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2013 NOBEL PRIZE IN PHYSICS
Francois Englert

Peter W. Higgs

8 October 2013

The Royal Swedish Academy of Sciences
has decided to award the Nobel Prize in
¥ Physics for 2013 to

Frangois Englert and Peter Higgs =

“for the theoretical discovery of @
mechanism  that contributes to our
understanding of the origin of mass of
subatomic particles, and which recently was
confirmed through the discovery of the
predicted fundamental particle, by the
ATLAS and CMS experiments ot CERN's Large
Hadron Collider”

E>2TeV
O electron
<10""%cm

proton

(neutron) B XTIy

quark
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Calorimeter Superconducting
Solenoid Iren return yoke interspersed
with muen chambers
Muon Electron Charged hadron (e.g. pion)

- ==-Neutral hadron (e.g. neutron) --=-=--Photon
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weight: 12500 t

b

- By

T s
‘Magnet

Please kindly
o not 1

Fragile !




”

\.».f.a.«.«“v\
sy ¥R

42 countries J
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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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

M=y . =3l E51EHE ; Ak ; BEES
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Peter Higgs
CH FRS FRSE FInstP

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

Born Peter Ware Higgs
29 May 1929 (age 90)
Newcastle upon Tyne,
England, UK
Residence Edinburgh, Scotland, UK
Nationality British[1]

Alma mater King's College London

(BSc, MSc, PhD)

Known for Higgs boson
Higgs field
Higgs mechanism

Symmetry breaking

BRI FS

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 Coulson[21(3]

advisor Christopher Longuet-

Higgin5[2 141

Charles Alfred Coulson: N EZI=F2R , (L=

—

2}

Christopher Longuet-Higgins , IS EF3%
/ 405 ( 19708 ) I Eﬂ?§1ﬁﬂ9&'lgé\gstopherLonguet—

advisor

Doctoral
students

Other notable
students

Higgins31(415]

Richard Zemell®]
Brendan Frey!7]
Radford M. Neall8!
Ruslan
salakhutdinov!?]

llya Sutskever!10]

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

Geoffrey Hinton
FRS FRSC CC

Hinton in 2013

Born Geoffrey Everest
Hinton

6 December 1947
(age 71)[1]

Wimbledon, London

Residence Canada

Alma mater University of
Cambridge (BA)
University of

Edinburgh (PhD)

12
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f/ROOE\\\
\node/
N4
[ /\L\
xi >cl Xi<cl
e N N

[xj > c2J [)q < c2J \Xj > c3] \xj < c3|
o> A 4 A
.@) \ S ) L) {\ S |

S GE
\xk > c4 |xk < c4|
Y /\__\
®
A JX LA |
Tree \;-}322, (==
R
Node e &
Leaf

Gini: Note that Gini is O for all signal or all
background. W, is the weight of event “1”.

G, = i“/z P(l_P)
i=1

* Pick the branch to maximize the change in gini.
¢ Criterion C = Giniparent — GiNirightchita —G1N1efi-chila
Example:

cutp;>30Gev — C=4.0

parent | (112/ a4y |P = 0.28,

/\Gini =31.6

P= 0_45’ (40/ 33) (72/11) |P = 0_13,
Gini = 18.1 left right Gini=9.5

* Optimize each node (e.g. p>30 GeV) by
maximizing “C”.
13



BDT@&E

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

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

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

® The ensemble output is the weighted sum:
§(z) = > wihi()

e  After each iteration each data sample is given a weight based on its misclassification
o0 The more often a data sample is misclassified, the more important it becomes

® The goal is to minimize an objective function
O(x) = 22 1(Gi, yi) + 22, ()

o l(gi: y%) is the loss function --- the distance between the truth and the prediction of the /th sample

