e w0 d Pty
00d ¢ v O N

Al e i “ - ) Lol ' “ - - Lol ' “ - - Lol ' “ -y
Ch AR Atk it ad ¢ Ch AR Atk it ad ¢ Ch AR Atk it ad ¢ Ch AR Atk it ad

 We start with SVM, which 1s a linear classifier

*  We introduce nonlinearity, which expands the space of
allowed solutions

* Next we introduce several layers
* Different types of layers: convolutions, pooling...

* Key numerical method is (stochastic, momentum...)
gradient descent, so we need a loss function and a gradient:

backpropagation algorithm

 (Generative models: adversarial networks, autoencoders...
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From SVM to NN

 SVM is a linear classifier (lecture 14): s = Wx, x 1s 3072
dim for CIFAR-10 and we classify 10 objects, so
W = (10,3072) matrix, s 1s score in 10 dim

* Neural networks: instead of going straight to SVM

classification using max(0,s) we perform several
intermediate steps of the form

s = Wymax(0, W;x) (2-layer network)
s = W3ymax(0, W, max(0, W;x)) (3-layer network)

 Here W{,W,,W;... all need to be trained

* Alternative names: Artificial NN (ANN), multi-layer
perceptron (MLP)
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Activation Functions

* Max(0,x) 1s a ReLU (rectified Linear Unit) non-linearity (activation
function). Other options are sigmoid, tanh... sigmoid maps from 0 to

1, hence called activation
 ReLU 1s argued to accelerate convergence of stochastic gradient

(Krizhevsky etal 2012)
Perceptron | Sigmoid | | Tanh

1 1 1
0 o(2) | 0 _/1— 0
1 N , -1 14-e~* ol tanh(z)

5 0 5 5 0 5 5 0 5
6. RelLU | 6 Leaky ReLU 6 — ELU
4] max(0, z) 4 01zif2<0 4l e —1ifz<0
2 2 2if2>0 2 zif 220
0 0 __ 0

-5 0 5 -5 0 5 -5 0 5
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ReLLU as a universal approximator

5 RelUs 10 RelLUs 50 RelUs

%[max (0, x + 6) — max (0, x) — max (0, x — 6) + max (0, x — 29)]

— R0 5
— geRa=02
w— gea=0 05
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Why Neural Networks?

* There 1s a useful biological picture that inspired ANN

 Brain has 10'! neurons (cells) connected with up to 10! synapses
(contact points between the cells: axon terminals on one end,
dendrites on the other)

* Neurons are activation cells: f{WXx), synapses are weights wi
multiplying inputs from previous neuron layer xi

Z) wy

*® synapse
axon from a neuron

woxo
impulses carried
toward cell body
/ branches J (\‘u'.:, $ h)
dendrites \/l V/ 3 of axon wy Ty ;
J‘ I'q X - r,‘_ ouly .1!.|-u'.1
f ) axon
nucleus \‘_. axon . /d‘>tmmmula .ru':vv;n)»:n
» 11’212 UNCLic

— - -
7% (\ N impulses carried g/g

away from cell body
cell body
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Neural Network Architectures

2
Y
‘;‘

W4
N5
E"}“

output layer

)
®

output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2

* Naming: N-layer not counting mput layer. Above examples of
2-layer and 3-layer. SVM 1s 1-layer NN

* Fully connected layer: all neurons connected with all neurons
on previous layer

* Output layer: class scores 1if classifying (e.g. 10 for CIFAR 10),
a real number 1f regression (1 neuron)
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Neural Network Architectures

output layer
input layer
hidden layer

input layer

S
DR
ool
\\v X
R
.;

\
Y
?%({
0;0

output layer

hidden layer 1 hidden layer 2

* Left layer: 4+2 = 6 neurons (not counting input), 3x4 + 4x2 = 20
weights, 4+2 biases, 26 learning parameters

* Right layer: 4+4+1 = 9 neurons, 3x4 + 4x4 + 4x1 = 32 weights,
9 biases, total 41 parameters

