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2001: A Space Odyssey 
(1968)
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Un poco de historia…
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https://www.youtube.com/watch?time_continue=399&v=rlBjhD1oGQg 
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DeepBlue vs Kasparov 
(1997)

https://www.youtube.com/watch?v=NJarxpYyoFI 

https://www.youtube.com/watch?v=NJarxpYyoFI
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https://www.youtube.com/watch?v=JodijRqCg6k 

DeepBlue vs Kasparov 
(1997)

https://www.youtube.com/watch?v=JodijRqCg6k
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¿Qué es la 
Inteligencia Artificial?
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El test de Turing
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Cuatro enfoques

Pensar 
como 

humano

Actuar 
como 

humano

Pensar 
racionalmente

Actuar 
racionalmente
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Inteligencia Artificial hoy en 
día:

• Racionalidad: Alcanzar, de manera óptima, 
objetivos predefinidos 

• Objetivos → función de utilidad 

• Actuar racionalmente → maximizar la utilidad

Racionalidad Computacional
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Inteligencia
Artificial
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del Conocimiento 
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Aprendizaje 
Computacional
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“Los computadores sólo pueden 
hacer lo que se les dice que hagan"

“¿Y qué tal si le decimos a la 
máquina que aprenda por si misma y 

mejore continuamente?”
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Redes Neuronales
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McCulloch & Pitts Artificial 
Neuron

BULLETIN OF 
MATHEMATICAL BIOPHYSICS 

VOLUME 5, 1943 

A L O G I C A L  C A L C U L U S  O F  T H E  
I D E A S  I M M A N E N T  I N  N E R V O U S  A C T I V I T Y  

WARREN S. MCCULLOCH AND WALTER PITTS 

FROM THE UNIVERSITY OF ILLINOIS, COLLEGE OF MEDICINI~, 
DEPARTMENT OF PSYCHIATRY AT THE ILLINOIS NEUROPSYCHIATRIC INSTITUTE, 

AND THE UNIVERSITY OF CHICAGO 

Because of  the "all-or-none" character of  nervous activity, neural 
events and the relations among them can be treated by means of propo- 
sitional logic. I t  is found that the behavior of every net can be described 
in these terms, with the addition of more complicated logical means for 
nets containing circles; and that for any logical expression satisfying 
certain conditions, one can find a net behaving in the fashion it describes. 
I t  is shown that many particular choices among possible neurophysiologi- 
cal assumptions are equivalent, in the sense that for every net behav- 
ing under one assumption, there exists another net which behaves un- 
der the other and gives the same results, although perhaps not in the 
same time. Various applications of the calculus are discussed. 

