Measuring Quantum Interference in the Off-shell Higgs to 4 Leptons with ML: A First Look
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Who needs a simulator? We can arrive at this analytically!
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Modelling particle physics processes
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Modelling particle physics processes

Latent variables
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Modelling particle physics processes
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Modelling particle physics processes

Observables | Detect.or Shower Parton-level Theory
interactions splittings momenta parameters
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Modelling particle physics processes

Detector Shower Parton-level Theory
Observables , , L
interactions splittings momenta parameters
T 2y —— 2y — z;, — )

p(x|0) = /dzd/dZS/de p(z|za) p(zd|zs) P(%s|2p) p(zp|0)

It's infeasible to calculate the
integral over this enormous
spacel

Inference
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Mining gold from the simulator

Latent variables

Detector Shower Parton-level Theory

Observables . . .
Interactions splittings momenta parameters

2 — 2y — 2 — )

L
pald) = [dzg [dz, [az, palz) p(zalzs) plza) ) p(20)

Parton-level likelihood
IS given by matrix element
and can be evaluated!

= For each simulated event, we can calculate the joint likelihood ratio which depends on the specific
evolution of the simulation:

T(M‘H())el) — p(ZE,Zd,ZS,Zp 90) _ p(ﬂf Zd) p(zd ZS) p(zs Zp) p(zp 90) N M(Zp (90) 2

p(x,Zd,ZS,Zp 6)1) p(fE Zd) p(zd Zs) p(ZS Zp) p(zp (91) M(Zp 91) 2

Lf we knew the entire history of
each event



Likelihood-Free Interence with MadMiner

Bird’s-eye view

Parameters ¢

Observables

_

Simulator

— (7, 2|0)

— t(x, z|0)
Latent z
Augmented data

———————————
1. Simulation

“Mining gold”: Extract
additional information
from simulator

_
2. Machine Learning

Use this information to
train estimator for likelihood ratio

Approximate
likelihood
ratio

arg min L{g] —> 7)) ——>
g
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3. Inference

Limit setting with
standard hypothesis tests
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. The problem of interference in the offshell H4l analysis
Introduce Likelihood-free Inference with Madminer: “ML version of Matrix Element Method”
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Quantum Interference (Destructive

Not to be confused with a
classtecal, ttmee ordered
stmulation as before
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Our problem: Interterence between VBS, VBF in Higgs to 4 leptons analysis

q1 43

Main objective: To measure Higgs off shell signal strength (p) in the ;
4 |leptons final state. I'm concentrating on the VBF production mode !
for now, will expand also to ggF i
/3

fi

q2 q4

Vector Boson Propagator

Higgs Propagator
(Background) (Signal)

S = VBF-Higgs, B= VBS
| =SBI-S-B
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Off shell Higgs (m41>220 GeV)

Our problem: Interterence between VBS, VBF in Higgs to 4 leptons analysis

Main objective: To measure Higgs off shell signal strength (p) in the
4 |leptons final state. I'm concentrating on the VBF production mode

for now, will expand also to ggF

S = VBF-Higgs, B= VBS
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Off shell Higgs (m41>220 GeV)

Our problem: Interterence between VBS, VBF in Higgs to 4 leptons analysis

q1 q3

Main objective: To measure Higgs off shell signal strength (p) in the
4 |leptons final state. I'm concentrating on the VBF production mode N
for now, will expand also to ggF i
I3
f1
q2 q4
Vector Boson Propagator Higgs Propagator
(Background) (Signal)
S = VBF-Higgs, B= VBS
| =SBl -S-B
1471 g ATLAS Work In Progress mm B
12 - 0l
1 I
;: . Only physical dataset is a combined SB
! simulation = No Class Labels!
ol L Cannot train an ML classifier
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Non-linear N_exp(u), Degenerate u

Demonstrative plot: Just a rough
sketch

Degeneracy

ATLAS Work In Progress

—— With Interference &
&
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S
—== Background only \N@@

Nezp = S + /Il +V + B2

Still setting et limits far away from
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= Negative Log-Likelihood will have 2 minima on Asimov dataset
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Degeneracy
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—— With Interference
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Nezp = S + /Il +V + B2
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Negative|lnterference

Still setting et limits far away from

2

Background Only
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mu

U is no longer just a scaling, it changes the distributions. Cannot
just look at the SM distributions to optimise a strategy

= Negative Log-Likelihood will have 2 minima on Asimov dataset
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Disclaimer: Private simulations

with Madgraph+Pythia+Delphes,

Not real ATLAS

Oftshell Higgs signal strength, y=0orpu=47
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Disclaimer: Private simulations

with Madgraph+

Pythia+Delphes,

Not real ATLAS Offshell Higgs signal strength, y=0orpu =47
['1 —— Background :_l
) —== sm ]
i Can you spot the green plot?
— = mub

|
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- l_ ...... mu4 ldl....
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u=4 indistinguishable from p=0 but other observables can break the degeneracy e



Disclaimer: Private simulations with

Madgraph-Pyinia:Delphes. p-value Scan on Test Dataset at y=0.5

Not real ATLAS

With a standard strategy

\ We are asking the question:
What is the p-value for the p=2.5 (for example) on an Asimov dataset generated

with true p=0.5 7
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Disclaimer: Private simulations with

Madgraph-Pyinia:Delphes. p-value Scan on Test Dataset at y=0.5

Not real ATLAS
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Second peak at With a standard strategy
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We are asking the question:

What is the p-value for the p=2.5 (for example) on an Asimov dataset generated
with true p=0.5 7
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Disclaimer: Private simulations with

Madgraph-Pyinia:Delphes. p-value Scan on Test Dataset at y=0.5

Not real ATLAS
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Second peak at With a standard strategy
/ different
1.0 - P ooy v « Histogram dejj signa
§| Teoccee’s, Histogram m4l signa
0.9 - ‘: .. . Histogram ptjl signa
| . . Need an inference machinery that is aware of how the physics
0.8 7 . changes away from the Standard Model point
507] ¢ x
T = ° . A Machine Learning method could re-optimise the analysis
> = ° - - =
o 06l 2 : for each hypothesis (4) being tested automatically.
| = ¢ . It we could train such a model without class labels ...
0.5 - B
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\ ’
We are asking the question:

What is the p-value for the p=2.5 (for example) on an Asimov dataset generated
with true p=0.5 7
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https://arxiv.org/pdf/1805.00013.pdf
This is where Madminer comes in https://arxiv.org/pdf/1805.00020.pdf

A physics-aware ML method to leverage our particle physics tricks like Matrix Element
Reweighting, morphing, and marginalising latent variable dependence.