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

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

14


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

e AdaBoost “Adaptive Boosting”

o One of the originals
o Freund and Schapire
e Gradient Boosting

BDT@&E

o Uses gradient descent to create new learners
o The loss function is differentiable
o Friedman: https://statweb.stanford.edu/~jhf/ftp/trebst.pdf

e XGBoost “eXtreme Gradient Boosting”

o Type of gradient boosting

o Has become very popular in data science competitions

o Chen and Guestrin: https://arxiv.ora/abs/1603.02754

Overtraining check:
e Splitdatain training / test
e Performance on the training
samples should not be better
than on the test sample

(1/N) dN / dx

G a4 N W A @A N @ O
LLNRRR R LN R an e aaaeaanzeanastaRRn ey

2500 trees

TMVA overtraining check for classifier: BDT3

_i Signal llah nmpln)l

£ Background (test sample)

i Signal :\Mnlnu nnl\ph;

* Background (training sample)

test: signal

probability = 0.242 (0.017)
Y

0.2

0.3
BDT3 response

£
g
g
H
é

ROC (Receiver Operating
Characteristic) Curves

Better

aejection
0w

RBack
ks ground
o -]

0.7¢

0.85}

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

e Atrtificial Neural Networks, connectionist models
iInspired by interconnected neurons in biological systems

O

@)
©)
@)

Dendrie

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
B LeNet-5, a pioneering 7-level convolutional network Hidden

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

Input

Axnn bErming —

Outputs

Myelin shaat

Myelinated axon

16



NN& 7t

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

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

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

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

Standard gradient descent (batch training)
Stochastic gradient descent (online training) .
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(d)y _ (d)
1 < W, net’”’ =w,+ E WX,
i=1
(d) 1
X O =T
+ é
2 Sigmoid &Y
ao(d)

(d) (d)
=0 (1-0"")
onet'”

dED J 1

ow, ﬁi(y(d) ~o)

I

Dropout layer:

Randomly drop links between neurons, with probability p O
(

_ _( Y O(d)) 01 - o) xfd)

SR FIRERE , B— AR LEBMNRIZIERE , FTIEHER
wEZOE , MHEEMANEHES , XME RN ERFRIER

Activation Functions
Sigmoid |

e
I+e—® .
tanh |
tanh(z) 2
ReLU “
max(0, z)

LM EERRREL

o(z) =

a) Standard Neural Net

Leaky ReLU
max(0.1z, x)

Maxout

IIlﬂX(H."]r.’J.' + by, mg‘:r + by)

ELU "
T x>0
ale* =1) =<0 ,

(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 —  Model
True function . True function
e*e Samples e*e Samples
Degree 4 Degree 15
>
— Model — Model
. —— True function —— True function
e*e Samples

e*e Samples

>
Loss

Validation

e underfitting
.. - \alidation
Overfitting —

Training

Loss

>

Epoch 19
Epoch
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Traditional approach

NNPDF approach

a3 RF : NNPDF

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

!
é,"""/ not from QCD!

g(x. Qo) = Ag(1 — x)te b (1+cgvs+dgr+...)

9(x, Qo) = AgANN ()

(L)

00 = €007 €0, ). 0

ni—

0 _ (I=1) (I-1) (0
& =9 Z Wi fj - 9-@
j=1

& ANNs eliminate theory bias introduced in PDF fit
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!

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

Fit vs H1PDF2000, Q = 4. GeV?

LI S S L) S

Polynomials

LALL B

xg(x, o: =4GeV?)

Neural Networks

PDF error

21



A mostly complete chart of

S|
N FW zméﬂD N N o Neural Networks ...
'* 2 gI —n Input Cell ©2016 Fjodor van Veen - asimovinstitute.org \/‘ A\

[
& Noisy Input Cell Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)

@ Hidden cell
© rrobablistic Hidden Cell

@ spiking Hidden Cell

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

o Deep neural networks are those with >1 inner ~ @@« R AR

@ match input output cell (@B (O X! NN
|ayer @ recurenice AN AT ™72
. . . . © wvemory ceu Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
o Thanks to GPUs, it is now possible to train ® oreerenon cat

