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ARTIFICIAL NEURAL NETWORKS (ANNSs)

ANNSs were introduced, for the first time, 1/
by 1943, in a work on the formalization i’:‘*-*..f"l /
of neural activity in propositional logic @
form (McCulloch & Pitts, 1943).
We can define ANNs as a simple
mo d e | of biologic a
nervous system. ———%

Neuron Activation Activation function |
Aj =Yt wiyX; — 0; yj = ®(4)) = ®(TL wyX; — Bi)

In data mining: Methods have been developed to produce comprehensible
models and reduce training times:

1)Rule extraction: extraction of symbolic models from pre-trained neural
networks.

2)Learn simple, easy-to-understand neural networks.




One traditional application ANN:
Evolutionary robotics

IN ORDER TO OVERCOME THE PROBLEMS ASSOCIATED WITH THE
ROBOTIC SYSTEM DECOMPOSITION OF TRADITIONAL APPROACHES (I.E.
BEHAVIOR-BASED ROBOTICS), EVOLUTIONARY ROBOTICS CAN BE USED,

WHERE THE ROBOTIC SYSTEM IS ABLE TO SELF-ORGANIZE
[INOLFI, S., FLOREANO, D ., 2000].
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Evolutionary Robotics

Generation

| HETIE [ > (?_/
A L/
Mapping to Behavior

Fithess Function

Genotypes: Selec;iont_and
Artificial reproduction

2 Ll A Imilmmin
{coding robot
morphology, neural

weights, etc.)
new generion M ITIN TN 4




EXPERIMENTAL SETUP N.1
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EXPERIMENTAL SETUP N.1
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MAY Robotics help to understand social
and psychological problems?

Developmental & Epigenetic Robotics

-
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Emergence of Leadership in Robots

-A - i
A Behavioural and quantitative ek
analysis indicate that a form of . A
leadership emerges Yl E
A Groups with a leader are more T
effective than groups without. o -B-
A The most skilled individuals in a g :
group tend to be the leaders. i
" Leader (Y) 100 g+ e
A Further analysis reveals the Y s
emergence of differend nstyl-esc
leadership (active and passive).
- A - Passive Leadership. - B - Weak Active Leadership. N | 2w WY
- C - Strong Active Leadership. 0 B —To0 iz id0 i




DEEP LEARNING: Neural Networks become
more effective

In recent years Deep Neural Networks have achieved noticeably
breakthroughs in research (Bengio, 2009). This new methodology
dealing with deep neural networks and their training algorithms is
called n De epear niSm gap, in all the experiments, the
resulting performances were many magnitudes better than
other machine learning technlques available.

GOOGLE DATACENTER STANFORD AI LAB

1,000 CPU Servers 600 kWatts 3 GPU-Accelerated Servers 4 kWatts
1 12 GPUs - 18,432 cores $33.000

$5,000,000
mercoledi 5 giugno 2013

2,000 CPUs = 16,000 cores




DEEP LEARNING: a cutting-edge approach
to Computer Vision and NLP

GPU Entries

AThe advent of GPUs makes
possible the training of very large
neural networks with even more
than 150 millions of parameters.

4
AA new generation of larger R " "
training and test sets. 2011 2012 2013
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Why Deep Learning over-performed
traditional statistics models?

ADeep Lear ni ngobexepdpo-encdtcameds c an
without a task-specific feature engineering.

These model are scalable: adding GPUs they can be trained
faster.

ADeep Learning is kil loiElabete v er
Gibney, 2016)

HE e

Basically, statistics is not 063°68°% % Soe

able to deal with very high | g oe? i
dimensionalities of data as [RutkEty 876§ e e (S50

Deep Learning does. e | *k'j::' o™’s 88

T e (T
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Alpha Zero: Mastering the games of Go and
Chess without Human Knowledge

A In Just 4 Hours, Google's Al Mastered All The Chess

Knowledge in History

A "l always wondered how it would be if a superior species
landed on Earth and showed us how they played chess.
Now | know." grandmaster Peter Heine Nielsen.

H N Google's AlphaZero Destroys
4| Stockfish In 60 Game
Matches

) 0%%%0
lllll

"This algorithm could run cities,
continent s, uni ve
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Alpha Zero IS an Artificial Intelligence, it IS

NOT just a Chess Engme..
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Computer Vision: Where does Traditional
Statistics fail?

