=84

=n(B)+n(C)n(BNQ)

He = 4.002602
989769
.948

log.x + log,y

X
log,x — log,y a(bc) = (ab)c
a+b =b+a

(1002)a+100b
“ a(b+c) = ab+ac 100002 + 100 b - SE )

T 411
qllphyO@pku edu.cn 15210033542
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d i s w b 0 w 2013 NOBEL PRIZE IN PHYSICS
- 4 "z - 2 N 1 A .
down strange bottom photon Fran(;OlS Epglert
e T (o Peter W. Higgs
e 1 1 ,.[ 0 —¥
12 l‘l 1”2 1 K
electron muon tau Z boson 8 ocberz0t3
The Royal Swedish Academy of Sciences
has decided to award the Nobel Prize in
v e <017 M <155 M 804 Gavic® " Physics for 2013 to
f 9 0 'I a ’ l ) £ £ Frangois Englert and Peter Higgs =
F v ve iz 2 1 w “for the theoretical discovery of @
Q eleclmn muon tau mechanism  that contributes to our
hetitrino__| |_neutrino | |_neutino ) | boson e KR

confirmed  through the discovery of the
predicted fundamental poarticle, by the
ATLAS and CMS experiments at CERN's Large
Hadron Collider”

E>2TeV

electron
<10"%cm
proton
(neutron) Esdiey
quark
<10""%cm

nucleus

-1— — -15 Lt ~10""2cm -
{ 1 GEV ) — 0-2 fm — 0-2 10 m atom~10'8cm E > 200 MeV ~1o-13cm
> 0.05 MeV E >2GeV
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electron
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jet
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jet

Silicom -
Tracker

missing
energy

Electromagneftic
Calorimeter

Hadromn

Calorimeter Superconducting
Solenoid

Iren return yoke interspersed
with muen chambers

Muon Electron

Charged hadron (e.g. pion)

- ==-Neutral hadron (e.g. neutron) --=-=--Photon



i

A
o .l"(’l

WA

D,

i)

‘."

.,‘\ ‘:;‘
3 ,,.-;;7-. Muen Chamb
4 & b

ers, Yoke
2" ¥y "ﬂr—z TNy g
“‘Magnet

1

NSl

v Yy
_
A -

weight: 12500 t
overall diameter: 15 m
overall length: 21.6 m




\\\\u
The Worqd ' u-}"

.
Aglobal collaB‘oration ofcomputerl\tres distributesandstores LH

42 countries

170 computing centres
Over 2 million tasks/ da
1 million computer cores Q '
1 exabyte of storage (1B GB)

CMS 15B events in 8 months
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35‘.. m, =124.3 GeV (fit) 7 TeV JLdi 46 b e E \s=7TeV [Ld( =46 — Total sig.+bkg 3
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£ I Background Z+jets, tf $ 600~ H>WW*—siviv + 0/1 jets 0 ww 3
= %% SystUnc. E 3
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F E I other vv =
& EA 4OOE Single Top 3
: 300%‘ [ Wejets —:
i3 200 C B 3
15F- 1005~ E
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E £ 40F 3
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Needles In a
haystack

In ATLAS, up to July 4, 2012:

A million billion collisions

4.2 billion events analyzed

240,000 Higgs particles produced
~350 diphoton Higgs evenis detected
~8 four-lepton Higgs events detected

my = /(B + Ep'=)? — (P{ + Ppi)?
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LHC

L1 trigger: local, hardware based, on FPGA, @experiment site
HLT: local/global, software based, on CPU, @experiment site
Offline: global, software based, on CPU, @CERN TO
Analysis: user-specific applications running on the grid

3° ' H” ’ o h 3



NEUTRINO HIGGS &%
OSCILATIONS DISCOVERY
200l 2012
1995 1989 200! 2006 2012 206
SUPPORT LENET  GRADENT o DEEP ALEXNET ALPHAGO
VECTOR BOOSTING |  BELIEFS =
MACHINES HOGERST NETS
\ GP-GPU

