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layers to learn representations of data with multiple levels of abstraction. These methods
have dramatically improved the state-of-the-art in speech recognition, visual object ...

¥y Y9 Citado por 32487 Artigos relacionados Todas as 70 versdes

Multimodal deep learning
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MNeural networks are one of the most beautiful programming paradigms ever invented. In the
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Y¢ U9 Citado por 2413 Artigos relacionados Todas as 4 versbes 99




~
r.ds

12 i i
o gle p[LIVROJ Deep learning
| Goodfellow, ¥ Bengio, A Courville, ¥ Bengio - 2016 - synapse koreamed.org
Kwang Gi Kim https://doi. org/10.4258/hir. 2016.22. 4351 ing those who are beginning their
careers in deep learming and artificial intelligence research. The other target audience
"deep leaming" consists of software engineers who may not have a background in machine learning or ...

¢ Y9 Citado por 21195 Artigos relacionados Todas as 26 versbes 99

® Em qualquer idioma )
HTML) Deep learning

Y LeCun, ¥ Bengio, G Hinton - nature, 2015 - nature.com
Deep learning allows computational models that are composed of multiple processing

H™vL|Deep learning ;
Y LeCun, Y Bengio, G Hinton - nature, 2015 - nature.com _ \

Deep learning allows computational models that are composed of multiple processing ‘N
layers to learn representations of data with multiple levels of abstraction. These methods J
have dramatically improved the state-of-the-art in speech recognition, visual object ...

¥r P9 Citado por 32487 Artigos relacionados Todas as 70 versdes

VIA Nielse - 20 - academia.edu

Neural networks are one of the most beautiful programming paradigms ever invented. In the 3
conventional approach to programming, we tell the computer what to do, breaking big
problems up into many small, precisely defined tasks that the computer can easily perform ...

Y¢ U9 Citado por 2413 Artigos relacionados Todas as 4 versbes 99
UNIVALI

i




nature

Explore our content v Journal information v

~
r.ds

View all Mature Research journals Search Q Login ®

nature » review articles ? article

Published: 27 May 2015
Deep learning

Yann LeCun &, Yoshua Bengio & Geoffrey Hinton

Nature 521, 436-444(2015) | Cite this article
251k Accesses | 15779 Citations | 1004 Altmetric | Metrics

Abstract

Deep learning allows computational models that are composed of multiple processing
layers to learn representations of data with multiple levels of abstraction. These methods
have dramatically improved the state-of-the-art in speech recognition, visual object
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Deep learning allows computarional models thar are composed of mulilple processing layers o learn representatons of
{1313 wirh mulriple levels of abstraction. These merhods have dramarically improved rhe Stane- of-The- 3T in speech rec—

Ofmirion, visual object recognition, shject derectiin and many oiher ¢omains such as arug discovery and genomics. Deep
leamning

discovers Intricare suructure In large dara sersby using the backp

rivhim T Inc

shoulkd change Irs Intermal raramerers thar are wsed 1o COmpUE The represemarion in each Layer hom the representarion in
the previous layer. Deep convelurional ners Nave Drought ahour Dreakinrougns in processing images, video, speech and
audio, whereas recurrent ners have shone light on sequential dara such as rext and speech.

achine-learnirg technology powers many aspects of modern

society- from weh searches to.content filbering on social net-

warks to recommendations on e-commence websites, and
it is increasingly present in consumer products such as cameras and
smartphones. Machine. learning systems are used to identify objects
in images, transcribe speech into text. match news ftems, posts or
products with users’ interests, and select relevant results of search.
Increasingly, thess applications make use of a ches of tachigues called
deep learning.

‘Conventioral machine-learning technigues were limited in their
ability o process natural data in their raw form. For decades, con-
structing a pattern-recognition or machine-learning system required
careful engtneering and considerahle domain expertiseto design a fea-
ture extractor that transformed the rew data (such as the pixel values
of an image) into a suitable internal representation or feature vector
from which the learning subsystem, often a classifier, conld detect or
classify patterns in the input.

Representation learning isa set of methods that allows a machine to
be fed with mw data and to amtomatically discover the representations
nesded for detection ar classification. Deep-learning methads 2re
representation.learning methods with maltiple levels of representa-
tion, abtzined by composing simplebut non - linear modules that zach
transfoem the representation at ane level (starting with the raw inpat)
into a representation at a highe, slightly more abstract level With the
composition of encugh such transformations, very complex functions
can belearned Far classification tasks, higher beyers af repressntation
amplify aspects of the input that are important for discrimination and
suppress irrelevant variations. An image, for example, comes in the
form af an array af pizel values, znd the learned features in the first
layer of representation typically represent the presence or absence af
edges at particular orientations and locations in the image. The second
layer typically detects motifs by spotting particular arrangements of
exlges, segerdles of small variations in the edge positiors. The third
layer may assemble motifs into larger combinations that correspond
to parts of familiar objects, and sabesquent layers would detect ohjects
a5 combinations of these parts. The key aspect of deep learming is that
these layers of features are not designed by human engineers: they
are learned from data using a general-purpose learning procedure.

Decp learning is making majer advances in sabring problems that
hawe resisted the best attempts of the artificial intelligence commu-
nity for many years. it has turned out to ke very good at discovering

intricate structuresin high-dimensional data and is therefore applica-
ble ko muamy dlomins of scimce, business and gevernment: Inaddition
in beating recordsin image recogrition'  and speech recognition™ it
has beaten other machine- learning technigues at predicting the activ-
ity of potential drugmolecules’, analysing particle acceleratar data™,
reconsiructing brain cirouits”, and predicting the effects of mutations
in oding DMA an i d disease ™. Pechi e
surprisingly, deep learning has prodiced extremely pramising results
far variows tasks in natural language understanding™, pasticulardy
tompic classifi cati 2 fysis, guestion ing'“and bn-
guage trarlation 7.

We think that deep learning will have many more successes in the
near future hecawse it reguires very little engineering by hand, so it
can easily take advantage af increases in the ameount of svailable car-
putation and data New learning algorithms and architectures that are
currently being developed for deep newral netwaorks will only acceler-
ate this progress.

