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It's everywhere!
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What’s new about ML2
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Early days of HEP
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ML in HEP is not new
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Search for the neutral Higgs bosons of the MSSM in ete”
collisions at Vs from 130 to 172 GeV -

ALEPH Collaboration
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Fig. 2. (a) The output 7 of the neural network b tag for radiative returns to the Z for 161 GeV qq Monte Carlo (histogram) compared to the
data at 161 GeV (points). The shaded region shows the contribution from generated b-jets. (b) The performance of the neural network b tag
(solid line) for Monte Carlo events, presented in terms of the efficiency for identifying b-jets versus the efficiency for rejecting light quark
jets. The performance of the single most powerful b tagging input variable to the neural network is shown for comparison (dashed curve).
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s it something new?

something new
more of the same



s it something new?
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s it something new?
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s it something new?
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Is recent (> ~2013 deep learning moment) ML in

particle physics "more of the same" or "qualitatively
something new".

=My view: it's bothl]:
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ML is nonsense 9.6%

73 votes - Final results



Much much

qualitatively new



Traditional role of ML

Why do we need machine learning?



Traditional role of ML

Why do we need machine learning?




Making a new particle
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Backgrounds
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Neyman-Pearson

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

p(iE Hl)

data theory

(Gives smallest missed discovery rate
for fixed false discovery rate)




Functional space
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No problem

If you can calculate:

P(iE Hl)
> k.,
P(SE Hu)

For which you need:

P(data |theory)



In general

We have a good
understanding of all -,
of the pieces S

Do we have .

P(data|theory)?
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In general

Do we have

P(data|theory)?
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Darn

P(data | theory)
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The nightmare
WATLAS

m, (4,ET™) = 8 GeV J EXPERIMENT

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

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

PT([.I) = 18 GeV C‘:\/ ; T I ; ,q 2 GeV
pYs(th) = 26 GeV X E\I ‘s ‘s § i
my;s (I-er‘h) = 47 Gl
mT(u:E:"SS) =8G

miss _ = ~_u»s

We wouldn’t need ML if we could:




Summary statistics
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Summary statistics

Raw Sparsified  Reco Select Ana

B We wouldn’t need ML if we could:




Summary statistics
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Functional space
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How complex?
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How complex?
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Single hidden layer

But might require very
large hidden layer



Shallow space
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Neural Networks
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Consequence:

(like invariant masses!)

In short:




Search for Input
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Deep networks
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How well
do they work?



Expanding space
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Real world applications

(2)

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.
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Low level data
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Summary statistics
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The new frontier

Expertise is not obsoletel

Engineer your network structure!

symmetries



Constraining space
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Much much

qualitatively new



Graph networks
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Generative models

Do more than classify

Generate data from noise
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Optimal transport: new ways to compare distributions
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Away from supervision
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ML for design

Automatic Differentiation

Numerical gradients AL/A¢ hopeless in trillion-D, need exact gradients dL/d¢

Automatic Differentiation: careful application of chain rule to computer programs

import jax
import jax.numpy as jnp

. n m
def func(x): f R - R

y=xXx
for i in range(4): /\
y += x[0]*%x2 + jnp.sin(x[1]) + jnp.exp(-x[2]) @

y = y.sum()
return y

exact gradients! l

gfunc = jax. (func)
gfunc(jnp.array([2.,3.,-2])) y _f(x) dy — J dx

(DeviceArray(141.36212, dtype=float32),

DeviceArray([ 49. , -10.8799095, -87.66867 ], dtype=float32))

TensorFlow _ﬁx PYTHRCH J, = O(V1s - s V)
: 0(X1, ..., X,)

... but also C++, Fortran, ...



Counts

ML for Theory!

\

2.5 . 1 2 3 4 -25 0.0 25 0 2 4
M, M; M3 M Ma
—25 00 25 —25 00 25 —25 0.0 25 0 2 4 0 2 4
At Ab At mil ml:]
0 2 4 0 2 4 1 2 3 4 2 4 1 2 3 4
Me, Me, mg, mao, Mg,
[ Random
[ ] HMC
1 NF
2 4 1 2 3 4 2 a 0 20 40 60
ma, mg, mg, tanp

Parameter Value (TeV)



Modern ML

Many creative new ideas