Optimally handles (a few!) systematic uncertainties

Like matrix element method, but does not require approximate transfer functions. Can use full
detector simulation and ME+PS matching, which is important for jets

Output of the NN is not a classification, but directly the likelihood ratio based on high-
dimensional observables

>MadMiner: Machine learning-based inference for particle
physics

By Johann Brehmer, Felix Kling, Irina Espejo, and Kyle Cranmer

build ing docker pulls 127 J code style black J License
147
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https://arxiv.org/pdf/1805.00013.pdf
https://arxiv.org/pdf/1805.00020.pdf
https://github.com/diana-hep/madminer

https://arxiv.org/pdf/1805.00013. pdf

More informative targets to regress tfor a neural network

Dog Pictures Classification:

Should | train my neural network to learn
to guess True (1) or False (0) 7

18
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—— 5(x]60, 61)
O Xe~p(x|@=60=0.0)
Xe ~ p(x|60 =61 =0.6)

1.04 Labels

Ye, S(X]60, 61)
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More informative targets to regress tfor a neural network

Dog Pictures Classification:

|

i — s(x|90,61) 5 - r(Xleo, 91)

i O Xe~p(x|@=60=0.0) © r(x,2z|6g,01), x ~ p(x]|6 =6p)
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F |
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https://arxiv.org/pdf/1805.00013.pdf

https://arxiv.org/pdf/1907.10621.pdf

MadMiner Inference Models

. e SN S . e T Dy A . T N e I Sy e R e e TN e R R e A e e e i RS e = g e V= T C NN Sy o) T T . B s i e L NG o T i e Ul N N i S-S o) e o P e e N e A rerm i e

Loss fn. uses

r(z,2)  tz,2) Asympt. exact (GGenerative Ref.

Method Run simulation at

Likelihood ratio estimators

Approximate Likelihood with Improved
Cross-entropy Estimator and Score

(ATICES ) 0~ 7(0), Oer v v v 68)

(parameterised on all values of )

_Score estimators

Score Approximates Likelihood Locally { SALLY } 0..of v in local approx. 167

(locally optimal near the SM)
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https://arxiv.org/pdf/1907.10621.pdf

Disclaimer: Private simulations with Madgraph+Pythia+Delphes,
Not real ATLAS

Preliminary: Expected Limits with “Alices™ and “Sally”

Very preliminary work, ggbarZZ background, gg(H)zz signal not taken into account, only the VBF + VBS interference is studied

1.0 - J, e Histogram_m4l signal
k AP I P « SALLY signal
LN R - . ALICES signal
0.8 - “eses” . v . : _ e« Histogram ptjl signal
s . ® o Histogram_dejj signal
: .°o..o S
J) . T
206 - i
> . = g
o “eoee®’ - é
e
0.4 - ° ¢ .
1 o limits . °
(mpro\/emewt Iumi: 36 Ifb
0.2 - ¢, Preselection ndets>=2
| | | | | | | m4l> 220 GeV
0 2 4 6 8 10 12 14 16 Only kinematics used,
H not total cross section

Limits for Asimov dataset at y = 4

SALLY (Score Approximates Likelihood Locally): Locally optimal near the SM. Requires fewer training samples.
ALICES (Approximate Likelihood with Improved Cross-entropy Estimator and Score): More powerful over a large range of p

20



Disclaimer: Private simulations with Madgraph+Pythia+Delphes,
Not real ATLAS

Preliminary: Expected Limits with “Alices™ and “Sally”

Very preliminary work, ggbarZZ background, gg(H)zz signal not taken into account, only the VBF + VBS interference is studied

1.0 1 i . Histogram_m4l signal
k il . SALLY signal
LN R - . ALICES signal
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o > .
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> ° - g
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e
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Disclaimer: Private simulations with Madgraph+Pythia+Delphes,
Not real ATLAS

Preliminary: Expected Limits with “Alices™ and “Sally”

Very preliminary work, ggbarZZ background, gg(H)zz signal not taken into account, only the VBF + VBS interference is studied

1.0 A1 ), « Histogram_m4l signal 1.0 - g, e ALICES
k REERE - SALLY signal . le Histogram deij
LR - e ALICES signal PR 0  Histogram_ptjl
0.8 - Seges® C e . . . « Histogram_ptj1 signal 0.8 - R e SALLY
S "ee e Histogram_dejj signal | Alices is better at breaking S - Histogram_m4l
o “%,,0° ¢ ° O ¢ °
o o0 ° 2 ® o R - ° o (]
v : ] g * . the degeneraoy because it's 06 - E . R
50671 . ® y : . a parameterised model =2 o c e e
> ° ° - g o S - ° ° ° ) .
Q-I .."".. - ] e Q_I — ° ° ° ° ° °
’ ) o ° 04 7 o ° ° ° ° 1 ° ®
0.4 - . . 1 o limifs . : . e | .
1 0] ||m|tS ° ® . IVW‘PYDVCMGV\zt ° .
. mprovement lumi= 36 ifb, 0.2 - T
0.2 - e Preselection nJets>=2 * .
| | | | | | | m4l> 220 GeV e
0 2 4 6 8 10 12 14 16 Only kinematics used, 0 > 4 6 3 10 12 14 16
H not total cross section M

Limits for Asimov dataset at i = 4 Limits for Asimov dataset at y = 1 (SM)

SALLY (Score Approximates Likelihood Locally): Locally optimal near the SM. Requires fewer training samples.

