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Outline

Lecture 1 (yesterday)

Introduction to Machine Learning
Supervised Learning
Linear Models

Regression

Classification
Hypothesis Tests and ROC curve
Overfittig and Regularization
Cross-Validation

Machine Learning Software
Introduction to ROOT/TMVA TMVA
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Mathematical Modeling

Key element is a mathematical model

Learning

Estimate statistical model from the data

Prediction and Inference

use the statistical model to make predictions
on new data points and infer properties of

system(s)

L. Moneta

........
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Classification and Regression Tasks

» Classification - How to find the best decision boundary ?

0 . | 0 I 0 . |

[E. v. Toerne]
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Supervised Learning

How does it works ?
Given the data { x;€ X } and targets { yi€E Y }

choose a model F ={ f(x; w)} and with optional constraint
Q(w) mapping y = f(x; w)

Design a Loss function measuring the cost of choosing badly

Global
cost minimum

\

N
1 4 local
L(W, X) p— N E l;(y?}7 f(XZ7 W)) cost minimum
1=1

J(w) '/

Find best values of the parameters w
that minimize the loss function L(w, x)

w

Estimate the final performance on an independent data set
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Linear Decision Boundary
T AN

h(x;w) =w" X

L R
R 1 _|_6—h(x;w) R 1 _|_€—wa

p(y = 1|x) = p;
[Bishop]

Binary cross entropy Loss function

=Y (yilnp; + (1 — y;) In(1 — p;))

=
2
||

0
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Least Square Regression

Least Square Loss function

N

L(w) = 5 Z(yi — f(xi;w))”

Measurement XYZ

Find minimum of L(w) g i e

Arb.U
$
<
2 O
— O

Used also for parameter estimation — -
i.e. Least square fit (X? fit) s % %%

Deviation

o %%Jf \ -
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Regularization

Method to find optimal model is to add a parameter
constraint in the loss function

aim to trade some bias to reduce variance

Modify loss function (e.g. for linear regression):

N
1
L(w) =5 Z<y — (%1 W))? + AQ(w)
1=
L2 norm Q(w) = ||w]]? = Z w:
equivalent to Gaussian prior on the weights
Llnorm Q(w) = [lw] =) |w]

- equivalent to Laplace priot on the weights. ...



L. Moneta

What is the correct model ?

| 0 |

f(z|w) = wo + wrx f(z|w) = wo + w1 + war® + w3z®  f(x|w) = wo + wix + ... + wox”
Under fitting Over fitting
Large Bias Large Variance

model does not
reproduce well the data

model reproduce the
training data too well
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Hyper-Parameter Optimization

Prediction Error

High Bias

LLow Variance

/

Training Sample

Low Bias

High Variance

Test Sample

/

overfitting

Low

High
Model Complexity M. Kagan]
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ROC Curve

N Signal density
p(x, s) =p(x | s) p(s)

Background density
p(x, b)=p(x | b) p(b)

density
P )

.
-~
>
3
S o
§
7))

Optimal classifier
maximises the
area under the |
ROC curve 0 -
(AUCQ) 0 €signal 1

Type-1 error large
Type-2 error small

E. Toerne]
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Outline for today

Lecture 2 (today)

Fischer discriminant
Support Vector Machine (SVM)

Decision Trees

Lecture 3 (tomorrow)

Deep Learning

@ nput Layer (O Hidden Layer @ Output Layer
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Fischer Discriminant

Find projection that maximises the separation
between two classes

4t

\ .. .
K .‘ .. ®
. - . - ..
’ : s f“vf.: : ..:_+.;:
-

-2 2 6

Data Science School in (Astro) Particle Ph_vsics, Lisbon, 12-14 March 2018 98



Fisher Linear Discriminant

How to find the projection maximising the
separation ?