Supervised learning

The mast commen form of machine learning, deep or not, is super-
vised learning. Imagine that we want to build a system that can classify
images as containing, say, 2 howse, 2 car, 2 person or 2 pet. We first
collect a large data set of images of howses, cars, people and pets, each
labelled withiits category. During raining, the machine is shown an
image and produces an cutput in the form of 2 vector of scores, one
far each category. We want the desired category to have the highest
scare of all categories, but this is unlikely to happen before training.
‘We compute an abjective function that measures the error (o dis-
tance) between the output scares and the desired pattern of scores. The
machine then modifies its internal adjustable parameters to reduce
this error. These adjustable parameters, often called weights, are real
numbers that can be ssen as 'knobe’ that define the inpat—oatput func-
tiom of the mackine. In a typical deep-learming systcm, there may be
hundreds of millions of these adjustable weights, 2nd hundreds of
millicns of labelled examples with which to tmin the machine.

To properly adjust the weight vectar, the learning algorithm car-
putesa gradient vector that, for each weight, indicates by what amourt
the errar woald increase or decrease if the weight were increased bya
tiny amount. The weight wector is then adjusted in the opposite direc.
tion to the gradient vector.

The ohjective function, averaged over all the training examples, can
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achine.learning technology powers many aspects af modern
society: from web searchies to content filtering on social net-
works to recommendations on e-commence websites, and
it is increasingly present in consumer products such as cameras and
smartphones. Machine-lsrning systems are used to identify abjects
in images, transcribe speech into text, match news items, posts or
products with users' Lnl:msLi and select relevant resultsof scarch.

ucturesin high-di Idanm:linhu—eﬁumapplim.
ble to many domains of science, busi

1o beating recoeds in image recognitica’ md!p-eechr!mgmncm it
has beaten other machine. Eamu\gbcch]uq_uﬁntprbdlmgﬂ:mchv
ity ntpcunua]drngmnl.eﬂ.dﬂ aralysing particls scceleratar data™",
reconstructing brain circuits’! mdpr!d.u:ungthedbecbarmuhtlm
innoa- ch.lngDNAangcn:grpuuﬂm.u\dewse . Perhaps mare

I ingly, these applicati s ofach hrigues callsd
deep learning,

Conventiona] machine learning techniques were limited in theis
ahility to process natural data in their raw form. For decades, con-
structinga pattern -recognition or machine-learning system required
careful engineering and considerable domain expertiss to design a fea-
ture extractor that trangformed the raw data (such as the pixel values
of an image) into a suitable internal representation or featurs vector
fram which the learning subsystem, often a classifier, could detect or
classify patterns in the input.

Representation learning is 2 set of methods that allows 2 machine to
be fed with raw data and to astomatically discover the representations
needed for detection or classification. Deep-learning methads are
representation. learning methods with maltiple levels of representa.
tion, obtained by compasing simple but non-linear modules thateach
transform the representation at ane level {starting with the raw input)
into a representation at a higher, slightly more abstract level With the
composition of enough such transformations, very complex functions
can be learmed. Par cassification tasks, higher layers af representation
amyplify aspects of the input thatare important for discrimination and
suppress irrelevant variations. An image, for example, comes in the
form of an array of pixel values, and the learned features in the first
layer of representation typically represent the presence or ahsence of
edges at particular orientations and lncations in the image. The second
layer typically detects motifs by spotting particular arrangements af
edges, regardless of small variatinns in the edge positions. The third
layer may assemble matifs into larger combinations that correspond
to parts of familiar objects, and sabssquent lryers would detect ohjects
as combinatioms of these parts. The key aspect of deep learningis that
these layers of features are not designed by human engineers: they
are learned from data wsing a general-purpose learning procedure.

Deep learring is makirg majer advances in solving problems that
have resisted the b-est:lnelupt:ofmzmlﬁcml mdllgenczcummu.
nity for many years. It has turned out to be very good at di g

ingh d:epl:mnghupwnduﬂdmmdypmmm;mulu
far variouws tasks in natural language understanding™, p;utl.culaﬂ]
top:cda_ssmmnmmnmnmmalym.q_uuum answering'* and k-
guage trarslation ™',

W think that deep learning will have mary mor successes in the
near future becase it neqmnenu'yhml.eenpnurmg'hyhand.snn
can easily take ad inthe
putll:cmanddzb_“ewl!armngalgunﬂmuanim’d:lt:rmr!;ﬂ:aiuz
currentlybeing developed for deep newral networks will only acceler-
ate this progress.

Supervised learning

The most common form of machine learning, deep or not, is super-
visad learning. Imagine that we want to' build 2 system that can dlassify
images a5 containing, say, 2 howse, a car, 2 person or 2 pet. We first
callect a large data set of images of howses, cars, people and pets, =ach
Iahelled with its category. During training, the machine is shown an
image and produces an output in the form of 2 vector of scores, one
for each category. We want the desired category to have the highest
score of all categories, but this is unlikely to happen before training.
‘We compute an abjective function that measures the error (or dis-
tance) between the outpat scores and the desired pattern of scores. The
miachine then modifies its internal adjustable parameters to reduce
this error. These adjustable parameters, often called weights, are real
numbers that can be seen as knoks’ that define the input—patput fanc-
t50m of the mackine. [n a typical deep learning system, thers may be
hundreds of millions of these adjustable weights, and hundreds of
millions of labelled svamples with which to tmin the machine.

To properly adjust the weight vector, the learning algorithm com-
putesa gradient vector that, for each weight, indicates by what amourt
the errar woald increase or decrease if the weight were increased bya
tiny amount. The weight vector is then adjusted in the opposite direc-
tion to the gradient vectar.

