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LHC legacy

e What's hiding in the Higgs sector?

= constrain dimension-6 EFT operators
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LHC legacy

What's hiding in the Higgs sector?

= constrain dimension-6 EFT operators

Challenges:

1. Many parameters

2. Many observables
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1A EXPERIMENT

Run Number: 209381, Event Number: 72873013
Date: 2012-08-28 04:17:16 CEST




LHC legacy

e What's hiding in the Higgs sector?

= constrain dimension-6 EFT operators

e Challenges:
1. Many parameters

2. Many observables

3. Subtle kinematic effects
e No single good standard variable

e Probability distributions overlap



LHC legacy

e What's hiding in the Higgs sector?

= constrain dimension-6 EFT operators (or Pseudo-Observables, non-linear EFT, ...)

e Challenges:

1. Many parameters

2. Many observables

3. Subtle kinematic effects

e

e No single good standard variable
F ﬂa v 9
e Probability distributions overlap

M~¢ h

[M. Yao, idea for analogy: K. Cranmer]
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LHC legacy

e What's hiding in the Higgs sector?

= constrain dimension-6 EFT operators

e Challenges:
1. Many parameters

2. Many observables

3. Subtle kinematic effects
e No single good standard variable

e Probability distributions overlap

4. Intractable likelihood...



Particle physics processes: simulation

Detector Shower Parton-level Theory

Observables . . e
Interactions splittings momenta parameters
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Particle physics processes: simulation

Detector Shower Parton-level Theory
Observables . . e
Interactions splittings momenta parameters
T < Zd € 2o Zp < )
Sample from p(z|za) p(2al2s) p(2s|2p) p(2p|0)

MADGRAPHS5 _aMCE@NLDO

Prediction (simulation)



Particle physics processes: inference

Detector Shower Parton-level Theory

Observables . . e
Interactions splittings momenta parameters

< Zg < Zp < v,

L < Zd
p(x|0) :/dzd/dzs/dzpp(:c\zd) p(z4|zs) p(2s|2p) p(2,]0)

—
Inference



Particle physics processes: inference

Detector Shower Parton-level Theory
Observables . . e
Interactions splittings momenta parameters
€T < Zd € 2o Zp < )
p(CIJ‘@) — dzd/dzs/dzpp(m‘zd) p(zd]zs) p(zs‘zp) p(zp‘e)

Infeasible to calculate
the integral over this
enormous space

Inference



Likelihood-free inference

Parameters Observables
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Prediction (simulation): e Well-understood mechanistic model

e Simulator can generate samples

Inference: e Likelihood function p(z|0) is intractable

e Goal: estimator p(x|0)



Why has that not stopped us so far?

e The physicist’s way:
Observables  Summary statistics
Z
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Parameters
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Why has that not stopped us so far?

e The physicist’s way:

fill histograms

Parameters Observables  Summary statistics
6 —> Z — > '
ISP e i e /Run simulator for
O - ATLAS Higgs (m, = 125.00 GeY, i .
% go [ Ho2Z o Zw /] different 0,

p(x|0) = p(2'|0) =




Why has that not stopped us so far?

e The physicist’s way:

Parameters Observables  Summary statistics
6 —> Z — > '
60 T T - /Run simulator for
- ATLAS s coyf

different 6,
fill histograms

- H— 77 - 4l
- 13 TeV, 36.1 fbo'!

e But how to choose 2'? Standard variables lose information,
analysis of high-dimensional x (including correlations) often more powerful



Likelihood-free inference methods

Treat simulator as black box:

e Histograms of observables,
Approximate Bayesian Computation

e Machine learning techniques
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Treat simulator as black box: Use latent structure:
e Histograms of observables, e Matrix Element Method / Optimal
Approximate Bayesian Computation Observables

e Machine learning techniques
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Likelihood-free inference methods

Treat simulator as black box: Use latent structure:
e Histograms of observables, e Matrix Element Method / Optimal
Approximate Bayesian Computation Observables

e Machine learning techniques

e Mining gold from the simulator

NSS—= N =SV Y]

Leverage matrix-element information

_

>
>

+ machine learning

stronger limits

scales to many parameters +
observables

no approximations on physics
necessary

evaluation in microseconds



Mining gold to improve likelihood-free inference

parameter ¢

latent l %\ observable
atent 2 2\ ke

J— t(z, 2|0)
augmented data (“gold”)

