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Global SMEFT analyses of LHC data 
can benefit from machine learning

(according to machine learning)

How to perform a global effective field theory analysis of LHC data?
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From Ramon Winterhalder’s talk at Pheno 2023

https://indico.cern.ch/event/1218225/contributions/5393231/
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ML4EFT: unbinned multivariate observables for global SMEFT fits

SIMUnet: global SMEFT and PDF determinations

Overview of recent ML/EFT studies

Machine Learning Opportunities for EFT Analyses  :  this talk
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Overview of recent ML/EFT studies
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Link to slides

Jaco ter Hoeve

2211.02058
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https://indico.cern.ch/event/1331690/contributions/5621763/attachments/2739651/4765392/LHCEFTWG_terHoeve.pdf
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2007.10356, 2308.05704

Link to slides

Alfredo Glioti

• Multivariate in all features 
x


• Extract full information on 
relation between data x 
and Wilson coefficients C 

• Optimal constraints on 
the EFT

6

https://indico.cern.ch/event/1331690/contributions/5631178/attachments/2739827/4765710/Glioti.pdf
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2007.10356, 2308.05704

Link to slides

Alfredo Glioti

Without reweighting (left) vs with reweighting (right):

Training on reweighted samples reduces number of training points needed and leads to a higher accuracy
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https://indico.cern.ch/event/1331690/contributions/5631178/attachments/2739827/4765710/Glioti.pdf
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Link to slides

Robert Schöfbeck

https://indico.cern.ch/event/1331690/contributions/5621772/attachments/2739805/4765680/23-10-24%20Tree%20boosting%20and%20NNs%20for%20EFT.pdf
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Link to slides

Robert Schöfbeck

https://indico.cern.ch/event/1331690/contributions/5621772/attachments/2739805/4765680/23-10-24%20Tree%20boosting%20and%20NNs%20for%20EFT.pdf
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Link to slides

António Jacques Costa

2112.05052
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https://indico.cern.ch/event/1331690/contributions/5621764/attachments/2739833/4765717/LHCEFTWG_Meeting_24_10_23.pdf
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Link to slides

António Jacques Costa

2112.05052
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https://indico.cern.ch/event/1331690/contributions/5621764/attachments/2739833/4765717/LHCEFTWG_Meeting_24_10_23.pdf
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Link to slides

Tomasz Procter
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https://indico.cern.ch/event/1331690/contributions/5621767/attachments/2739871/4765785/MLReinterpretation4EFT.pdf
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Link to slides

Tomasz Procter
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https://indico.cern.ch/event/1331690/contributions/5621767/attachments/2739871/4765785/MLReinterpretation4EFT.pdf
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ML4EFT: unbinned multivariate observables for global SMEFT fits

2211.02058 Raquel Gomez Ambrosio, Jaco ter Hoeve, MM, Juan Rojo, Veronica Sanz
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‣ optimal choice of binning can be made at the time of each 
statistical analysis or global fit

‘Presenting Unbinned Differential Cross Section Results’, Arratia et al, 2109.13243 


1. Inference-aware binning: 

Why Unbinned Measurements?

14
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‣ optimal choice of binning can be made at the time of each 
statistical analysis or global fit

‘Presenting Unbinned Differential Cross Section Results’, Arratia et al, 2109.13243 


1. Inference-aware binning: 

Typically we reinterpret measurements optimised for SM measurements or NP resonance searches
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Figure A.10: Normalized double-differential cross section at the particle level as a function of
m(tt) vs. |y(tt)|. The data are shown as points with gray (yellow) bands indicating the statisti-
cal (statistical and systematic) uncertainties. The cross sections are compared to the predictions
of POWHEG+PYTHIA (P8) for the CP5 and CUETP8M2T4 (T4) tunes, POWHEG+HERWIG (H7),
and the multiparton simulation MG5 aMC@NLO (MG)+PYTHIA. The ratios of the various pre-
dictions to the measured cross sections are shown in the lower panels.

e.g. CMS measurement of top pair production in the l+jets channel 2108.02803
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Why Unbinned Measurements?
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‣ optimal choice of binning can be made at the time of each 
statistical analysis or global fit

‘Presenting Unbinned Differential Cross Section Results’, Arratia et al, 2109.13243 


1. Inference-aware binning: 

2. Derivative measurements:  ‣ given measurements of features                   , ‘post-hoc 
measurement’ of                     possible 

<latexit sha1_base64="aCK73wkkl/vxFzdXhJMfZ3OqR3o=">AAAB9HicbVDLSsNAFL3xWeur6tLNYBFclJCIr2XRjcsK9gFtCJPppB06mcSZSWkJ/Q43LhRx68e482+ctllo64ELh3Pu5d57goQzpR3n21pZXVvf2CxsFbd3dvf2SweHDRWnktA6iXksWwFWlDNB65ppTluJpDgKOG0Gg7up3xxSqVgsHvU4oV6Ee4KFjGBtJG/kuxVk23YFjXzhl8qO7cyAlombkzLkqPmlr043JmlEhSYcK9V2nUR7GZaaEU4nxU6qaILJAPdo21CBI6q8bHb0BJ0apYvCWJoSGs3U3xMZjpQaR4HpjLDuq0VvKv7ntVMd3ngZE0mqqSDzRWHKkY7RNAHUZZISzceGYCKZuRWRPpaYaJNT0YTgLr68TBrntntlXz5clKu3eRwFOIYTOAMXrqEK91CDOhB4gmd4hTdraL1Y79bHvHXFymeO4A+szx83OJB1</latexit>x1, ..., xn
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f(x1, ..., xn)
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Why Unbinned Measurements?
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‣ optimal choice of binning can be made at the time of each 
statistical analysis or global fit