ALICES (Approximate Likelihood with Improved Cross-entropy Estimator and Score): More powerful over a large range of p

20



Disclaimer: Private simulations with Madgraph+Pythia+Delphes,
Not real ATLAS

Preliminary: Expected Limits with “Alices™ and “Sally”

Very preliminary work, ggbarZZ background, gg(H)zz signal not taken into account, only the VBF + VBS interference is studied

1.0 A1 ), « Histogram_m4l signal 1.0 - g, e ALICES
k REERE - SALLY signal . le Histogram deij
LTSI R - e ALICES signal . o,  Histogram_ptjl
0.8 - Seges® C e . . . « Histogram_ptj1 signal 0.8 - R e SALLY
S "ee e Histogram_dejj signal | Alices is better at breaking .ot - Histogram_m4l
o “%,,0° . e ., o > ) ® o
: = . the degeneracy because it's = y .« L,
5 . . > : . . v 061 O . ¢« .
50671 . ® y : . a parameterised model =2 o c e e
> ° ° - g o S - ° ° ° ) .
Q-I .."".. - ] e Q_I — ° ° ° ° ° °
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1 0] ||m|tS ° ® . IVMIPYD\/CMGVUt ° .
. mprovement lumi= 36 ifb, 0.2 - T
0.2 - e Preselection nJets>=2 * .
| | | | | | | : m4l> 220 GeV ©oe
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H not total cross section M

Limits for Asimov dataset at y = 1 (SM)

Limits for Asimov dataset at y = 4 e AP P30 ,
t Alices >> Sally > Histograms §

Actual ATLAS VBF offshell h4l baseline analysis would be better than a simple histogram of m4|

SALLY (Score Approximates Likelihood Locally): Locally optimal near the SM. Requires fewer training samples.

ALICES (Approximate Likelihood with Improved Cross-entropy Estimator and Score): More powerful over a large range of p
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Conclusion

Degeneracy

—— With Interference ATLAS Work In Progress S\@@(\O@
« Aim: Measure Higgs signal strength in the presence of Interference = No Interference O
—== Background only N@w
\
* ML without class labels: Directly learn the likelihoods Negp = pS + /1l +V + B2
ML parameterised on p: extra information of physics away from SM . Still setting et limits far away from
| - > - SM
Madminer bonus: - Machine Learning that handles systematics better ?? it § /
 Handle a few(!) systematic uncertainties o
* Avoid expensive Matrix Element based discriminant calculations 5
* Preliminary results promising, need to add ggbar background and gg(H)zz R I
Sig nal ll\legative Interferelnce | | | |
] _ ] 0 2 4 6 8 10
Requires some work for ATLAS integration mu

Many many thanks to Johann Brehmer, Antoine Laudrain, Samyukta Krishnamurthy, Martina Javurkova for the help .
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https://arxiv.org/abs/1007.1727

"Asimov Dataset”

To get a median expected measurement result of an observation where we expect few events, need to
generate many “toy” observation datasets

Replacing the ensemble of simulated experiments (toys) by a single representative one, the “Asimov”
dataset

A dataset upon which unbiased measurements yield exactly the correct theory parameters

In practice we cannot have perfectly Asimov datasets, but a very large simulation can approximate an

: | WORLDS OF
Asimov dataset | | | e SCIENCE FICTIO
Statistical uncertainties are not quadratic sum of weights, they are (N) where N = (W), to give a l cuse 1

feeling of realistic expected uncertainties on the actual observed data ;

@ mncu 5E

’r i

; "" i

it

‘ 2 ﬁ i

In the future, the United States has converted to an "electronic democracy" where the Al & ‘ ﬁ"»‘"‘! o
selects a single person to answer a number of questions. The Al will then use the M’ = T . \f
answers and other data to determine what the results of an election would be, avoiding " {L‘ e ¥

the need for an actual election to be held. R i Y f

" o
-

BIRTHRIGHT o new shont AtEINARERAL Sinith

PHILIP . DICK + WINSTON MARKS = Chins. ("UONIRMARSS I Ol

https://en.wikipedia.org/wiki/Franchise (short story)



https://arxiv.org/abs/1007.1727
https://en.wikipedia.org/wiki/Franchise_(short_story)

S = VBF-Higgs,

175 -

150 -

125 -

100 -

0.75 -

0.50

0.25 -

0.00

Classifier trained on S vs B

Interference Kills “Signal like” background events

SBl = Combined Simulation

ATLAS Work In Progress

VBF
vbf s
vbs

SBI has fewer events in signal region
than

0.0 0.2 0.4 0.6 0.8 10

q1

q2

Vector Boson Propagator

Higgs Propagator
(Background) (Signal)

* The background distribution also peaks at the “signal region”, BDT_score > 0.8
* Events so similar to signal that we would have interference

* The SBl combined simulation does not peak at the “signal region” BDT_score> 0.8
- Interference is almost perfectly destructive

24



S

Derive New Metric

 SHSVI-V

Analogous version with interference I iZ

- 2V/SVI + B2

S = VBF-Higgs, V= VBS, SVI = Combined Simulation, B2 = gg(H)ZZ + ggZZ

See derivation and asymptotic version here

20



What is the metric to optimise? No longer (s/+/b)

U = signal strength

Negp = S + /Il +V + B2
[ =5VI-§5-V

b=V 4+ B2
. (1S + /ul + B)N  _
L = Poisson(uS + /ul + B, N) = i e~ (HSFTVRI+B)
__VS+I+B
541
S+SVI-V - | |
[ = <4—  Maximise this [analogue to (s/4/b) in the usual scenario ]
2/ SVI + B2

Problem: Not trustworthy at low statistics, what about asymptotic formula®

Assuming we are trying to reject u=0, (which is not the case anymore)
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[ = <4—  Maximise this [analogue to (s/4/b) in the usual scenario ]
2/ SVI + B2

Problem: Not trustworthy at low statistics, what about asymptotic formula®

Assuming we are trying to reject u=0, (which is not the case anymore)

SVI-V | €=——— Analogue to the AMS Asimov formula by Cowan, Cranmer, Gross, Vitells

V + B2

Zo = ,|2[(SVI + B2)In <1+ )—(SVI—V)
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What is the metric to optimise? No longer (s/+/b)