Kernel

them efficiently, which boosted the revival of © coriatonce e _
n e u ral n etWO r kS i n th e 2 OO OS Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)

o In addition, new architectures emerged, vt w e
oSO

which better exploit the new computing power

O
Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
- V¥ -
oS> S S
g a8 X S0 O
',‘;0:‘.*'&‘{» O v o O~
- - - . ”‘\ \O/o\ >_< /O\O o/o\
Universal approximation theorem: o2 X o o2

The Standard multllayer feed_forward Generative Adversarial Netwark (GAN)  Liquid State Machine (LSM) Extreme Learning Machine (ELM)  Echo State Network (ESN)
. . . . .. O
networks with a single hidden layer that contains finite AT
& AW AW

number of hidden neurons, and with arbitrary activation

functionare universal approximators in C(R"m). m % % g
22
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. 2 IMVA,

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

O PyTorch

TMVA

@ Toolkit for Multivariate Analysis
@ Includes several machine learning algorithms such as :
o Likelihood, KNN, Fisher, MLP. SVN, Neural Networks, BDT, etc...

— =

$ .
| Cooglc Clc ud Platforn

-

c 1 o u d Amazon Machine Learning

om/machine-learning

Bl Windows Azure

"w - MACHINE LEARNING
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REMREMLE . KEWEFG

= DNN (particle-based)

= = = DNN (dense)
j 3§ ki T — BDT
jet_2: InputLayer jet_1: InputLayer lep_1: InputLayer lep_2: InputLayer :C« i o —p!
_g [ 1 USRS S ;S MP”
l l 3 i 8
) 2 o6 -
dense_5: Dense dense_4: Dense dense_1: Dense dense_2: Dense - F
= L
o L
X
] [
‘ concatenate_2: Concatenate | concatenate_1: Concatenate ‘ ‘ MET: InputLayer | @ 02— ]
oL I i i i
v 0 0.2 04 0.6 0.8 1
Signal eff
dense_3: Dense | dense_7: Dense ‘
— . : L — DNN (particle-based)
(=] B : : H
Y / v 8 \ : Py
e A9
catenate_3: Concatenal ‘ (T R U SR ; -
& 5 .
s ¢ :
¥ B Ar e
he]
dense_8: Dense o 3
9]
) C
% |-
L w2
dense_9: Dense 1:_ .

- i I ] I 3
1.2 1.4 1.6 1 2

W, ZIFBEFHNEIS ESHigosZYIEX ;| WWEETMEI S EAVRNETLAGIE. B
HiggsAX 1IEWEI, ItAFBREFIFREZS , BIRRIBHL-LHCHLAESsigmazkK XN
IEERET. MEAFETFPhys. Rev. D 99, 033004 (2019) -



BIRHREERILECNN-HBEE

@A full ConvhNN 1is a
sequence of VGG 19
Con2D+Pooling
(+BatchNormalization+
Dropout) layers

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

® The use of multiple ' | maxpool | maxpool | maxpool | maxpool .
filters on the image | maxpool | depth=256 depth=512  depth=512  i,0-4096
make the output grow  depth=64 depth=128 3x3conv  3x3 conv 3x3 conv EC1
on a third dimension 3x3 conv 3x3convy conv3_1 conv4_1 conv5_1 £C2

convl 1 conv2_1  conv3_2 conv4_2 conv5_2 size=1000
® Eventually, convi 2 cow2 2 223:3 ggggj}j 225?:3 softmax

flattening occurs and
the result i1s given
to a dense layer



SIRHEMLECNN-FIRE

® 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

Iﬁnononf(&ﬁbgal
Y
a
8
K]
g

lﬂﬂﬂﬂﬂﬂﬂﬂﬂﬂ

l J
convolution + pooling layers fully connected layers Nx binary classification

27



STRHEZERILEZCNN- iR

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

® The filter scans the
image and performs a
scalar product of
each 1mage patch

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

4 1 4

2.2 -5
3 1 -6

Ox4 -3x1 + 5x4 +
-T2 +4x2 - 7x5 +
Ox3 + 1x1 -2x6=-8

28



STRHEZERILEZCNN- il

® 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 1ts average




S TRHZZ ML CNN-

® 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

@ Same: repeat the values
at the boundary

@ Zero: fill the extra
columns with zeros

Inception:

