaZero’s MCTS
scaled more effectively with thinking time than either Stockfish or Elmo, calling into question
the widely held belief (4, 11) that alpha-beta search is inherently superior in these domains.3

Finally, we analysed the chess knowledge discovered by AlphaZero. Table 2 analyses the
most common human openings (those played more than 100,000 times in an online database
of human chess games (1)). Each of these openings is independently discovered and played
frequently by AlphaZero during self-play training. When starting from each human opening,
AlphaZero convincingly defeated Stockfish, suggesting that it has indeed mastered a wide spec-
trum of chess play.

The game of chess represented the pinnacle of AI research over several decades. State-of-
the-art programs are based on powerful engines that search many millions of positions, leverag-
ing handcrafted domain expertise and sophisticated domain adaptations. AlphaZero is a generic
reinforcement learning algorithm – originally devised for the game of Go – that achieved su-
perior results within a few hours, searching a thousand times fewer positions, given no domain

3The prevalence of draws in high-level chess tends to compress the Elo scale, compared to shogi or Go.

5
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Aprendizaje Profundo: Reconocimiento de dibujos

https://quickdraw.withgoogle.com/

https://quickdraw.withgoogle.com/
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LegalGeex

AI vs Lawyers
2AI vs LawyersAI vs Lawyers

ABSTRACT

In a landmark study, US lawyers with decades of experience in corporate law and contract 

review were pitted against the LawGeex AI algorithm to spot issues in five Non-Disclosure 

Agreements (NDAs), which are a contractual basis for most business deals. 

Twenty US-trained lawyers, with decades of legal experience ranging from law firms to 

corporations, were asked to issue-spot legal issues in five standard NDAs. They competed 

against a LawGeex AI system that has been developed for three years and trained on 

tens of thousands of contracts. 

The research was conducted with input from academics, data scientists, and legal and 

machine-learning experts, and was overseen by an independent consultant and lawyer. 

Following extensive testing, the LawGeex Artificial Intelligence achieved an average 94% 

accuracy rate, ahead of the lawyers who achieved an average rate of 85%.

This report provides insights into the methodology and the training of the LawGeex 

AI, a full breakdown of the results and findings, as well as interviews with lawyers who 

participated in the experiment, ultimately providing practical insights into AI’s value for 

the future of law.

2AI vs Lawyers

LAWYER AVG

LAWGEEX

NDA 1

84%

92%

NDA 2

85%

95%

NDA 3

86%

95%

NDA 4

86%

100%

NDA 5

83%

91%

AVG

85%

94%



Aprendizaje Profundo: Frontera

Entendimiento de las actividades humanas en videos: Niebles,
Universidad del Norte, Stanford-Toyota Center for AI
Research.

Qué objetos hay?, lugar, actividad, momento en el que
ocurren, predicción y anticipación (carros autónomos, base de
datos de videos de Taiwan).
Aplicaciones: dibujos animados, salud, transporte, asistencia
(tercera edad), eficiencia construcción.
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Retos

La construcción de robots autónomos está a la vuelta de la
esquina, con los rasgos más básicos de los seres vivos:

Robots con un propósito.
Que se puedan reproducir (su código).
Adquirir enerǵıa.
Autonoḿıa, etc.
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Autonoḿıa, etc.
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Adquirir enerǵıa.
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Retos

Es indispensable programarles valores morales.

Privacidad y discriminación.

La posibilidad de hackear todos los carros autónomos de un
ciudad y causar una gran catástrofe.

Los retos de la teoŕıa de la competencia en la era de la
información.

Noticias falsas.

El empleo y la brecha digital.
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Reflexiones sobre la Especie Humana

Center for the study of existential risks:
https://www.cser.ac.uk/

La religión de los datos: Homo Deus. Una breve historia del
mañana. Yuval Noah Harari.

https://www.cser.ac.uk/
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