U = signal strength

Negp = S + /Il +V + B2
[=5VI-S§5-V

b=V 4+ B2
. (1S + /ul + B)N  _
L = Poisson(uS + /ul + B, N) = i e~ (HSFTVRI+B)
__VS+I+B
541
S+SVI-V - | |
[ = <4—  Maximise this [analogue to (s/4/b) in the usual scenario ]
2/ SVI + B2

Problem: Not trustworthy at low statistics, what about asymptotic formula®

- Assuming we are trying to reject u=0, (which is not the case anymore) |
<4+—————— Analogue to the AMS Asimov formula by Cowan, Cranmer, Gross, Vitells

SVI-V
V + B2

Zo = ,|2[(SVI + B2)In <1+ )—(SVI—V)

Interestingly, “S” dropped out of the formula completely
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What is the metric to optimise? No longer (s/+/b)

U = signal strength

Negp = S + /Il +V + B2
[ =5VI-§5-V

b=V 4+ B2
. (1S + /ul + B)N  _
L = Poisson(uS + /ul + B, N) = i e~ (HSFTVRI+B)
__VS+I+B
541
S+SVI-V - | |
[ = <4—  Maximise this [analogue to (s/4/b) in the usual scenario ]
2/ SVI + B2

Problem: Not trustworthy at low statistics, what about asymptotic formula®

- Assuming we are trying to reject u=0, (which is not the case anymore) |
<4+—————— Analogue to the AMS Asimov formula by Cowan, Cranmer, Gross, Vitells

SVI-V
V + B2

Zo = ,|2[(SVI + B2)In <1+ )—(SVI—V)

Interestingly, “S” dropped out of the formula completely

for 1=0 \/2((s—|—b) In(1+ s/b) — s)

Usual AMS formula 26



Classifiers' iSignificance VBF

Thanks to Jeremy Couthures

Find the Best Classification Task to Improve y Sensitivity

Classifiers' iSignificance VBFS

0.05 0.200 Significance with interference:
LightGBM VBF unweighted (iZ = 0.035+0.012) LightGBM VBFS unweighted (iZ = 0.142+0.049)
—}— Neural Network VBF unweighted (iZ = 0.032+0.013) 0.175 - —}— Neural Network VBFS unweighted (iZ = 0.118+0.03)
0.04 A
0.150 A
ATLAS Work In Progress | > ATLAS Work In Progress S + SB' -B
g 0.03 g 0.125 + iZ =
S » 4B S 0.100 - Z*JSBl +B gg qq
:5;» 0.02 - E.; 0.075 -
| | | l 0.050 -
0.01 A .
0.025 - Ai/ AS + AB i AB?2
O.OO | 1 1 1 1 I 1 O.OOO | 1 1 1 1 1 I Z'Z S —I_ SB[ — B 2 >< (SBI —I_ BQ)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Threshold Threshold

|/ for classifier trained to separate:
VBE_SVI vs ggbar + gg(H)zz

|/ for classifier trained to separate:
VBF Higgs vs VBS + gagbar + gg(H)zz

Second approach is better for iZ consistently,
but is this the best we can do?

Likelihood Ratio Irick no longer applicable to guarantee optimality
Can we go beyond classification?

S: VBF _s, SBI:VBF
B: VBS, B_gg qq alias B2: gg+qq

+aspi]

1 1

S+SBI-B 2x(SBI+B2)
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More informative targets to regress

Dog Pictures Classification:

} 1
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More informative targets to regress

Dog Pictures Classification:

| would give this a true class
label = 0.7, not 1
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More informative targets to regress

— 5(x|60, 61) 54— r(x[6o, 61)
O  Xe~p(x]@=6¢=0.0) © r(x, 2|6, 01), x ~ p(x]|6 = 6p)
Xe ~ p(x|6 =61 =0.6) ~ r(x, z|6g, 61), x ~ p(x|6 = 6,)
< 4-
_. 1.0 <
5 = .
S 0.8 1 = 37
x 5 o
® 0.6 - &S
) = (@) O
> 2 2
0.4‘ o O
X o
(.
. : . T 0.2 - 1
joint likelihood ratio” is very closely
. 0.0 - O ® O 00 @ Oo@e®O
connected to matrix elements : . : . ! 02 . : . !
X X

Figure 5: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
classifiers trained to distinguish two sets of events generated from different hypotheses (green dots)
converge to an optimal decision function s(x|fp,01) (in red) given in Eq. (17). This lets us extract
the likelihood ratio. Right: regression on the joint likelihood ratios r(z., z.|0o, #1) of the simulated

events (green dots) converges to the likelihood ratio r(x|6p, 1) (red line).

| would give this a true class
label = 0.7, not 1
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More informative targets to regress

Dog Pictures Classification:

- A
= \ \ \ ‘joint likelihood ratio” is very closely

connected to matrix elements
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| would give this a true class
label = 0.7, not 1

An almost unique privilege of Particle Physics: we can do better
than just give the true class label as a target. \We can set the
more informative joint likelihood ratio as the target helping the

model converge to the likelihood ratio itself.
Possibility to add the score (t) as an auxiliary task.

— 5(x]60, 61) 5 | — rx|60,61)
O  Xe~p(x]6=67=0.0) o r(x, 2|6, 61), x ~ p(x|6 = 6o)
Xe ~ p(x|6 =61 =0.6) ~ r(x, z|6g, 61), x ~ p(x|6 = 6,)
€ 4-
. 1.0 1 S
< =
S 08 =3 o
= S o
N 0.6 S
9] = @ \©O
> 2 2
- N O
0.4 &
x o)
(.
02 7 1 0
0.0 © @B O 00 @ OGO
1 1 1 0 1 1
0 2 4 6 8 0 2 4 6 8
X X

Figure 5: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
classifiers trained to distinguish two sets of events generated from different hypotheses (green dots)
converge to an optimal decision function s(z|fp, 61) (in red) given in Eq. (17). This lets us extract
the likelihood ratio. Right: regression on the joint likelihood ratios r(z., z.|0o, #1) of the simulated

events (green dots) converges to the likelihood ratio r(x|6p, 1) (red line).
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| would give this a true class
label = 0.7, not 1

More informative targets to regress

‘Joint likelihood ratio” is very closely
connected to matrix elements

Gradient information

An almost unique privilege of Particle Physics: we can do better
than just give the true class label as a target. \We can set the
more informative joint likelihood ratio as the target helping the

model converge to the likelihood ratio itself.
Possibility to add the score (t) as an auxiliary task.