A Computer Vision is an interdisciplinary field that deals with the
way algorithms can be made for gaining high-level understanding

from digital images or videos.

A Statistical methods are not
always welcome in computer
vision.

A Statistical methods seem not

scaling up to the challenges ‘ﬁj_/..._;
of computer vision problems N -

(Chellappa, R., 2012).
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Why Does Computer Vision matter so
much?

A A new study proves the relationship between Vision capabilities
and Intelligence (Tsukahara et al., 2016).

Computer Vision needs human-like abilities.

EVERYDAY LIFE | | BIOMEDICAL IMAGES

I'THN

. E——
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Why Does Computer Vision matter so
much?

A new generation of machines might accomplish typical human
tasks such as recognizing and moving objects, driving cars,
cultivating fields, cleaning streets, city garbage collecting, etc.
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Convolutional Neural Networks
(ConvNets or CNNs)

Convolutional Neural Networks (CNN) are biologically-inspired variants of
MLPs. We know the visual cortex contains a complex arrangement of cells
(Hubel, D. and Wiesel, T., 1968). These cells are sensitive to small sub-regions
of the visual field, called a receptive field. Other layers are: RELU layer, Pool
Layer. Typical CNNs settings are: a) Number of Kernels (Filters), b)
Receptive Field size, b) Padding, c) Stride. These parameters are tied by the
following equation:

(W—-F+2P)/(S+1)

Each neuron in the convolutional / 32
layer is connected only to a local

region in the input volume spatially. % @E>@QQOO

In this case there are 5 neurons
along the depth all looking at the /
32

same region.




Typical Settings of Convolutional Layers

a) Number of Kernels (Filters) These parameters are tied by the

% following equation:

b) Receptive Field size (W—-F+2P)/(S+1)
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A Pool Layer

I toggle movement

A Activation Layer (RELU, TanH,
Sigmoid)
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Convolutional Neural Networks
(ConvNets or CNNs)

A CNNs were initially devised for Inage Recognition, nowadays very often reach
better-than-human accuracy

A CNNSs need to be fed with images, but since for a machine images are just
numeric matricesé

A é they are increasingly being used in Natural Language Processing, e.g. text
classification, with excellent results

FeatureMaps FeatureMaps
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o o
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o o
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convolution + pooling layers fully connected layers  Nx binary classification
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Comparison of GitHub Contributors for

Deep Learning Frameworks
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Frameworks FOR DEEP LEARNING

Architecture:
Tutorials CNN RNN
. t Muitip
Languages andtraining modeling modeling “mz:rm Speed ”:’QO'G!PU comK::Jme
materials  capabllity  capability front end
Python
Theano v ++ ++ ++ + ++ - .
Tensor- :
Flow Python “ +
Lua, Python
Torch (new) ++ ++
Caffe Ces + ++ +
R, Python,
MxNet | ++ + ++
Neon Python + +4+ + + ++ +

N
A



Frameworks FOR DEEP LEARNING

Keras is an higher-level interface for Theano (which works as
backend). Keras displays a more intuitive set of abstractions that
make it easy to configure neural networks regardless of the backend
scientific computing library.

TensorFlow is an open-source software library for dataflow

N N programming across a range of tasks. It is a symbolic math
* library, and also used for machine learning applications such as
neural networks. It is used for both research and production at

Tensor Google.

PyTorch is an open-source machine learning library for Python,

derived from Torch, used for applications such as natural g

language processing. It is primarily developedby Fac e b o o kP YT b R C H
artificial-intelligence research group, and U b e r"Bys" software

for probabilistic programming is built on it.
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Computer Vision Datasets and
Competitions

ImageNet: ImageNet is a dataset of over 15 million labeled high-resolution
Images belonging to roughly 22,000 categories.

