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What are Multivariate Techniques

- Many things ... starting from “linear regression” ...

f(x) to multivariate event classification
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- typically “multivariate” ' o SR i
= Parameters depend on the ‘joint distribution’ f(x,, X,)

= ‘learning from experience’ - known data points
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Machine Learning - Multivariate Techniques

= fitted (non-)analytic function may approximate:

= target value - ‘regression’

( e.g. calorimeter calibration/correction function)
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Regression

®‘known measurements” = model “functional behaviour”

" e.g. : photon energy as function “D"-variables: ECAL shower parameters + ...

Energy

= known analytic model (i.e. nth -order polynomial) =2 Maximum Likelihood Fit)

= no model ?

Cluster Size

f(x/]

= “draw any kind of curve” and parameterize it?

® seems trivial ?

" what if you have many input variables?
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f(x))

— human brain has very good pattern recognition capabilities!



Regression -> model functional behaviour
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" “standard” regression — fit a known analytic function
"eg f(x)= ax,2+bx,?+c

" BUT most times: don’t have a reasonable “model” ? - need something more general:
" e.g. piecewise defined splines, kernel estimators, decision trees to approximate f(x)

Note: we are not interested in the ‘fitted parameter(s)’, itis not: “Newton deriving F=m-a”
— just provide prediction of function values f(x) for new measurements x
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Multi-Variate Classification

Consider events which can be either signal or background events.

Each event is characterized by n observables:

X = (X1, .-, Xn) "feature vector"
Goal: classify events as signal or background in an optimal way.

This is usually done by mapping the feature vector to a single variable, i.e.,
to scalar test statistic:

R" = R: y(X)

A cut vy > ¢ 1o classify events as signal corresponds to selecting a
potentially complicated hyper-surface in feature space. In general superior
to classical "rectangular” cuts on the x.

Problem closely related to machine learning (pattern recognition, data
mining, ... )
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Boosted Decision Trees,
Multi-Layer Perceptrons,
Support Vector Machines
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Signal Probability Instead of Hard Decisions

Example: test statistic y for signal and background from a Multi-Layer
Perceptron (MLP):

| TMVA output for classifier: MLP | TMVA manual

g Sigfal’ [T~ T T T T T T
7 Background

Normalized

11 Il frrrndl
UD-flow (S,B): (0.0, 001 /{0.0, 0.0

0.2 0.4 0.6 0.8 1
MLP

Instead of a hard yes/no decision one can also define the probability of an
event to be a signal event:

pWy|S) - fs (o ns
(vI$) - fe+p(y[B)-(1—F)" 7 ne+np

Pi(y) = P(Sly) = -
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Machine learning: Basic terminology

The goal of machine learning is to predict results based on incoming data.

Features (also parameters, or variables): these are the factors for a machine to
look at. E.g.: carthesian coordinates, pixel colors, a car mileage, user's gender,
stock price, word frequency in the text.

« Quantitative (x ={1.02, 0.21, 0.12, 2})

« Qualitative discrete (x = {medium, small, large}) or categorical (x={red, blue,
green})

Algorithms (also models): Any problem can be solved in different ways. The
method you choose affects the precision, performance, and size of the final model.

« |If the data is insufficient/inapproriate (e.g. statistically limited or missing
important features), even the best algorithm won't help. Pay attention to the
accuracy of your results only when you have a good enough dataset.
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CLASSICAL MACHINE LEARNING

Data is pre-categorized wv‘ot labeled
n any WO\Y
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Where are the neural networks?

DBSCAN
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L
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Image credit: hitps:/{vas3k.com/blog/machine learning/
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Neural Networks

Any neural network is a collection of neurons and connections between them.

Neuron is a function with a set of inputs and one output. Its task is to take all
numbers from its input, apply a function on them and send the result to the output.

« Example: sum up all numbers from the inputs and if that sum is bigger than N
give 1 as a result. Otherwise return zero.

Connections are like channels between neurons. They connect outputs of one
neuron with the inputs of another so they can send digits to each other. Each
connection has only one parameter the weight.

