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En	esta clase

• Introduccióna	las redes neuronales artificiales
• Bases	Biológicas
• Perceptron
• FeedForwardy	BackPropagation

• Algunos tipos de	arquitecturas de	redes neuronales
• Aplicaciones en	Sistemas Recomendadores
• YouTube	Recommendations
• Video	Recommendations
• Recomendación de	Productos
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Bases	Biológicas:	Neurona
• Tipo de	células del	sistema nervioso cuya principal	
función es la	excitabilidad eléctrica de	su
membrana plasmática



Redes Neuronales Artificiales

• Considerar contexto:	¿Cómo funciona el	cerebro?



Redes Neuronales Artificiales

• 1943:	McCulloh y	Pitts	“A	Logical	Calculus	of	the	
Ideas	Immanent	in	Nervous	Activity”



Perceptron

• 1957:	Frank	Rosenblatt



Perceptron

• 1957:	Frank	Rosenblatt



Funciones de	Activación
• Step,	tanh,	sigmoid,	ReLU (más	reciente)



Perceptron



Limitaciones del	Perceptron

• El	perceptron	de	una capa es un	clasificador lineal
• No	puede separar alguna funciones como el	XOR



Perceptron	con	Hidden	layers



Redes Feedforward Multilayer



Backpropagation:	Aprender los	Wi



Backpropagation:	Ejemplo

xij : output of node j at layer i

http://nn4ir.com/slides/02_Preliminaries.pdf
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Feedforward



Ahora les	puedo contar este chiste…
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Otras Arquitecturas y	F(x)s

• Dropout
• RLUs
• Autoencoders
• CNN
• RNN



Dropout



Nuevas Rectified	Linear	Units



Autoencoders



CNN



CNN



CNN	para	Filtrado Colaborativo



RNN



Question	Answering	via	RNN



Herramientas

• TensorFlow:	Python	Library	(sponsored	by	Google)
• Theano:	Python	Library	(descontinued)
• Pytorch:	(sponsored	by	Facebook)
• Keras:	High	Level	Python	Library	(Theano &TF	as	
low-level	library)

• MXNET:	R,	Python,	Julia	



ImageNet:	
Crowdsourcing	a	Large	Dataset

of	Image	Labels
(and	how	this	helps	our	research)



Datasets	in	Computer	Vision		

• 1996:	faces	and	cars	14,000	images	of	10,000	
people

• 1998:	MNIST	70,000	images	of	handwritten	digits

• 2004:	Caltech	101,		9,146	images	of	101	categories

• 2005:	PASCAL	VOC	20,000	images	with	20	classes
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Datasets	in	Computer	Vision		

• Imagenet:	Presented	in	2009	at	CVPR

• Crowdsourced

• 14,197,122	 images

• 21,841	categories	(non-empty	synsets)

• Categories	based	on	WordNet taxonomy
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WordNet
• Wordnet:	Miller’s	project	started	in	1980	at	
Princeton,	a	hierarchy	for	the	English	language

• Prof.	Fei-Fei Li	(then	at	UIUC	and	then	Princeton),	
worked	on	filling	WordNet with	many	images.
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Crowdsourced
• Amazon	Mechanical	Turk

• It	took	2.5	years	to	complete.	Originally	3.2	million	
images	in	5,247	categories	(mammal,	vehicle,	etc.)
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ImageNet Challenge

• The	dataset	was	used	to	set	
a	competition	for	image	
classification:	from	2010	on.

• In	2012	a	team	used	deep	
learning,	got	error	rate	
below	25%	(Hinton	et	al.),	
10.8	point	margin,	41%	
better	than	next	best.
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Transfer	Learning

• 2012	model	was	called	AlexNet:	a	Convolutional	
Neural	Network

• The features learned (fc6,	fc7)	have been used in	
other tasks succesfully,	allowing to	transfer	the
learning to	other tasks.
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Transfer	Big	Data	Learning
to	Smaller

Artwork	Recommender	System

Pablo Messina & Vicente Dominguez, Master Students
Denis Parra, Assistant Professor
CS Department
School of Engineering
Pontificia Universidad Católica de Chile



All	people	involved	(apart	from	me)

• Pablo	Messina	&	Vicente	Dominguez

• Christoph Trattner,	Modul U.,	Austria

• Alvaro	Soto	&	Domingo	Mery,	PUC	Chile
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Artwork	Recommendation

• Online	artwork	market:	Growing	since	2008,	despite	
global	crises!
• In	2011,	art	received	$11.57	billion	in	total	global	annual	
revenue,	over	$2	billion	versus	2010	(*forbes)

• Previous	recommendation	projects	date	for	as	long	as	
2007,	such	as	the	CHIP	project	to	recommend	paintings	
from	Rijksmuseum.