A Since 2010 a competition called «ImageNet Large-Scale Visual Recognition

Challenge (ILSVRC)» uses a subset of ImageNet with roughly 1000 images in
each of 1000 categories.

e Rotation = 6
View = Ieft ' View = front, left
Outdoor Outdoor
Female X Female
Multi-objects == a X Multi-objects

g6 X Tight shot
Train Set: 1.2 million

Rotation = 6 Rotation = 1
vewtd front View = left, bottom
. . utdoor Outdoor
Validation Set: 50,000 On water XOn vater
Test set: 150,000
Rotation =5 - Rotation = 7 Rotation = 2
View = left W 3¢ View = front, left View = left
o ARA:) AR Indoor . ~i Outdoor N Indoor
L ""'6." o \)(teract with person Tl S Mnteract with person : y‘teractwith person
i G?‘ 1 YOld-fashioned - y ’ \ |d-fashioned XOd-fashioned
’ Tight shot A 2) Tight shot Tight shot
4. ouhy | See inside \@) > ¥ See inside ee inside

["Ground truth boxes @ Location of visible part #1 5 Location of occluded part #5 == Rotation direction 1=3 parts #1 to #3 do not exist in the box
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Computer Vision Datasets and
Competitions

Kagagle In2010,Kagglevas founded as a platforfior predictivemodelingand analyticscompetitionson which
companies and researchers post theata.

A Statisticiansand datascientists fromall over the world compete to produce the best models -
A Data Science Bowl 2017 & GKS 06A33Sad O2YLISOGAGA2Y F20dzaSR 2
founded byArnold Foundationand awardedb1 million in prizes Istranked$500,000.

Train Setaround 150 CT labelled scans images per patient from 1200 patients encadediOnformat.
Stage 1 test set1 90 patients CT scans.

Stage 2 test 500 patients CT scans

Grand Challenges in Biomedical Image Analy$isis is a web
site hosting new competitions in the Biomedicine field.
Specificallyl. UNA(LUnhg Nodule Analysis) focusesn a large
scale evaluation of automatic nodule detectialyorithms.

Train SetLIDC/IDRI databasensistingof 888 CTScandabelled
by 4expertradiologists




Computer Vision Datasets and
Competitions

Cifarl0Dataset
The CIFAR-10 dataset

The CIFAR-10 dataset consists of 60000 32x32 colour images in 10 classes, with 6000 images per class. There are 50000 fraining images and 10000 test images.

The dataset is divided into five training batches and one test batch, each with 10000 images. The test batch contains exactly 1000 randomly-selected images from each class. The training
batches contain the remaining images in random order, but some training batches may contain more images from one class than another. Between them, the training batches contain
exactly 5000 images from each class.

Here are the classes in the dataset, as well as 10 random images from each:

airplane ?aé !y » ..n;-&-
automobile EEEEﬁH..%
e Sl WES ¥ EE
« HEYHSEEEsP
seer 15 I O O 0 I PR
S | A [ e[GO
roo I I 1 O R O
rorse O S ) IR R RS T
S =S TP P
e ) e P S L R

The classes are completely mutually exclusive. There is no overlap between automobiles and trucks. "Automobile” includes sedans, SUVs, things of that sort. "Truck” includes only big
trucks. Neither includes pickup trucks.
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MNIST DATASET

MNISTdatabaseis handwrittendigitscomposedof 60.000
pattern.

A 60.000 training set
A 10,000 test set

LeNet has been applied to this dataset with accuracy &5%.

Co0o000OQAY0




LeNet — Convolutional Neural Network

LeNetwas one of the very first convolutional neural networks
whichhelped topropel the field of Deep Learning. This
pioneering work by YanbeCurwas named_eNetbafter many
previous successful iterations since the y&a88.

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
+ RelU +RelU Connected Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

-

00



http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

from
from
from
from
from
from

lelas

LeNet in Keras

keras.models import Sequential
keras.layers.convolutional import Convolution2D
keras.layers.convolutional import MaxPooling2D
keras.layers.core import Activation
keras.layers.core import Flatten
keras.layers.core import Dense

s LeNet:

def build(width, height, depth, classes, summary, weightsPath=None):
# initialize the model
model = Sequential()
# first set of CONV => RELU => POOL

model.add(Conveolution2D(20, 5, 5, border mode="same", input shape=(depth, height, width)))

model.add (Activation("r=1u"))
model.add (MaxPooling2D(pool size=(Z, 2), strides=(Z, 2)))

28



LeNet in Keras

# second set of CONV => RELU => POOL

model.add (Convolution2D(50, 5, 5, border mode="same"))
model.add (Activation("relu"))

model.add (MaxPoolingZD(pool size=(Z2, 2), strides=(Z, 2)))

#set of FC => RELU Layers
model.add (Flatten())

model . add (Dense (500))
model.add (Activation("reln"))

#softmax classifier
model.add (Dense(classes))
model.add (Activation("=s0ftmax"))

if summary==True:
model . summary ()

#1f a weights path is supplied (indicating that the model was pre-trained), then load the weights
if weightsPath is not None:

model.load wights(weightsPath)

return model

29



AlexNet

CriticalFeauturegKrizhevskyA. et al, 2012

A 8trainable layers 5 convolutionallayersand 3 fully connectedlayers
A Max poolinglayersafter 1st, 2nd and 5t layer.

