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Based on Farina, Nakai, Shih ‘18



Thanks Gregor!

Does it work?

® Train on QCD only
e Test on top vs QCD

e Cut on loss function as discriminator

5@20x20 5@40x40 10@40x40 1@40x40

® large loss = autoencoding failure = anomaly
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Autoencoders

A bottleneck latent dim
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A bottleneck latent dim

4

&




PCA

Principal component analysis: linear transtormation
Lower dimensional representation of data ¢ < n

L(Vy) = |z — VqTqu‘Q

Find best V,

Maximum variance <= Minimum error




Data

CMS

We generated:

* QCD jets as train/ 13 TeV

pr € (800, 900) GeV, |n| < 1

background
¢ tops and 400 GeV gluinos Jet sample PvyTHIA 8 and DELPHES
(with 3] RPV decay) as particle-flow
signal/anomaly match: AR(t,j) < 0.6
merge: AR(t,q) < 0.6
Transformed sample in LM + 1.2M
images 37 x 37

Preprocessing as in Macaluso, Shih ’18 Image

An = A¢p = 3.2




Data

GoogleTrends Compare
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Anomalous |ets detection

After training on QCD |ets...

QCD tops RPV gluino
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Encoding dim

Expressivity vs Triviality
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Encoding dim

Expressivity vs Triviality
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Train set contamination

Cheating so far: weakly supervised vs unsupervised
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Robusthess?

1.2
QCD Pythia
QCD Herwig
1Ol s ¢ Pythia
1 tHerwig
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Ditferent generators, as a proxy for training on simulation vs real data

Very qualitative...
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PCA | 0.51 /0.04 | 0.98 / 0.36

Dense | 0.66 / 0.13 | 0.90 / 0.39

CNN | 0.70 / 0.19 | 0.77 / 0.23

passing the cut or...
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Enhanced bump hunt?

Use AE to reduce background in conventional searches
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p-value = 0.67
Fit Range: 1.1 -7.1 TeV
ly*| < 0.6

(/)] = Booa A b i owom NF M N o B b S B N e il s Ty AR AR Ly
e F ATLAS ]
e s=13TeV, 36 b E
a . Data .

10% = — Background fit -

- —— BumpHunter interval 3

» 0., m_=40TeV §

10° - QBHY(BM), m =6.5TeV—
10°E E

P q*, ox3 8] -

10 QBH (BM) ]

g = —
£ % o —
g’ 9_2: —
no = —
| -

2, F =
SIS Olese =
© — —
(@] — -]
_1_1 1 1 1 l | . ! 1 lllll lllJlJlllllllllllllllllllllllllllIlll-Tl_ﬁ-

2 3 4 5 6 7
m, [TeV]

Crucial to avoid distortions of the spectrum



Enhanced bump hunt?
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Before AE cut

QCD

300

350

400 450 500 550
Jet mass [GeV]

0.00008

0.00007

0.00006

0.00005

0.00004

0.00003

0.00002

0.00001

0.00000

After AE cut

QCD

300

350

400 450 500
Jet mass [GeV]

Use AE to deplete data from bkg events.
Followed by bump hunt? Other technigues?
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Very different tasks

Training
Supervised Unsupervised
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Optimized decision boundary Optimized modeling of input data



Very different tasks

Inference
Supervised Unsupervised
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Very different tasks

Inference
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Optimized decision boundary Optimized modeling of input data
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Very different tasks

CWola hunting Autoencoders
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Which one is better” When” Can they be combined?



Other jet representations?

o o

e 4-vectors matrix (see Gregor’s talk)
* seguence (RNN/seg?2seq)



Other jet representations?

simulated top quark jet
anti-kt, R = 0.8, pr = 600 GeV

Encoder ?

/

o o

Huilin’s talk

e 4-vectors matrix (see Gregor’s talk)
* seguence (RNN/seg?2seq)

e Dinary tree (?)

e point cloud

s it really useful/relevant?



Choice of loss?

What's a good “distance” between two jets”
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Jet (binary) classification

Muffin or chihuahua®




Jet anomaly detection

Given data from p(z). Can | tell if & comes from the
same distribution?

Train set

p(muffin|z) > €




Jet anomaly detection

Given data from p(z). Can | tell if & comes from the
same distribution?

Train set

p(muffin|z) > €




Anomaly detection

Given data from p(z). Can | tell if & comes from the
same distribution?

Train set




Future directions”

# of blueberries




Future directions”
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Future directions”

For now we have abandoned all probabilistic interpretation
and discarded latent space information
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Encoder

Decoder

o 4

Variational AE
Denoising Ak
GAN



Future directions”

For now we have abandoned all probabilistic interpretation
and discarded latent space information

r- Encoder




Conclusion

Autoencoders can be powerful tools for anomaly
searches in jet physics

First baby steps in unsupervised territory



One example

Model distribution in some way, e.g. as a mixture (of
gaussians). Maximum likelihood parameter estimation.
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One example

Model distribution in some way, e.g. as a mixture (of
gaussians). Maximum likelihood parameter estimation.

2|
e o°. K
. °:'=.\ p(x) = Zﬂ'kN(x|”'k7 Ek)'
% ’

X .‘;‘ -

Ot .0 ° 2.00. ‘
0$‘ 30: p(:%) ~ ¢

DY




One example

Model distribution in some way, e.g. as a mixture (of
gaussians). Maximum likelihood parameter estimation.

2 .
® o°. K
0.3!'..'...‘/ p(x) — ZWICN(X|”’I¢7 Ek)
:.\. : k=1
0 o. 'o“~ '
VN A T X
.' lo~ p(x) > €
-2 % i




One example

Model distribution in some way, e.g. as a mixture (of
gaussians). Maximum likelihood parameter estimation.
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Not feasible for large dimensionality data



DNN

37x37

decode >

encode >

37x37

output

hidden

input



CNN

Convolution step (convolution + pooling) Fully connected encoding step Deconvolution step (deconvolution + unpooling)
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Ke, Lin, Huang ‘17

layer=Conv2D (128, kernel_size=(3, 3),
activation=’relu’,padding=’same’) (layer)

layer=MaxPooling2D(pool_size=(2, 2),padding=’same’) (layer)

layer=Conv2D (128, kernel_size=(3, 3),
activation=’relu’,padding=’same’) (layer)

layer=MaxPooling2D(pool_size=(2, 2),padding=’same’) (layer)

layer=Conv2D (128, kernel_size=(3, 3),
activation=’relu’,padding=’same’) (layer)

layer=Flatten () (layer)

layer=Dense (32, activation=’relu’)(layer)

layer=Dense (6) (layer)

encoded=layer



Gluino ROC
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