« These weights tell the neuron to respond more to one input and less to
another. Weights are adjusted when training — that's how the network learns.
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Perceptron

Discriminant: y(X)=h (W{} +> w,-x,-)

The nonlinear, monotonic function h is called activation function.

1

Typical choi for h: —— ("sigmoid”), tanhx
ypical choices fo 1+e_x(bg )
x 1

X1 =
0.8
06
O y(X) -
0.2
Xn 0
4 2 0 2 4
X

25/01/2023 13



The Biological Inspiration: the Neuron

Cell body

Axon Telodendria
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— Human brain:
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Endoplasmic 7000 synaptic connections
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Feedforward Neural Network with One Hiden Layer

superscripts indicates layer number

X, /
’ n
(%) = h [ wy) + > Wy('l)xj
=1
. > 2) o
y(R)=h | wip + Z Wl(j)G)J(X)
X, =1

hidden layer

Straightforward to generalize to multiple hidden layers
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Network Training

X, : training event, a=1, ..., N

t, . correct label for training event a

e.qg., ta= 1, 0 for signal and background, respectively

w : vector containing all weights

Error function:

Weights are determined by minimizing the error function.

25/01/2023 16



Backpropagation

Start with an initial guess w(°®) for the weights an then update weights after
each training event:

w1 — (7)) ??VEa(VT’(T))
[ learning rate
Let's write network output as fO||OWS'

) = h(u(x)) with u( ZW (X), 0j(X) = (Z Wi xk> = h(v;(X))

k=0

x|

y(

Here we defined ¢o = xo = 1 and the sums start from 0O to include the offsets.

Weights from hidden layer to output:

1 JE. du
Ea=S(Va— 1) = —5 = (Ya— ta)h'(u(%5))
a 2 =] a (‘—)Wl(f) a d =] (‘—)Wl(f)

Weights from input layer to hidden layer (— further application of chain rule):

= (va — ta)h'(u(Xa)) 9 (%a)

JE,

oty = O =t (U(R))wy H (1(%)) o % = (Xats s Xan)
Jk

25/01/2023 17



Neural Network Output and Decision Boundaries

— Signal :
— Background | | Output Of
: neural network

Number of events

xp hy 0(x) = f(x,w)

T '.'.;.I'.' 7 : SRR I/'/I/L

e S8 8 * Signal pa
+ Background [~
: &% /| — NN contours |

S

si . e .
decision $ 2 ,};ﬁﬁ‘{\‘g\!‘.\‘l‘eﬂ‘,\n'.“.\,{.ﬁ signal
boundaries K 2 | probability

for different p(s | x1, x2)
cuts on NN

output

Variable x,
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Example of Overtraining

Too many neurons/layers make a neural network too flexible

— overtraining

= 4

training sample

Network "learns” features that are merely
statistical fluctuations in the training sample
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X

test sample
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Monitoring Overtraining

Monitor fraction of misclassified events (or error function:)

25/01/2023

error rate

optimum = minimum of
error rate for test sample

overtraining =
increase of error rate

test sample

training sample

flexibility (e.g., number
of nodes/layers)

>
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Deep Neural Networks

Deep networks: many hidden layers with large number of neurons

Challenges Big progress in recent years
» Hard too train ("vanishing gradient » Interest in NN waned before ca. 2006

problem®) » Milestone: paper by G. Hinton (2006):
» Training slow "learning for deep belief nets”

» Risk of overtraining » Image recognition, AlphaGo, ...

» Soon: self-driving cars, ...
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How do NNs work?

input layer hidden layer 1 hidden layer 2 hidden layer 3

How do NNs work?

layer

agM =17 (wooag® +wpqa@+ ... +wgy,a,0 + by)

activation weights
function
| (1)_ W .. W [~ (0)_
a[) .0)0 ) (;),n aO bo
sms — f : .. : N + N
a‘gll) Wk}o s e Wk’n a;ELO) bn
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How do NNs learn?

After we constructed a network, our task is to assign proper weights so neurons
will react correctly to incoming signals.

« define a loss function to measure how far the response is from the truth

This function is a function of all the weights and biases in the NN (a priori a very
large number), and the goal of training is to find its minimum.