Ye, 5(X|60, 61)

—— 5(x[60, 61)
O  Xe~p(x|6@=67=0.0)
Xe ~ p(x|6 =61 =0.6)
1.0
0.8
0.6 -
0.4 -
0.2
0.0 © @B O 00 @ OGO
0 2 4 6

X

https://arxiv.org/pdf/1805.00013.pdf

5] — r(x|6o, 61)
o r(x, 2|60, 61), x ~ p(x|6 = 6o)
r(x, z|6o, 1), x ~ p(x|6 = 61)
4 -
34 O
0
Ooap
5 | o \o
O
O
1 A NO
0 T
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X

Figure 5: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
classifiers trained to distinguish two sets of events generated from different hypotheses (green dots)
converge to an optimal decision function s(z|fp, 61) (in red) given in Eq. (17). This lets us extract
the likelihood ratio. Right: regression on the joint likelihood ratios r(z., z.|0o, #1) of the simulated
events (green dots) converges to the likelihood ratio r(x|6p, 1) (red line).

0.6 4 — px|6=-0.8)
— p(x]6 =0.0)

O  p(Xe, Ze|0 =0), t(xe, ze|6 =0)

log p(x|6), log p(Xe, Z¢|0)

—1.00 A

—1.25 A

—1.50 -

—1.75

—2.00 A

—2.25 A

—2.50 A

—2.75 A

-3.00

— logp(x =4|6)

o logp(x=4,2z|0), t(x=4,z|0)

-1.0 -0.5 0.0 0.5 1.0

o

Figure 6: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
probability density functions for different values of 6 and the scores t(x., z¢|0) at generated events
(e, 2ze). These tangent vectors measure the relative change of the density under infinitesimal
changes of §. Right: dependence of log p(x|@) on 0 for fixed = 4. The arrows again show the

(tractable) scores t(x, z.|0).
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Input / Output MadMiner classes External simulators Files

[
z | . .
- e » Madminer: How It works
E nu isarr?coer f)l;lrr;?r'\ eters ¢
E MadMiner —> MadGraph —> Parton—(l.ler\::)l events L e S et~ A B G A=A S e~ Rl Yot~ A 7 A et A B Y e oA N 7 A S0 e et A A S s A 7 A =R Yol e O~ e - Y= A S0~ P
- v e
Pythia -~ Hadro(T\h-Ieepvr(re‘IC()avents
) Madminer package wraps around Madgraph, Pythia, Delphes, to simplity
o | ‘mining gold’, all the way to inference:
% elphesReader — elbhes —p | Detector-level events . . .
- e 7 oot  Simulates events in Madgraph at fixed values of a theory parameter
o Observables, — >
> * Re-weights each event to other benchmark theory parameter points
o Sampingsetus —» . 3 * Does event-wise ‘morphing’ to allow having training/test events at any
% SampleAugmenter é value Of the parameter pOint
n > Training data -‘é
“ (.npy) _ = = . . .
* Calculates the targets to regress, joint score, joint likelihood ratio,
which will allow for data augmented training
LikelihoodEstimator |«
= RatioEstimator . . . . . .
3 ScoreEstimator N * Detfines various PyTorch models with losses based on the likelihood ratio
Ensemble < > rqlne modade
(bl and augmented data
2 parameters s ) e Allows simple asymptotic limits on Asimov datasets (for more involved
: it |} statistics, need to integrate with pyhf)
LE Fisher information €¢—
g Observed events, <
L] parameter grid <
"'% AsymptoticLimits
é Best fit, p-values €¢——

Figure 1. Schematical workflow, with classes in red, external simulations in blue, and files in green.


https://github.com/diana-hep/pyhf

Trouble with morphing near SM

350000 - 500000 -

300000 A

400000 A
250000 A

E 200000 1 % 300000 ‘
= 9]
0.0010 e # E
¥ 150000 A 2
E % 200000 -
“ 100000 - ks
0.0008 -
50000 - . s .
) M }\ Classifier trained on S vs B
0.0006 - ° 0 05 10 15 20 . /\/\ 175 - VBF
- : ) theta 00 05 10 15 50 ATLAS Work In Progress vbf s
%_ ; theta 150 A VbS—
; Effective number of events = 1/max(event_weights) e
0.0004 - , L
. L8 5 SBI has fewer events in
0.0002 - Pl — : .
e ae g signal region than
/ 0.50 -
00000 = 0.5 1ic/ 1.5 2.0 2.5 0.25 1
Validation at independent 200 00 02 04 06 08 10

point 1.35
KN4 = U (To scale H signal strength by p scale HVV couplings by k”4)

N_effective rapidly falls as we try to morph events from one point to another near the SM (mu=1)
The physics changes too fast, probably because there is almost maximal interference near SM, so very few ‘signal-only like' events to

morph
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t(z,2|0) = Vglogp(z,2]0) =

2

Lt — ﬂp(x,zwo)

https://arxiv.org/pdf/1805.00013.pdf
https://arxiv.org/pdf/1805.12244. pdf

Marginalise z by minimising L

p(il?|2d) p(zd‘zs) p(ZS|Zp) V@P(Z’p|9) _

Vodo(zp|0) Veo(0) |

(t(m, z|00) —

(2]60))”

p(z|2q) p(2alzs) P(2s|2p) P(2p|0)

t
which is minimized by t*(z) = E,(;2.0,) | t(, 2]60) |

do(zl0) ~ o(6)

z are latent variables / intermediate information like Parton-level
four-momenta, Parton shower trajectories, Detector interactions

B_0, 6_1 are 2 alternative values of the theory parameter being measured (like y=5 vspy = 1)