— Want means (m,) of two classes (C,) to be as far apart as
possible = large between-class variation

Sp = (my — my)? (my — my)

— Want each class tightly clustered, as little overlap as
possible — small within-class variation

SW:Z(Xi m;)’ (x; — my -I—Z i —mg)’ (x; — my)

1€C1 1€Co

e Maximize Fisher criteria

T
w' Spw -1
max J(W) — WTSWW — | WX SW(m2 o ml) [M. Kagan]
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Fischer Discriminant

Easy to compute w o Siy (my — my )

requires computing data
covariances (within class Sw = Cy + Cs

matrix) for training data covariance matrices

Easy to understand (visual for classes 1 and 2
representation) 4

Optimal classifier for separating \ w:fx+ |
Gaussian data with same 2| T
covariance but different mean o R
Performance might be poor for Y

complex data (when a non linear N

decision boundary is needed) 2 2 6
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Support Vector Machine

find a decision boundary which maximise the
possible margin (separation between the
points)

N
Y
Y
Y
Y
N
\\
by
\\‘ 7 \\\
\\ N
\\ \\
Y
\\
— S N
\\\ \\\
. . . \\ \\
C I8} | | 7
a IS D . Maximum.
e} >, ' margin
° = N
N
N
\'

X4

N\
x Y
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linearly
separable

not
linearly
separable
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Linear Separability

o ®e A A o
e & A A, °
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Best Decision Boundary

How to find the optimal decision boundary ?

For classes which are linearly separable a possible
solution is to find:

maximum distance between decision boundary
and the points (Maximum Margin Classifiers)

A
x2
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Best Decision Boundary

A
X2

Linear classifier :

T

h(x;w) =w" X + wy

Distance point x; to decision
boundary : (yi = {-1,1} )

/
7/

/ T
//‘b/\é-.‘/ y’l, (W X’L _|_ w())
o vwiw
Optimization problem
! iny; (wlx; +wo) arg min 1WTW
arg vrvna{‘))% T miny;(wW" x; +wo) p ——> gw’wo

s. t. yi(WTxZ- + wg) > 1 for all 4
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Support Vector Machine

Loss function for SVM
1
_ (T L 2
Liw)=C g max(0,1 — y;(W" x; +wq)) + 5 g W;

C is the regularisation hyper-parameter

control how much softening/hardening of the
boundary is allowed.

increasing C makes the boundary harder
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Hinge Loss Function

The Hinge Loss function

L(y;,zi;w) = max(0,1 — y;h(x;;w))  y; ={—1,1}

5 T T . .o e

— Zero-one loss for linear classifiers

— Hinge loss T

— Log loss | . —
) Modified huber loss h(X7 W) W X —|_ wO

Hingé Loss i This loss function penalises
E only data points that give
| Th(x) | <1
1 . . i
Logistic Loss
%3 ) ) 0 1 2 3
y-flx)
Yih(X;W)
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SVM : Soft/Hard Margin

C=infinity, hard margin C=10, soft margin

08
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04

02

0.2

04

06

08
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SVM: Kernel Trick

For data which are not linearly separable can
use a mapping ¢(x) from R™—Rk

Decision boundary can be written as
h(x, a, ’wo) = Z azyng(xz)ch(x) + Wy
()

Kernel function K(x,x") = ¢(x) d(x")
Kernel trick:

compute the Kernel K(x,x") without
computing $(x)
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SVM Kernels

Linear Kernel: K(x,x) x' x’

Polynomial Kernel: K (x,x’) = (1 + L <! )

(x — X’)2>

Gaussian Kernel: K(x,x') = exp ( 952

8 109
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SVM: Kernel Examples

10F

Linear 0
kernel

0.0+

SVM Decision Boundary accuracy=0.445 (Kernel=linear
C=1.0)