‘Presenting Unbinned Differential Cross Section Results’, Arratia et al, 2109.13243 


1. Inference-aware binning: 

2. Derivative measurements: 

3. Extension to higher dimensions: 

‣ given measurements of features                   , ‘post-hoc 
measurement’ of                     possible 

<latexit sha1_base64="aCK73wkkl/vxFzdXhJMfZ3OqR3o=">AAAB9HicbVDLSsNAFL3xWeur6tLNYBFclJCIr2XRjcsK9gFtCJPppB06mcSZSWkJ/Q43LhRx68e482+ctllo64ELh3Pu5d57goQzpR3n21pZXVvf2CxsFbd3dvf2SweHDRWnktA6iXksWwFWlDNB65ppTluJpDgKOG0Gg7up3xxSqVgsHvU4oV6Ee4KFjGBtJG/kuxVk23YFjXzhl8qO7cyAlombkzLkqPmlr043JmlEhSYcK9V2nUR7GZaaEU4nxU6qaILJAPdo21CBI6q8bHb0BJ0apYvCWJoSGs3U3xMZjpQaR4HpjLDuq0VvKv7ntVMd3ngZE0mqqSDzRWHKkY7RNAHUZZISzceGYCKZuRWRPpaYaJNT0YTgLr68TBrntntlXz5clKu3eRwFOIYTOAMXrqEK91CDOhB4gmd4hTdraL1Y79bHvHXFymeO4A+szx83OJB1</latexit>x1, ..., xn
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f(x1, ..., xn)

‣ ML-based unbinned unfolding techniques well-suited to multiple 
features

16

Why Unbinned Measurements?
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ML4EFT https://lhcfitnikhef.github.io/ML4EFT/

Open-source NN-based python framework for the integration of 
unbinned multivariate observables into global SMEFT 

interpretations.

Goal: to provide optimal constraints on the SMEFT

2211.02058 Raquel Gomez Ambrosio, Jaco ter Hoeve, MM, Juan Rojo, Veronica Sanz
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https://lhcfitnikhef.github.io/ML4EFT/

Open-source NN-based python framework for the integration of 
unbinned multivariate observables into global SMEFT 

interpretations.

Goal: to provide optimal constraints on the SMEFT

Diagnostic tool: 

What is the information loss 
given a particular choice of 
bins?

Projections: 

If unbinned data are made 
available, how will SMEFT 
constraints improve?

2211.02058 Raquel Gomez Ambrosio, Jaco ter Hoeve, MM, Juan Rojo, Veronica Sanz

17

ML4EFT

https://lhcfitnikhef.github.io/ML4EFT/
https://lhcfitnikhef.github.io/ML4EFT/
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https://lhcfitnikhef.github.io/ML4EFT/

Open-source NN-based python framework for the integration of 
unbinned multivariate observables into global SMEFT 

interpretations.

2211.02058 Raquel Gomez Ambrosio, Jaco ter Hoeve, MM, Juan Rojo, Veronica Sanz

17

ML4EFT

Related work: 

- 2007.10356 Parameterized classifiers for SMEFT A. Glioti et al.

- 2308.05704 Boosted likelihood learning with event reweighting A. Glioti et al

- 2205.12976 Learning the EFT likelihood with tree boosting R. Schöfbeck et al

- MadMiner (J.Brehmer, K.Cranmer, G.Louppe et al.) [1907.10621, 1805.00020, …]

- + many others

2010.06439

https://lhcfitnikhef.github.io/ML4EFT/
https://lhcfitnikhef.github.io/ML4EFT/
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The ‘classifier trick’

…

…

…
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The ‘classifier trick’
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…
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The ‘classifier trick’

…

…

…

SMEFT

SM
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The ‘classifier trick’

…

Loss function:

SMEFT SM

…

…

SMEFT

SM
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The ‘classifier trick’
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The ‘classifier trick’

<latexit sha1_base64="4UTEBAOgQQV1/gJekk2nAY/LLuc="></latexit>
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The ‘classifier trick’

<latexit sha1_base64="4UTEBAOgQQV1/gJekk2nAY/LLuc="></latexit>
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or:
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Parametrised classifier

<latexit sha1_base64="DUwPaCZ1+N92l815USt1++HgXX8="></latexit>

r̂�(x, c) = 1 +
neftX

j=1

NN(j)(x)cj +
neftX

j=1

neftX

k�j

NN(j,k)
� (x)cjck

Exploit the polynomial structure of the SMEFT when defining the classifier g:

c.f.
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Parametrised classifier

<latexit sha1_base64="DUwPaCZ1+N92l815USt1++HgXX8="></latexit>

r̂�(x, c) = 1 +
neftX

j=1

NN(j)(x)cj +
neftX

j=1

neftX

k�j

NN(j,k)
� (x)cjck

Exploit the polynomial structure of the SMEFT when defining the classifier g:

Parallelisable: generate a training sample with only      and learn only         

well-suited to global fits of many SMEFT coefficients

<latexit sha1_base64="o0aVEgi9MkGggd/cgXllpd70snI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSA+uJXrniVt0ZyDLxclKBHPVe+avbj1kacYVMUmM6npugn1GNgkk+KXVTwxPKRnTAO5YqGnHjZ7NTJ+TEKn0SxtqWQjJTf09kNDJmHAW2M6I4NIveVPzP66QYXvuZUEmKXLH5ojCVBGMy/Zv0heYM5dgSyrSwtxI2pJoytOmUbAje4svLpHlW9S6rF/fnldpNHkcRjuAYTsGDK6jBHdShAQwG8Ayv8OZI58V5dz7mrQUnnzmEP3A+fwBD0o3N</latexit>ci
<latexit sha1_base64="wnRIygz66TKVKA4cGjzEHU02Aac=">AAACBHicbVDLSsNAFJ34rPUVddlNsAh1UxLxtSy6cVUq2Ac0sUymk3bo5MHMjbSELNz4K25cKOLWj3Dn3zhps9DWAxcO59zLvfe4EWcSTPNbW1peWV1bL2wUN7e2d3b1vf2WDGNBaJOEPBQdF0vKWUCbwIDTTiQo9l1O2+7oOvPbD1RIFgZ3MImo4+NBwDxGMCipp5dsoGMQflKvp/cJSyu2j2Hoesk4Pe7pZbNqTmEsEisnZZSj0dO/7H5IYp8GQDiWsmuZETgJFsAIp2nRjiWNMBnhAe0qGmCfSieZPpEaR0rpG14oVAVgTNXfEwn2pZz4rurMTpTzXib+53Vj8C6dhAVRDDQgs0VezA0IjSwRo88EJcAnimAimLrVIEMsMAGVW1GFYM2/vEhaJ1XrvHp2e1quXeVxFFAJHaIKstAFqqEb1EBNRNAjekav6E170l60d+1j1rqk5TMH6A+0zx9+Kpil</latexit>

NNi(x)
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Proof of concept: top quark pair production

<latexit sha1_base64="N5yG2aiePI7S28vN6AuwVp+/ZZo=">AAAB8XicbVDJSgNBEK2JW4xb1KOXxiB4CjPidhGCHvQYwSyYDKGn05M06ekZumuEMOQvvHhQxKt/482/sbMcNPFBweO9KqrqBYkUBl3328ktLa+sruXXCxubW9s7xd29uolTzXiNxTLWzYAaLoXiNRQoeTPRnEaB5I1gcDP2G09cGxGrBxwm3I9oT4lQMIpWemTkirBOhrejTrHklt0JyCLxZqQEM1Q7xa92N2ZpxBUySY1peW6CfkY1Cib5qNBODU8oG9Aeb1mqaMSNn00uHpEjq3RJGGtbCslE/T2R0ciYYRTYzohi38x7Y/E/r5VieOlnQiUpcsWmi8JUEozJ+H3SFZozlENLKNPC3kpYn2rK0IZUsCF48y8vkvpJ2Tsvn92flirXszjycACHcAweXEAF7qAKNWCg4Ble4c0xzovz7nxMW3PObGYf/sD5/AGaBJA9</latexit>c = ctG

Validation against the analytical calculation of                 for parton-level      production 

<latexit sha1_base64="PNjIj11rrgRxSxkS5yt3YYBWMyI=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjOlPpZFNy4VrC10aslkMjU0mRmSO8IQ5kfc+CtuXCjiwo34N6aPhVYPXDg5515y7wlSwTW47pdTWlhcWl4pr1bW1jc2t6rbOzc6yRRlbZqIRHUDopngMWsDB8G6qWJEBoJ1gtH52O/cM6V5El9DnrK+JMOYR5wSsNKg2vQjRagJb02jwL7mQ0kKE2I5MID9gCgDRYFDnP98F4Nqza27E+C/xJuRGprhclD98MOEZpLFQAXRuue5KfQNUcCpYEXFzzRLCR2RIetZGhPJdN9MrivwgVVCHCXKVgx4ov6cMERqncvAdkoCd3reG4v/eb0MotO+4XGaAYvp9KMoExgSPI4Kh1wxCiK3hFDF7a6Y3hEbF9hAKzYEb/7kv+SmUfeO60dXzVrrbBZHGe2hfXSIPHSCWugCXaI2ougBPaEX9Oo8Os/Om/M+bS05s5ld9AvO5zfCBaL8</latexit>

d2�

dmtt̄dytt̄

Train multiple instances of g 
to quantify the impact of 
finite training data samples
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•Unbinned exact and unbinned ML agree:

‣validation of methodology

Validation against the analytical calculation of                 for parton-level      production 

<latexit sha1_base64="PNjIj11rrgRxSxkS5yt3YYBWMyI=">AAACHXicbVDLSgMxFM3UV62vqks3wSK4KjOlPpZFNy4VrC10aslkMjU0mRmSO8IQ5kfc+CtuXCjiwo34N6aPhVYPXDg5515y7wlSwTW47pdTWlhcWl4pr1bW1jc2t6rbOzc6yRRlbZqIRHUDopngMWsDB8G6qWJEBoJ1gtH52O/cM6V5El9DnrK+JMOYR5wSsNKg2vQjRagJb02jwL7mQ0kKE2I5MID9gCgDRYFDnP98F4Nqza27E+C/xJuRGprhclD98MOEZpLFQAXRuue5KfQNUcCpYEXFzzRLCR2RIetZGhPJdN9MrivwgVVCHCXKVgx4ov6cMERqncvAdkoCd3reG4v/eb0MotO+4XGaAYvp9KMoExgSPI4Kh1wxCiK3hFDF7a6Y3hEbF9hAKzYEb/7kv+SmUfeO60dXzVrrbBZHGe2hfXSIPHSCWugCXaI2ougBPaEX9Oo8Os/Om/M+bS05s5ld9AvO5zfCBaL8</latexit>