4"p(x,z|91)

We have that from distribution
of events from the simulator

We calculate this additional

— +(]6p).

it tells you how the weights of an events will be
affected for a small change in 6 near 6_0

(r(x, 2|60, 61) — 7(x))"

\ N

Qutput of the network

information (based on ME)
after the event generation & re-

weighting to other theory
points with Madminer 31
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Under the hood: Data Augmentation and Loss Functions

Data Augmentation: Sally Loss:
augmented_data = [] def local score mse(t _hat, t true):
for definition in augmented_data_definitions:

if definitionf8] = "ratio": return MSELoss() (t_hat, t_true)

_, 1_num, i_den = definition
ratio = (weights[i_num] / xsecs[i_num]) / (weights[i_den] / xsecs[i_den])
ratio = ratio.reshape((-1, 1)) # (n_samples, 1)
augmented_data.append(ratio)
elif definition[@] == "score":
_, 1 = definition
score = weight_gradients([i, :, :] / weights[i, np.newaxis, :]1 # (n_gradients, n_samples)
score = score — xsec_gradients[i, :, np.newaxis] / xsecs[i, np.newaxis, np.newaxis]
score = score.T # (n_samples, n_gradients)
augmented_data.append(score)

else:
raise ValueError("Unknown augmented data type {}".format(definition[0]))

Alices Losses:

def ratio_augmented_xe(s_hat, log_r_hat, t@_hat, t1_hat, y_true, r_true, t0_true, tl_true):
s_hat = 1.0 / (1.0 + torch.exp(log_r_hat))
s_true = 1.0 / (1.0 + r_true)

return BCELoss()(s_hat, s_true)

def ratio_score_mse_num(s_hat, log_r_hat, t0_hat, t1_hat, y_true, r_true, t0_true, tl1l_true):
return MSELoss()((1.0 — y_true) * t@_hat, (1.0 - y_true) * t0_true)

y_true means thetaO vs thetal, not signal vs background 32



Morphing for Gold

500000 -

mu was 2 instead of 17: Matrix Element Re-Weighting
* 5 benchmarks is enough to fit a 4-polynomial
* From the polynomial you now have gradients for score t

\ « How much more likely would this event be if the true value of

400000 -

300000 -

200000 -

Effective number of samples

100000 ~
To make training easier, an unweighting is done by
) L/\/\ allowing to sample with replacement
1.5

0.0 0.5 1.0
theta

2.0

Effective number of events = 1/max(event_weights)

33


https://arxiv.org/pdf/1805.00013.pdf

do
dx

do

[pb / bin]

do
ax

[pb / bin]

do
ax

Distribution of Features Used
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Permutation Importance developed for Physicists

 "Permutation Importance” | mentioned in my last talk at h4l got noticed but using it correctly can be tricky; ELIS package
silently ignores weights, can use wrong default metric irrelevant to particle physics

 Now available: a pip installable Pl package for particle physics (https://github.com/aghoshpub/

permutationlmportancePhysics) with predefined metrics (AUC that handles negative weights, Significance of discovery)
with a simple tutorial to get started

* | will soon get parallelisation support tor speed up (but already faster than ELI5 implementation)
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https://github.com/aghoshpub/permutationImportancePhysics
https://github.com/aghoshpub/permutationImportancePhysics
https://github.com/aghoshpub/permutationImportancePhysics/blob/master/Tutorial.ipynb

Slide stolen from Johann Brehmer

One more piece: the score

e Knowing derivative often helps fitting:
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—1.75 -

logr
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—2.50 A

— log r(xp|6, 61)
® logr(xg,z|0,6,) ® logr(xg,zl6,01), t(xq, z|0)

— log r(xo|6, 61)

—3.00 - . ; ; —3.00 - . ; ;
—1.0 —0.5 0.0 0.5 1.0 —1.0 —0.5 0.0 0.5 1.0

6 6

e Inour case, the relevant quantity is the score t(x|0y) = Vg log p(x|0)

e Thescoreitselfisintractable. But...
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Putting the pieces together: RASCAL (r:atio and score approximate likelihood ratio)

Parameters 6

RASCAL combines three orthogonal
pieces of information

Observables ;’?,l,izi;\ 158

X /4

: r(x, 2
Simulator ’ arg min L |

t(x, 2 g

Latent z
Augmented data

I
Ul

_—
1. Simulation

log r(x|6, 6,)

I
=
o

2. Machine L e

earnirme

I
=
Ul

=
o
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SALLY

Parameter 0,.¢

Simulator

Latent 2

—_— t(w, Z‘Qref) —  arg min L[g] — f(x‘eref) —

Augmented data

g

l Approximate
local score

t(x]0ref)

Likelihood
In score space

—> p(t(x)|0) —>

Slide stolen from Johann Brehmer

- -y,
-
4

L 4
Yam=

_— e EEEE— _— _

1. Simulation

2. Machine Learning

“The machine learning version of Optimal Observables”:
e Simpler & more robust than RASCAL
e Just as powerful close to 6., but can lead to suboptimal limits further away

3. Density estimation

4. Inference
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Slide stolen from Johann Brehmer

e Don't blindly trust the neural network?
e Many diagnostic cross checks

e (alibration / Neyman construction: badly trained network
can lead to suboptimal limits, but not to wrong limits

[NASA, NIAID]

e Applications beyond particle physics
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Slide stolen from Johann Brehmer

Extracting the joint likelihood ratio from any simulation

o« Computer simulation typically evolve along a tree-like
structure of successive random branchings Initial state

p(z1|20,00)
e The probabilities of each branching p;(z;|zi—1,6) are p#1fz0,01)
often clearly defined in the code: <1
p( Z17
1f random() > 0.1 + 2.5 * model parameter: % (22|21, 91
do one thing()
else: p <3 22790)
do another thing() 29 p(z3]%2, 01)
. o)
e Foreach run of the simulator, we can calculate the ) e P(alX3 90
probability of the chosen path for different values P(24]23501)

of the parameters, and the “joint likelihood ratio”:

p(x,z 90) p(Zi Zi—lae())
r(x, z|0p,01) = —
( ‘ ’ 1) p(ﬂfa < 91) H p(Zq; Zi—h@l)