1. Simulation

“Mining gold”: Extract
additional information
from simulator



Mining gold to improve likelihood-free inference

parameter ¢

approximate
likelihood
ratio

arg min L|g] —>» 7(x|60
t(x, z|0) > 9 lf)

augmented data (“gold”)

2. Machine Learning

Use this information to
train precise estimator for
likelihood ratio
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Mining gold to improve likelihood-free inference

0;
approximate
likelihood
ratio

r(x|d) —>
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3. Inference

Limit setting
with standard
hypothesis tests



Mining gold from the simulator

Detector Shower Parton-level Theory
Observables . . e
Interactions splittings momenta parameters

€T <€
p(z]0) = /dzd /dzs /dzpp<xrzd> p(zalzs)  plesl) p(2]0)

Intractable integrals



Mining gold from the simulator

Detector Shower Parton-level Theory
Observables . . e
Interactions splittings momenta parameters
T < Zd Zg Zp < v,

p(z]0) = /dzd /dzs /dzpp<xrzd> p(zalzs)  plzalzp) p(z,10)

This parton-level
likelihood can be
evaluated!



Mining gold from the simulator

. Parameters
Features Latent variables .
of interest
Detector Shower Parton-level Theory
Observables . . e
Interactions splittings momenta parameters
T < Zd Zg Zp < v,

p(z]0) = /dzd /dzs /dzpmwrzd) p(zalzs)  plzalzp) p(z,10)

This parton-level
likelihood can be
evaluated!

= We can calculate the “joint” likelihood ratio conditional on a specific evolution:

P(iC,Zd,Zs,ZpWo) _ P(fﬁ\zd) P(Zd\zs) p(Zs’Zp) p(ZPWO)

r(x, z|0y,01) =
20 1) = i a2 2alB0)  pel) Dale) Palz) | Plaglf)
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The value of gold

We have joint likelihood ratio
(377 Rdy sy ~p

r(x, z|0p,601) = b

v

We want likelihood ratio

P(T; 2d, Zs5 2p

o)

_ p(
7(aﬂ90791)__.p($

01)
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The value of gold

We have joint likelihood ratio

6
7“(33,Z|90,@1) — p(aj,Zd,ZS,Zp O)
p(xazdazsazp 91)

1 = r(X|90161)
o r(x,z|6p,61), x~p(x|6=06)
r(x, z|6q, 61), x ~ p(x|6 = 01)

&
T($7Z‘90791)are g
scattered around 27|

r(xz|60g, 01) %”

£

v
We want likelihood ratio

_ p(x|6o)
el 00 = )
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The value of gold

We have joint likelihood ratio

r(x, z|0p,601) =

p(xa Rdy sy ~p 90)

v

p(xa Rdy Rsy ~p 91)

With (. 2|00, 01 ),
we define the functional

Ly [P ()] = Ep(a,z(0:) :(f(fﬂ) — r(z, 2190791))2}.

One can show it is minimized by

arg min L,.[7#(x)] = r(x|0y,01) |
7(x)

We want likelihood ratio

o)

_ p(
T(f‘@o,@l) — p(.CE
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Machine learning

Need to minimize a functional: Extremization Functional

Variational family /
\4

r(xz|0g, 01) 2Narg min L,.[7(x)]
P ()




Machine learning

Need to minimize a functional: Extremization Functional

Variational family

v
r(x|6g,01) 2argmin L,.[7(x)]
() 4

This is exactly what
machine learning does!

Loss function

Stochastic gradient descent

Neural network

= We implement #(x|6g, 61 )
as a neural network trained on the
data available from the simulator




Mining gold to improve likelihood-free inference

parameter

l

latent 2 approximate

likelihood
ratio

g

augmented data (“gold”)

1. Simulation 2. Machine Learning

arg min L{g] —> 7(z|0) —>

0;

3. Inference



Mining gold to improve likelihood-free inference

parameter

l

latent 2 approximate

likelihood
ratio

g

augmented data (“gold”)

1. Simulation 2. Machine Learning

arg min L{g] —> 7(z|0) —>
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Proof of concept

e Higgs production in Exciting physics! at least 16-dimensional
weak boson fusion: ¢ / | observable space
W, Z J # 7