PHYS188: DATA SCIENCE AND BAYESIAN STATISTICS FOR PHYSICAL SCIENCES

UROS SELJAK




NN Examples

Input Layer Hidden Layer Output Layer

X1

X2

Output fromthe _ f(summahon) = f(w() 1+wl. X1+w2.X2)
highlighted neuron
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NN Examples

Second Hidden Layer
R

First Hidden Layer

| My

\\ input Layer
."""h".‘ (784 nodes)
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Representational Power

* NN can be shown to be universal approximators: even one
layer NN can approximate any continuous function

* This is however not very useful. gx) = X, cil(a; <x < b))
Where a,b,c are vectors is also universal approximator, but not
a very useful one.

* ANN are (potentially) useful because they can represent the
problems we encounter in practice
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Setting Number of Layers and Their Sizes

* As we increase number of layers and their size the capacity
increases: larger networks can represent more complex functions

* We encountered this before: as we increase the dimension of the
basis function we can represent more complex functions

* The flip side 1s that we start fitting the noise: overfitting problem

3 hidden neurons 6 hidden neurons 20 hidden neurons
o © ° T o ‘k o © ° L
o r o © ‘ © o o
[+] ‘ (<] [+)
° ® o © S andl ° ® &
o q [} o o e + o
o } o <] 1 o o °
= o s 4 = tr—o—————— == v —o—
2 e o © . ‘ o o © L e o °
e o e o ’ e o
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Regularization

* Instead of reducing the dimensionality (number of neurons) we
can allow larger dimensionality (more neurons) but with
regularization (L1, L2...): e.g. L2

A =0.001 A=0.01 A=01
DWW
k!
k , - o . . .

 Example: - - —_ — [R— ~.:

20 neurons ¥ [ O - g co :

 Advantage of higher dimensions: these are non-convex
optimizations (nonlinear problem). In low dimensions the

solutions are local minima with high loss function (far from
global minimum). In high dimensions local minima are closer to
global.

* Lesson: use high number of neurons/layers and regularize
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Preprocessing

* In NN one uses standard preprocessing methods we have seen before
(PCA/ICA): mean subtraction, normalization:

original data zero-centered data normalized data

K .

 PCA, whitening, dimensionality reduction are typically not used in NN

(too expensive)
original data decorrelated data whitened data

N

o ~.
-
- on— -
s . b .
'
o |
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Example: NN vs. SVM

* Spiral example: cannot be classified well with SVM

. 1 layer NN (SVM) 2-layer NN with ReLU
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L.oss function choices

* For regression the usual L2 or L1 norm loss
1 Y 1 A
E(w) =+ Z(yi — gi(w)) Ew)=+5 Z yi — 9i(W))]

* Regularization can be explicit L2 or L1 norm or implicit
* For classification the usual cross-entropy: 2 labels

n

E(w)=—) yiloggi(w)+ (1 —yi)log [l — §i(w)]

i=1
M labels .
U - 1’ lf Yi = m E((W)) - Z Z Yim log !},’,,,(W)
s (0. otherwise i=1 m=0

-1 1—'im l 1—:!'"1
(1= yim)log[1 = Gim(W)]
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mean subtraction and normalization
done on hidden layer outputs Dropout

Implicit regularization choices

Stochastic gradient descent has noise, less likely to overfit

Early stopping criterion: compare performance between training
and validation data (not used for training), when the loss
functions start to deviate stop

Dropout i O
Batch normalization: od

After applying O/ '

FI1G. 39 Dropout During the training procedure neurons
are randomly “dropped out™ of the neural network with some
probability p giving rise to a thinned network. This prevents
overfitting by reducing correlations among neurons and re-
ducing the variance in a method similar in spirit to ensemble
methods
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Backpropagation on NN: Example

 Propagate the gradient of the loss function (f{%)-y)’ (plus
regularization) with respect to all weights w

* Do this for each training data input: add them all up (full batch),
or subsample (stochastic gradient)
* Initialize weights to small random (cannot all be 0)

u

(error term of the output layer)
((omputc gradient)

\

H_J

5D = (W) 5™ .