• Little	use	of	recent	advances	in	Deep	Neural	Networks	for	
Computer	Vision.	
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[forbes] The World’s Strongest Economy? the Global Art Market. https://www.forbes.com/sites/abigailesman/2012/02/29/ the- worlds- strongest-
economy- the- global- art- market/ (2012)



Our	research

• Art	catalogues	rely	heavily	con	manual	curation.

• Do	manually-curated	features	work	better	than	
automatically	obtained	features	(visual)	?

• Among	the	visual	approaches,	do	DNN	features		
perform	better	than	EVF?
• DNN	:	Deep	Neural	Networks
• EVF	:	Explicit	Visual	Features
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Data:	UGallery

• Online	Artwork	Store,	based	on	CA,	USA.
• Mostly	sales	one-of-a-kind	physical	artwork.
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UGallery Data:	Metadata
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Data	II

• 1,371	users		/	3,940	items	/	2,846	transactions
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Visual	Features

• (DNN)	Deep	Neural	Networks

• (EVF)	Attractiveness-based
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UGallery Data:	DNN	Visual	
Features
• AlexNet network,	pre-trained	with	1,000	classes	
(ImageNet dataset)
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Ugallery Picture

Image	feature	 vector	with	4,096	dimensions



UGallery Data:	Visual	Features

• Average	brightness,	
• Saturation,	
• Sharpness,	
• Entropy,	
• RGB-contrast,	
• Colorfulness,
• Naturalness
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Jose San Pedro and Stefan Siersdorfer. 
2009. 

Ranking and Classifying Attractiveness of 
Photos in Folksonomies. 

In Proceedings of the 18th International 
Conference on World Wide Web (WWW 
’09). 



Ugallery:	All	Features

• Most	Popular	Attribute	Value	(MPAV):	A	Non-personalized	
metadata-based	method,	

• Personalized	MPAV	(PMPAV):	Personalized	version	of	MPAV.

• Favorite	Artist	(FA):	Analog	to	PMPAV,	but	recommends	
artworks	based	on	the	user’s	favorite	artist.

• DNN.
• EVF.
• Price	Based	(Price).	
• Hybrid	Recommendation	(Hybrid):	A	hybrid	recommender	
based	on	a	combination	of	metadata	attributes	and	visual	
features.
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Ugallery:	Making	Recommendations

• Scoring	items	based	on	cosine	similarity	between	
user	model	and	item	model:
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Evaluation:	Based	on	Transactions
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Results	I:	Metadata	Personalization
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Results	II	:	EVF

• Contrast	&	Entropy	(+)
• Colorfulness	(-)
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Results	III	:	Altogether
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DNN	Embedding
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DNN	Embedding	and	other	methods
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Discussion:	Profile	Size
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Explanaibility:	DNN	vs.	EVF?
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Evaluation	with	7	experts
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• Results	are	
consistent	with	our	
off-line	analysis.

• Further	research	is	
conducted	now	in	
the	intersection	of	
explainibility and	
recommendations.



Future	Work

• Implementing	a	more	sophisticated	way	to	make	
the	recommendations	(BPR,	FM	+	dimensionality	
reduction)

• Conduct	a	user	study	(with	Ugallery customers).

• Implementing	an	interface	to	produce	the	
visualizations.
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Otros Papers	en	RecSys

• Ask	the	GRU:	Multi-task	Learning	for	Deep	Text	
Recommendations.	Trapit Bansal,	David	Belanger,	
and	Andrew	McCallum.	2016

• Este	paper	usa RNN	(redes neuronales recurrentes)	
con	GRUs	(gated	recurrent	units)

• Presenta Germán	Contreras	este	jueves



Paper	2

• Deep	Neural	Networks	for	YouTube	
Recommendations.	Paul	Covington,	Jay	Adams,	and	
Emre Sargin.	2016



Paper	3

• Meta-Prod2Vec:	Product	Embeddings Using	Side-
Information	for	Recommendation.	Flavian Vasile,	
Elena	Smirnova,	and	Alexis	Conneau.	2016.	



Meta-Prod2Vec

• Basado en	Word2Vec,	donde la	función objetivo del	
embedding	se	acerca a	Shifted	Positive	PMI	(SPMI)

• Función de	pérdidaMeta-Prod2Vec



Meta-Prod2Vec	

• Resultados



Thanks!
dparra@ing.puc.cl
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Ask	the	GRU	…

• Citeulike-a	consists	of	5551	users,	16980	papers	and	3629	
tags	with	a	total	of	204,987	user-item	likes.	

• Citeulike-t	[5]	consists	of	5219	users,	25975	papers	and	
4222	tags	with	a	total	of	134,860	user-item	likes.	

• Note	Citeulike-t	is	much	more	sparse	(99.90%)	than	
Citeulike-a	(99.78%).