5t

1.0

0.5

0.0f

SVM Decision Boundary accuracy=1.0 (Kernel=rbf
C=10.0 gamma=0.1)

o

kernel

Ldia OUICLILE OULLIVUL L \ADULU) L dlULIE L LILYDILD,

LIDUULL, 147149 LVLIdIULIL LU L0

Gaussian
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Conclusions on SVM

Powerful tool effective with high dimensional data

Flexible in dealing with non linearity by choosing
different possible kernels

Disadvantages:
complex algorithm for training
does not scale well with large data sets

complexity between O( Nfeatures X N?) and O(Nfeatures X N°)
depending on implementation

[ibSVM best implementation (available in TMVA with R
interface or in scikit-learn)

TMVA native SVM implementation is not very
computational efficient
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Decision Tree

Example:

Predict to play or not to play golf depending on

whether conditions

Outlook
Sunny Overcast
Humidity Yes

High Normal

/ \

No Yes

Rain

™~

Wind

/\

Strong

/

No

Weak

\

Yes

L > DUUILL, LL-14 A\/['Jl‘Ch 2018
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Decision Trees
Node :

test one attribute x; (e.g.
Wind )
Branch: @

select one value for x; %

Leaf: 0

predict probability for y; %
P(y Ix)

Decision trees are like multi-dimensional

histograms (bins are constructed recursively)
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Building a Tree

» Scan along each input variable x; and propose a
DECISION

» A cut on value that maximised class

separation
< 80.46
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Decision Tree: Splitting

no

A

no

A

yes

L9

A

o
o
o
°
o O
A
Al o ®
A o
A
A L
A
>

Partition the data using a sequence of cuts
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Building Decision Trees

Choose decisions that maximise separation
between classes (e.g. signal and background)

After each decision one can estimate the class
probabilities p(yi | x) N

p(blue)=0/7 p(blue)=1/7
>

C1 le

Data Science School in (Astro) Particle Ph_vsics, Lisbon, 12-14 March 2018
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Training Decision Trees

Measure separation gains with impurity
functions H to have optimal split

G(Q,0) = S H (Quere (6)) + "1™ H(Quign (0))

optimize splitting by

minimise the impurity
<value \> value

Greedy training: optimize one splitting at a
time and not all together at the same time
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Decision Trees: Impurity Functions

Measure separation gains with impurity
functions H to have optimal split

G(@:0) = "= H(Qun(0)) + "22 H(Quign (0)

Classification

: : N,
— Proportion of class £ in node m:  pmr = N—k

— Gini: H(Xy,) = mek(l — Dmk)
k
— Cross entropy: H(Xm) == pmk 10g(pmk)
k

— Miss-classification: H(X,,) =1- m]?X(Pmk)
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Splitting

Impurity as function of proportion p

0.5
|

0.4

0.2

0.1

0.0
|

| | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

p Misclass. = min(p, 1 — p)
Gini index and Cross-entropy Gini = p(1 — p)

rescaled to pass through (0.5,0.5) Entropy = = plogp = (1 = p)log(l =p)
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Decision Tree: Regression

In regression we want to estimate a continuous
target y

compute average of y in region after splitting
_ L Z "
M ieN,
use it for Computing square error
H(X;,) =— Z —Cm)?
™ €N,
minimize total square error after splitting

[t is like finding an optimal binning of the data
Data Science School in (Astro) Particle Physics, Lisbon, 12-14 March 2018
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Example of Decision Tree Regression

2000 T T T T T T T T
@ o observation
o e == prediction
@ [5)
1500 | o ® ®0 .

1000

bikes

500

temperature <= 14,3801
samples = 729
0 1
-5 0 5 10 15 20 25 30 35 40
temperature
temperature <= 9.1109 temperature <= 25.8488
samples = 282 samples = 447

samples = 156 samples = 126 samples = 276 samples = 171
bikes = [ 189.23183761] bikes = [ 384.82407407] bikes = [ 769.08756039] bikes = [ 957.6539961]

[Cambrige Coding Academy ]
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Building Decision Trees

» By applying different decision that maximised the
separation, we build regions of increasing purity.

» When to stop building a tree ?