40



Slide stolen from Johann Brehmer

Variational calculus

dz dz p(z, 2|0) |g(z, 2) — §(z)|*

II
—

iz |3 () / 4z p(z, 219) — 24(x) / Az p(z, 219) gz, ) + / 4z p(e, 216) (. )

OF A
0= 57 = 20 /dz p(x, z|0) —2 /dz p(x, 2]0) g(x, 2)
g*
=p(z]6)

(@)=~ [dzpla,2i0) g(a.2)
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Slide stolen from Johann Brehmer

Limit setting (frequentist)

Observed data
{$toy} > {l()g f(mtoy |(97 Href)} L observed

Asymptotic properties j
..... of likelihood ratio

log f(mobserved |6)7 Qref)

Exclusion contours
at given confidence level

log r(x|0, 6
Parameter space to constrain g ( ‘ : ref)

p-value
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Likelihood

0.007 -

0.006 -

0.005 -

0.004 -

0.003 -

0.002 -

0.001 -

0.000

100

150

200
Jet pr

250

300

350

400

Limits from Histograms

Could do better with pyhf
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Which is the best ML solution?
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Which is the best ML solution?

(SVI + B2)In <1 AL el 4

V+ B2 ) —SVI-V)

= - ~ DAETET 3 < NAY o - \ i 3 < ST REY = o Gnils o, T G . o - 3 N _ L _ ] _ _ o _ ‘ o - ‘

=

IS i ' o 2
Decision Tree like categoriser to optimise Z Z
instead of gini categories
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Which is the best ML solution?

7 — \l2 Not trying to
poredict class
/ labelsY

SVI-V
V + B2

(SVI + B2)In (1 + ) —(SVI-V)

Decision Tree like Cgtefgoriser to optimise t; %" NN to categorise with batch level loss: ). %o
instead of gini aregeTes

categories
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Which is the best ML solution?

) —(SVI-V)

SVI-V
V + B2

(SVI + B2)In <1 +

Not trying to
poredict class
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Decision Tree like categoriser to optimise > Zo

2

categories

NN to categorise with batch level loss: Z 20

2

categories

instead of gini

Simple classifier(s) on :

Svs SVl + B2

or
SVI+B2vsV + B2 ...
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Which is the best ML solution?

Zy = \lz (SVI+ B2)In <1 + S&Z;Z) —(SVI-=V)
Decision Iree like categoriser to optimise Z 2% NN to categorise with batch level loss: Z Zy®
instead of gini categortes categories
Simple classifier(s) on : Combine with Reparameterisation + Template
Svs SVl + B2 method as in ATLAS A->tt analysis, and
Or Noam Tal Hod ?

SVI+B2vsV + B2 ...

44


https://arxiv.org/pdf/1707.06025.pdf
https://cds.cern.ch/record/1490578/files/CERN-THESIS-2012-155.pdf?version=1

Which is the best ML solution?

Not trying to

SVI-V
Zo=|2|(SVI+B2)In 1+ —(SVI-V)

\l < v ) predict class

2 / labelsY
SRR
Decision Tree like categoriser to optimise Z Zo® NN to categorise with batch level loss: Z Zy°
instead of glﬂl categories categories
Simple classifier(s) on : Combine with Reparameterisation + Template
S vs SVl + B2 method as in ATLAS A->tt analysis, and
o Noam Tal Hod ?

SVI+B2vsV + B2 ...

Likelihood-free inference: Brehmer, Cranmer, L ouppe, Pavez
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https://arxiv.org/pdf/1707.06025.pdf
https://cds.cern.ch/record/1490578/files/CERN-THESIS-2012-155.pdf?version=1

Which is the best ML solution?

Not trying to

Zo = \lz (SVI + B2)In <1 + S&Z;Z) — (SVI-V)
X R 20 predict class
5 o SEE SN/ labels Y
Do , . L 2 2
DeCISIOﬂ Tree ||ke CategOﬂser to Op’[ImISe Z Zo NN to Categorise W|th batch |eve| |OSS: Z ZO
instead of gini categortes categories
Simple classifier(s) on : Combine with Reparameterisation + Template
S vs SVl + B2 method as in ATLAS A->tt analysis, and
Of Noam Tal Hod 7
SVI+ B2vsV + B2 ...
Likelihood-free inference: Brehmer, Cranmer, L ouppe, Pavez INFERNO: Castro. Dorigo
- g

compute via automatic differentiation

—————————————————————————————————————————————————————

T N N (] N (TS 7
G oo @ Yo |Yi |- | Y softmax/ fo _89?803' I

| |

il Bl he o ¢ > i log £ 4 U

SIMULATOR OR NEURAL SUMMARY INFERENCE-AWARE
APPROXIMATION NETWORK STATISTIC LOSS

stochastic gradient update ¢’ = @' + n(t)VeU
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Which is the best ML solution?

JZ

SVI-V
V + B2

Zo = (SVI+B%h%ﬁ+ )—wSVI—V)

IS i ' o 2
Decision Tree like categoriser to optimise Z Z
instead of gini categories

Simple classifier(s) on :
Svs SVI + B2
or

2
NN to categorise with batch level loss: Z 20

categories

Combine with Reparameterisation + Template
method as in ATLAS A->tt analysis, and
Noam Tal Hod ?

SVI+B2vsV + B2 ...