Padding , Flattening, Inception

0
7
9
9
8
8

Sl o N ialin W
Sl s B a2~ O
SN == woo
o o N oo N

I

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

) 0 W oW

p O O O O O

8047680
4
26

©
(&)
=
w
[3)
w

..4
©
s
[}
(47]
r

Fiter
concalenation

i

303 convoluions

Flattening

53479465286

(a) Inception module, naive version
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C1: feature maps 54: 1. maps 168 5x5
62828

ETHBERECNN-FTSE

@ LeNet (1990s): the very
first ConvNN, designer for

digit recognition (ZIP
codes)

® AlexNet (2012): the first
big ConvNN (60M parameters, ikt
650K neurtons), setting the '\gg v
state of the art: trained { '
on GPUs, using RelU and

_ Epachs

Dropout
1 4,0 ':l'=ili
. i 14{x
® GoogleNet (2014): built on _“i"“,ii,}“.,}iugﬂiﬂiﬂi salas
AlexNet, introduced an HTETT H OB g,
FEERI

inception model to reduce e
the number of parameters .




BIRRENLECNN-FH5E

Top-1 accuracy [%]

Inception-v4
80 1 ' :
e ) Xception
DenseNet- o ResNet-101 ResNet-152
DepseNet-16 ResNet-50 ; |
75 - eNet-121 VGG-16 VGG-19
9 ResNet-34
ileNet=v2
vl
207 ResNet-18
GooglLeNet N
ENet. Top-1 accuracy is the conventional accuracy: the model answer (the one with highest
65 {-fd-MobileNet probability) must be exactly the expected answer.
BN-NIN Top-5 accuracy means that any of your model 5 highest probability answers must
ShuffleNet match the expected answer.
60 - 5M 35M 65M 95M 125M 155M
SqueezeNet
, BN-AlexNet
551 | AlexNet
50 Ll . Ll . Ll
0 10 20 30 40 50

Operations [G-Ops]
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CNNRF : =iFEiE
PixelSeed Ccmvf']f']

@ The final model uses two sets of
inputs:

® the hit 1mages

® a set of expert features (e.g.
position of the hits in the
detector) to help the learning
process

® The trained model shows a good
separation of true vs fake seeds

® One can reduce the fake rate by one
order of magnitude with a few % loss
in efficiency
Efficiency (tpr) @ fake rejection
tpr @ rej 50%: 0.998996700259
tpr rej 75%: 0.990524391331

e
tpr @ rej 90%: 0.922210826719
tpr @ rej 99%: 0.338669401587

countsi.02

)

Dropout Layer (0.5)

C

07

]

&

0

wn

o4

0.

7]

[+]

ha

o

=

) -
o
3120 gl =2 )
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BIAHEMLZECNN :

lEiEtmic

https://indico.cern.ch/event/783781/contributions/3389493/attachments/1832744/3001915/Deep Heavy Resonance Tagging HEP2019 Kontaxakis.pdf

CMSEEEGHIDeepAKSHRICIA
JtAKZEZRHBAFScale-Factor, Mass Decorrelation Tagger

DeepAKS8

CMS-DP-2017-049
10.1007/JHEP10(2017)005

» Deep AKS takes advantage of this additional information
¢ Includes particle and detector-level
quantities (tracking, vertex formation)
v Individual jet constituents as inputs

» Uses convolutional NNs to take advantage of

nearby correlations

Inclusive particles

features

particles, ordered by pr

Charged Damc!es (Tracks)

filter '.-I

features

tracks ordered by Se2p

Secondary Vertices

' i

|S.Vs, ordered by Spap

features

Fully
connected

(I layer,
512 units,
relu-
activation,
dropout
=0.2)