output y =+ target y

(’_Q(Z"")
d0z2
(error term of the hidden layer) 17
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Convolutional NN (CNN, Convnets)

For images the number of dimensions quickly explode: e.g.
pixelized 200x200x3 colors=120,000

It 1s not useful to see every pixel as its own dimension: instead
one wants to look at the hierarchy of scales, using translational
invariance on each scale. Train the image on small scale features
first, then intermediate scale features, large scale features...
Spatial relation between pixels must be preserved

To achieve this we arrange neurons in a 3-d volume of width,
height, depth, and then connect nearby neurons

CIFAR-10 —_—
32 width, 0 Zu T ) y
32 height, 8;-;: 8;?;5: :8 oV

3 depth W)Yy cuetiare

hidden layer 1 hidden layer 2
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Convnet Layers

Input layer: raw 1images, €.g. 32x32x3

Convolutional layer: computes outputs of neurons that are
connected to a local region 1n mput, each evaluating a dot product
between their weights and a small region they are connected to in
inputs. This can give e.g. 32x32x12 if we use 12 filters (kernels)

Depth: input layer number of colors (RGB), later number of filters

Activation such as ReLU max(0,x): this leaves dimension
unchanged 32x32x12

POOL layer downsamples 1n spatial dimensions, e.g. 16x16x12
(coarse-graming)

FC (fully-connected) layer outputs scores, €.g. 1x1x10 for CIFAR-
10

POOL/ReLU no parameters, CONV/FC weights+biases
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Examples

* A series of building blocks, giving a deep network

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
+ Rell) + Rell Connected Connecled

dog (0.01)

cat (O04)
boat (0 94)
bird (0 02)

RELU RELU RELU RELU RELU

V ('.()N‘./[ CONV l(l()N\/l CONV l(:()NV[

=
3
3
=
=
-
F

LR URVENE WORTE T ) -

.

!
—
—
-
e
B
——
fd
p—
—_—

K .
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CONYV Layer

* Building block of CONVNETS: i1t 1s a localized filter (kernel, feature
detector) that convolves the image. Fully extends in the color(depth)

dimension, but localized in width and height. Example: 5x5x3 filter for
a total of 75 weights (+1)

* Note that we will typically have more filters than color on the first layer,
so we are increasing the volume (32x32x5 in the example below)

/ 32 Zo

[~
==00000
%

wl
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Operation Filter Convolved
Image

Features Do
identity [0 1 0‘

* One is looking for specific v
features [1 0 ,]

. 0 0 0

*  We saw some of these in o
FFT lecture [0 | 0‘
Edge detection 1 -4 1

* Here these are sparse 0 10
matrix operations 1 -1 -1

-1 8 -1
* (NN learns these filters -1 1 -
on its own 0 -1 0
 Spatial size a hyperparameter > 5 =1 5
(3x3 here)

Box blur l[l - l]

=11 1 1

. 11

(Gnuuian blur % |:; : ;]

i 12 1
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Hyperparameters of CONYV Layer

*  Depth, size: number of specific features, e.g. edges, blobs of color etc.
and their spatial size (e.g. F=3)

* Stride: if 1 then we move the filter by 1 pixel. If 2 then we move by 2,
resulting in 4 reduction of output volume.

* Zero padding: we discussed this in lecture 15

2| [ [ |

lllustration of spatial arrangement. In this example there is only one spatial dimension (x-axis), one neuron with a receptive field
size of F = 3, the input size is W = 5, and there is zero padding of P = 1. Left: The neuron strided across the input in stride of S =
1, giving output of size (5 - 3 + 2)/141 = 5. Right: The neuron uses stride of S = 2, giving output of size (5 - 3 + 2)/2+1 = 3.
Notice that stride S = 3 could not be used since it wouldn't fit neatly across the volume. In terms of the equation, this can be
determined since (5-3 + 2) = 4 is not divisible by 3.

