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Physics Beyond the SM
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Standard Model: the mysteries

• Dark matter 

• Neutrino masses 

• Baryon Asymmetry of the Universe

• Flavour puzzle 

• Hierarchy problem 

• Fourth fundamental force (gravity) is not included  

Standard Model: the unexplained



Current Status of BSM 
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• New Physics signature is  
beyond the reach of the 
current colliders 

• Known BSM models do not 
include the “correct” 
model

How do we search for it?

• Traditional analysis 
strategies are not suitable 

• Model dependent searches 
( pre-bias)

Nature of BSM

Need to go beyond these limitations

We have not seen any signal for New Physics (NP) so far! 

1. Large volumes of data 
2. High dimensionality of the data sets  
3. Large number of model parameters

“Hidden” correlations in  
the data can be explored using 

“powerful” ML techniques 



SUSY benchmark: 
chargino production (lepton+MET final state)

Low-level features:

High-level features:

pl1
T , pl2

T , ∑ p j
T, MET, Nj

Axial MET, MT2
, razor quantities

Signal

Background
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Neural Networks in a Nutshell 
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Neural Network (NN) 
Basic Structure  

A. Input layer nodes: set of 
observables(kinematical 
features)/images 

B. Number of hidden layers 
(shallow or deep NN) 

C. Output layer: predictions 

Train the network using training  
sample and make predictions for 

the test (real) dataset

Training sample validation sample test (real) sample
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Schematic of a Neural Network

Input Layer Output Layer

Hidden Layers



How To Train Your NN?

Linear/Non-linear

Weights 
and 

biases

Activation function

Hidden Layers

More layers enables network 
to learn  

more complex features
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NN Parameters and Concepts

Loss function: 

Dropouts (regularisation)Activation functions

| ̂y − y |2 ̂y = f(x, θ) ≈ y

NN parameters

Fully connected NN

ROC Curve

True positive (signal selection)

False positive (background selection)

Epochs:  
Counter for number of times  
complete data set is explored 

by the algorithm

9 Regularised NN

sigmoid

tanh

lin
ear

common examples



Overfitting UnderfittingOptimum

x x x

y y y

Bias-Variance Trade-Off

P. Mehta et al., arXiv:1803.08823[physics.comp-ph]

“Huge” datasets 
pose a 

computational  
challenge
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Machine 
Learning

Sem
i-supervised

Broad Categories of Machine Learning

Labele
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ata

Clustering

Interaction w
ith the  
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Unsupervised 
Learning

Re-enforcement 
Learning

Supervised 
Learning



Convolutional Neural Networks
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Autoencoders

Could be used as anomaly detector:  
1. Train with the background sample.  
2. Compare how the reconstructed output is 

different from the input (reconstructed error).

Reconstructed error will be more for the  anomalous event. 

T.Heimel, G.Kasieczka, T.Plehn and J.M.Thompson, SciPost Phys.6 (2019),  030  
M. Farina, Y. Nakai and D. Shih, arXiv:  1808.0899213

Input Image Reconstructed Image

DecoderBottleneckEncoder

Latent Space 
Representation



SUSY benchmark: 
chargino production (lepton+MET final state)

Low-level features:

High-level features:

pl1
T , pl2

T , ∑ p j
T, MET, Nj

Axial MET, MT2
, razor quantities

Signal

Background

14

Deep Learning methods improve 
the reach of the collider searches 

for “new physics searches”



More Recent Review 

A. Radovic et al., Nature 560(2018) no. 7716,41

“Machine Learning techniques 
increase the discovery potential of 

the  experiments.”

15



More Recent Review 

A. Radovic et al., Nature 560(2018) no. 7716,41
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ML Techniques at Various 
Experimental Analysis Steps

A. Decision-making for data storage  

B. Jet reconstruction and heavy flavor tagging  

C. Track reconstruction 

D. Signal and background classification 

E. Event generation 
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New Potential for BSM searches

• SMEFT (new physics 
deformations)  

• Top tagging 

• Anomaly detection 

• Dark matter searches  

• DNN likelihood 

• Decoding black box 

• Many more..
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• J. Brehmer et al., Phys. Rev. Lett. 121 (2018) 111801, 
Phys. Rev. D 98 (2018) 052004, F.F. Freitas, CKK, 
V. Sanz, Phys. Rev. D 100 (2019) no.3, 035040 
[arXiv:1902.05803 [hep-ph]]. 