Qutput

( Many output

displaced
tracks

charged
lepton

H(bb) jet

categories!
Category Label
H (bb)
Higgs H (co) jet
H (W*—qqqq)
top (bcq) . 16.6 fb™' (13 TeV)
> 3
Top t::p (b:q) g CMS ;:oo <P, <114?(G)G:v' ml<1.5
’ = i ; e
op (00) 2 [ Work in progress Moo <
top (bq) © .| Hbbvs aco Decorrelated Version
W (cq) |5 L 3 | DeepAK8 2016 Training '
w W (@ 8 [ 2017 Samples
o __ DeepAK8 2017 Training(Full 201 7MC)
Z (bb) 8 . .| 2017 samples
z Z(co) @ 107F  DeepAK8 2017 Training w/o PlD;a
F— 2017 Samples =
Z{qq) _DoubleB (BDT) »
QCD (bb) | 2017 Samples o /
QcD (co) o T "Better
Qacp QCD (b) X
QCD () 10‘...\1'[.“|../....H.‘...l....|..
QCD (others) 0 01 02 03 04 05 06 07

Signal efficiency
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Generative Adversarial Network (GAN)

® Two networks trained
against each other

® Generator: create
images (from noise,
other images, etc)

@ Discriminator: tries
to spot which image
comes from the
generator and which
15 genuine

Latent
Space

H
m

Real
Samples

-

- _.Qa—[
Generated
Generator Fake

Samples

Moise

@ Loss function to minimise: Loss(Gen)-Loss(Disc)

® Better discriminator -> bigger loss

@ Better generator -> smaller loss

. ""'H-.
Discriminato

Fine Tune Training

® Trying to full the discriminatore, generatore learns how to create

more realistic images

IsD
Correct? .
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TEAHREEMISERNN

® Recurrent architectures are
designed to process
sequences of data

® Then idea 1s to have
information flowing in the
network while the sequence
1s sequentially processed

® Through this idea, recurrent
networks mimic memory
persistence

® Advantages

@ the input i1s not fixed-
sized
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TERHZMILERNN: HH19 3

® particles as words 1n a sentence
k,

® QCD 1s the grammar

four-momenta are like
words and the
clustering history of

sequential
recombination jet

. . . Calo Image
algorithnms is like the Classifier

parsing of a sentence.

Raw images of the
calorimetry hits fed to
a convolutional NN.

Similar to https://

Particle Sequence
Classifier

A sequence of
particles taken as
input to a recurrent

Deep
Topology
Classifier

Abstract Image High-level Feature
Classifier Classifier

Based on an abstract
representation of the
reconstructed particles
as an image to feed to
a convolutional NN.

Use high-level features
as inputs to a fully
connected NN.

arxiv.org/abs/1702.00748 7Tnspired from https://

arxiv.orq/abs/1708.07034
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Bf%Ri3Autoencoders

® Autoencoders are networks

with a typical “bottleneck”
structure, with a symmetric
structure around it

® They go from En — Rn

® They are used to learn
the identity function as

A (x))

where f: Rn — Rk and f-1: Rk

— RN

®| Autoencoders are essential

tools for unsupervised
studies

Encoder

Latent
space

Compressed
representation

Decoder
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BE4mhS :

® Given the nature of these

data, ConvNN are a natural
analysis tool. Two
approaches pursued

® Classify good vs bad
data. Works if failure
mode 1s known

® Use autoencoders to

assess data “typicality’”.

Generalises to unknown
failure modes

A. Pol et al., to appear soon

EiiE an

3l convolutions
ey

- __|:|:L 5x1 max pooling

Fully cormected
—

LN Fully connected
—_—

T Flatten
-4 —_—

. -;:;:'1
e ‘-_.‘ ) '\_‘
T ]: N
p
-

10 31 Feature maps

47x1 input L

104541 featisre maps

~#" Bhidden units

=

90 hidden units
Fully conmet d
—_—

(T Felly cormmered (7

&xd upsampling
—_—

Pol, G. Cerminara, C. Germain, MP and

A. Seth arXiv:1808.00911
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BYRt5 : BEISFHTE

Worse than Supervised but results encouraging

e Train on standard events
o Run autoencoder on new events
o Consider as anomalous

all events with loss > threshold

---- 1k evts/month
. e SM val. Mix
10 1 h%str
1 A-4
10-3 1 h*—=1v
- ] LQ
- 1
—_ ]
©10°° :
g i
[«

1077

10~?