SO

e Goal: constraints on two EFT parameters

fwl ig 4 UL Tira fww| g° a va
ﬁﬁSM"‘ E(D'uqb)TO- D ¢Wuy o A2 A (¢T¢) W,LLI/W“

Ow Oww
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Proof of concept

e Higgs production in Exciting physics! at least 16-dimensional
weak boson fusion: ¢ / | observable space
W, Z J # 7

e Goal: constraints on two EFT parameters

L= fW lg DM T a pHv WCL fWW 92 T Wa, W,u,z/a,
— SM+A2 5( Qb)O' ¢ 72 A2 4(¢¢) %

Ow Oww

e Two setups:
e Simplified setup in which we can compare to true likelihood

o “Realistic” simulation with approximate detector effects

e Simulation: MadGraph [. Alwall et al. 1405.0301] + MadMax
[K. Cranmer, T. Plehn hep-ph/0605268; T. Plehn, P. Schichtel, D. Wiegand 1311.2591]
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Error in likelihood ratio estimation

Less training data needed

2D histogram —-= SALLY
-—-- CARL CASCAL
ROLR - == RASCAL
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Error in likelihood ratio estimation

Less training data needed

/

2D histogram — .= SALLY
-== CARL CASCAL
----- ROLR -—- RASCAL
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Training sample size

New techniques
/r;quire less data than

generic ML method



Stronger bounds

Expected exclusion limits at 68%, 95%, 99.7% CL

Truth — = SALLY
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Stronger bounds

Expected exclusion limits at 68%, 95%, 99.7% CL

Truth —-= SALLY
New technique

2D histogram - == RASCAL
1.0
enables stronger
limits than P N
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Stronger bounds

Expected exclusion limits at 68%, 95%, 99.7% CL

Truth —-= SALLY
New technique . 2D histogram  —--- RASCAL
enables stronger\
limits than PN
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A new approach to simulator-based inference

’ ® Many LHC analyses
are based on
Parameters ) Ohservables simulations, “likelihood-free”

e Established inference methods
treat simulator as black box



A new approach to simulator-based inference

’ ® Many LHC analyses
are based on
Parameters ) Ohservables simulations, “likelihood-free”

e Established inference methods
treat simulator as black box
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A new approach to simulator-based inference

Parameters
0 —_— z

parameter

a
l observable

-
| SR

—> t(z, 2]) ————»
augmented data (“gold”)

0;
approximate
likelihood
ratio

1. Simulation

Truth

" 2. Machine Learning

Observables
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3. Inference

Many LHC analyses
are based on
simulations, “likelihood-free”

Established inference methods
treat simulator as black box

New inference techniques:
Leverage more information from
simulator + power of machine
learning

First application to Higgs physics:
Stronger EFT constraints with less
data
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Bonus material



Can | use this?

Yes!

To make that easier, we're
working on MadMiner:

e “Mining gold”from
MadGraph + Pythia
+ detector simulation
Delphes ... full sim

e Likelihood ratio estimation
with new algorithms

e User-friendly Python
interface

: Ju pyter example Last Checkpoint: 3 hours ago (autosaved) ? Logout
File Edit View Insert Cell Kernel Widgets Help Trusted ] Python [default] O
B  + 3 @& B a2 ¥ MRuin B C  Makdown ¥ | | fF Edit Presentation = @ Show Presentation

In [1]:

In [2]):

In [3]:

MadMiner example

In this tutorial we'll demonstrate how to use MadMiner to generate train and test samples for the ML methods introduced in ‘Constraining Effective Field
Theories With Machine Learning” and "A Guide to Constraining Effective Field Theories With Machine Learning”, both by Johann Brenmer, Gilles Louppe, Juan
Pavez, and Kyle Cranmer.