The objective function, averaged over ll the training examples, can
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Yann LeCun'?, Yoshua Bengio® & Geotrrey Hinton®*

Deep learning allows computarional models thar are composed of multiple processing layers to learn represenuations of
dara with mulripie levels of abstraction. These merhods have dramarically improved the stare-of - the- 31T in speech rec-
ofmirion, visual ohject recognirion, tject detecriin and many ouer ¢omains such &s dng discovery and genomics. Deep

discovers Intricare strucrure in large dara sers by using the backpropagarion algorithm o indlcare how a machine
shoulkd change s intemal paramerers [ar are used o o mpule [he representarion in each Lyer Mom e fepresentanon in
the previous Layer. Deep comvoiurional nets have bronght abour breakthroughs in processing images, ¥ideo, speech and
auwdio, whereas recurrent ners have shone Light on sequential dara such as text and speech.

achine-learning technology powers many aspects of modern
society: from weh searches tocontent filkering on social net-

warks to recommendations on e-commerce websites, and
d

intricate structures in high-dimensional dat and is therefore applica-
ble to many damains of science, businessand government In addition
iobeating recosdsin image recogniticn'  and speech recognition® 7, it

it is increasingly present in consumer products such as
smartphones. Machine-learning systems are used to identify objects
in images, transcribe speech into text, match news items, posts or
products with users” interests, and select relevant results of search.
Increasinigly, thess applications make use of a chs of techrigues called
deep learning.

Conventioral machine-lexrning technigues wers limited in their
ability 1o process natural data in their raw form. For decades, con-
structing a pattern-recognition or machine-learning system required
careful engineering and considerable domain expertissto design a fea-
ture extractor that transformed the raw data (such as the pixel values
of an image) into a suitable internal representation or feature vector
fram which the lsarning subsystem, often a classifier, counld detect or
classify patterns in the input.

Representation learning is 2 set of methods that allowsa machine to
b fed with raw data and to antomatically discover the represemtations
needed for detection ar classification. Desp-learning methods are
representation-learning methods with malsiple levels of regresenta-
tion, obtained by composing simple but non-linear modules thateach
transform the representation at ane level {starting with the raw input)
into a representation at a higher, slightly more shstract level With the
composition of encagh such transformations, very complex functions
can be learmed. Far classification tasks, higher Layers of represstation
amplify aspects of the input thatare important for discrimination and
suppres irrelevant variations. An image, for example, comes in the
form af 2 array af pizel values, and the learned features in the fimst
layer of representation typically represent the presence ar ahsence of
edges at particular orientations and locations in the image. Th d
layer typically detects motifs by spotting particular arrangements of
exlges, regardless of small variationsin the edge positions. The third
lzyer may assemble matifs into lrger combinations that correspond
to parts of familiar objects, and sabsequent layers would detect objects
a3 combinatioms of these parts. The key aspect of deep Iearning s that
these layers of features are not designed by human engineers they
are bearned from data wsing a general- purpose learning procedure.

Decp lcarning is makirg major advances in sobving problems that
have resisted the best attempts of the artificial intelligence commu-
nity for mamy years. It has turned out to be very good at discovering

hasheaten ather machine-learning technigues at predicting the activ-
ity of potential drugmolecules’, analysing particle accelerator dasa™,
reconstructing brain circuits”, and predicting the effects of mutations
in oding DA an gene expressi d di: . Perhaps mare
surprisingly, deep learning has prodiced extremely prarising results
far variouws tasks in natural language understanding™, pasticularly
topic classification, sentiment analysis, guestion answering'* 2nd bn-
translation ",

‘W think that deep learning will have many more successes in the
near future because it reguires very little engineering by hand, so it
an easily take acvantage of increases in the amount of svailable corm.-
jputation and data. New learning algorithms and anchitectures that are
currently being develop ed for deep newral networks will enly acceler-
ate this progress.

Supervised learning

The mast common form of machine learning, deep ar not, is super-
vised learning. Imagine that we want o build a system that can classify
images as containing, say, 2 house, 2 car, 2 person or 2 pet. We first
collect alarge data set of images of howses, cars, peopleand pets, each
Tahelled with its categary. During training, the machine is shown an
image and produces an cutput in the form of a vector of scores, one
for each category. We want the desired category to have the highest
score of all categories, but thisis unlikely to happen before training,
‘Wi compute an objective function that measures the error (or dis-
tance) between the output scores and the desired pattern af scores. The
machine then modifies its internal adjustable parameters to redusce
this error. These adjustable parameters, often called weights, are real
mumbers that can be seen as knobe” that define the input-oatput fonc-
5 of the machine. In a typical deep-learning system, there may be
hundreds of millions of these adjustable weights, and hundreds of
millions of labelled examples with which to tmin the machine.

To pmperly adjust the wesght vectar, the learning algorithm com-
putes a gradient vectar that, for each weight, indicates by what amount
the error woald increase or decrease if the weight were increased by a
tiny amount. The weight vector is then adjusted in the opposite dinec.
tion to the gradient vectar.

The chijective function, averaged over all the training examples, can
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about breakthroughs in processing images, video, speech
and audio, whereas recurrent nets have shone light on
sequential data such as text and speech.
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Deep learning

Yann LeCun'?, Yoshua Bengio® & Geoffrey Hinton™*

achine-learning technology powers many aspects of modern
M society: from web searches to content filtering on social net-

works to recommendations on e-commerce websites, and
it is increasingly present in consumer products such as cameras and
smartphones. Machine-learning systems are used to identify objects
in images, transcribe speech into text, match news items, posts or
products with users’ interests, and select relevant results of search.
Increasingly, these applications make use of a class of techniques called

Deep learning allows computational models that are composed of multiple processing layers to learn representations of
data with multiple levels of abstraction. These methods have dramatically improved the state-of-the-art in speech rec-
ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in each layer from the representation in
the previous layer. Deep convolutional nets have brought about breakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.

intricate structures in high-dimensional data and is therefore applica-
ble to many domains of science, business and government. In addition
to beating records in image recognition' * and speech recognition™”, it
has beaten other machine-learning techniques at predicting the activ-
ity of potential drug molecules®, analysing particle accelerator data™",
reconstructing brain circuits'', and predicting the effects of mutations
in non-coding DNA on gene expression and disease'*"". Perhaps more
surprisingly, deep learning has produced extremely promising results
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the originality and scientific contributions of research. Due to the large amount of databases and publications
available, we need ease-to-use tools that assist reference management in a standardized way. The purpose of this
article was to examine three of the most frequently used bibliographic management softwares by academic
researchers: Mendeley, EndMote, and Zotero. The authors sought to highlight the main benefits and difficulties in
using the softwares and compared their main features by using a theoretical-conceptual research-based literature
as well as critically analyzing the softwares cited by the authors. As a result, it was possible to highlight the main
features of each of the softwares and develop a comparative chart. Considering the characteristics of the three
softwares analyzed, it was possible to conclude that all of them have tools that facilitate searching, erganizing, and
analyzing articles, which can facilitate the work of researchers who use these softwares.