« To start with, all weights are assigned randomly.

« After evaluating the NN on the training
dataset, we can compute all the
per-neuron differences with respect
to the correct result.

« Computing the gradient of the loss,
gives us a direction in which to tune the
weights towards a local minimum

The process of correcting the weights is
called backpropagation an error.

DES
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How do NNs learn?

A mostly complete chart of

~ Input Cell N e U ra l N e tWO r kS Deep Feed Forward (DFF)

O Backfed Input Cell ©2019 Fjodor van Veen & Stefan Leijnen  asimovinstitute.org
STAYAN
e

Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF) ,‘ .t{’,:,.‘:,
A

. Hidden Cell g == & X3 A
: '/‘\
. Probablistic Hidden Cell i >. _ 7 - \ "\',

@ spiking Hidden Cell

. Capsule Cell

/N Noisy Input Cell

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
) () ) =) () ()

RN
. Output Cell "\;'{,\)'{ S D

. Match Input Qutput Cell

. Recurrent Cell

. Memory Cell

. Gated Memory Cell

Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)

Kernel

O Convolution or Pool

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

AR/

e e

@ 0 0O
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How do NNs learn?

* Each input is multiplied by a weight. | siemeia ' St ie )
o)==
* The weighted values are summed ;

S g ' Maxout
and a bias is added tanh(z) f wax(] 2 + by, ] + by
* The result is passed to an a(0,) _/ EL” _/
activation funciton (non liniarity). VA R
m
g=f Z(wzxz) + bias
i=1

=
¢

Thers’s a
fre— world inside
g black boxes!
Inputs ‘ ts Summation and Bias Activation Output
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Typical Applications

Regression: Classification:
Predict a continuous label. Separate events into multiple categories.
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Input Preprocesing

* |nput features could have vastly different scales (e.g. pr vs n).

+ Difficult to find optimal values.

¢ Basic strategy: Normalize to mean=0 and variance=1.

original data zero-centered data normalized data

¢ Other options possible: decorrelation, non-linear transformation, ...

———
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Training

* Training starts specifying an input and a target dataset.

* For each input set, the target is what the network should learn

for that input.

* Aloss function is required L(0):

* The loss funtion quantifies the mistakes the NN makes.
E.g. mean squared error can be used for regression.

Training is the
minimization of the
loss function w.r.t. the
NN parameters.

25/01/2023

L(O)A

Local min

/ Global min

'
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Training: (Stochastic) Gradient Descent

* Given the increasing size of datasets and parameters, it is no more
possible to directly minimize the loss function.

Iterative minimization by updating 6 in opposite direction of gradient.

oL _ .
0, =60;,_1 — oz% , where a is the so-called « learning rate ».

¢+ Evaluation and derivation of the loss
funciton for the full dataset is costly:

A

2
S ¥/

Stochastic gradient descent:
Calculate gradient for a small
stochastic subset of the training
sample (batch). — This also helps
to avoid local minima! Parameter”

One iteration over the full training dataset is called epoch.

L g
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* More advanced options than

Training: more optimisers

fixed learning rate.

¢ Momentum:
past gradients used as
« velocity »

* Adaptive methods:
different learning rates
for each parameter and
as a function of past
gradients.

25/01/2023

- /7‘/’_”;7—7‘"’.‘7:; — Sgd
—  momentum |
ok N — Tiag B
7 —— adagrad [
R\ B
-1} /) ,’ \ adadelta :
/]
// rmspro
=2t prop \_
[
_3 L ‘,’
-4} ‘{
=k 111
-2 - )
100 ] ] 1 1
80 |
60
40
20
0 L L 1 1 1
0 20 40 60 80 100 120
Epoch
30



Underfitting and overtraining

Underfitting: If model capacity is too low
or if training is not enough
- bad performance.

| Underfitting Overfitting

Overfitting: If model capacity is too high,
network can « memorize » training samples
- bad generalization.

25/01/2023 31



Overtraining solutions

Early stop:

Evaluate the performance of
the network on a validation
dataset.