• G.Kasieczka, T.Plehn, M.Russell and T.Schell, JHEP 
1705 (2017) 006. 

• arXiv: 1807.10261, Shih et al. 1808.08992[hep-ph]. 
Heimel et al., SciPost Phys.6 (2019),  030. CKK and 
Veronica Sanz, arXiv:2007.14462 [cs.LG] and others 

• CKK, L. Mars, J. Richards and V. Sanz, J. Phys. G 
47 (2020) no.9, 095201. CKK, V. Sanz and M. 
Soughton [arXiv:1910.06058 [hep-ph]]. 

• A.Coccaro, M.Pierini, L.Silvestrini and R. Torre, Eur. 
Phys. J. C 80 (2020) no.7, 664 [arXiv:1911.03305 
[hep-ph]]. 

• G. Kasieczka, S. Marzani, G. Soyez and G.Stagnitto, 
JHEP 09 (2020), 195 [arXiv:2007.04319 [hep-ph]]. 
T. Faucett, J. Thaler and D. Whiteson,
[arXiv:2010.11998 [hep-ph]]. 

Incomplete list of references 

(Deep)Neural 
Networks, CNNs,  
(V)Autoencoders, 

Clustering, GNNs,..  

Classification, Jet 
tagging,  

Anomalous Jet, 
Anomalous Events,  

Limit setting, 
Resonance,.. 

Assisting  
BSM  

detection 



Model Independent Searches
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MUSiC (CMS), 
General Search 

(ATLAS)

Some searches
(train signal 
versus data)

autoencoders

CWoLa ABCD

Control 
region 

method

Pure MC 
prediction

ANODE

(a) Signal sensitivity (b) Background specificity

Most searches
(train with 

simulations)

LDA
Direct Density 

estimation, Sideband

SALAD

Image taken from 2001.04990[arxiv: hep-ph]



Classification Without Labels (CWoLa)
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Pythia 8.183
√
s = 13 TeV

mH = 500 GeV

Dense Net
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Multiplicity

Width

Mass

pD
T

LHA

E.M.Metodiev, B.Nachman and J.Thaler, JHEP 10 (2017), 174, [arXiv:1708.02949 [hep-ph]]



Other Recent Developments

• Learning New Physics from a Machine: R.T.D’Agnolo and A.Wulzer, Phys. Rev. D 99 (2019) no.1, 015014 

• Guiding New Physics Searches with Unsupervised Learning: A. De Simone et al., Eur. Phys. J. C 79 (2019) no.4, 289, 
[arXiv:1807.06038]. 

• Using Variational Autoencoders: Cerri et al., JHEP 05 (2019), 036, [arXiv:1811.10276 [hep-ex]]. Cheng et al.,[arXiv:2007.01850]. 

• Uncovering latent jet substructure: B.M.Dillon et al., Phys. Rev. D 100 (2019) no.5, 056002)[arXiv:1904.04200]. 

• Tag N' Train: O.Amram and C.M.Suarez, [arXiv:2002.12376]. 

• Anti QCD tagger: J. A.Aguilar-Saavedra, J. H. Collins and R. K. Mishra, JHEP 11 (2017), 163, [arXiv:1709.01087]. 

• Anomaly Detection with Density Estimation: B. Nachman and D.Shih, Phys. Rev. D 101 (2020), 075042, [arXiv:2001.04990] 

• Simulation Assisted Likelihood-free Anomaly Detection: A.Andreassen et al., Phys. Rev. D 101 (2020) no.9, 095004 
[arXiv:2001.05001].
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For other proposals, see recent review by Nachman:  
Anomaly Detection for Physics Analysis and Less than Supervised Learning[arXiv:2010.14554 [hep-ph]].



Creating Anomaly Aware Methods

Our algorithm learns about 
normal events (SM) while 
being made aware of an 
array of anomalies (BSM) 
in a way that it becomes 
sensitive to unseen BSM 
anomalies.

Anomaly Awareness (AA)  
a new algorithm for anomaly detection 
(C. K. Khosa & V. Sanz. 2020)  
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• Lets see how AA works in a 

well-known topology for 

new  physics searches: Fat 

Jets 

• Demonstrate its use against 

an array of BSM scenarios:  

1.EFT Higgs,  

2.Resonances                leading 

jet with 2, 3 or 4 subsets

Which type of BSM we consider?  

Boosted Regime  

What type of Input data? 

 Jet Images  

Which model do we  use? 