I. Introduction 

T h e o r e t i c a l  n e u r o p h y s i o l o g y  r e s t s  on c e r t a i n  c a r d i n a l  a s s u m p -  
t ions .  T h e  n e r v o u s  s y s t e m  is a n e t  of  neu rons ,  e ach  h a v i n g  a s o m a  
and  a n  axon .  T h e i r  a d j u n c t i o n s ,  o r  s y n a p s e s ,  a r e  a l w a y s  b e t w e e n  the  
a x o n  of  one  n e u r o n  a n d  the  s o m a  of  ano the r .  A t  a n y  i n s t a n t  a n e u r o n  
h a s  some  th resho ld ,  w h i c h  exc i t a t i on  m u s t  exceed  to  i n i t i a t e  a n  im-  
pulse.  This ,  excep t  f o r  the  f a c t  and  t h e  t i m e  of  i t s  occur rence ,  is  de- 
t e r m i n e d  b y  t h e  neu ron ,  no t  b y  the  exc i t a t ion .  F r o m  t h e  p o i n t  o f  ex-  
c i t a t i on  the  im pu l s e  is p r o p a g a t e d  to  all p a r t s  o f  t h e  neu ron .  T h e  
ve loc i ty  a long  the  a x o n  v a r i e s  d i r ec t ly  w i t h  i ts  d i a m e t e r ,  f r o m  less 
t h a n  one  m e t e r  p e r  second in t h in  axons ,  w h i c h  a r e  usua l ly  shor t ,  to  
m o r e  t h a n  150 m e t e r s  p e r  second in t h i c k  axons ,  wh ich  a r e  u sua l ly  
long .  T h e  t i m e  f o r  a x o n a l  conduc t ion  is consequen t ly  of  l i t t le  i m p o r -  
t ance  in d e t e r m i n i n g  the  t i m e  of  a r r i v a l  o f  i m p u l s e s  a t  po in t s  un-  
equa l ly  r e m o t e  f r o m  the  s a m e  source .  E x c i t a t i o n  a c r o s s  s y n a p s e s  oc- 
c u r s  p r e d o m i n a n t l y  f r o m  a x o n a l  t e r m i n a t i o n s  to  s o m a t a .  I t  is st i l l  a 
m o o t  po in t  w h e t h e r  th i s  depend s  upon  i r r e c i p r o c i t y  of  ind iv idua l  syn-  
a p s e s  o r  m e r e l y  upon  p r e v a l e n t  a n a t o m i c a l  conf igura t ions .  T o  sup-  
pose  t he  l a t t e r  r equ i r e s  no h y p o t h e s i s  ad hoc a n d  exp la in s  k n o w n  ex- 
cept ions ,  bu t  a n y  a s s u m p t i o n  as  to  cause  is c o m p a t i b l e  w i t h  t h e  cal-  
culus  to  come.  No  case  is k n o w n  in wh ich  exc i t a t i on  t h r o u g h  a s ing le  
s y n a p s e  h a s  el ic i ted a n e r v o u s  i m p u l s e  in a n y  neu ron ,  w h e r e a s  a n y  
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Neural networks time line

1943 20161957 1969 1986 1995 2007 2012
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Línea de tiempo de las RNs

1943 20161957 1969 1986 1995 2007 2012
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We show how to use “complementary priors” to eliminate the explaining-
away effects that make inference difficult in densely connected belief nets
that have many hidden layers. Using complementary priors, we derive a
fast, greedy algorithm that can learn deep, directed belief networks one
layer at a time, provided the top two layers form an undirected associa-
tive memory. The fast, greedy algorithm is used to initialize a slower
learning procedure that fine-tunes the weights using a contrastive ver-
sion of the wake-sleep algorithm. After fine-tuning, a network with three
hidden layers forms a very good generative model of the joint distribu-
tion of handwritten digit images and their labels. This generative model
gives better digit classification than the best discriminative learning al-
gorithms. The low-dimensional manifolds on which the digits lie are
modeled by long ravines in the free-energy landscape of the top-level
associative memory, and it is easy to explore these ravines by using the
directed connections to display what the associative memory has in mind.

1 Introduction

Learning is difficult in densely connected, directed belief nets that have
many hidden layers because it is difficult to infer the conditional distribu-
tion of the hidden activities when given a data vector. Variational methods
use simple approximations to the true conditional distribution, but the ap-
proximations may be poor, especially at the deepest hidden layer, where
the prior assumes independence. Also, variational learning still requires all
of the parameters to be learned together and this makes the learning time
scale poorly as the number of parameters increases.

We describe a model in which the top two hidden layers form an undi-
rected associative memory (see Figure 1) and the remaining hidden layers

Neural Computation 18, 1527–1554 (2006) C⃝ 2006 Massachusetts Institute of Technology
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Deep learning boom
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Deep learning recipe
Data

HPC

Algorithms

Tricks

Feature 
learning

Size
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Reconocimiento de Voz
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Reconocimiento de Voz
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Visión por Computador

Revolution of Depth
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Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Detección de objetos

http://silverpond.com.au/object-detector 

http://silverpond.com.au/object-detector
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Detección de objetos

http://silverpond.com.au/object-detector 

http://silverpond.com.au/object-detector
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Image Captioning

https://www.captionbot.ai/  

https://www.captionbot.ai/
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Image Captioning
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Transferencia de estilo

http://demos.algorithmia.com/deep-style/ 

http://demos.algorithmia.com/deep-style/
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30 años de historia 
de IA en la UN
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Prof. J.J. Martínez
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Primer Congreso 
Colombiano de 