Stop when performance on
validation set decreases

overtrainin

A
loss

validation set

training set

epochs
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Dropout:

Randomly drop a percentage
of nodes at each training step.
Learn redundant
representations, hence giving
a more robust model.

32



Deep-learning Neural Network

TensorFlow™
MNIST example



Neural network

Since 2010 new era in Machine Learning:
rapidly increasing areas of applications

Let's Get Started!

FUKUSKIMA'S
VE 0 co6NITROL
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Neural network

Since 2010 new era: rapidly increasing
areas of applications
NEORAL NETWORUS —> DEE?P LEARNING

s 200 : SPEECK R ECDGNITION

2,12 : COHPUTER ision) |
o720l : HACRINE TRANUSLAT 0N

@pﬁTﬁg
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Doop-Learning tutorial @ udacity

https://www.udacity.com/course/
deep-learning--ud730

Vincent Vanhoucke
Principal Scientist, Google

cz nss:c—:chlou

/ UU'UG'
0°3f,5§,§m.w REGULARIZATION
O
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https://www.udacity.com/course/deep-learning--ud730

Supervised Classifications

Superyised Classification

pd bE
nd

¢ D
TRAINING sel
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Supervised Classifications

uperyised Classification . R E ' M mkc E n E M
A E GRESSIOM LEARNIN G

b\ /
CLAS SIFICATION

L \J |
RARVKING DETECT'ON
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Classifications for Detection

VS . -
VO PEDESTRIAV

Use o binaroy pedesteiam /[ no pedestian
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|

25/01/2023 39



Classifications for Ranking

\& * j
/\2\?\ & {\\Q Udacity deep learning

Web News Videos Images Shopping More ~ Search tools

About 46,700 results (0.64 seconds)

Machine Learning: Supervis ing - Udacity
s://www.u ud675 v Udacity ~
Oct 3, 2014 - Ethem Alpaydin, Introduction to Machine Learning. Second Edition. ...

stisclent Use o c,(’assiffer ok toes Ko pont

b | (auery, web pag)as o inpuk, and
RE LEVANT | c(’assi(@iﬁ e pair o-s reee.w.u.’r/ nok refz vant
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Logistic classifier: Linear model

Training Your Logistic Classifier

LOG\S
c LASSIFIER
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Softmax

'LoG(TS
\> SCORES
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,One hot” encoding

One-Hot Encoding

.7 ENC,ODWG .o

R

A —-—)oZ 0.0
0.\ ;
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ing

encod

One hot”

144
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Optimisation: Cross-Entropy




Multinomial logistic classification
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Optimisation of average loss

Bic MATRIX

{ -1 P(s(wWxeb) L)

\ig o g
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Gradient decent
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Normalised input and output

ormalized [nputs a

nd Initial Weights

AP 6§
v v .
D 0o (pb EQUAL
P ‘//vnﬂiofwaé;
> >
Z2ERD
HEAN |
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Normalised input and output

TNRGES

R-12% G-128 B- 2%
128 12. % flzg

._/7[0... 255
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Initialisation

ormalized Inputs and.Initial Weights

' .
OF THE LoGISTIC pi;ees - 18
CLHS&‘F‘ER |28

L=1% D(s(WX+b) L)

J \,
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Training, validation, testing
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Gradient Descent

TENS OF

Tines! 5/0E"ZDL

o (o0, )

( . \ a’u_._ THE
])RTP«./

\3,( THE COMPUTE

-aM("u‘“t)
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Stochastic Gradient Descent

Stochastic Gradient Descent

o ()
\3,( THE COMPUTE

-QM(“’H“‘I)

LE AR NING
RATE
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SDG: optimising with momentum

s

RUNNING RVERAGE
o (o 00) M&0IM+ Al

-am "’l(‘*’;,“’z)
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Momentum and Learning Rate Decay.

LEARNING RATE DECAY

%y LERARNING
A, \?\m
/ .