The neuron weights are in this example [1,0,-1] (shown on very right), and its bias is zero. These weights are shared across all
yellow neurons (see parameter sharing below).
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Examples: ReLU Max Pooling
(a) F=3 /N

(units to shift | g | bias=2 ReLU
flter by) (_unit slopi
| -1 0
2] -1—0.
P=1 ? F
44
| ‘ -61 0 )
: output
input
W=5§ ¢ l *
(b) F=4 /NN : .
S=2  weight=|1,-1,2,1] - ¢
(units to shift
filter by) ’ " y bias=-1 ReLU
L= (unit slope)
2
% : 2 1 1
2]
P=0 LT
T > 1—0—0
ﬁ 0 : output
2]
input
W=6 24
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Example: Alexnet (2012)

* Input images 227x227x3, filter size 11, no zero padding, stride 4, depth
96, output layer 55x55x96

* Translational invariance: we assume the features can be anywhere in the
image. Then all weights are independent of position, so one has

11x11x3=363 weights (+1) for each of 96 filters. Example filters:
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POOL Layer

* Reduces spatial dimension, e.g. Max POOL 2x2 with stride 2
keeps the largest of 2x2 elements

224x224x64 | |
1M2x112x64 | Single depth slice
Lt JMiT1]2]4
max pool with 2x2 filters
5|16 |7 |8 and stride 2 6 8
i ‘ 3(2]1]o0 2 I
1| 2 BSNEE
224 downsampling - 112
112 N
224 -

* Similar to stride, so both are not necessarily needed. Opinions
differ which 1s better.
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Examples of ReLu and POOL

Input Feature Map

Pooling

\.
: ~\ N

Only non-negative valyes

Rectified Feature Map

‘(
' .
"\ , .
RelU .
Y15
.

A
)

":.
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Multi-scale Feature Detection

* Through sequence of CONV/ReLU/POOL layers one uses
features on smaller scale to detect features on larger scales

* This is just a cartoon
picture, in practice features
are not human recognizable

Layer 2

Layer 1

I AVNSNS=IT ™
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Fully Connected Layer

* So far CONV/ReLU/POOL used to define high level features
* We need to combine these to classify

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

——- o= ceae  dog(0.01)
cat (0.04)
boat (0.94)
!:E bird (0.02)
"

Connections and weights
not shown here

dog (0.01)
cat (004) 4 possible outputs
boat (0.94)
bird (0.02)
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Putting it all together: Example

o 32x32x1 mput, 5x5 filter, S=2, FC 120, 100
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A Few More Examples

Convolution Fully connected
A A

-

S8 Par T
E‘N: 3 s
" Sad

LO (Input) L L2 13 W F5 F6

512x512 256x256 128x128 64x64 32x32 (Output)
’"'""""""""'"""';"c.?.?o?nﬁr;?ni""'""""‘.‘"'"""":
C1: teature map e (16x) 10210 : '
input (6x) 28x28 $1: foaturo map § 82: feats | output layer »
32x32 (6x) 14x14 e ey Fsi.g'f N catogories}
. ol
v s

connection

.|

2 ‘e :
................-...........‘.‘ wb‘amlw : :

layer | :
Yy layer 2 classifier 31
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Recurrent Neural Networks

* Use sequential information: use as input new data x: and past
memory of what has been learned so far, via latent variable st-1 to

generate new latent variable s: s, = f(Ux, + Wws,,). and output or:

0; = softmax(V's;)

* fisRelu, tanh... U, V/ Windependent of 7.

C

0

O -1 ol 0[+l
4% W v VTS VTS

OD : Ot~l O: — Oul

Unfold w w
U U U U
X x' X

o

Y S

o | t+1
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RNN Example

target chars: ‘e’ 1 “I" “0"
1.0 0.5 0.1 0.2
2.2 0.3 0.5 -1.5
outputlayer IS 1.0 1.9 0.1
41 [ -1.1 2.2
‘
T | [ww
0.3 1.0 0.1 |w nhnl-03
hidden layer | .0.1 0.3 05— 09
0.9 0.1 -0.3 0.7
T T T Tw_xh
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0
input chars: “p" “e” 17 I

* Input training word is hello, 4 allowed letters helo
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Example: RNN on baby names

* Note that we can use the procedure to sample: we can sample
from proposed next character, feed it in and get a next

proposal...