~
“\./ optimal margin
il

.
“optimal hyperplane

HEP

Artificial Intelligence
Machine Learning
Brain-Inspired

Yoshua Bengio Geoffrey Hinton

2018

Yann LeCun

10
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SEARCHED FOR ML-RELATED
—e— Any keyword KEYWORDS IN (HEP-EX) ARXIV

50 1

5
o

publications / year in hep-ex

=
o

MACHINE LEARNING IN

w
o

N
o

—~&— Neural networks
—&— Deep learning
—&— Machine learning

/

—&— Boosted decision trees

—&— Multivariate analysis

ROUGHLY 10% OF HEP-EX—

SUBMISSIONS

HEPGEX)

1995

2005 2010
publication year

23/11/2018

PASQUALE MUSELLA

SEARCHFOR TTBAR
USING NN AT DO

!
E
L

udiefrenn cred b bl

[HEP-EX/9507007 ]

Tevatron" Top @
LHC: HiggsL
miniBOONE: #
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Peter Higgs
CH FRS FRSE FInstP

Nobel laureate Peter Higgs at a press
conference, Stockholm, December 2013

Born

Residence
Nationality

Alma mater

Known for

Peter Ware Higgs

29 May 1929 (age 90)
Newcastle upon Tyne,
England, UK

Edinburgh, Scotland, UK
British(1]

King's College London
(BSc, MSc, PhD)

Higgs boson

Higgs field

Higgs mechanism
Symmetry breaking

Institutions University of Edinburgh
Imperial College London
University College London

King's College London

Thesis Some problems in the
theory of molecular
vibrations& (1955)

Doctoral Charles Coulsonl21(3]

advisor Christopher Longuet-

Higgins[21[4]

Charles Alfred Coulson:

Christopher Longuet-Higgins’
N 40 a 197OS~ - AD_?ctoral

advisor

Doctoral
students

Other notable
students

Christopher Longuet-
Higgins!31141(5]

Richard Zemell®]
Brendan Freyl7]
Radford M. Neall8]
Ruslan
salakhutdinov!?]

llya Sutskever!10]

Yann LeCun (postdoc)
Peter Dayan (postdoc)
Zoubin Ghahramani
(postdoc)

Geoffrey Hinton
FRS FRSC CC

Born

Residence

Alma mater

Hinton in 2013
Geoffrey Everest
Hinton
6 December 1947
(age 71)[1!
Wimbledon, London
Canada

University of
Cambridge (BA)
University of
Edinburgh (PhD)

12
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Tree 2RI
Node \%N%%Q‘

L eaf

Gini: Note that Gini is O for all signal or all
background. W, is the weight of event “i”.

G, = ivvl P(l_P)
i=1

Example:

* Pick the branch to maximize the change in gini.

¢ Criterion C = Giniparent — Ginrightchita “G1NTicfi-chila

cutp;>30Gev — C=4.0
parent | (112 /44y |F = 0.28,

/\Gini =31.6

(40 /33) (72/11) |P =0.13,

P =045,

Gini = 9.5

right

Gini = 18.1 left

* Optimize each node (e.g. p>30 GeV) by
maximizing “C”.
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BDT

Easy to understand/interpret  Training Fast
Single tree are not stable

3 a small change/fluctuation in the data can make a large difference!
Solution: e.g. Boosting! Y Boosted Decision Trees

Each tree is created iteratively
® The tree’s output (h(x)) is given a weight (w) relative to its accuracy

e 'The ensemble output is the weighted sum:
§(x) = D wili(z)

e  After each iteration each data sample is given a weight based on its misclassification
©  The more often a data sample is misclassified, the more important it becomes

® The goal is to minimize an objective function
O(z) = 32 UGi, yi) + 22, QU fe)

O l(@i, yz) is the loss function --- the distance between the truth and the prediction of the 7th sample