CNN



The “Algorithm” 
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Top and QCD Jets

Madgraph + Pythia  

Averaged over 50,000 events

�⌘ = 0.087,�� = 0.087

<latexit sha1_base64="VBGBd0Mw49o3CH4dmDWCtNOMN70=">AAACDXicbZDLSgMxFIYz9VbrrerSTbAKLqTMSKXdCEVduKxgL9CWkknPtKGZC8kZoQx9ATe+ihsXirh17863Mb0I2nog5Of7zyE5vxtJodG2v6zU0vLK6lp6PbOxubW9k93dq+kwVhyqPJSharhMgxQBVFGghEakgPmuhLo7uBr79XtQWoTBHQ4jaPusFwhPcIYGdbJHrWuQyGgLkF3YebtUPKU/KOqLKepkc+aeFF0UzkzkyKwqnexnqxvy2IcAuWRaNx07wnbCFAouYZRpxRoixgesB00jA+aDbieTbUb02JAu9UJlToB0Qn9PJMzXeui7ptNn2Nfz3hj+5zVj9ErtRARRjBDw6UNeLCmGdBwN7QoFHOXQCMaVMH+lvM8U42gCzJgQnPmVF0XtLO8U8ue3hVz5chZHmhyQQ3JCHFIkZXJDKqRKOHkgT+SFvFqP1rP1Zr1PW1PWbGaf/Cnr4xvNO5ja</latexit>

the input dataset
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<latexit sha1_base64="KGV/j+REWLxQ2Gn2LFf4GVR7Lbw="></latexit>

SM tt̄ and QCD diJet production,
p
s = 13 TeV

Top Jets QCD Jets

Leading jet with pt > 750GeV,R=1 Anti-kt jet

<latexit sha1_base64="YXI3L98IHO55UXwjk9iB3OIZugk="></latexit>

Top Quark Decay

S
o

u
rc

e
: 

Q
u

a
n

tu
m

 d
ia

ri
e

s

boostw

b

w

b

At Rest Fat Jet



CNN for Top vs QCD Classification 
(2C Baseline Classification) 

Conv2D 30, 3X3, 
Stride=1

Conv2D 40, 3X3, 
Stride=1, padding=1

Conv2D 30, 3X3, 
Stride=1 

Maxpooling 2

Conv2D 40, 3X3, 
Stride=1, padding=1 

Maxpooling 2 
Dropouts=0.3 

Linear Layer 300

Predictions  
(Nc)

Input 25x25
100K Events (balanced data) 
Training: Test data= 70:30%

Batch Size=100 
Epochs=100

Cross-Entropy Loss function

Related work 
G.Kasieczka, T.Plehn, M.Russell and T.Schell, JHEP 05 (2017), 006  
S.Macaluso and D.Shih, JHEP 10(2018), 12125

Input 
25x25



BSM Benchmarks

R2 : pp ! Y ! ZZ,Z ! jj

<latexit sha1_base64="T/r7FoAenLx8ES8ZExvlYTJTU/0=">AAACI3icbVDLTgIxFO3gC/E16tJNIzFxYcgMwWhYEd24RCMPhcmkUzpQ6EwnbUdDJvyLG3/FjQsNcePCf7HALAQ8SZvTc+7N7T1exKhUlvVtZFZW19Y3spu5re2d3T1z/6AueSwwqWHOuGh6SBJGQ1JTVDHSjARBgcdIwxtcT/zGExGS8vBeDSPiBKgbUp9ipLTkmuU7t1iGUQTbgnZ7CgnBn+HD3As+wsczfc2Jfdh3zbxVsKaAy8ROSR6kqLrmuN3hOA5IqDBDUrZsK1JOgoSimJFRrh1LEiE8QF3S0jREAZFOMt1xBE+00oE+F/qECk7Vvx0JCqQcBp6uDJDqyUVvIv7ntWLlXzoJDaNYkRDPBvkxg4rDSWCwQwXBig01QVhQ/VeIe0ggrHSsOR2CvbjyMqkXC3apcH5byleu0jiy4Agcg1NggwtQATegCmoAgxfwBj7Ap/FqvBtj42tWmjHSnkMwB+PnFzbhoso=</latexit>