T

MSE

10°

1073

BSM efficiency

=
9
-

107°

A4t AE
=== AUC = 0.91 (0.84)

R 1Y

AUC = 0.85 (0.79)
ho—=TT
AUC = 0,75 (0.72)
h==T1V
AUC = 0.92 (0.91)

Supervised Classifier (BDT)
— A—=4/| (area = 0.98)
— LQ (area = 0.94)
— h-1T (area = 0.90)
— h*-71v (area = 0.97)
--------- 50 SM evts/day

105

10°°

10°°

1074

1073 1072 1071 10°
S5M efficiency
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fEfH -

Map DNN nicely into an FPGA

FPGA

Keras
TensorFlow
PyTorch

/
\
compressed

model

Usual ML
software workflow

.,

Co-processing kernel
his 4 ml

HLS
conversion

Z
Custom firmware
design

tune configuration
precision
reuse/pipeline

hils 4 ml

DOl 10.5281/zenodo. 1204445

https://github.com/hls-fpga-machine-learning/hls4ml

A package for machine learning inference in FPGAs. We create firmware implementations of machine learning algorithms
using high level synthesis language (HLS). We translate traditional cpen-source machine learning package models into HLS

that can be configured for your use-case!
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Total Uncert
LHC HIGGS XS w‘a 2013

=

o
B
4
Q
Q
N
|

Higgs BR +
!

Zy S D

LHC / HL-LHC Plan etﬂﬁi’mty

LHC
LHC
. . . . Ls1 A 14 TeV 14 TeV o
Higgs coupling with 2nd gen. fermion o P Jr— — Bz
7Tev “:;ED:::;,‘,,, o ‘T;m“ _”‘ R HL-LHC installation uminosil
Co—— : s —

Very challenging! T ,
ATLAS gives upper limit ~ I T T T T T T T T ||||M

100*prediction I ) e
Needs HL-LHC 3000fb-1, by ~2035! e | | _— (I e e

. . . il 3010 | luminosity
Deep Learning will definitely help a lot! -




quantum
annealing

nature

International journal of science

Letter ~ Published: 18 O ctober 2017

Solving a Higgs optimization problem with
quantum annealing for machine learning

Alex Mott, Joshua Job, Jean-Roch Vlimant, Daniel Lidar & Maria Spiropulu B

Nature 550, 375-379 (19 October 2017)  Download Citation &

BFitH

ﬁ

X
H(0) = Z,- O,
= X Jijsisj+ X hisi
H,,is effectively (W) ox Z Cijwiw; +Z()‘ —2Cy)w;
ij i
o Fhas a ground state of proportional to [0)+ |1)

H(0) has no interactions, so cools to ground state quickly, and the
total ground state is an equal superposition over all bitstrings

Setup Hamiltonian: H(0) Problem Hamiltonian: H,
Uniform superposition of State minimizing the energy
possible qubit states of the problem
Hamiltonian
T=0 T=t,
H(t) = A(t)H(0) +~ B(t)Hp final

..youd better
make it
QUANTUM

Richard Feynman, 1981
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Tutorial : BDT

Z’ search: https://pan.baidu.com/s/1b54D2m

10
[ oy
ISTEP Preliminary 1. fb™' {mu-channel) at ys=13TeV CITT
Il sT

- - wwy
— & gdata
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‘

Events/bin
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https://pan.baidu.com/s/1b54D2m

Summary

100 KHz 1 KHz 1MB/evt
ML

40 MHZ’

DATA VOLUME

A,
Detector COMPUTING TIME
INFORMATION

Deeper and Deeper in HEP

1 KHz
3-30 kB/evt

\f\' el
‘(.\gg

High level
analysis
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