d2�

dmtt̄dytt̄
<latexit sha1_base64="62JC7D6ajJrGnnwB+g72oPESjWk=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5oHJEmYns8mQ2dllplcIS/7CiwdFvPo33vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94DjhfkQHSoSCUbTSI5JuQHWGE9IrV9yqOwNZJl5OKpCj3it/dfsxSyOukElqTMdzE/QzqlEwySelbmp4QtmIDnjHUkUjbvxsdvGEnFilT8JY21JIZurviYxGxoyjwHZGFIdm0ZuK/3mdFMNrPxMqSZErNl8UppJgTKbvk77QnKEcW0KZFvZWwoZUU4Y2pJINwVt8eZk0z6reZfXi/rxSu8njKMIRHMMpeHAFNbiDOjSAgYJneIU3xzgvzrvzMW8tOPnMIfyB8/kDKPmQmQ==</latexit>

tt̄



Maeve Madigan | Machine Learning Opportunities for EFT Analyses EFT WG 16.11.2323

Proof of concept: top quark pair production

°0.1 0.0 0.1 0.2

°0.1

0.0

0.1

0.2

0.3

0.4

0.5

c(8
)

tu

95 % C.L. intervals, O
°
§°2

¢
at L = 300 fb°1

Binning 1 (mtt̄, ytt̄)

Binning 2 (mtt̄, ytt̄)

Unbinned exact (mtt̄, ytt̄)

Unbinned ML (mtt̄, ytt̄)

SM

°0.2 °0.1 0.0 0.1 0.2 0.3

°0.6

°0.4

°0.2

0.0

0.2

0.4

95 % C.L. intervals, O
°
§°4

¢
at L = 300 fb°1

Binning 1 (mtt̄, ytt̄)

Binning 2 (mtt̄, ytt̄)

Unbinned exact (mtt̄, ytt̄)

Unbinned ML (mtt̄, ytt̄)

SM

°0.1 0.0 0.1 0.2 0.3

ctG

°0.2

°0.1

0.0

0.1

0.2

0.3

0.4

0.5

c(8
)

tu

Binning 1 (mtt̄)

Binning 2 (mtt̄)

Unbinned exact (mtt̄)

Unbinned ML (mtt̄)

SM

°0.2 °0.1 0.0 0.1 0.2 0.3

ctG

°0.6

°0.4

°0.2

0.0

0.2

0.4

Binning 1 (mtt̄)

Binning 2 (mtt̄)

Binning 3 (mtt̄)

Unbinned exact (mtt̄)

Unbinned ML (mtt̄)

SM

<latexit sha1_base64="PnR3bx6VlwoH262C6dWHUvdeJio=">AAAB83icbVDLSgNBEJz1GeMr6tHLYBDiJeyKjxyDXjxGMA9I1jA7mU2GzM4uMz1CWPY3vHhQxKs/482/cZLsQRMLGoqqbrq7gkRwDa777aysrq1vbBa2its7u3v7pYPDlo6NoqxJYxGrTkA0E1yyJnAQrJMoRqJAsHYwvp367SemNI/lA0wS5kdkKHnIKQEr9Wg/BZM9ppXaWdYvld2qOwNeJl5OyihHo1/66g1iaiImgQqidddzE/BTooBTwbJiz2iWEDomQ9a1VJKIaT+d3ZzhU6sMcBgrWxLwTP09kZJI60kU2M6IwEgvelPxP69rIKz5KZeJASbpfFFoBIYYTwPAA64YBTGxhFDF7a2YjogiFGxMRRuCt/jyMmmdV72r6uX9Rbl+k8dRQMfoBFWQh65RHd2hBmoiihL0jF7Rm2OcF+fd+Zi3rjj5zBH6A+fzB7oxkX4=</latexit>

c(8)tu
Binning 1 -> binning 2 -> binning 3

finer binning in

•Binning converges to unbinned constraints with 
finer binning:

•Unbinned exact and unbinned ML agree:

‣validation of methodology

binning 3:

Validation against the analytical calculation of                 for parton-level      production 
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Unbinned observables in the top sector
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Binned vs unbinned in                : small improvement 
from unbinned measurements, relative to nominal 
choice of bins
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Unbinned observables in the top sector
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Constraints on 7 SMEFT coefficients:

Unbinned observables in the Higgs sector

STXS binning - see also 1908.06980, Brehmer et. al
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Future directions
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Preliminary

- New unbinned measurements can be combined 
alongside existing binned measurements:

26

Work in progress, Pim Herbschleb, Jaco ter Hoeve
- incorporate parton-showered observables

- treatment of systematic uncertainties 

Work in progress, Jaco ter Hoeve, MM
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SIMUnet: an open-source tool for the simultaneous fit of PDFs 
and SMEFT coefficients 

Work in progress by Elie Hammou, Maeve Madigan, Luca Mantani, James Moore, Manuel Morales 
Alvarado, Mark Nestor Costantini, Maria Ubiali  
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PDF-EFT Interplay

SMEFT Fits and BSM searchesPDF fits

Figure 1.1. The NNPDF4.0 NNLO PDFs at Q = 3.2 GeV (left) and Q = 102 GeV (right).

and LO), NLO electroweak (EW) and mixed QCD-EW processes are implemented for all LHC processes
using recent dedicated tools [16] and assessed both for phenomenology and in the determination of the
input dataset to be used for PDF fitting.