R3 : pp ! Y ! tt̄, t ! bW,W ! jj

<latexit sha1_base64="cX9ZuglAjyH62uq/QR1/BLuEuA0="></latexit>

R4 : pp ! Y ! HH,H ! W
+
W

�
,W ! jj

<latexit sha1_base64="ae0oDUVQRZIUdiUGcQZQzHtpM5E="></latexit>

Resonance (Graviton) decay, mY=3 TeV 

HEFT Leading jet, same cuts as 
baseline jets

Wjet : pp ! W+W�,W ! jj

<latexit sha1_base64="xEH0idRJxiO7FRRL7BWgV+fNxz0=">AAACGnicbVDLSgNBEJyNrxhfqx69DAZBUMOuRBRPQS8eI5hsIIlhdjKbTDL7YKZXCUu+w4u/4sWDIt7Ei3/jJNmDSSxoKKq66e5yI8EVWNaPkVlYXFpeya7m1tY3NrfM7Z2qCmNJWYWGIpQ1lygmeMAqwEGwWiQZ8V3BHLd/PfKdByYVD4M7GESs6ZNOwD1OCWipZdoO7jHAlziKcEPyTheIlOEjdu6PdJ0cY2dKxr1ey8xbBWsMPE/slORRinLL/Gq0Qxr7LAAqiFJ124qgmRAJnAo2zDVixSJC+6TD6poGxGeqmYxfG+IDrbSxF0pdAeCx+nciIb5SA9/VnT6Brpr1RuJ/Xj0G76KZ8CCKgQV0ssiLBYYQj3LCbS4ZBTHQhFDJ9a2YdokkFHSaOR2CPfvyPKmeFuxi4ey2mC9dpXFk0R7aR4fIRueohG5QGVUQRU/oBb2hd+PZeDU+jM9Ja8ZIZ3bRFIzvX+oTnvQ=</latexit>

SM

EFT : pp ! HZ,H ! bb̄, Z ! l
+
l
�

<latexit sha1_base64="zc/d5tEfwl80A8BnP4Mbv2ziJJA="></latexit>

([Dµ
H

†
T2kD

⌫
H]W k

µ⌫)

<latexit sha1_base64="Kyu4P/JzImR2ZwxaZUWuiUFlx0g=">AAACGHicbVA7T8MwGHTKq5RXgZHFokIqS0mqIhgrYOhYpL6kJI0c122tOk5kO0hVlJ/Bwl9hYQAh1m78G5y2A7ScZOl8d5/s7/yIUalM89vIbWxube/kdwt7+weHR8Xjk44MY4FJG4csFD0fScIoJ21FFSO9SBAU+Ix0/cl95nefiJA05C01jYgboBGnQ4qR0pJXvCrbD/3ECeK00XcGaARbXlKdpDATeZzCBnS7/YmXJbL7pVcsmRVzDrhOrCUpgSWaXnHmDEIcB4QrzJCUtmVGyk2QUBQzkhacWJII4QkaEVtTjgIi3WS+WAovtDKAw1DowxWcq78nEhRIOQ18nQyQGstVLxP/8+xYDW/dhPIoVoTjxUPDmEEVwqwlOKCCYMWmmiAsqP4rxGMkEFa6y4IuwVpdeZ10qhWrVrl+rJXqd8s68uAMnIMysMANqIMGaII2wOAZvIJ38GG8GG/Gp/G1iOaM5cwp+ANj9gN+M591</latexit>

CHW

<latexit sha1_base64="9SsjpZ9dIutQpiNINwtcKlQRyqw=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVih6LvfRYwX5Au5Rsmm1js8mSZIWy9D948aCIV/+PN/+N2XYP2vpg4PHeDDPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjpaJIrRNJJeqF2BNORO0bZjhtBcriqOA024wbWR+94kqzaR4MLOY+hEeCxYygo2VOo1h2uzOh+WKW3UXQOvEy0kFcrSG5a/BSJIkosIQjrXue25s/BQrwwin89Ig0TTGZIrHtG+pwBHVfrq4do4urDJCoVS2hEEL9fdEiiOtZ1FgOyNsJnrVy8T/vH5iwls/ZSJODBVkuShMODISZa+jEVOUGD6zBBPF7K2ITLDCxNiASjYEb/XlddK5qnq16vV9rVK/y+MowhmcwyV4cAN1aEIL2kDgEZ7hFd4c6bw4787HsrXg5DOn8AfO5w9PPI73</latexit>
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Training on 
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Top vs QCD Jet (Prior  Run)