Tags:

Author Keywords:

Bibliographic management; Bibliographic reference; Comparisen; EndMote; Mendeley; Zotero

< > URL:




ﬂ Mendeley Desktop

Eile Edit View Tools Help
I Q-
ﬂ v (I = @ L ®
Add Folders Related Sync Help
|| LEDS - NoC Architectures L/ My Papers | Edit Setfings
(Il LEDS - NoC Fault Tolerance * ® B Authors Title Details  Notes  Contents
) ) O e
LU LEDS - NoC Interfacing = Brasileiro De; Computa... X
LEDS - NoC Ring-based Type: Journal Article
e ol Ring-base & Ochoa, Iago Sestrem; Data transmission performance analysis with " " " "
[l LEDS - NoC Security = Leithardt, Valderi R.Q.;... smart grid protocol and cryptography algorithm RedScarf: an open-source multi-platform simulation environment for
||U LEDS - NoC Surveys s Viel, Felipe; Silva, Luis Internet of things: Concepts, architectures and Performance evaluation of NEtWOI‘kS-DI"I-ChIp
— A.; Valderi Leithardt, R... technologies . "
|| LEDS - SoCIN . . . Authors: E. da Silva, M. Kreutz, C. Zeferino
My Papers o Ochoa, Iago; Calbusch, Privacy in the Internet of Things: A Study to
¥ B R ! ! , \ ;
Leonarde; Viecelli, Kari... Protect User's Data in LPR Systems Using Blocks A2 View research catalog entry for this paper
(L Palestra SIC ® Shorz, Guilherme A M; A Custom Processor for an FPGA-based Platforr
Create Folder... = pohl, Guilherme A; Viel... for Automatic License Plate Recognition Journal: Jowrnal of Systems Architecture
RedScarf: an op urce multi-platform Year: 2019
Groups i i
P . simulation environment for performance evalua Volume: 99
I LEDS - NoC Architectures ~ da Silva, Eduardo A.; RedScarf: an open-source multi-platform Issue:  August
& LEDS - NoC Interfacing —  Kreutz, Marcio E.; Zefe... simulation environment for performance evalua Pages: 101633
< > & De Melo, Douglas Rossi;  Analyzing the error propagation in a
Filter by Mv T —' Albenes Zeferino, Cesa... parameterizable network-on-chip router Abstract:
ilter ags
vy a9 ® Martins, Lucas A.; Sborz, An SVM-based hardware accelerator for onboa The design space of Networks-on-Chip (MoCs) comprises a large number of architectural parameters. To comply
Al — Guilherme A.M.; Viel, F... classification of hyperspectral images with the performance requirements of target applications, NoC-based system designers need to employ tools to
Metwork-on-Chip ) assess the impact of each parameter on the NoC and the performance of the application. In view of this, this paper
NoC & :er?ra, éucals M::."Z A Io;.:tcogt hs;g\:are accelerator for CCSDS 12 presents a simulation environment named RedScarf, which was developed to facilitate the design space exploration
antos, Uouglas A.; Ze...  predictor in of NoCs. RedScarf integrates a graphical user interface and a set of tools that automate the process of configuring
® Melo, Douglas R.; Maximizing the inner resilience of a network-on and evaluating the network characteristics. By providing resources like multi-platform and multi-thread execution,
— Zeferina, Cesar A.; Dilil... chip through router controllers design among others, RedScarf is a powerful tool for Research and Education on MoCs. This work describes the RedScarf
) . ) ) ) architecture and tools, and demaonstrates by means of experiments how it can aid a designer in the task of
® Pereira, Lucas M.V.; Analysis of LEO_N3 systems integration for a assessing the performance of on-chip interconnect architectures.
—'  Melo, Douglas R.; Zefe... MNetwork-on-Chip
s B Viel, Felipe; Zeferina, Module for Remote Reconfiguration of FPGAS in
= Cesar Albenes Satellites Tags:
o Weidle, Guilherme F.; A Hardware Accelerator for Anisotropic Diffusio
— Viel, Felipe; De Melo, D... Filtering in FPGA Author K d
uthor ke’ ordas:
® Viel, Felipe; Frederico, Sistema Integrado para o Processamento do yw
= Guilherme; Jr, Weidle; ... Filtro de Difusdo Anisotrdpica em FPGA System Multi- and many-core systems; Network-on-Chip; Performance evaluation; Simulation
n-  Alves, Eduardo Andlise Comparativa do Desempenho de .
* H T e e Publisher:
£ > Fleaviar R W




~
r.ds

A relevancia de um artigo pode ser inferida por meio
* do seu conteudo e contribuicoes
 do numero de citacoes ao artigo
» da reputacao dos autores
 da reputacao do veiculo




~
r.ds

A relevancia de um artigo pode ser inferida por meio
* do seu conteudo e contribuicoes
 do numero de citacoes ao artigo
» da reputacao dos autores
 da reputacao do veiculo

A reputacao de um autor pode ser inferida
* pelo indice h




~
r.ds

/A relevancia de um artigo pode ser inferida por meio

 do seu conteudo e contribuigoes
 do numero de citacoes ao artigo
» da reputacao dos autores

 da reputacao do veiculo

A reputacao de um autor pode ser inferida
* pelo indice h

A reputacao do veiculo pode ser inferida
* pelo indice h
» pelo fator de impacto
* pelo seu estrato em rankings

)




~
r.ds

Quantifica a produtividade e o impacto de
cientistas, grupos de pesquisadores e veiculos de
divulgacao

