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First days of ML in physics
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Traditional role of ML

Why do we need machine learning?
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Making a new particle

THERE ARE A LOT OF DIFFERENT REACTIONS THAT \
CAN GIVE YOU THE HIGGS. FOR EXAMPLE... - .
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Backgrounds

THE PROBLEM IS, THERE'S LOTS OF OTHER TS ONE OF THE MOST
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Why statistics?

p;(n) = 18 GeV . : . . _
PYs(Th) = 26 GeV XX AT LAS
Myis ("rT.h) = 47 GeV

m, (u,ET™°) = 8 GeV -:’—EXPERIMENT

ET* =7 GeV
Run Number: 160613, Event Number: 9209492

Date: 2010-08-03 02:12:37 CEST
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Hypothesis testing

To search for a new particle, we compare the predictions
of two hypotheses:

1.
THE STANDARD MODEL
Fermions

) up charm top
down strange bottom

V. V. V

electron muon tau
neutrino neutrino neutrino

e u T

electron muon tau
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To search for a new particle, we compare the predictions
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A threshold makes sense.
Choice of position balances
false vs missed discovery



More complicated

accept

[G. Cowan] C;



Neyman-Pearson

NP lemma says that the best
statistic is the likelihood ratio:

P(IE Hl)

peim
data theory

(Gives smallest missed discovery rate
for fixed false discovery rate)
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No problem

If you can calculate:

P(LZI Hl)
- >k,
P(IE HU)

For which you need:

P(data |theory)
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Hadronization

understanding of all ..

We have a good
of the pieces
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In general

foh® . Showering

Do we have

P(data|theory)?

Hard

Parton scattering

Density
Functions
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Dlelds

P(data | theory)
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MC events to PDF
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Curse of Dimensionality
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The nightmare
i, QATLAS

m, (1,E7™") = 8 GeV 2 EXPERIMENT

ETS* =7 GeV
Run Number: 160613, Event Number: 9209492

Date: 2010-08-03 02:12:37 CEST
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The nightmare

p;(n) = 18 GeV
pYs(th) = 26 GeV

myis (1,Th) =47 G
m, (0,E7) =8G

ET™ =7 GeV




The nightmare

PT(M) = 18 GeV : t'} ‘ ~ ; . - 2 GeV
p\-?is('l'h) = 26 GeV A X ) h

Myis (l-lrr.h) = 47 Cumnnis —
m; (1,ET ) =8G
- miss _ o~z

We wouldn’t ed ML if we could:
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f(z) : RY — IR}




How complex?
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Single hidden layer




How complex?
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Single hidden layer

But might require very
large hidden layer
to learn non-linear functions



Shallow space
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Neural Networks
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Consequence:

(like invariant masses!)

In short:




Deep networks

Q- OO0
Q- QOO0

Q- - O0O0O
Q- 0000
O 00000

How well
do they work?



Real world applications

(g

Head turn: DeepFace uses a 3-D model to rotate faces, virtually, so that they face the camera. Image (a)
shows the original image, and (g) shows the final, corrected version.

35



Paper

ARTICLE

Received 19 Feb 2014 | Accepted 4 Jun 2014 | Published 2 Jul 2014

Searching for exotic particles in high-energy
physics with deep learning
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Expanding space

- Deeper networks

Shallow
Optimum,/

® Deep
Human Optimum "

Approx " Global

Optimum
®



Deep networks succeed without human insight.
Outperform shallow networks and human ideas.
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The Als win




Low level data
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What is it doing?

Our low-level (LL) data are often high-dim

expert
physics > :
knowl. g e ca =

60 1201
Trimmed Mass (GeV)

But HL doesn’t
Can’t interpret always capture
LL data the information

[Translated] Pseudorapidity (n)

r
r
VVVVYVYYVYY
YVYY
F
Fraction of Event




Yet we prefer HL

If HL data includes all necessary information...

- It is easier to understand

- Its modeling can be verified

- Uncertainties can be sensibly defined
- It is more compact and efficient

- LL -> HL is physics, so we like it.






Learning from ML
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Define the language
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FP space
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Particle F
Muon image Network

NN(isO cones

ow Network

' Deep learning

Human approx
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Useful observable

B background [ signal

N 2.001 E
I v = E 3(1,31)3(79(1,1)()1)(79(:(1. 1.757
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Conclusions

Deep Learning is a powerful new tool

We have many appropriate tasks in HEP

No replacement for human intelligence