Anomaly Awareness for 2C Data

One type of anomaly data set Two types of anomaly data set

We see the effect of adding awareness to the classification task

As we add more types of BSM examples, ALL BSMs gather in the centre

 Uniform Distribution over the baseline classes for all the BSM events
28



Robust Anomaly Detector

AA term with  
1 type of anomaly

AA term with  
4 types of anomalies

AA term with  
5 types of anomalies

29

Awareness of a variety  of anomalies Robust Anomaly Detector

AA (W Jet) AA (W, EFT, R3 and R4) AA (W, EFT, R2, R3 and R4)



Baseline  vs AA Comparison

The addition of the AA term does not degrade the baseline classification 
but adds the ability to use its output for anomaly detection 
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Signal Cross-section Reach 

R =
✏Sp
�B✏B

<latexit sha1_base64="pawVzdM/lwdZow6hJmujJOCMSI0=">AAACGHicbVDLSsNAFJ3UV62vqEs3g0VwVROp6EYodeOyPvqAJoTJdNIOnUnizEQoIZ/hxl9x40IRt935N07bINp64F4O59zLzD1+zKhUlvVlFJaWV1bXiuuljc2t7R1zd68lo0Rg0sQRi0THR5IwGpKmooqRTiwI4j4jbX94NfHbj0RIGoX3ahQTl6N+SAOKkdKSZ57cXjqBQDh1SCwp09JdljryQSjdaZ8jrw5/rHqWeWbZqlhTwEVi56QMcjQ8c+z0IpxwEirMkJRd24qVmyKhKGYkKzmJJDHCQ9QnXU1DxIl00+lhGTzSSg8GkdAVKjhVf2+kiEs54r6e5EgN5Lw3Ef/zuokKLtyUhnGiSIhnDwUJgyqCk5RgjwqCFRtpgrCg+q8QD5DOSeksSzoEe/7kRdI6rdjVytlNtVyr53EUwQE4BMfABuegBq5BAzQBBk/gBbyBd+PZeDU+jM/ZaMHId/bBHxjjb3VjoUs=</latexit>

We scan on windows of the 
classifier output 
Cutting a small window 
around 0.5  
anomaly detection is 
enhanced
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Translation into a 
generic Anomaly 

xsec 

S

B
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δ = 0.12
δ = 0.10
δ = 0.08
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P (Top Jet)

AA (All except  EFT)

Xsec vs Luminosity

We use  as an example of 

quantity to maximise (S=BSM, 
B=SM)

S/ B



Three-class Example

Top Jet, QCD jet, W-jet

150 K images (balanced data set), training:test=70:30%

This procedure can be generalized beyond binary classification

Unseen Data Set: EFT

Prior Run With AA
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Key Message

• All methods have their 
“advantages” and “limitations”. 

• No “Generic” method: Each 
method operates in a limited 
region of parameter space. 

• “None” of the current methods are 
suitable for whole phase space 
and can not target  the anomalous 
events of all types.  

• Simulated benchmarks are also 
different, so it is “non-trivial” task 
to compare one with other. 

33

LHC Olympics 2020 was organised to address this issue 
https://lhco2020.github.io/homepage/ 



SMEFT fit to Higgs, diboson and EW data

J.Ellis, C.W.Murphy, V.Sanz and T.You JHEP06(2018)14634

SMEFTs

Model independent framework to parametrize the new physics

Higher dimensional operators respecting SM symmetries and involving SM fields

ℒd=6 = ℒSM + ∑
i

Ci

Λ2
𝒪i



SMEFT : Global Analysis 

J.Ellis, C.W.Murphy, V.Sanz and T.You JHEP06(2018)146

Precision electroweak data, LHC Run 1 & 2 data (Higgs production, 
pair of gauge bosons)

LEP data 
+ 
WW LEP2 data 
+ 
MW Tevatron 



LHC data

Run 1 data 

(Early) Run 2 data 
+
STXS 



A.Biekötter, T.Corbett and T.Plehn, arXiv:1812.07587 [hep-ph]

J.Ellis, C.W.Murphy, V.Sanz and T.You JHEP06(2018)146

E.da Silva Almeida et al.,Phys.Rev.D 99(2019)



Why VH channel?