Definido pelo numero /N de artigos que possuem
pelo menos NV citacoes




~
r.ds

indice h
11
10
9
o 3
=
e .
(&)
% 6
o 5)
® 4
£
- 3
2
1 E 1
0
1 2 3 4 5 6 7 8 9 10

Artigos mais citados




~
r.ds

indice h =5
11
10
9
o 8
=
e .
(&)
% 6
o 5)
S 4
£
- 3
2
1 E 1
0
1 2 3 4 5 6 7 8 9 10

Artigos mais citados




~
r.ds

indice h =6
11
10
9
o 3
=
e .
(&)
% 6
o 5)
® 4
£
- 3
2
1 E 1
0
1 2 3 4 5 6 7 8 9 10

Artigos mais citados




~
r.ds

indice h =7
11
10
9
(7]
5 8
§ ’ 7 7 7
.6 7
% 6
o 5)
® 4
£
- 3
2
1 E 1
0
1 2 3 4 5 6 7 8 9 10

Artigos mais citados




~
r.ds

Indice h =7
11
10
9
o 8
2
§ 7
%; 6
o 5
(<))
£
2
2 | g
1
1
0
1 2 3 4 5 6 7 8 9 10

Artigos mais citados




~
r.ds

Indice h =8
11
10
9
o 8
2
§ 7
%; 6
o 5
(<))
£
2
2 :
1
1
0
1 2 3 4 5 6 7 8 9 10

Artigos mais citados




~
r.ds

EGO gle Académico

Artigos

Perfis

*  Meu peffil
% Minha biblioteca
M Métricas

& Alertas

2 Configuragdes




Meu perfil

Minha biblioteca
Métricas

Alertas

Configuracoes

P.
V.4

ROTA
101




B * ¢

[ ¢]

Google Académico

Artigos

Perfis

Meu perfil
Minha biblioteca
Métricas

Alertas

Configuracoes

REVIEW

Deep learning

Yann LeCun'”, Joshna Bengio® & Geoffrey Hineon*

Yann LeCun

Yann LeCun

Al machine learning computer vision robotics Image compression

Representation learning is a set of methods that allows 2 machine to
be fed with mw data and to automatically discover the representations
needed for detection or classification. Deep-learning methods are
representation-learning methods with multiple levels of representa-
tinm, obtained by composing simple but non-linear modules that sach
transform the representation at ane level (starting with the raw inpat)
into a representation at a highes, slightly more ahstract level With the
composition of enough such transformations, very complex functions
can be learmned. For dassification tasks, higher lryers of representation

gelz10.1 038 nadurs 14535

Chief Al Scientist at Facebook & Silver Professor at the Courant Institute, New York ..
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Supervised learning

The most common form of machine learning, deep or not, is super-
vised learning. Imagine that we want to baild 2 system that can classfy
images as containing, say, 2 howse, a car, a person or 2 pet. We first
collect alarge data set of images of howses, cars, people and pets, each
lahelled with its category. During training, the machine is shown an
image and produces an output in the form of a vector of scores, one
for each category. We want the desired category to have the highest
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Publicacao
1. Nature
2. The New England Journal of Medicine
3 Science
4 The Lancet
5 IEEE/CVF Conference on Computer Vision and Pattern Recogniticn
6. Advanced Materials
T Nature Communications
8. Cell
9 Chemical Reviews
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portugués -

Publicacéo indice h5 Meﬂ?”a
1. Ciéncia & Saude Coletiva 49 67
2. Revista de Saude Publica 41 59
3. Cadernos de Saude Publica 40 59
4. Epidemiologia e Servicos de Salde 36 62
H. Revista Brasileira de Enfermagem 33 39
6. Revista Brasileira de Epidemiologia 32 42
T. Interface - Comunicacao, Saude, Educacao 30 44
8. Escola Anna Nery 29 35
9. Estudos Avancados 28 39
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Google Académico

Principais publicacdes

|| ===

Google Académico ‘Fesquisarpublica{;ﬁes

Principais publicactes
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Google Académico

# Principais publicagdes

Google Académico | pesquisar publicacdes

# Principais publicagdes

|

# Principais publicacoes

I
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PublicacGes que correspondem a Lancet

Mediana

Publicac&o indice h5 h5
1 The Lancet 301
2. The Lancet Oncology 183
3. The Lancet Infectious Diseases 129
4. The Lancet Neurology 121
D The Lancet Diabetes & Endocrinology 108
6. The Lancet Respiratory Medicine
f. The Lancet Psychiatry
8. The Lancet Global Health
9 The Lancet HIV
10. The Lancet Haematology
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Método bibliomeétrico para avaliar a importancia
de periodicos cientificos em suas respectivas areas

Numero medio de citacoes de artigos cientificos
publicados em determinado intervalo de tempo
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Método bibliomeétrico para avaliar a importancia
de periodicos cientificos em suas respectivas areas

Numero medio de citacoes de artigos cientificos
publicados em determinado intervalo de tempo




Fator de Impacto (Fl) FZN

101

Método bibliomeétrico para avaliar a importancia
de periodicos cientificos em suas respectivas areas

Numero medio de citacoes de artigos cientificos
publicados em determinado intervalo de tempo

[ Fl,g20 = Citac0es,gq5.0019 / ItensCitaveiszms_zmg}

//\

- ¥ \
Numero de vezes em que 0s Exclui editoriais e
artigos publicados em 2018 e cartas ao editor

2019 foram citados por
periodicos indexados em 2020

- /
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Exemplos
Fly020 pericdico o = 80 citacoes / 20 itens = 4.0

Fly020 perisdico B = 80 citacoes / 80 itens = 1.0
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Exemplos
Fly020 pericdico a = 80 citacoes / 20 itens = 4.0

Fly020 perisdico B = 80 citacoes / 80 itens = 1.0

Criticas

* Periodicos que publicam artigos de revisao tem fator
Impacto maior que aqueles que publicam apenas artigos
de pesquisa original

« Autocitacoes induzidas pelos editores impulsionam
artificialmente o fator de impacto
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Journal Citation Reports (JCR)
* Publicacao anual da Clarivate Analytics
 Integrado a Web of Science

« Journal Impact Factor (JIF)
» 9.370 periodicos indexados no JCR 2020
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Journal Citation Reports (JCR)
* Publicacao anual da Clarivate Analytics
Integrado a Web of Science

« Journal Impact Factor (JIF)
» 9.370 periodicos indexados no JCR 2020

1. LEITHARDT, Valderi Reis Quietinho ; SANTOS, Douglas Almeida dos ; SILVA, Luis Augusto ; VIEL, Felipe ; ZEFERINO, CESAR
Management of User Profiles in IoT Environments. IEEE Latin America Transactions ICR, v. 18, p. 1193-1199, 2020.