• Whenever heavy nuclear or deuteron targets are involved, nuclear e↵ects are accounted for as theoret-
ical uncertainties using the methodology of Refs. [17–19], and the results of the nNNPDF2.0 nuclear
PDF determination [20].

• Strict positivity of MS PDFs is implemented following the results of Ref. [21].

• Integrability of all non-singlet PDF first moments is enforced. This specifically implies finiteness of
the Gottfried sum [22] U � D and of the strangeness sum U + D � 2S, where U , D and S denote
respectively the first moment of the sum of quark and antiquark PDFs for up, down and strange
quarks.

• The final dataset is determined through an objective two-stage procedure. Potentially problematic
datasets are identified on the basis of either poor compatibility with the global dataset, or indications
of instability of their experimental covariance matrix. These datasets are then subjected in turn to
a dedicated fit in which the failed dataset is given a large weight, and then accepted or rejected
depending on the outcome.

The NNPDF4.0 PDF set is released at LO, NLO and NNLO QCD, for a variety of values of ↵s. The
default PDF sets are provided in the FONLL variable-flavor number scheme [23] with maximum number
of flavors nf = 5, and an independently parametrized charm PDF. PDF sets with di↵erent maximum
number of flavors and with a perturbatively generated charm PDF are also made available, along with PDF
sets determined using reduced datasets, which may be useful for specific applications. The main sets are
delivered in the following formats: a Monte Carlo representation with 1000 replicas; a Hessian set with 50
eigenvectors obtained from the Monte Carlo set via the MC2Hessian algorithm [24, 25]; and a compressed
set of 100 Monte Carlo replicas, obtained from the original 1000 through the Compressor algorithm [26] as
implemented in the new Python code of Ref. [27]. The final NNPDF4.0 NNLO PDFs are shown in Fig. 1.1
both at a low (Q = 3.2 GeV) and a high (Q = 100 GeV) scale.

More importantly, the full NNPDF software framework is released as an open source package [28]. This
includes the full dataset; the methodology hyperoptimization; the PDF parametrization and optimization;
the computation of physical processes; the set of validation tools; and the suite of visualization tools. The
code and the corresponding documentation are discussed in a companion paper [29].

The structure of this paper is the following. First, in Sect. 2 we present the input experimental data and
the associated theoretical calculations that will be used in our analysis, with emphasis on the new datasets
added in comparison to NNPDF3.1. Then in Sect. 3 we discuss the fitting methodology, in particular the
parametrization of PDFs in terms of neural networks, their training, and the algorithmic determination of
their hyperparameters. The procedure adopted to select the NNPDF4.0 baseline dataset is described in

5

2012.02779

2109.02653
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SMEFT Fits and BSM searchesPDF fits

BSM parameters are kept fixed:

<latexit sha1_base64="UuB/22fMEQxR/Iz4GxdAAO5ECEY="></latexit>

�(c̄, ✓) = f1(✓)⌦ f2(✓)⌦ �̂(c̄)

Typically PDF fits assume the SM:
<latexit sha1_base64="F5mmfNd/LTgmWbRzUbPJqwKG6hw=">AAAB8nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxgnnAZgmzk0kyZHZnmekVwpLP8OJBEa9+jTf/xkmyB00saCiquunuChMpDLrut1NYWV1b3yhulra2d3b3yvsHTaNSzXiDKal0O6SGSxHzBgqUvJ1oTqNQ8lY4upv6rSeujVDxI44THkR0EIu+YBSt5HdCqjM2ITfE7ZYrbtWdgSwTLycVyFHvlr86PcXSiMfIJDXG99wEg4xqFEzySamTGp5QNqID7lsa04ibIJudPCEnVumRvtK2YiQz9fdERiNjxlFoOyOKQ7PoTcX/PD/F/nWQiThJkcdsvqifSoKKTP8nPaE5Qzm2hDIt7K2EDammDG1KJRuCt/jyMmmeVb3L6sXDeaV2m8dRhCM4hlPw4ApqcA91aAADBc/wCm8OOi/Ou/Mxby04+cwh/IHz+QMuF5CL</latexit>

c̄ = 0
2012.02779

PDF-EFT Interplay
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SMEFT Fits and BSM searchesPDF fits

PDF parameters are fixed:BSM parameters are kept fixed:

<latexit sha1_base64="UuB/22fMEQxR/Iz4GxdAAO5ECEY="></latexit>

�(c̄, ✓) = f1(✓)⌦ f2(✓)⌦ �̂(c̄)
<latexit sha1_base64="QlP9xP5+FsbLg6vUQMurvJ2yUus="></latexit>

�(c, ✓̄) = f1(✓̄)⌦ f2(✓̄)⌦ �̂(c)

Typically PDF fits assume the SM:
<latexit sha1_base64="F5mmfNd/LTgmWbRzUbPJqwKG6hw=">AAAB8nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxgnnAZgmzk0kyZHZnmekVwpLP8OJBEa9+jTf/xkmyB00saCiquunuChMpDLrut1NYWV1b3yhulra2d3b3yvsHTaNSzXiDKal0O6SGSxHzBgqUvJ1oTqNQ8lY4upv6rSeujVDxI44THkR0EIu+YBSt5HdCqjM2ITfE7ZYrbtWdgSwTLycVyFHvlr86PcXSiMfIJDXG99wEg4xqFEzySamTGp5QNqID7lsa04ibIJudPCEnVumRvtK2YiQz9fdERiNjxlFoOyOKQ7PoTcX/PD/F/nWQiThJkcdsvqifSoKKTP8nPaE5Qzm2hDIt7K2EDammDG1KJRuCt/jyMmmeVb3L6sXDeaV2m8dRhCM4hlPw4ApqcA91aAADBc/wCm8OOi/Ou/Mxby04+cwh/IHz+QMuF5CL</latexit>

c̄ = 0
PDFs used in BSM searches rely 
on SM assumptions

PDF-EFT Interplay
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Data overlap
Often the data used in PDF fits are also used in EFT fits.