* 8000 names have been fed, here are a few that came out (and
are not among 8000 inputs)

Rudi Levette Berice Lussa Hany Mareanne Chrestina Carissy Marylen Hammine Janye Marlise Jacacrie
Hendred Romand Charienna Nenotto Ette Dorane Wallen Marly Darine Salina Elvyn Ersia Maralena Minoria Ellia
Charmin Antley Nerille Chelon Walmor Evena Jeryly Stachon Charisa Allisa Anatha Cathanie Geetra Alexie Jerin
Cassen Herbett Cossie Velen Daurenge Robester Shermond Terisa Licia Roselen Ferine Jayn Lusine
Charyanne Sales Sanny Resa Wallon Martine Merus Jelen Candica Wallin Tel Rachene Tarine Ozila Ketia
Shanne Arnande Karella Roselina Alessia Chasty Deland Berther Geamar Jackein Mellisand Sagdy Nenc
Lessie Rasemy Guen Gavi Milea Anneda Margoris Janin Rodelin Zeanna Elyne Janah Ferzina Susta Pey
Castina
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Validation and overall procedure

We discussed this 1n lecture 13: typically the data are split into
traming, testing for hyperparameter optimization, and validation

for final quantification of failure rate etc.

Bootstrap resampling, bagging etc. can be used

Procedure: 1

. S

ot

. Collect and pre-process the data.
. Define the model and its architecture.
. Choose the cost function and the optimizer.

. Train the model.

. Evaluate and study the model performance

on the validation and test data.

. Adjust the hyperparameters (and, if neces-

sary, network architecture) to optimize per-
formance for the specific dataset. 35
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Pros and cons of DNN

* Scale best with large data
e conversely: data hungry,

performance can be worse A small
than other methods for data
regime Large NN
small data
V)
* Need Ia!oeled dat§ g Medium NN
(supervised learning) «| =T
3 Small NN
—_
* Need homogeneous data S| LT e
. o —_ ’
(cannot mix pictures and S| S o -=-
time series) Traditional
(e.g. logistic reg)
* Only return classification
or regression: in physics
we care more about YT >
generative model and its |
probability distribution Slide Andrew Ng 36
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Generative Models can address last two problems

* Here one uses deep networks to generate new data from existing data

* One can either try to model the full PDF explicitly using tractable
PDFs (NL ICA or NICE, normalizing flows), or using approximate
density (Variational AutoEncoder, Boltzmann machine)

* Or one uses implicit PDF (generative adversarial networks, GAN)

l Direct

Maximum Likelihood
/ \ / .

Explicit density Implicit density

N\ S

Tractable density Approximate density Markov Chain

-Fully visible belief nets GSN
-NADE /N

-MADE Variational Markov Chain
-PixelRNN Variational autoencoder Boltzmann machine
-Change of variables

models (nonlinear ICA)

37
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Example GAN

Figure 19: DCGANs demonstrated that GANs can learn a distributed representation
that disentangles the concept of gender from the concept of wearing glasses. If we
begin with the representation of the concept of a man with glasses, then subtract the
vector representing the concept of a man without glasses, and finally add the vector
representing the concept of a woman without glasses, we obtain the vector representing
the concept of a woman with glasses. The generative model correctly decodes all of
these representation vectors to images that may be recognized as belonging to the
correct class. Images reproduced from Radford et al. (2015).
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Summary

* Neural networks are a nonlinear extension of SVP/softmax classifiers:
non-convex optimization

* They can be multi-layer (perceptrons, MLP), but fully connected MLPs
rarely extend beyond 3 layers

* In contrast, convolutional NN use a hierarchy of scales, resulting in
very deep networks: deep learning

* Gradient based optimization uses backpropagation algorithm and
stochastic gradient descent (with various acceleration improvements).

* New advances all the time: reinforcement learning, Variational
Autoencoders, generative adversarial nets...

* Some driven by new algorithms, but much also simply by better and
faster computers (GPUs+Moore’s law)
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* Mehta etal https://arxiv.org/pdf/1803.08823.pdf

* http://www.deeplearningbook.org
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