2. VIEL, Felipe ; AUGUSTO SILVA, LUIS ; LEITHARDT, Valderi Reis Quietinho ; DE PAZ SANTANA, JUAN FRANCISCO ; CELESTE G
CESAR . An Efficient Interface for the Integrfitiqeailal Dayicac path st rple SERNSUESECR v, 20, p. 2849, 2020.
IEEE GEOSCIENCE AND REMOTE SENSING
LETTERS (1545-598X) I

3. VIEL, Felipe ; PARREIRA, WEMERSON QEl Fator de impacto (JCR 2019): 3.833 D Cesar Albenes . A Hardware Acceler
Hyperspectral Images. IEEE Geoscience and flemote Sensing LettersJCR, v. 17, p. 1-5, 2020.

4, CESCONETTO, JONAS ; AUGUSTO SILVA, LU{S ; BORTOLUZZI, FABRICIO ; NAVARRO-CACERES, MARIA ; A. ZEFERINO, CES
Profiles: User Profiling Management for Smart Environments. ELECTRONICSJCR, v. 9, p. 1519-1519:22, 2020.

5. DA SILVA, LUCAS D. L. ; PEREIRA, THIAGO F. ; LEITHARDT, VALDERI R. Q. ; SEMAN, LAIO O. ; ZEFERINO, CESAR A. . Hyb
Exoskeleton Using Electromyography. Applied Sciences-Basel JCR, v, 10, p. 7146, 2020.
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Webof Science  InCites = Joumal Citation Reporis| Essential Science Indicators EndMote  Publons Kopemnio  Master Journal List Fazerlogin + Ajuda + Portugués »

Web of Science © Clarivate

Ferramentas v Pesquisas ealertas » Historico de pesquisa  Lista marcada

We're building the new Web of Science. ({uISQECIVENEIGETENENE O]

Selecione uma base de dados | Principal Colecdo do Web of Science 4

. - BETA . -~ - - .
Pesquisa Basica Busca por autor Pesquisa de referéncia citada Pesquisa avancada

0 Titulo v Dicas de pesquisa

+ Adicionar linha | Redefinir

Tempo estipulado

Todos os anos (1945-2020) w
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Welcome to Journal Citation Reports

Search a journal title or select an option to get started

Enter a journal name
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Browse by Browse by Custom
' Journal Category Reports
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Web of Science  InCites  Journal Citation Reports ~ Essential Science Indicators  EndNote  Publons Signin ¥  Help English ¥

Web< |nCites Journal Citation Reports 12 Clarivate

Welcome to Journal Citation Reports

Search a journal title or select an option to get started

Enter a journal name

'_—
NATURE
NATURE MEDICINE
Tempo estip NATURE CELL BIOLOGY
Todos os al Nature Reviews Urology

Nature Reviews Chemistry

Nature Reviews Chemistry

NATURE NEUROSCIENCE
Browse by Custom

/ JOUITIE' Mature Electronics REpOI’tS

Nature Sustainabili
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InCites Journal Citation Reports o Cariate ' l
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Web of Science  InCites  Jqg NATURE

S5M: 0025-0336 TITLES LANGUAGES
= e|S3N: 1475-4587 S0 Maturs English

I n C Ites J Ou rn ® MNATURE PUBLISHING GROUP JCR Abbrev: NATURE

MACMILLAN BUILDING, 4 CRINAN 5T, LONDON N1 8XW, ENGLAND

EMGLAND

CATEGORIES PUBLICATION FREGUENCY

MULTIDISCIPLINARY SCIEMCES — SCIE 51 issues/year
Go to Journal Table of Contents Go to Ulrich's Printable Version

Current Year 2018 2017 All Years /

The data in the two graphs below and in the Journal Impact Factor calculation panels represent citation activity in 2019 to items published in the journal in the prior two
years. They detail the components of the Journal Impact Factor. Use the "All Years” tab to access key metrics and additional data for the current year and all prior years
for this journal.

L] ‘ .
Journal Impact Factor Trend 2019 Printzble Version " Citation distribution 2019 Printzble Version 7 \ ‘
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| 2018 Journal Impact Factor Article citation median Review citation median
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MNATURE PUBLISHING GROUP
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How is Journal Impact Factor Calculated?
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items published in 2017
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SCimago Journal & Country Rank (SJCR)

« SClmago é um grupo de pesquisa espanhol multi-
Institucional

» Utiliza a base do Scopus e coleta dados de mais de
34.100 titulos

* Acesso livre: https://www.scimagojr.com/

SClimago Journal Rank (SJR)

* Considera os 3 anos anteriores

* Leva em conta o prestigio do periodico que realizou
a citacao



https://www.scimagojr.com/
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Fator de Impacto (Fl)

S_l R Scimago Journal & Country Rank

Home Journal Rankings Country Rankings Viz Tools Help About Us

Nature

SCIMAGO

Country United Kingdom - ITIT e
F N

RANKINGS

Subject Areaand Multidisciplinary 1 5

Category Multidisciplinary

Publisher  Nature Publishing Group H Index

Publication type  Journals
ISSN 14764687, 00280836
Coverage 1869-2020
Scope Nature is a weekly international journal publishing the finest peer-reviewed research in all fields of science and technology on the basis of its
originality, importance, interdisciplinary interest, timeliness, accessibility, elegance and surprising conclusions. Nature also provides rapid,

authoritative, insightful and arresting news and interpretation of topical and coming trends affecting science, scientists and the wider public.