0 Q(ft) is the regularization function --- it penalizes the complexity of the #th tree

https://en.wikipedia.org/wiki/Boosting_(machine learning) 14



https://en.wikipedia.org/wiki/Boosting_(machine_learning)

BDT

ARAdapti ve

Boosti

0O AdaBoost

3 One of the originals

3 Freund and Schapire
0 Gradient Boosting

3 Uses gradient descent to create new learners

3 The loss function is differentiable

3 Friedman: https://statweb.stanford.edu/~|hf/ftp/trebst.pdf
0 XGBoost AneXtreme

3 Type of gradient boosting

Gr adi

ent

3 Has become very popular in data science competitions
3 Chen and Guestrin: https://arxiv.org/abs/1603.02754

Overtraining check:
0 Split data in training / test
0 Performance on the training
samples should not be better

than on the test sample

(1/N) dN / dx

2500 trees

TMVA overtraining check for classifier: BDT3

_i Signal (1est umpln)‘

H . Background (test sample)

i Signal :|#llninu nl\l\ph; ! 3
+ Background (iraining sample) |

O e N WA @ N @ ©
WANRALAIRR IR R aatanan e sannt; LT,

tost: signal

pr ility = 0.242 (0.01T)  —
Y E

0.2 03

BDT3 response

sl bl il
UO-flow (S.B)- (0.0, 0.0% / (0.0, 0.0%

"9 %Roc (Receiver Operating
Characteristic) Curves
Better

gund_mejechon
w0
w LE

RBackg
(=]
o

B

0.7

0.65!

0.6/

0 01 02 03 04 05 06 07 08 09 1
Signal efficiency

Best classifier can be identified by
the largest AUC (Area under curve)

15


http://www.sciencedirect.com/science/article/pii/S002200009791504X
https://statweb.stanford.edu/~jhf/ftp/trebst.pdf
https://arxiv.org/abs/1603.02754
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NN :

Artificial Neural Networks, connectionist models

inspired by interconnected neurons in biological systems

First Mathematical model of neurons Pitts & McCulloch (1943)

1986 Backpropagation reinvented: Rumelhart, Hinton et al.Nature

1990s' Great success of SVM and graphical models almost kills the ANN

Yann LeCun (1998) developed deep convolutional neural networks
Y LeNet-5, a pioneering 7-level convolutional network Hidden

2006+ Deep learning is a rebranding of ANN research.
Yy Convolutional neural networks running on GPUs

W W (W (W (W

[nput

Dierciriflix

Outputs

Myelin sheat

Myelinated axon




NN :

given: network structure and a training set D = {(x“), y)(x ", y""”)}
initialize all weights in w to small random numbers
until stopping criteria met do

X Q 0 for each (x@, y@) in the training set
2 Y
W2 input x'¥ to the network and compute output 0@

calculate the error  g(y) = l(yw - O(d>)2

calculate the gradient

X, w, _ . ’ |
yl —f(ZJWleJ + bl) VE(W) = dE dE .dE
aw, dw, ow,
b bias term update the weights
d learning rate Aw = -1 VE(w)

Standard gradient descent (batch training)
Stochastic gradient descent (online training) .



(d) (d) . . .
1 W, net—' =w, + EW% Activation Functions

Sigmoid Leaky ReLU ’
O(d) _ ; o(z) = # I max(0.1z, x) “

—net'®

l+e tanh I Maxout
S| id P tanh(z) max(w! z + by, wlz + by)
igmoi .
ReLU =L
T z>0
9o ) , max (0, z) { . ‘2
=0( )(1_0( )) . i (‘r(F —1) r<0

onet™” £

2
_ _( Y@ 0(‘”) _ _( . 0<d)) 0V(1 - 0 'xi(d)

Dropout layer:
Randomly drop links between neurons, with probability p O
(

a) Standard Neural Net (b) After applying dropout.