This overlap will grow as we take the global approach to 
constraining the SMEFT.

Figure 2.1. The kinematic coverage of the NNPDF4.0 dataset in the (x, Q
2) plane.
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Data overlap
Often the data used in PDF fits are also used in EFT fits.
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constraining the SMEFT.

Figure 2.1. The kinematic coverage of the NNPDF4.0 dataset in the (x, Q
2) plane.
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Data included in NNPDF4.0, [2109.02653]:

Figure 2.1. The kinematic coverage of the NNPDF4.0 dataset in the (x, Q
2) plane.
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Data overlap

Figure 2.1. The kinematic coverage of the NNPDF4.0 dataset in the (x, Q
2) plane.

10

Often the data used in PDF fits are also used in EFT fits.


This overlap will grow as we take the global approach to 
constraining the SMEFT.


‣ e.g. Top quark data used to fit the SMEFT in the 
global fit of 2012.02779, J. Ellis, MM, K. Mimasu, V. 
Sanz, T. You
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Simultaneous PDF and SMEFT determinations
S. Iranipour, M. Ubiali, 2201.07240  

Neglecting PDF-EFT 
interplay at the HL-LHC 
leads to a significant 
overestimate of EFT 
constraints

High-mass Drell-Yan 
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Simultaneous PDF and SMEFT determinations

Top quark data

Kassabov et. al: 2303.06159 
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Simultaneous PDF and SMEFT determinations
Kassabov et. al: 2303.06159 

Top quark data
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SIMUnet methodology

An extension of the NNPDF framework 

x ln x

xg(x, Q0) xΣ(x, Q0) xV(x, Q0) xV3(x, Q0) xT3(x, Q0) xT15(x, Q0)xT8(x, Q0)xV8(x, Q0)
xg(x, Q0) xu(x, Q0) xū(x, Q0) xd(x, Q0) xs(x, Q0) xc+(x, Q0)xs̄(x, Q0)xd̄(x, Q0)

n(4) = 8

n(3) = 20

n(2) = 25

n(1) = 2

Figure 3.9. The neural network architecture adopted for NNPDF4.0. A single network is used, whose eight output
values are the PDFs in the evolution (red) or the flavor basis (blue box). The architecture displayed corresponds
to the optimal choice in the evolution basis; the optimal architecture in the flavor basis is di↵erent as indicated by
Table 3.2).

hyperoptimization would be required. Our current understanding encompasses changes to the experimental
data, the theoretical description, and methodological choices (such as the choice of PDF basis).

We have checked that the procedure is quite stable upon reasonably small changes of the dataset.
For instance, the appraisal and selection of the final dataset, see Sect. 4 below, did not require any new
hyperoptimization. In fact, the datasets included in Table 3.1 do not correspond exactly to the datasets
included in the final dataset, since the final appraisal of the data to be included was performed after the
methodology was set. Furthermore, when removing datasets the given methodology remains viable, though
in principle there might be a computationally more e�cient one giving the same results for the small datasets.
This will be seen explicitly in the context of “future tests” in Sect. 6.2 below.

On the other hand, a substantial change in methodology or dataset generally needs a new hyperoptimiza-
tion. This is illustrated by the fact (see Tab. 3.2) that the optimal settings for fitting in the flavor basis di↵er
substantially from those of the evolution basis. Likewise, the addition of a large number of new datasets
a↵ecting kinematic regions or PDF combinations for which currently there is little or no information might
have an impact on the fit su�cient to warrant a new run of the hyperoptimization procedure.

The open source NNPDF4.0 fitting framework released with this paper includes all necessary tools to
carry out an automatic scan of hyperparameters, which means it can be readily used in situations which are
very wildly di↵erent from the specific scenario considered in this work, be it in terms of the experimental
data available or the theoretical framework being considered.

3.4 Performance and quality benchmarks

The new NNPDF fitting framework features a significantly improved computational performance compared
to previous NNPDF. This improvement is mostly driven by the availability of the gradient-based optimizers
provided by the TensorFlow library, combined with the dedicated hyperparameter optimization and other
technical improvements in key parts of the code. Furthermore, the new fitting framework is able to take ad-

29

Ball et. al, NNPDF4.0, 2109.02653

• PDFs parameterised by a neural 
network
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SIMUnet methodology
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Figure 3.1. Schematic depiction of the SIMUnet methodology. The input nodes (shown in green)
are Bjorken-x and its logarithm. The forward pass through the deep hidden layers (blue) are
performed as in the NNPDF4.0 methodology [2] to yield the output PDFs at the initial scale (red).
The initial scale PDFs are then combined in the initial scale luminosity L0, defined in Eq. (2.3).
The initial scale luminosity is then convoluted with the pre-computed FK-tables ⌃ (shown in blue)
to obtain the theoretical prediction T (shown in red), which enters the figure of merit (3.1), which
is minimised in the fit. The ⌃ dependence on the parameters {cn} is fed into theoretical prediction
T via the trainable edges of the combination layer. All trainable edges are shown by solid edges
and are thus learned parameters determined through gradient descent, while dashed edges are
non-trainable.