Before you execute this notetook, maxe sure you have running installations of MadGraph, Pythia, and Delphes. Note that at least for now, the MG-Pythia
interface and Delphes require custom patches (availacle upon reguest). In addition, MadMiner and DelphesMiner have to be in your PYTHONPATH.

from future import absolute_ import, division, print_ function, unicode literals

import numpy as np
from matplotlib import pyplot as plt
$ matplotlib inline

from madminer.goldmine import GoldMine

from madminer.refinery import combine and shuffle

from madminer.refinery import Refinery

from madminer.refinery import constant benchmark theta, multiple benchmark thetas

from madminer.refinery import constant morphing theta, multiple morphing thetas, random morphing thetas
from madminer.tools.plots import plot 2d morphing basis

from delphesprocessor.delphesprocessor import DelphesProcessor

Please enter here the path to your MG5 root directory. This notebook assumes that you installed Delphes and Pythia through MG5.

mg dir = '/Users/j

hannbrehmer/work/projects/madminer/

35 aMC v2 6 2

1. Define parameter space

After creating a GoldMine instance, the first important step is the definition of the parameter space. Each model parameter is characterized by a name as
well as the LHA bleck and ID.

If morphing is used, one also has to specify the maximal power with which the parameter contributes te the squared matrix element. For instance, a parameter
that contributes only to one vertex, will typically have morphing max_power=2 , while a parameter that contributes to two vertices usually has

morphing max power=4 . Exceptions arise for instance when the interference effects between the SM and dimension-six cperators are modelled, but the
square of the dimension-six amplitude (subleading in 1/Lambda) is not taxen into account, in which case morphing max power=l. Finally, the

parameter range argument defines the range of parameter values that are used for the automatic optimization of the morphing basis.

miner = GoldMine()

miner.add parameter|(
a_block='dimé',

lha id=2,

parameter name='CWL2',
morphing max power=2,
parameter range=(-10.,10.)

)

miner.add parameter|(
lha_block='dimé',
lha_id=5,
parameter name='CPWL2',
morphing max power=2,
parameter range=(-10.,10.)

)

14:55
14:55
14:55 | |
14:55 | MadMiner |
14:55 | |

:5 Version from Jul 1
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[Image sources: STFC / Ben Gililand, Sean Carroll,
Friedrich Justin Bertuch 1806, symmetry]

Effective field theory

Dragons?

SEE ‘_ 3 sas 0
Extra dimensions? Composite Higgs?
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Effective field theory

AR\ SS

E < A| LHCHiggs Other LHC LEP Flavour
measurements
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SM E FT (Standard Model Effective Field Theory)

Operators

e all possible interactions between SM particles
mediated by new physics

o fixed by SM particles + SM symmetries +
expansion in 1/A,
independent of high-energy physics

e affect rates + kinematics
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SM E FT (Standard Model Effective Field Theory)

Operators

e all possible interactions between SM particles
mediated by new physics

o fixed by SM particles + SM symmetries +
expansion in 1/A,
independent of high-energy physics

e affect rates + kinematics

fi
ﬁEFT:£SM+E = O+ ...
i A T Higher-order terms

/ e suppressed by additional

. . factors of E? / A*
Wilson coefficients

e precise measurement of these
parameters is one of the most
important goals of the LHC

e can be translated to high-
energy physics parameters



Variational calculus

L{g(x :/ dz dz p(z, z|0) |g(x, z) — §(z)|?
/ [ /dz p(x, 2]0) — 2g(x) /dz p(x, 2|0) g(x, z) + /dz p(x, 2|0) g*(z, 2)

J/

F(z)

= 2§ /dz p(x, z|0) —2 /dz p(x, 2|0) g(x, 2)

b S
9 N Y

-~

=p(z|0)




Point by point

for each 6
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(Agnostic) parameterized estimators
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Morphing-aware parameterized estimators

P00, 01) = > we(bo) Fe()

for each c
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Morphing coefficients
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The score

Inference just based on the joint
likelihood ratio works well, but there
is another powerful piece of
information

The score

t(x|0o) = Vg log p(z|0)

)

fully characterizes the likelihood
function in the neighborhood of 6,

The score itself is intractable. But...

—— logp(x =4/6)
o logp(x=4,z|0), t(x =4, z|6)

—0.5 0.0
6

0.5

1.0



Learning the score

Similar to the joint likelihood ratio,
we can calculate the joint score

t(z,z00) = Vg log p(z, 24, 25, 2|0)

\ /
We want score

t(z|fo) = Vo log p(z[6)




Learning the score

Similar to the joint likelihood ratio,
we can calculate the joint score

t(z,z00) = Vg log p(z, 24, 25, 2|0)

\ /
We want score

t(z[0o) = Vo log p(x|0)

Given 7(x, z|0)),
we define the functional

Lt[tA(w)] = Ep(z,2160) {(f(aj) — t(x, Z‘90)>2}.