https://baike.baidu.com/item/%E6%84%9F%E7%9F%A5%E6%9C%BA/12723581

Supervised Learning

Degree 1 Degree 4
—— Model ~—— Mode
True function N True function
e*e Samples e*e Samples
Degree 4 Degree 15
>
— Model —  Model
. —— True function —— True function
e*s Samples

ese Samples

o AN
x x §

o N\ \

8 ——— Validation

- ~ Training . .

underfitting
. ——— Validation
Overﬂtt'ng — Training )

Epoch 19
Epoch
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Higgs
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H . , CMS preliminary 35.9 fb (1 3 TeV)
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3 " NNPDF

ANNSs provide universal unbiased interpolants to parametrize the non-perturbative dynamics that
determines the size and shape of the PDFs from experimental data

!
4‘:“’”‘ not from QCD!

Traditional approach (2, Qo) = Ag(1 — )27 (1 + cgv/s + dgr + ...
NNPDF approach g(x, Qo) = AgANN,(x)
e (L) 1 7,0y p0
L ANNy(z) =& =F [5 ; {wi_j 1A }]
(1) = (1-1) (1-1) (1) Fit vs HIPDF2000, Q° = 4. GeV*
—1) (11 =8
‘Ei =g Zwij E_j - 9.5 2 10— 10
J=1 S 9 Polynomials - Neural Networks

.\ PDF error
(L) & ANNSs eliminate theory bias introduced in PDF fit W
from choice of ad-hoc functional forms

& NNPDF fits used O(400) free parameters, to b
compared with O(10-20) in traditional PDFs. Result
stable if O(4000) parameters used!

xg(x, o: =4GeV?)

ANNSs avoid biasing the PDFs, faithful extrapolation at
small-x (very few data, thus error blow up)




A mostly complete chart of
o= Neural Networks ...,
Input Cell ©2016 Fjodor van Veen - asimovinstitute.org

isy |
4 Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

@ ridden cetl

© Probablistic Hidden Cell

@ spiking Hidden Cell Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
oo oo oo

0 Deep neural networks are those with >1 inner ~ ® o=« AR AR

</
@ match input Output celt '{ X 54 197 A0 £ "0’

& 70 0
layer ® recrencan A

\J R\ S\ . D
@ memory cet

0 Thanks to GPUs, it is now possible to train ® o eror o

Kernel

o oo
them efficiently, which boosted the revival of © cometion e e ’. @
neural networks in the 2000s

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

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)
~ . . oW Qo
0 In addition, new architectures emerged, R BER %o oa/e\ee\w/
. . . S 7 PN e N e
which better exploit the new computing power S0 &N NN
Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
X o< X o
X e X0 SIS0
: : : < o0 S v
Universal approximation theorem: X e % oo0 © e

T h e Stan d ard mu Itl | aye r fe e d _fo rWard Generative Adversarial Netwark (GAN)  Liquid State Machine (LSM) Extreme Learning Machine (ELM)  Echo State Network (ESN)

1 1 H . .. O,
networks with a single hidden layer that contains finite R AAT AT A
. . . . ) & AW WAL
number of hidden neurons, and with arbitracyivation

fu n Cti 0 n are u n ive rSaI ap p rOXi mato rS i n C(R/.\m Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)



ROOT

. = JMVA,

@ Data analysis framework for HEP, developed mainly at CERN
@ Written in C++ (fully interpreted)

TMVA

@ Toolkit for Multivariate Analysis
@ Includes several machine learning algorithms such as :

e Likelihood, KNN, Fisher, MLP. SVN, Neural Networks, BDT, etc...