The values of {cn} are associated with the weights of the trainable edges which determine
the FK table, ⌃, as in Eq. (2.6). Such dependence enters the theoretical prediction T via
the bilinear produce between ⌃({cn}) and the initial scale PDFs, which in Eq. (2.3) we
refer to as L0, where L0 indicates either the parametrization of one independent PDF at
the initial scale or the product of two of them.

Letting ✓ denote the set of trainable neural network parameters (the weights and biases)
that parameterize the PDFs and {cn} the parameters that we fit alongside the PDFs,
SIMUnet fits the joint ✓̂ = ✓ [ {cn} parameter set, by letting gradient descent determine
their optimum value in order to minimize the figure of merit used in the fit, which is defined
as

�2(✓̂) =
1

Ndat
(D�T(✓̂))T (cov)�1(D�T(✓̂)), (3.1)

with D being the vector of experimental central values, T the vector of theoretical predic-
tions and cov the covariance matrix encapsulating the experimental uncertainties and the

– 9 –

Additional layer accounts for dependence of partonic cross section on Wilson coefficients via 
k-factor approximation
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SIMUnet methodology

An extension of the NNPDF framework 

• PDFs parameterised by a neural 
network


• Propagates uncertainties from data to 
NN parameters using the Monte Carlo 
replica method
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SIMUnet fits: SMEFT
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Figure 3.1. Schematic depiction of the SIMUnet methodology. The input nodes (shown in green)
are Bjorken-x and its logarithm. The forward pass through the deep hidden layers (blue) are
performed as in the NNPDF4.0 methodology [2] to yield the output PDFs at the initial scale (red).
The initial scale PDFs are then combined in the initial scale luminosity L0, defined in Eq. (2.3).
The initial scale luminosity is then convoluted with the pre-computed FK-tables ⌃ (shown in blue)
to obtain the theoretical prediction T (shown in red), which enters the figure of merit (3.1), which
is minimised in the fit. The ⌃ dependence on the parameters {cn} is fed into theoretical prediction
T via the trainable edges of the combination layer. All trainable edges are shown by solid edges
and are thus learned parameters determined through gradient descent, while dashed edges are
non-trainable.

The values of {cn} are associated with the weights of the trainable edges which determine
the FK table, ⌃, as in Eq. (2.6). Such dependence enters the theoretical prediction T via
the bilinear produce between ⌃({cn}) and the initial scale PDFs, which in Eq. (2.3) we
refer to as L0, where L0 indicates either the parametrization of one independent PDF at
the initial scale or the product of two of them.

Letting ✓ denote the set of trainable neural network parameters (the weights and biases)
that parameterize the PDFs and {cn} the parameters that we fit alongside the PDFs,
SIMUnet fits the joint ✓̂ = ✓ [ {cn} parameter set, by letting gradient descent determine
their optimum value in order to minimize the figure of merit used in the fit, which is defined
as

�2(✓̂) =
1

Ndat
(D�T(✓̂))T (cov)�1(D�T(✓̂)), (3.1)

with D being the vector of experimental central values, T the vector of theoretical predic-
tions and cov the covariance matrix encapsulating the experimental uncertainties and the

– 9 –

Train only the final layer: reproduce SMEFT-only fits
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Figure 3.1. Schematic depiction of the SIMUnet methodology. The input nodes (shown in green)
are Bjorken-x and its logarithm. The forward pass through the deep hidden layers (blue) are
performed as in the NNPDF4.0 methodology [2] to yield the output PDFs at the initial scale (red).
The initial scale PDFs are then combined in the initial scale luminosity L0, defined in Eq. (2.3).
The initial scale luminosity is then convoluted with the pre-computed FK-tables ⌃ (shown in blue)
to obtain the theoretical prediction T (shown in red), which enters the figure of merit (3.1), which
is minimised in the fit. The ⌃ dependence on the parameters {cn} is fed into theoretical prediction
T via the trainable edges of the combination layer. All trainable edges are shown by solid edges
and are thus learned parameters determined through gradient descent, while dashed edges are
non-trainable.

The values of {cn} are associated with the weights of the trainable edges which determine
the FK table, ⌃, as in Eq. (2.6). Such dependence enters the theoretical prediction T via
the bilinear produce between ⌃({cn}) and the initial scale PDFs, which in Eq. (2.3) we
refer to as L0, where L0 indicates either the parametrization of one independent PDF at
the initial scale or the product of two of them.

Letting ✓ denote the set of trainable neural network parameters (the weights and biases)
that parameterize the PDFs and {cn} the parameters that we fit alongside the PDFs,
SIMUnet fits the joint ✓̂ = ✓ [ {cn} parameter set, by letting gradient descent determine
their optimum value in order to minimize the figure of merit used in the fit, which is defined
as

�2(✓̂) =
1

Ndat
(D�T(✓̂))T (cov)�1(D�T(✓̂)), (3.1)

with D being the vector of experimental central values, T the vector of theoretical predic-
tions and cov the covariance matrix encapsulating the experimental uncertainties and the

– 9 –

Train only the PDF NN weights on all data: reproduce PDF-only fits

SIMUnet fits: PDFs
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Figure 3.1. Schematic depiction of the SIMUnet methodology. The input nodes (shown in green)
are Bjorken-x and its logarithm. The forward pass through the deep hidden layers (blue) are
performed as in the NNPDF4.0 methodology [2] to yield the output PDFs at the initial scale (red).
The initial scale PDFs are then combined in the initial scale luminosity L0, defined in Eq. (2.3).
The initial scale luminosity is then convoluted with the pre-computed FK-tables ⌃ (shown in blue)
to obtain the theoretical prediction T (shown in red), which enters the figure of merit (3.1), which
is minimised in the fit. The ⌃ dependence on the parameters {cn} is fed into theoretical prediction
T via the trainable edges of the combination layer. All trainable edges are shown by solid edges
and are thus learned parameters determined through gradient descent, while dashed edges are
non-trainable.