Homepage

How to publish in this journal
w I Nl W N I—'
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Fator de Impacto (Fl)

SJ R Scimago Journal & Country Rank

Home Journal Rankings Country Rankings Viz Tools Help About Us

Nature Nature

Country  United Kingdom - TTIT stiromions
a———

RANKINGS

Multidisciplina
Subject Areaand Multidisciplinary p l'y
Category Multidisciplinary

Publisher Nature Publishing Group

_— Dest quartile
Publication type  Journals

ISSN 14764687, 00280836 SIR 2019 o T~

Coverage 1869-2020 '] 4 05

Scope Nature is a weekly international journal publishing the finest peer-reviewed research in all 1
originality, importance, interdisciplinary interest, timeliness, accessibility, elegance and sut
authoritative, insightful and arresting news and interpretation of topical and coming trends

powered by scimagojr.com

Homepage

How to publish in this journal
w I Nl W N I—'
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Separa os periodicos em fracoes (estratos) do
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Utiliza os indicadores bibliomeétricos

Separa os periodicos em fracoes (estratos) do
conjunto de veiculos indexados

Quartis (JCR e SJR) Qualis 2013-2016
0 -

25% com maior Fi 12,5% com maior Fl
12,5%
25% 25,0%
25% 12,5%
12,5%
25% com menor Fl 12,5%

12,5% com menor Fl




Classificacao baseada em estratos

Utiliza os indicadores bibliomeétricos

Separa os periodicos em fracoes (estratos) do
conjunto de veiculos indexados

Quartis (JCR e SJR) Qualis 2013-2016

“ Estratos “

superiores

Q2 B1

B2

Q3
Estratos B3

inferiores B4
B5
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Utiliza os indicadores bibliomeétricos

Separa os periodicos em fracoes (estratos) do
conjunto de veiculos indexados

Quartis (JCR e SJR) Qualis 2017-2020*

12,5% com maior Fl
12,5%
12,5%
12,5%
12,5%
12,5%
12,5%
12,5% com menor Fi

25% com maior Fl

25%

25%

25% com menor Fl




Classificacao baseada em estratos V.-

r.d:

Utiliza os indicadores bibliomeétricos

Separa os periodicos em fracoes (estratos) do
conjunto de veiculos indexados

Quartis (JCR e SJR) Qualis 2017-2020*
55 superiores A3
_________ A4
Q3 B1
Estratos B2

inferiores B3
B4




Classificacao baseada em estratos

Utiliza os indicadores bibliometricos

Separa os periodicos em fracoes (estratos) do
conjunto de veiculos indexados

Quartis (JCR e SJR) Qualis 2017-2020*
Q2 A3
A4

Requisito médio para defesa de tese de doutorado
» artigo em periodico classificado em um dos estratos superiores

« alguns cursos exigem apenas a submissao do artigo, outros
exigem pelo menos a carta de aceite do artigo para publicacao
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Quartil JCR

NATURE

Impact Factor

42.779 46.488

2019 Sano
JCR @ Category Classificagdo da categoria ~ Quartil da categoria
MULTIDISCIPLINARY SCIENCES 1 de 71

Dados da edicdo 2019 delJournal Citation Reports|

Editor
NATURE PUBLISHING GROUP, MACMILLAN BUILDING, 4 CRINAN ST, LONDON N1 9XW,
ENGLAND

ISSN: 0028-0836
elSSN: 1476-4687

Dominio de pesquisa

Science & Technology - Other Topics

Fechar janela

Quartil SJR

Nature

Multidisciplinary

Dest quartie
SIR2019 7 T T
14.05

powered by sCimagojr.com
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Classificacao baseada em estratos rd

101

Alguns comentarios sobre o Qualis

« Ranking estratificado dos veiculos utilizados pelos
Programa de Pos-Graduacao para divulgar os
resultados das pesquisas dos seus docentes e
discentes

* Definido com base no JIF, no SJR e no indice h,
entre outros indicadores

» Atualizado a cada quatro anos para avaliar a
producao cientifica dos PPGs no quadriénio anterior

« Segundo a CAPES, é um instrumento de avaliacao
de grupos e nao de individuos

* Acessivel pela Plataforma Sucupira (busque: WebQualis)



https://sucupira.capes.gov.br/sucupira/public/consultas/coleta/veiculoPublicacaoQualis/listaConsultaGeralPeriodicos.jsf
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Qualis 2013-2016

Y e
\ PLATAFORMAm ACESSO RESTRITO

INICIO >> Qualis >> Qualis Periédicos

Qualis Periodicos

* Evento de Classificagéao:

CLASSIFICAGOES DE PERIODICOS QUADRIENIO 2013-2016 v

Area de Avaliagio:

O -- SELECIONE -- v
ISSN:
0028-0836

Titulo:

Nature

Classificagao:

UJ -- SELECIONE -- v
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Qualis 2013-2016

Y e
\ PLATAFORMAm ACESSO RESTRITO

INICIO >> Qualis >> Qualis Periédicos

Qualis Periodicos

* Evento de Classificagéao:

CLASSlFlCAQCN)ES DE PERIODICOS QUADRIENIO 2013-2016 v
Area de Avaliagio:

O -- SELECIONE -- v

ISSN:

0028-0836

0 u Titulo:

Nature

Classificagao:

UJ -- SELECIONE -- v




Qualis 2013-2016

* Event

Titulo:

Classifi

m

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

0028-0836

NATURE (LONDON})
NATURE (LONDON)
NATURE (LONDON})
NATURE (LONDOCN)
NATURE (LONDON)
NATURE (LONDOCN)
NATURE (LONDON})
NATURE (LONDON)
NATURE (LONDON}
NATURE (LONDON)
NATURE (LONDON})
NATURE (LONDON)
NATURE (LONDON})
NATURE (LONDON)
NATURE (LONDON})
NATURE (LONDON)

NATURE (LONDON})

Area de Avaliagio
ASTRONOMIA / FISICA
BIODIVERSIDADE
BIOTECNOLOGIA
CIENCIAS AGRARIAS |
CIENCIAS AMBIENTAIS
CIENCIAS BIOLOGICAS |
CIENCIAS BIOLOGICAS Il
CIENCIAS BIOLOGICAS III
ENGENHARIAS |
ENGENHARIAS I
ENGENHARIAS 111
FARMACIA
GEOCIENCIAS
GEOGRAFIA

INTERDISCIPLINAR

MATEMATICA / PROBABILIDADE E ESTATISTICA

MEDICINA

Classificagio
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Scopus’

WORLD
UNIVERSITY
~—— RANKINGS

Conta o numero total de citacoes
em periodicos indexados pelo
Scopus em um periodo de cinco
anos e divide pelo numero de
docentes na universidade.