STEPS

o (w0, )

-—LQA(U”U)Z)

B)anmive

25/01/2023 56



SDG: ,,black magic”

MANY HYPERPARRMETERS
. WITIAL LERANING RATE

+ LEARNING ARTE DECRY

» WOHENTUM

, DATCH S|12€E e 105
. WEIGHT VITIAL\ZATION

—>

HIGH LEARNING
AATE |
0w LEARNING

: ARTE

P STEPS
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Input — linear - output

Parameter Hyperspace!
WUl

106

'SHALLOW' HODEL
INPUT ~ L'\MEGR’T’O"’TM
No DEEP LEARNING YET !
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Linear models are linear

Linear Models are Limited

(m.\)\( PARANETERS
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Linear models are stable

Y WX ——>AY~)w\Ax

BOWDED 7
Snﬂ Lu SMALL

2 -
_ \/\-) x S CONSTRUTS
ke Ay L

= X

AW
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Linear models are here to stay

 This is still linear
Y=o, 0, X =W X

* Lets introduce non-linearity

Y = o 2q )(:2'—»%

NOMN - LINEARITIES
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RELU: Rectified Linear Unit

NEUR

ol -
K 13
NETWORK o 1w =Y = () |0
=V 1l
X AW P W (Y = S
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Networks of RELU

X -xw »L,—>|i_/.—x\/\/z Yo S(9)-

@ o a0

HOW THE |
D WEUROTIORPHIC

ENGINEERING?
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The Chain Rule

(26N = /(L)L)
7 _~

DERIVATIVE PRODU CI

STACKRING O SIHPLE OPERATIONS

X — 5 1\—>D— 7\ A 4 >S}Y)-¢
./«4./ / Yl

ot A ey @
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Back - propagation

FOR(WARD PROP

X _,.U)]—; —;wz—ﬂ —>\/
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Optimisation tricks
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Optimisation trick: dropout
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Deep networks
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Deep networks




tensorflow.org/paper/whitepaper2015.pdf

TensorFlow:
Large-Scale Machine Learning on Heterogeneous Distributed Systems

(Preliminary White Paper. November 9, 2015)

Martin Abadi, Ashish Agarwal. Paul Barham, Eugene Brevdo, Zhiteng Chen, Craig Citro,
Greg S. Corrado. Andy Davis. Jeffrey Dean. Matthieu Devin. Sanjay Ghemawat, lan Goodfellow,
Andrew Harp, Geoffrey Irving, Michael Isard, Yangqing Jia. Rafal Jozefowicz, Lukasz Kaiser,
Manjunath Kudlur, Josh Levenberg, Dan Mané, Rajat Monga, Sherry Moore, Derek Murray,
Chris Olah, Mike Schuster. Jonathon Shlens. Benoit Steiner, Ilya Sutskever, Kunal Talwar,

Paul Tucker, Vincent Vanhoucke. Vijay Vasudevan. Fernanda Viégas, Oriol Vinyals,
Pete Warden, Martin Wattenberg, Martin Wicke, Yuan Yu, and Xiaoqgiang Zheno
Google Research™®

A Thstrract
N

TensorFlow [1] is an interface for expressing machine learm-—
ing algorithms., and an implementation for executing such al-
corithms. A computation expresscd using TensorFlow can be

exccubted with little or mno change on a wide variety of hetero-—
ooncous systems. ranging from mobile devices such as phones

and tablets up to large-scale distributed systems of hundreds Tensor
of machines and thousands of computational dewvices such as

GPU cards. The system is flexible and can be used to express

a wide wariety of algorithms. including training and inference

algorithims for deep neural network models. and it has been

usced for conducting rescarch and for deployving machine learm-—

ing systems into production across more thhan a dozen areas of

computer science and other fields., including speech recogni-

tion. computer vision. robotics. information retrieval. matuaral

languagsce processing. geographic information extraction. arnd

computational druag discowvery. This paper describes the Ten-

sorFlow interface and an implementation of that interface that

we have built at Googole. The TensorFlow API and a reference
implementation were released as an open-source packagse under

the Apache 2.0 license in November, 2015 and are available at
wowows . tensorflow . org.
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TensorFlow is an open source software library for numerical computation
using data flow graphs.

biases Edges are N-dimensional arrays: Tensors

examples

labels

TensorFlow - lazy evaluation

What is a Data Flow Graph?