Likelihood-free inference: Brehmer, Cranmer, L ouppe, Pavez

~~~~~
~ -
-
~ -
- B
-
-~
~~.
-~
~
~ A
~o A {
S
/
7/

Can be trained on different values of y, but
not easy to implement in ATLAS (‘'mining
gold’ from simulator)

INFERNO: Castro, Dorigo

compute via automatic differentiation

—————————————————————————————————————————————————————

g oo Yo |Yr | | Y softmax to —39?29]. I-1
t
o |Ty| - | X h [ @ > tm logﬁA U
SIMULATOR OR NEURAL SUMMARY INFERENCE-AWARE
APPROXIMATION NETWORK STATISTIC LOSS
stochastic gradient update ¢'™ = @' + n(t)VeU
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Expected MSE on logr

Madminer Technigues
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Training sample size
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Thanks to Jeremy Couthures

Results (1/2)

. L N LR . B o Soevia oo o - 7 . ST o = s G a2 o e T o T N SNV S DS A e SN A e e e e e o A a e -y 2P -2 . B s i e L NG o . T T T P ORI P2 O &7 B = g S Do N M

Approach 1: VBF_SVI vs rest, Approach 2: VBF_Higgs_S_s_channel vs Rest

Each point: mean of ten tries

Learning curve unweighted (balanced) classifiers on VBF dataset 005 Classifiers' iSignificance VBF 0200 Classifiers' iSignificance VBFS

1.90 4 + X'GBoost Hist ATLAS Work In Progress % L - LightGBM VBF unweighted (iZ = 0.035+0.012) . LightGBM VBFS unweighted (iZ = 0.142+0.049)
) + ES::;BNI\LWO« I — R e T amut * . —}— Neural Network VBF unweighted (iZ = 0.032+0.013) 0.175 - —}— Neural Network VBFS unweighted (iZ = 0.118+0.03)
(C) LR e — Y ' ' | ATLAS Work In Progress | 0-150 1 ATLAS Work In Progress
8 - $ 0.03 g 0-125
= e On approach 1 5 = 2B g 0.100-
g) LightGBM is better and faster than XGBoost %o.oz- 2d %o,m_
N 5175 consistently, NN even better but much || ] 0.050 4
© slower to train . e
C 1.70 '
.8 0.00 - 0.000 H
O o5 | 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
QW) ' , Threshold . Threshold
= |/ on approach 1 |/ on approach 2

Number of events for training ~ Mmeerereventfertraining : :

LIghtGBM outperform XGBoost for big datasets I/ very unstable and not very reproducible compared to
Significance with interference: significance curves, highly sensitive to ggZZ negative weighted
events
<+ sBl_B But approach 2 is better for iZ than approach 1 consistently
. + -
IZ= S: VBF_s, SBI:VBF
2*\/55| +B_gg_qq B: VBS, B_gg qq alias B2: gg+qq
AiZ AS+ AB AB?2 1 1
N AL + ASBI
S+SBI-B| ' |2x(SBI+B2)

iz S+SBI-B 2x(SBI+B2)



Approach 1: VBF_SVI vs rest, Approach 2: VBF_Higgs_S_s_channel vs Rest

Significance with interference:

. S+SBI-B
IZ= S: VBF_s, SBI:VBF
2*\/SB| +B_gg_qq B: VBS, B_gg qq alias B2: gg+qq
AiZ AS+ AB AB?2 1 1
fif_| A5+AB £ ASBI -
i S+SBI-B| |2x(SBI+ B2) S+SBI-B 2x(SBI+ B2)

e LightGBM trained on VBF_s dataset: iZ: 0.197, itreshold: 0.947

* LightGBM trained on VBF dataset: iZ: 0.021, itreshold: 0.895
2 Dimensions: iZ 0.220
* NN trained on VBF_s dataset: iZ: 0.155, itreshold: 0.842

* NN trained on VBF dataset: iZ: 0.030, itreshold: 0.895
2 Dimensions: iZ 0.182

VBF threshold

VBF threshold

Mixed LightGBM iSignificance

0.2

Mixed Neural Network iSignificance

0.2

Thanks to Jeremy Couthures

Results (2/2)

0.4 0.6
VBFS threshold

0.4 0.6
VBFS threshold

0.8

0.8

1.0

Combine approach 1 and 2: Slight gain in iZ but tendency to cut too hard if we

have fine binning => |ow statistics
Finds region with negative weighted ggZZ unless we set iZ = 0 for such regions

We also tried:

* Train 4 classifiers, multi-class classitiers, multi-label classifiers with
4 thresholds: Some improvement but much more complex

¢ “SM vs SM_without_Higgs”: Slightly better than approach 2

 Remove 2 jet cut: much more statistics, similar final results

* Tried directly optimising for iZ with a custom designed DT, NN with
some success, but optimal only for neighbourhood of mu=1

Talked to others in ATLAS who have dealt with interference but not

perfect solution for our case:

 ATLAS A->tt analysis, and Noam Tal Hod thesis for
reparameterisation

 ATLAS Interference in top
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https://arxiv.org/pdf/1707.06025.pdf
https://cds.cern.ch/record/1490578/files/CERN-THESIS-2012-155.pdf?version=1
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/TOPQ-2017-05/

Thanks to Jeremy Couthures

Results from 1. VBF-SBI vs rest, 2. VBF-Higgs-S-Channel vs Rest (2/2)

Color: number of events iohor value might be due to a lack of statisctics
For 50 bins:

Mixed LightGBM unweighted number of events
80000

For 20 bins:

Mixed LightGBM unweighted number of events

) 80000
U, 0.20 i 7. ATLAS Work In Progress
Max12:0.220  xriag work In Progress Y Max 12:0.168 0 0.150 4
C
le;@ L 60000 - 60000
QlO:S)
@
0.05 1 | 40000 L 40000
0.00
1.0
8y 20000 20000
A\
0.0 20
Vare 2t 0.6 0.2
BFs t reSho/dO 8 10 0.0 \\Q><< 0 0
Mixed NN unweighted number of events Mixed NN unweighted number of events I
Max iZ:0.182  ATLAS Work In Progress 0.175 80000 MaxiZ:0.232 ATLAS Work In Progress 80000
L] [ ] [ ] L] 8
C
- 60000 S| 60000
=
o
a
- 40000 - 40000
20000 20000
0 0

Tendency to cut too hard if we have fine binning => low statistics
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VBF nll Curve

ATLAS Work In Progress

single bin fit
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Previous Efforts in ATLAS for Interference

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/TOPQ-2017-05/

https://arxiv.org/pdf/1707.06025.pdf

Not directly useful for our case: To try to improve sensitivity to Higgs Signal Strength with selections / ML
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