A RectifiedLinearUnits (ReLU}¥(Nair, V., & Hinton,G. E 2010.

A LocalResponséNormalization

A 60millions parameters,650thousandsneurons

A Regularizations Dropout (prob 0.5 in the first 2 fc layers, Data Augmentation
(translactions horizontalreflections,PCAon RGB)

A TralnedonZGT><5803 GBGPUS 4 “ 192X132 192X132 128X132 o
. @ e N . | |

ol 3|5
. <o M-
. & ‘. -
.. wHE s
“ msw @ 11000
/ﬂ
.
»

A1 CNNs 40. 7%op1 Error,18. 2%Top5 Error ) - = = .
A 5 CNNs: 38.1%o0p1 Error16.4%Top5 Error | & 577 57w
A SIFT+FVs: 26.2%p5 Error 8anchezd, et al., 201)1

2048 2048
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AlexNet in Keras

def get_alexnet(input_shape,nb_classes,mean_+tlag):

# code adapted Ffrom https: /s github.com/fheuritech/convnets-keras

inputs = Input{shape=input_shape)

i¥ mean_flag:
mean_subtraction = Lambdai{mean_subtract, name='mean_subtraction'){(inputs)
conv_1 = Conwvolution2D{9&, 11, 11,=zubsample={(4,4),activation="relu",

name="conv_1"', init='he_normal"'){mean_subtraction)

else:
conv_1 = Convolution2D{9&, 11, 11,subsample={4,4),activation="relu’,
name="conv_1"', init="he_normal'}{inputs)
conv_2 = MamPoolingZD((3, 3), strides=(2,2)){conv_1)

conv_2 = crosschannelnormalization{name="convpool_1"){conv_2)
conv_2 = ZeroPadding2D{(2,2)){(conv_2)
conv_2 = mergel [
Convolution2D{128,5,5,activation="relu”,init="he_normal"', name='conv_2_"'+str({i+1))}(
splittensor{ratio_split=2,id_split=i)}{conwv_2)

Y for 1 in range(2)], mode='concat’',concat_axis=1,name="conwv_2")

conv_3 = MaxPoolingZD((3, 3}, strides==(2Z2, 2))}{(conwv_2)

conv_3 = crosschannelnormalization(){conv_3)

conv_3 = ZeroPadding2D{(1,1)){conv_3)

conv_3 = Convolution2D{384,3,3,activation="relu’,name="conv_3"',init="he_normal"')}{conv_3)
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AlexNet in Keras

conw_4d

conwv_<d

ZeroPaddingZD( (1,13} (conv_3)

merge( [

ConvolutionZD{l122,3,3,activation="relu", init="he_normal', name='conv_4_ "+str{i+1))(

=

plittensor{ratio_split=2,id_=split=i){conwv_4)

¥ For i in range(2)}], mode='concat',concat_axis=1,name="conwv_4")

conw_5S

conv_5S

ZeroPaddingZD( (1,13} (conv_4)

merge( [

ConvolutionZD{l1l28,3,3,activation="relu™,init="he_normal"', name='conv_5_"+str{i+1}}(

=

plittensor{ratio_split=2,id_=split=i)}{conv_5)

¥ For i in range(2)}], mode='concat',concat_axis=1,name="conwv_5")

dense_1 = MaxPooling2D((3, 3), strides={2,2),name="convpool_5")}(conwv_5)

dense_1 = Flatten{name="Fflatten"){dense_1)}

dense_1 = Dense(d482i, activation='relu',name="'dense_1"',init="he_normal")}{dense_1)
dense_2 = Dropout({@.5)(dense_1)

dense_2 = Dense(d482a, activation='relu',name='dense_2',init="he_normal")}{dense_2)
dense_3 = Dropout({@.5)(dense_2)

dense_3 = Densel(nb_classes,name="dense_3_new',init="he_normal"'){dense_3)
prediction = Activation("softmax",name="softmax" )} {dense_3)

alexnet = Model{input=inputs, output=prediction)

return alexnet
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VGG-Net — University of Oxford

CriticalFeautures(Simonyan K., & ZissermanA., 2014):

A Kernels with small receptive field8x3 which is the smallest size to capture the notion of
left/right up/down, center.It is easy to see that a stacktefo 3x3 conv. layers (without spatial
pooling in between) has an effective receptive field&h, and so on.