J. Brehmer, K. Cranmer, G. Louppe and J Pavez, 
Phys. Rev. Lett. 121 (2018) 111801, Phys. Rev. D 98 (2018) 052004

VBF channel

   VH channel (higher statistics)

Felipe F. Freitas, CKK, Veronica Sanz, arXiv: 1902.05803 [hep-ph]



More subtle kinematic signatures  
SMEFT via VH channel 

ℒSM ⇒ ℒSM +
2igcHW

m2
W

[DμH†T2kDνH ] Wk
μν + …

ημν gmV ⇒ ημν gmV −
2 g cHW

mW
pV

μ pV
ν + …

H1

H
†
1

H2

Vµ

V⌫

Felipe F. Freitas, CKK, Veronica Sanz, arXiv: 1902.05803 [hep-ph]

Generic EFT effect  

Specific operator which produces it



pb1
T , pb2

T , pVH
T , MVH

T , pW/Z
T , pH

T , ηH, ϕH

pp → HZ, (H → bb̄, Z → νν̄) MET, Δϕb1MET0-lepton

pp → HW, (H → bb̄, W → lvl) MW
T , pl

T, MET, ΔRwl, Δϕb1l, ΔϕlMET1-lepton

pp → HZ, (H → bb̄, Z → l+l−) pl1
T , pl2

T , ΔRll, Δϕb1l1, Δϕb2l12-lepton

Feynrules Model : 
Higgs Effective Lagrangian
arXiv:1310.5150

 14 TeV, 100K events for 
both SMEFT  and SM
using MC@NLO Madgraph 

s =

Felipe F. Freitas, CKK, Veronica Sanz, arXiv: 1902.05803 [hep-ph]

Analysis set-up (VH Channel)

LO, parton level analysis M. Aaboud et al., Phys. Lett. B 786(2018) 59 



1D and 2D features



Neural Network 

Input Layer Hidden Layers Output Layer

Y label 
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Neural Network Architecture 

Training set: Test set = 70 %: 30%  (data scaling)  

Hidden layers:  1 (optimised) 

Activation function: ReLu 

Dropouts: 0.2  

Loss function: Asimov loss function (pre-training  with MSE) 



ROC curve (SMEFT vs SM Higgs 
background)
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Signal acceptance ✏S

cHW = 0.03

AUC = 0.75

cHW = 0.001

AUC = 0.52

AUC: area under ROC 



Appropriate performance measure for 
HEP analysis

ZA = 2 (s + b)ln [ (s + b)(b + σ2
b)

b2 + (s + b)σ2
b ] −

b2

σ2
b

ln [1 +
σ2

bs
b(b + σ2

b) ]
1/2

ℓAsimov = 1/ZA

Specific(Asimov) Loss function 

Asimov Significance

Adam Elwood and Dirk Krücker, arXiv: 1806.00322[hep-ex]
Glen Cowan, Kyle Cranmer, Eilam Gross, Ofer Vitells, arXiv:1007.1727[physics.data-an]
                                            

s = Ws

Nbatch

∑
i

ypred
i × ytrue

i b = Wb

Nbatch

∑
i
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i × (1 − ytrue

i )



Classifier Output : 0L channel 

Pretraining with steep loss function

Z+HF background SM Higgs background

Pre-training with usual loss function and 
5 epochs  

Final distributions with 
Asimov loss function 

(CHW = 0.03)



“Type a quote here.”

–Johnny Appleseed

Asimov significance vs Luminosity 
systematics 50%
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Combining 0L+1L+2L for a limiting 
case

Asimov significance vs Luminosity 
systematics 50%

10 50 100 500 1000

2

4

6

8

cHW = 0.001 (0L)

cHW = 0.001

(0+1+2 L)

For a realistic analysis combining  different channels may help 

Irreducible background only



Summary and Outlook

• ML techniques are emerging as a competitive tool to look for new phenomena 
in the complex data 

• HEP community is adapting these techniques for various tasks: trigger, heavy 
flavour tag, quark gluon discrimination, jet tagging etc. 

• There is lot of activity to build methods for anomaly detection. 

• We present a new algorithm for anomaly detection.  It is based on the 
procedure of classifying 'normal' (SM) events,  While the algorithm is made 
aware of the presence of anomalies (BSM) through a modification of the 
learning function. 

• We used supervised learning techniques to exploit kinematic information in 
VH channel for SMEFT framework. This approach may provide a significant 
stronger bounds on EFT coefficients (scalability for more operators, realistic 
simulation). 

• Finally, we need to test/use these approaches for LHC data.

Thanks
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Generative Adversarial Networks 
(GANs)

Can interpolate the phase space for the event generation

Aim is to see if GANs could be used for fast simulations (dijetGAN, arxiv:1903.02433)

Training data (from actual event 
simulator)

Discriminator 

Fake data  
Noise 