Neurocomputación 
(1996)
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UN Neuro (1993)



• Sistemas computacionales 
inspirados en la naturaleza 

• Apl icaciones de Sistemas 
Inteligentes 

• Plataformas computacionales 
para l a imp lementac ión de 
sistemas inteligentes

Luis Fernando Niño V., Ph. D. 
lfninov@unal.edu.co 

Director

mailto:lfninov@unal.edu.co


Grupo de Algoritmos y 
Combinatoria (ALGOS)

• Areas de interés: 
• Trading Algorítmico, Finanzas 

Computacionales y Fintech 

• Miembros: 
• Andrés Arevalo (Estudiante PhD) 
• Diego León (Estudiante PhD) 
• Jaime Niño (Estudiante PhD) 
• Javier Sandoval (PhD, Docente 

Externado) 
• Director: 
• Germán Hernández (PhD, 

Profesor UNAL)

• Temas de investigación: 
• Machine Learning, Bioinformatics, Deep 

Learning 

• Algunas publicaciones: 
1.Market Trend Visual Bag of Words Informative 

Patterns in Limit Order Books 

2.High Frequency Trading Strategy based on 
Deep Neural Networks 

3.Detecting Informative Patterns in Financial 
Market Trends based on Visual Analysis 

4.Price direction prediction on high frequency 
data using Deep Belief Networks 

5.Complex Network Approach to Identify 
Potential Financial Scandals the Colombian 
Market Case 

6.Clustering algorithms for Risk-Adjusted 
Portfolio Construction
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Grupo de Investigación en Minería de Datos
Directora: Ing. Elizabeth León Guzmán, Ph.D.

Análisis de redes sociales

Aprendizaje de Máquina 
Estadística 

Inteligencia Artificial 
Big Data 

Análisis de opinión: elecciones 
presidenciales, marcas. 
Detección perfiles falsos en 
twitter 

Minería de texto
Sistemas de Recuperación de 
Información

Bioinformática
“DNA Codeword Design” usando 
algoritmos genéticos. 
Identificación de variantes  y asociación 
con datos clínicos en pacientes  
colombianos. 

Algoritmos de agrupación
Bioinspirados, algoritmos 

genéticos, gravitación 
Escalables y dinámicos para 

manejo de Big Data 

Detección de comunidades

Minería web
Aprendizaje profundo para 
generación de textos de humor

Educación

Predicción de deserción de 
estudiantes. Influencia de 
bienestar en la deserción en 
la U. Nacional. 

Metabuscadores Web,  SRI para 
bibliotecas, reformulación de 
consultas, perfilamiento de usuarios

Procesamiento de  
Lenguaje Natural
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Jonatan Gómez, Ph. D. 

jgomezpe@unal.edu.co 

Grupo de Investigación 

en Vida Artificial 
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Applications

Information retrieval
Computer vision

Biomedical information
Text analysis and understanding

Methods

Kernel methods
Matrix factorization

Deep learning

Technologies

Distributed computing
GPGPU

Problems

Multimodal learning
Large scale learning

Representation learning
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Análisis de Imágenes 
Médicas
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Análisis de Imágenes 
Médicas
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(57) ABSTRACT 
One example apparatus associated with detecting mitosis in 
breast cancer pathology images by combining handcrafted 
(HC) and convolutional neural network (CNN) features in a 
cascaded architecture includes a set of logics that acquires an 
image of a region of tissue, partitions the image into candidate 
patches, generates a first probability that the patch is mitotic 
using an HC feature set and a second probability that the patch 
is mitotic using a CNN-learned feature set, and classifies the 
patch based on the first probability and the second probability. 
If the first and second probabilities do not agree, the apparatus 
trains a cascaded classifier on the CNN-learned feature set 
and the HC feature set, generates a third probability that the 
patch is mitotic, and classifies the patch based on a weighted 
average of the first probability, the second probability, and the 
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Gracias! 
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