One can show it is minimized by

arg min L. [t(x)] = t(x|0y).
t(x)

Again, we implement this
with machine learning



Putting the pieces together

parameter

l

latent 2

approximate
likelihood
ratio

g

augmented data (“gold”)

1. Simulation | " 2.Machine Learning

arg min L{g] —> 7(z|0) —>
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A family of likelihood-free inference strategies

Different strategies to combine the different pieces of information:

Method Lxg LmLE L, L; 0 sampling
ABC (Approximate Bayesian Computation) 0 ~ 7'('(0)
NDE (Neural density estimation) v 0 ~ 7T(9)
LRT / CARL (Likelihood ratio trick/ calibrated approximate ratios of likelihoods) v 6 ~ m(0)
ROLR (Regression on likelihood ratio) v 6 ~ 7T(9)
SCANDAL (Score augmented neural density approximates likelihood) v v 0 ~ 7'('(9)
CASCAL (CaRL and score approximate likelihood ratio). v v 0 ~ 7T(9)
R ASCAL (Ratio and score approximate likelihood ratio) v 0 ~ 7'('(9)
SALLY (Score approximates likelihood locally) v 0 = 0y
SALLINO (Score approximates likelihood locally in one dimension) v 0 = 0y




A family of likelihood-free inference strategies

Different strategies to combine the different pieces of information:

Method Lxg LmLE L, L; 0 sampling
ABC (Approximate Bayesian Computation) 0 ~ 7'('(0)
NDE (Neural density estimation) \/ 9 ~/ 7T(9)
LRT / CARL (Likelihood ratio trick/ calibrated approximate ratios of likelihoods) v 0 ~ 7'('(9)
ROLR (Regression on likelihood ratio) v 6 ~ 7'('(9)
SCANDAL (Score augmented neural density approximates likelihood) v v 0 ~ 7'('(0)
CASCAL (CARL and score approximate likelihood ratio). v v 0 ~ (0
v 0
ALLY (Score approximates likelihood locally) = 0o
SALLINO (Score approximates likelihood locally in one dimension) v 0 = 0y

RASCAL loss function:

LRASCAL[TA‘($‘90, 91)] — Lf,a[’f‘($’90, 91)] + Lt[v% log f(iﬁ‘eo, 91)]



Distributions
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Score vs observables
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Results

Expected MSE

Strategy Setup Figures
All  Trimmed
Histogram Pt Ay 0.056 0.0106 v
P11 0.088 0.0230
Agj; 0.160 0.0433
AFC PT,51, A¢3J 0.059 0.0091
pT,jl,mZQ,mjj,Anjj,A(bjj 0.078 0.0101
CARL (PbP) PbP 0.030 0.0111 Fig. 12
CARL (parameterized) Baseline 0.012 0.0026 v
Random 6 0.012 0.0028
CARL (morphing-aware) Baseline 0.076 0.0200 Fig. 12
Random 6 0.086 0.0226
Morphing basis 0.156 0.0618
ROLR (PbP) PbP 0.005 0.0022
ROLR (parameterized) Baseline 0.003 0.0017 v
Random 6 0.003 0.0014
ROLR (morphing-aware) Baseline 0.024 0.0063
Random ¢ 0.022 0.0052
Morphing basis 0.130 0.0485
SALLY 0.013 0.0002 v
SALLINO 0.021 0.0006
CASCAL (parameterized) Baseline 0.001 0.0002 v
Random 6 0.001 0.0002
CASCAL (morphing-aware) Baseline 0.136 0.0427
Random 6 0.092 0.0268
Morphing basis 0.040 0.0081
RASCAL (parameterized) Baseline 0.001 0.0004 v
Random 6 0.001 0.0004
RASCAL (morphing-aware) Baseline 0.125 0.0514
Random 6 0.132 0.0539
Morphing basis 0.031 0.0072




Precision of estimates
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Expected limits (truth level)
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p(r/r|Bsm)

Detector effects
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Expected limits (with detector effects)
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