» in principle we could stop when all events are
classified

» overfitting

» Need to stop then
earlier. Different rules:

» fixed depth

» fixed minimum sample

Variable 2

> minimum information
gain, etc.. o Variable 1
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Mitigating Overfittin

-05 00 05 10

no pre-stopping max_depth

15 15

10

10

05

05

00 00

-10 -05 00 05 10 15 20 =10 =05 00 05 10 15 20

min # of samples in leaf maximal number of leaves
[Rogozhnikov]
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Ensemble Methods

How can we reduce variance of the model and
not increasing the variance ?

Train slightly different models
take majority vote (classification)
average prediction (regression)

Bias does not increase because average of
ensembles

Variance decreases because spurious pattern
picked by a model will not be picked by others

Data Science School in (Astro) Particle Physics, Lisbon, 12-14 March 2018
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Example Ensemble Methods

Individual Models Average Model

Green = true function

0 1 6 1 [Bishop]

Ensemble methods are very useful to overcome problem of
overfitting with decision trees

Combining several methods has been found to be very
powerful

Two techniques exist for ensemble methods:

Bagging and Boosting
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Ensemble Methods

Bagging (Bootstrap aggregation)

sample dataset with replacement and train a different
model on each trained set

take average or classity using a majority vote
1
Random Forest h(z) = > hi(x)

bagging using randomised trees

random subset of features used at each split

Boosting

Each tree trained on a different weighting of full training
set.

give more weight to events previously not correct classified

Popular algorithms: AdaBoost, GradientBoost

Data Science School in (Astro) Particle I’hys‘ics, Lisbon, 12-14 March 2018
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Adaptive Boosting

Train in stages
Adaptive weights
ADABoost: Freund & Schapire 1997

Misclassified events get a larger weight going
into the next training stage

Classify with a majority vote from all trees

Works very well to improve classification power

of “greedy” decision trees
Ntrees Ntrees

h(z) = Z aihi(z)/ Z o
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ADABoost

classifier -wei
— " CO(x) \ AdaBoost re-weights events

misclassified by previous classifier
1 re-weight by:
Weighted classifier 1—f _
Samp|e C(1 )(X) o W|th )
re-weight err
Weighted cI%%i(fi?r misclassified events
x j—
i ns . all events

1 re-weight >

Weighted classifier

AdaBoost weights the classifiers
— > CO)(x)

Sample also using the error rate of the
1 re-weight individual classifier according to:
NCIassiﬁer 1 . f(') ()
. _ r |
; y(x)= . log| g CV(x)
Weighted classifier ! err
Sample Cm(x)

[E. v. Toerne]
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Example Decision Trees

» Example of Random Forest

data

50 trees 2000 trees

Random Forest [Rogozhnikov]

Data Science School in (Astro) Particle Physics, Lisbon, 12-14 March 2018
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Conclusions on Decision Trees

Methods based on ensembles of Decision Trees work
very well

several variants exists (Random Forest, ADABoost,
Gradient Boost)

Rarely overfitting
Robust to noisy data
Can use heterogeneous or missing inputs
Easy and fast to train them
Example: using 179 classifier on 121 public data sets:

Random Forest found best classifier
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HEP Example: BDT for H—yy