A Small siz&keceptive Fieldsa way to increase theonlinearity ofthe decisiorfunction fields of
the conv. layers.
A Increasingdepth architectures VGG16 (2x@nv3-64, 2xConB-128, 3xCond-256, 6xCond-512,
XFC)VGG19 (sameasVGG16 but with 8xCons-512).
A Upside lesscomplextopology, outperformsGoogleNebn singlenetwork classificatioraccuracy
A Downside 138millions
parametersfor VGG16!  =#'-=2' " ‘w b
Results II] h
(2 ’[ 61 2] 1 ' | \’ [| f;_ I:[ﬂ I:llz_,»' !
(E/[256,512)/ 256,384,51 s ) convalutiont ReLU

nax proaling

2), multi-crop & dense
eval 23.7% Top1 Error
6.8% Top-5 Error.

- fully comnnected4+HRHel Ll
=oftrma




GoogleNet — Google

CriticalFeautures(SzegedyC, et al., 2015:
A Computationally Effective Deep architectur@2 laye e el
A Whythe name inception, you askBecause the e S
module represents aetwork within a networklIf you
don't get the reference, go watch Christopher Nole
aLb/ 9t, computeiscientists are hilarious , , _

A Inception:it isbasicallghe parallel combination ofx1 &' e
3x3, and 55 convolutional filters. —_—

A Bottleneck layerThegreatinsight ofthe inception Pl e
moduleisthe useof 1x1 conw
olutional blocks NiN) to reduce
the number of features before
the expensive parallel blocks.

A Upside: 4 millions parameters

A Downside: Not scalable

3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions [} 4 }

Results
A 7 Models Ensemble : 6.67% Convolution
Top-5 Error. Pooling

Concat/Normalize
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Wide Res Net — Microsoft

Critical Feautures (He, K., et al., 2016) :

A Degradation Problem: Stacking more and more layers IS NOT better. With the network
depth increasing accuracy gets saturated and then degradesr a p i dl y! | t 6s
Asol v - II./"'“\ aYaVYe Ix“\ ava'e f"‘\.‘ ~ f*-\ avYav

b

el

A Solves the @ Degr abyditinig a residpat noapping wiizh is easier to
optimize.

A Shortcut connections

A Very deep architecture: up to 1202 layers with WideResnet with only 19.4 million
parameters! X

A Upside: Increasing accuracy with more depth v

A Downside:They dondét consider ot her | weightoyd i ctur

Results: F(x) pre =

ResNet : 3.57% Top-5 Error. weight layer identity

CNNs show superhuman abilities at Image Recognition!

5% Human estimated Top-5 error. (Johnson, R. C., 2015) F(x) +x
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Segmentation problem: alias with
biomedical images CNNs fail

Problems:

A Feature extraction: In biomedicine
feature extraction is not as easy as in an
Imagenet competition with general
images. A previous Image
Preprocessing is needed. This is called
Segmentation.

A On Kaggle website there are whole
competitions just regarding
Segmentation. One of these was called

: kaggle
« U | t r a-S O u n d N erve Seg m en tatl O n » . A platform for predlctlgmgodelmg competitions.
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U-NET (Fully connected CNN)

Critical Feautures (Ronneberger, O, et al., 2015):

A U-NET can be trained end-to-end from very few images
and outperforms the prior best methods.

A It consists of a contracting path (left side) to capture
context and an symmetric expansive path (right side)
enabling precise localization.

A Upsampling part (repeating
rows and cols) has a large input o
number of feature channels [ EEEE
which allow the network to :

propagate context information to
higher resolution layers.

A Spatial Dropout: feature maps
dropout.

A Upside: Small training set.

A Downside: Risk of overfitting.

mconw 3x3, RelLU
copy and crop

§ max pool 2x2
4 up-conv 2x2

= conv 1x1




Neural Network Architectures

Top-1 accuracy [%]
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Bag of Words and Term Document Matrix

T

Fromeachweb-site:
BagOf-Words

T

Fromall web-sitex2

bagof-words: TDM

FromeachTDMrow:
32x32 squared
imageencoding