Data flow graphs describe mathematical computation with a directed graph
of nodes & edges. Nodes typically implement mathematical operations, but
can also represent endpoints to feed in data, push out results, or read/write
persistent variables. Edges describe the input/output relationships between
nodes. These data edges carry dynamically-sized multidimensional data
arrays, or tensors. The flow of tensors through the graph is where
TensorFlow gets its name. Nodes are assigned to computational devices
and execute asynchronously and in parallel once all the tensors on their

incoming edges becomes available.
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Key Features

Deep Flexibility

True Portability

Connect Research and Production
Auto-Differentiation

Language Options

Maximize Performance

Parallel Execution

Launch graph in a Session

Request output of some Ops with Run AP|

TensorFlow computes set of Ops that must run to compute the requested outputs
Ops execute, in parallel, as soon as their inputs are available

There are hundreds of predefined Ops (and easy to add
more)

Basics: constant, random, placeholder, cast, shape

Variables: assign, assign_sub, assign_add

Queues: enqueue, enqueue_batch, dequeue, blocking or not.

Logical: equal, greater, less, where, min, max, argmin, argmax.

Tensor computations: all math ops, matmul, determinant, inverse, cholesky.
Images: encode, decode, crop, pad, resize, color spaces, random perturbations.
Sparse tensors: represented as 3 tensors.

25/01/2023

(oo ) (oo ) (o) (o8 ] (]

Tensor

Python front end

And many neural net specific Ops

Activations: sigmoid, tanh, relu, dropout, ...

Pooling: avg, max.

Convolutions: with many options.

Normalization: local, batch, moving averages.

Classification: softmax, softmax loss, cross entropy loss, topk.

Embeddings: lookups/gather, scatter/updates.

Sampling: candidate sampler (various options), sampling softmax.

Updates: "fused ops" to speed-up optimizer updates (Adagrad, Momentum.)
Summaries: Capture information for visualization.

72



Hand-written diggits: MNIST
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MNIST = Mixed National Institute of Standards and Technology - Download the dataset at http://yann
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Simple linear model
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Slides from M. Gorner tutorial
http://www.youtube.com/watch?v=vq2nnJ4g6NO
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TensorFlow full python code

initiod isotion
import tensorflow as tf

X = tf.placeholder(tf.float32, [Nene, 28, 28, 1])
W = tf.Variable(tf.zeros([784, 18]))

b = tf.Variable(tf.zercos([10])) e
init = tf.initialize_all_variables() _— wmiodel

# model

Y=tf.nn.softmax(tf.matmul(tf.reshape(X,[-1, 784]), W) + b)

# placeholder for correct answers
Y_ = tf.placeholder(tf.float32, [Nene, 18])

SUCCELSS nietrits

* tf.log(Y)) \

# & of correct answers found in batch |
is_correct = tf.equal(tf.argmax(Y,1), tf.argmax(¥Y_,1)) /
accuracy = tf.reduce_mean(tf.cast(is_correct,tf.float32}ﬁ/

# loss function
cross_entropy = -tf.reduce sum(Y_

optimizer = tf.train.GradientDescentOptimizer(0.003)
train_step = optimizer.minimize(cross_entropy)

— tro4ning step
s

sess = tf.Session()
sess.run(init)

for i in range(10@0@):
# Lload batch of images and correct answers
batch_X, batch Y = mnist.train.next_batch(10@)

train_data={X: batch X, Y _: batch ¥}
# train
sess.run{train_step, feed dict=train_data) —— Efitf?

# success ? add code to print it

a,c = sess.run([accuracy, cross_entropy], feed=train_data)

# success on test data ?
test_data={X:mnist.test.images, Y_:mnist.test.labels}
a,c =

Slides from M. Gorner@youtube
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Simple linear model

. Accuracy = Cross entropy loss Training digits
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Multi-layer connected network
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Multi-layer connected network
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All tricks count

But noisy accuracy

Use RELU
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an do better with conv network
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