1o 19.7 fo™' (8 TeV) 1o° Eur. Phys. J. C 74 (2014) 3076
g ¢ Data T
o = MC Background l,
;105 ;H—pw(mN-125GeV) 10":5
. . - H -1 -1
> 10 19.7 b (8TeV)+5.1fb : (7 TeV) 8 = ?VIVQB’ZZH (2 > 30 19.7fb"" (8 TeV) + 5.1 fb™ (7 TeV)
8 . CMS 8 TeV Untagged 4 5 104 O tH 10° g_ 8 25| CMS 8 TeV Untagged 0
~ 4 ¢ Data © 2 =~ ¢ Data
12] — S+Bfit © Py 12] — S+Bfit
c T\ e B component A 10° 0° o s 2n = B component
Q 3t = ilo o > im0 =
Ll.' ...... +26 uJ 15 L
2
| 10 10 o
1+ 10 2 5
| .‘fii 9 R
0 1 : — * 0.1 100 120 140 16 180
100 120 140 160 180 0.4 .06 0.8 1 m., (GeV)
m., (GeV) < Transformed diphoton BDT classifier score L
0 19.7fb" (8 TeV) + 5.1 b (7 TeV) 0° 19.7fb"' (8 TeV) + 5.1 fb™' (7 TeV) 400 19.7fb" (8 TeV) + 5.1 b (7 TeV)
> % > % >
(&) CMS [ - CMS [) CMS
8 TeV Untagged 3 | 8 TeV Untagged 2 8 TeV Untagged 1
O 251 G2 0]
~ ¢ Data ~ » ¢ Data ~ ¢ Data
12} — S+Bfit o K — S4Bit © 300 — S4B it
- 2H® e B component | — IR e B component c  I'N 0 e B component
q>’ 3 tio g 0.8 3 t1o q>’ i = 1o
...... +20 O e 420 e 420
W sk w W 200}
0.6
1 L
0.4} 100+
051 0.2
0 L | l L 1 [ L ' . 1 l 1 L | 0 L | l I | l L L 1 l 1 L | 0 L | l I | l 1 1 l 1 l.
100 120 140 160 180 100 120 140 160 180 100 120 140 160 180
m,, (GeV m,, (GeV m,, (GeV)
L. Moneta
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Decision Trees in TM VA

TMVA provides a very good implementation of
Decision Trees (BDT)

ADABoost with 3 different variants
Gradient Boost

Bagging

Random Forest (bagging and randomised
trees)

Several configuration options available
(See TMVA Users Guide)
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Unsupervised Learning

Given some data D = {x;}, but no labels

Find possible structure in the data

Clustering:

» partition the data into groups
D={D;UD;UDs3....U Dy}

Dimensionality reduction:

» find a low dimensional
representation of the data
with a mapping Z = h(X)

1st PC
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Principal Component Analysis

Unsupervised Learning Method
Given data D = {xi}

find directions that explains the most variation

of the data
Equivalent to find eigenvectors 1 &

_ . .. S=—) (x;—%)
of the data covariance matrix N &

Variance of projected data Unit length vector constraint
A
: | | | |
projected T e
. .. u; =argmax uy; Su; + A(l —ujuy
direction 1 S U 1 ( 1 u)

— Su; = Ay u; is eigenvector of S

L. Moneta e e arvon et e ey~ rernn ~ <y e, —isDON, 12-14 March 2018 134



Principal Component Analysis

60 T T T T T

40}

20

—-60 1 ]
-60 -40 =20 0 20 40 60
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K-Means clustering

Initialize means px randomly

e.g using k-means++ initialization

Assign data to closest prototype cluster looking at the

minimal distance

. —
keﬁl.l.r.lf(} V(i = i)

Update the uxvalues
using prototype clusters
1
= =) x;

ok -~ zgs:k
Re-assign data using
new My values
[terate until convergence

21 ()

Data Science School in (Astro) Particle Physics, Lisbon, 12-14 March 2018
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Clustering in HEP

Jet clustering
Sequential clustering algorithm

Combine particles together to form jets

* Compute distance between pseudojetsiand | .. A&
Aij
D

d;; = min (k%zz, k?l};) A2 = (y; — ;)% + (6i — ;)°

* Distance between pseudojet and beam | d;5 = k2%

* Iind smallest distance between pseudojets dij or d.g

— Combine (sum 4-momentum) of two  sew it Rt
pseudojets if d;; smallest z

— If d,z 1s smallest, remove pseudojet 1,
call it a jet

— Repeat until all pseudojets are jets

[M.Kagan] * §8.
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