Google Cloud Platform 3
lhabeelhd ™

c 1 O u d Amazon Machine Learning

nazon.com/machine-learning

Bl Windows Azure

~  MACHINE LEARNING

TensorFlow

O PyTorch
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(1)

proton

proton

(1)

10
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E [
m<1.5
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102 10
Ecu (GeV)
- Y Higgs
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= DNN (particle-based)

= F j T —— DNN (dense)
@
jet_2: InputLayer jet_1: InputLayer lep_1:InputLayer lep_2: InputLayer = k
c -
S o8-
= L N
' ' ‘ ' g ,
dense_5: Dense | ‘ dense_4: Dense ‘ dense_1: Dense | dense_2: Dense ‘ 'g r 1
=1 L ]
\ l l / © oal .
2 I i
] L ]
conc » 2 Conc concatenate_1: Concatenate ‘ MET: InputLayer o 02— ]
O0 0.2 04 0.6 0.8

dense_60: Dense

Wa Z
Higgs

No

LA

0

Y

dense_3: Dense

| dense_7: Dense ‘

r

concatenate_3: Concatenate

dense_9: Dense

b Higgs ®
d #

¢ Phys. Rev. D 99, 033004 (2019)

1
Signal eff

L — DNN (particle-based)

Expected Significance (o)
.

L L | L L B R Y

rR ‘ ' ‘ 1{8 ' 2
Applied Mjj cut (TeV)

Ty
5sigma

' WW Ne
v HL-LHC Y
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y CNN-

@A full ConvANN is a
sequence of VGG 19
Con2D+Pool1ing
(+BatchNormalization+
Dropout) layers

® The Conv+Pooling
layer reduces the 2D
image representation

| | E
1
e =
I L o 77d ] - 1
.\ i ! 3 i
. 3\ ' ' i

maxpool | maxpool | maxpool | maxpool

® The use of multiple A
filters on the image I maxpool

i
i
|
i

| | depth=256 depth=512  depth=512 . ,o_4096
make the output grow  depth=64 depth=128 3x3conv  3x3conv 3x3 conv FC1
on a third dimension  3x3conv  3x3conv comv3_1  convd_l st FC2

convl_1 conv2_1 conv3_2  conv4_2 conv5_2 size=1000
convl_ 2  conv2_2 conv3_3  conv4_3 convs_3 softmax
® Eventua 1 7}/ P conv3_4 conv4 4 conv5_4

flattening occurs and
the result 1s given
to a dense layer



y CNN-

® Special architectures read the raw information (e.g.,
images) and convert them into “smart variables” (high-level
features) to accomplish the task

® Typical example: convolutional neural networks for image
processing & computing vision

convolution + max pooling vec
nonlinearity

[ﬁnnnnnf(dlbxa

lonuouooooa

convolution + pooling layers fully connected layers  Nx binary classification

27



y

® The main ingredient
of ConvNN 15 a
filter, a k x k’
matrix of weights

Ox4 - 3x1 + 5x4 +

) -T2 + 4%2 - 7x5 +
® The filter scans the 9 4 | 003 + 121 - 2x6 - .8

image and performs a
scalar product of
each 1mage patch

@ This results into a
new matrix of
values, with
different
dimensionality

28



® MaxPooling: Given an image
and a filter of size k x
k’, scans the image and
replaces each k x k’ patch
with 1ts maximum

® AveragePooling: Given an
image and a filter of size
k x k’, scans the image
and replaces each k x k’
patch with i1ts average

29



y CNN- Padding” Flattening, Inception

® When the filter arrived
at the edge, it might
exceeds it (if n/k 1is
not an integer)

® In this case, a padding
rule needs to be
specified

& Concatenation
[8l04768083455347946526

® Same: repeat the values
at the boundary

v

® Zero: fill the extra

0 00 O O N o
=l W o N = aw
© [F RN U RN S
© IR N YR . Y
© KRR RENRRCENC R RS

I

columns with zeros

Inception:
Several conv layers, with different
filter size, process the same inputs

8047680834

) 0 W W
e o o oo

Filter
concalenaton
—
_,_,-o—'-""_'_'-'_'— T- —~—._\_\____———______\_-_
1 convolutions 303 convoluions Sx5 convolubons 33 ma poolng
- 3 ___,.,-o-"'"" ___'_'_'_'_,_,_,—rr
H,_H - -
E""'H-.. ﬁﬁ
Prewvious layer

(a) Inception module, naive version

30



CNN-A =

31