Este indicador representa 20% da
pontuacao possivel de uma
universidade nos rankings.

THEEE

WORLD

UNIVERSITY
RANKINGS

Conta o numero de publicacoes e
citacoes em periodicos indexados
pelo Scopus por docente,
dimensionado para o tamanho
institucional e normalizado para o
assunto.

Dois indicadores: volume (30%) e
citacoes (30%)
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Duas alternativas
* Scopus
* Scimago




Search |Sources| Lists SciVal

Start exploring

Discover the most reliable, relevant, up-to-date research. All in one place.

fd Documents 2 Authors @@ Affiliations
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Create account

Search within

Search documents *
Article title, Abstract, Keywords M

Search tips @

-+ Add search field [%] Add date range Advanced document search >
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Search Sources Lists SciVal

Sources

Enter subject area
Subject area Law X

A~ [ Environmental Science

Improved Citescor [] Management, Monitoring, Policy and Law
We have updated the ( ~ [ Social Sciences

metric which provides ¢

applied to the calculatic

2018, 2017, 2016...). Tr

available. View CiteSi




846 results

[ Al Export to Excel Save to so

Source title

o, Download Scopus Source List

CiteScore | Highest

percentile |,

(@ Learn more about Scopus Source List

2019

View metrics for year:

Citations
2016-19 ¢

Documents % Cited .. >
2016-19

|:| 1 Government Information Quarterly

|:| 2 International Security

|:| 3 International Organization

10.3

9.6

8.4

99%
1/685
Law

99%

1/529
Political
Science and
International
Relations

99%

2/529
Political
Science and
International
Relations

2.577

622

973

249 85

65 82

16 91
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846 results

[ Al Export to Excel Save to so

Source title

o, Download Scopus Source List

CiteScore | Highest

percentile |,

(@ Learn more about Scopus Source List

2019

View metrics for year:

Citations
2016-19 ¢

Documents % Cited .. >
2016-19

|:| 1 Government Information Quarterly

10.3

99%
1/685
Law

2.577

249 85

|:| 2 International Security

|:| 3 International Organization

9.6

8.4

99%

1/529
Political
Science and
International
Relations

99%

2/529
Political
Science and
International
Relations

622

973

65 82

16 91
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Government Information Quarterly

Incorporating: Journal of Government Information

Scopus coverage years: from 1984 to Present
Publisher: Elsevier
ISSN: 0740-624X

Subject area. (Social Sciences: Law) (Social Sciences: Sociology and Political Science)

(Social Sciences: Library and Information Sciences)

View all documents > Set document alert |5 Save to source list Source Homepage

CiteScore 2019

10 3 ) 249 Documents 2016 - 2019

Calculated on 06 May, 2020

2.577 Citations 2016 - 2019

~
r.ds

CiteScore 2019

10.3 ©
SJR 2019

1.915 ©
SNIP 2019

3.075 v

CiteScoreTracker 2020 ®

1.1 -

Last updated on 07 February, 2021 « Updated maonthly

2.963 Citations to date

267 Documents to date
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Citescore highest quartile 135 results &, Download Scopus Source List ( Learn more about Scopus Source List
Show only titles in top 10
[] y P []Alv _ _ 2019
percent View metrics for year:
|:| 1st quartile Source title . CiteScore | Highest Citations ~ Documents % Cited |, N
percentile |- 2016-19 ¢, 2016-19
[ ]2nd quartile
) |:| 1 Global Journal of Comparative Law 0.3 23% 10 38 18
I:l 3rd quartile 592/685
Law
I (W] 4th quartile I
| |:| 2 Humanity 0.3 23% 3 12 25
Source type N\ 526/685
Law
[W] Journals I |
|:| 3 lus et Praxis Open Access 0.3 24% 46 168 19
[ ]Book Series O15/685
Law
[ ] Conference Proceedings
|:| 4 Journal of East Asia and International 0.3 24% 23 86 21
[ ] Trade Publications Law 518/685
Law
Apply Clear filters |:| 5 Journal of Land and Development 0.3 24% 4 15 20
518/685

-
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Selecionando periodicos no Scopus

Scimago
* Ranking de periddicos e paises baseado no Scopus

I[IT SCIMAGO INSTITUTIONS RANKINGS

Journal Rankings Country Rankings Viz Tools Help About Us

SJR

Scimago Journal & Country Rank

Enter Journal Title, ISSN or Publisher Name

UNIVALI
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Scmnando periodicos no Scopus Pd
Scimago Journal & Country Rank _

Home Journal Rankings Country Rankings Viz Tools Help About Us
Social Sciences Law All regions / countries Journals 2019
[ ] Only Open Access Journals D Only SciELO Journals |:| Only WoS Journals Display journals with at least 0 Citable Docs. (3years) Apply

# Download data

1-500f 701 )
Title Type [V SIR H Total Docs. Total Docs. Total Refs. Total Cites Citable Docs. Cites / Doc. Ref. / Doc.
index (2019) (3years) (2019) (3years) (3years) (2years) (2019)
, L ) 4.850 P
1 International Organization journal 140 32 93 2337 497 88 5.25 73.03 ==
. o . 4.381
2 Annual Review of Criminology journal 11 22 24 2602 182 23 7.91 11827 EE=
. . 4.297
3 Criminology journal 132 31 85 2866 571 82 5.89 9245 EE
International Security journal
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International Organization

COUNTRY SUBJECT AREA AND CATEGORY PUBLISHER H-INDEX

United Kingdom Business, Management and Cambridge University Press
Accounting

Tif  Universities and research Organizational Behavior and
Human Resource
Management

=====institutions in United Kingdom

Social Sciences
Law
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