The values of {cn} are associated with the weights of the trainable edges which determine
the FK table, ⌃, as in Eq. (2.6). Such dependence enters the theoretical prediction T via
the bilinear produce between ⌃({cn}) and the initial scale PDFs, which in Eq. (2.3) we
refer to as L0, where L0 indicates either the parametrization of one independent PDF at
the initial scale or the product of two of them.

Letting ✓ denote the set of trainable neural network parameters (the weights and biases)
that parameterize the PDFs and {cn} the parameters that we fit alongside the PDFs,
SIMUnet fits the joint ✓̂ = ✓ [ {cn} parameter set, by letting gradient descent determine
their optimum value in order to minimize the figure of merit used in the fit, which is defined
as

�2(✓̂) =
1

Ndat
(D�T(✓̂))T (cov)�1(D�T(✓̂)), (3.1)

with D being the vector of experimental central values, T the vector of theoretical predic-
tions and cov the covariance matrix encapsulating the experimental uncertainties and the

– 9 –

Train everything: simultaneous fit

SIMUnet fits: SMEFT and PDFs
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Figure 3.1. Schematic depiction of the SIMUnet methodology. The input nodes (shown in green)
are Bjorken-x and its logarithm. The forward pass through the deep hidden layers (blue) are
performed as in the NNPDF4.0 methodology [2] to yield the output PDFs at the initial scale (red).
The initial scale PDFs are then combined in the initial scale luminosity L0, defined in Eq. (2.3).
The initial scale luminosity is then convoluted with the pre-computed FK-tables ⌃ (shown in blue)
to obtain the theoretical prediction T (shown in red), which enters the figure of merit (3.1), which
is minimised in the fit. The ⌃ dependence on the parameters {cn} is fed into theoretical prediction
T via the trainable edges of the combination layer. All trainable edges are shown by solid edges
and are thus learned parameters determined through gradient descent, while dashed edges are
non-trainable.

The values of {cn} are associated with the weights of the trainable edges which determine
the FK table, ⌃, as in Eq. (2.6). Such dependence enters the theoretical prediction T via
the bilinear produce between ⌃({cn}) and the initial scale PDFs, which in Eq. (2.3) we
refer to as L0, where L0 indicates either the parametrization of one independent PDF at
the initial scale or the product of two of them.

Letting ✓ denote the set of trainable neural network parameters (the weights and biases)
that parameterize the PDFs and {cn} the parameters that we fit alongside the PDFs,
SIMUnet fits the joint ✓̂ = ✓ [ {cn} parameter set, by letting gradient descent determine
their optimum value in order to minimize the figure of merit used in the fit, which is defined
as

�2(✓̂) =
1

Ndat
(D�T(✓̂))T (cov)�1(D�T(✓̂)), (3.1)

with D being the vector of experimental central values, T the vector of theoretical predic-
tions and cov the covariance matrix encapsulating the experimental uncertainties and the

– 9 –

Train everything: simultaneous fit

SIMUnet fits: SMEFT and PDFs
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Figure 3.1. Schematic depiction of the SIMUnet methodology. The input nodes (shown in green)
are Bjorken-x and its logarithm. The forward pass through the deep hidden layers (blue) are
performed as in the NNPDF4.0 methodology [2] to yield the output PDFs at the initial scale (red).
The initial scale PDFs are then combined in the initial scale luminosity L0, defined in Eq. (2.3).
The initial scale luminosity is then convoluted with the pre-computed FK-tables ⌃ (shown in blue)
to obtain the theoretical prediction T (shown in red), which enters the figure of merit (3.1), which
is minimised in the fit. The ⌃ dependence on the parameters {cn} is fed into theoretical prediction
T via the trainable edges of the combination layer. All trainable edges are shown by solid edges
and are thus learned parameters determined through gradient descent, while dashed edges are
non-trainable.

The values of {cn} are associated with the weights of the trainable edges which determine
the FK table, ⌃, as in Eq. (2.6). Such dependence enters the theoretical prediction T via
the bilinear produce between ⌃({cn}) and the initial scale PDFs, which in Eq. (2.3) we
refer to as L0, where L0 indicates either the parametrization of one independent PDF at
the initial scale or the product of two of them.

Letting ✓ denote the set of trainable neural network parameters (the weights and biases)
that parameterize the PDFs and {cn} the parameters that we fit alongside the PDFs,
SIMUnet fits the joint ✓̂ = ✓ [ {cn} parameter set, by letting gradient descent determine
their optimum value in order to minimize the figure of merit used in the fit, which is defined
as

�2(✓̂) =
1

Ndat
(D�T(✓̂))T (cov)�1(D�T(✓̂)), (3.1)

with D being the vector of experimental central values, T the vector of theoretical predic-
tions and cov the covariance matrix encapsulating the experimental uncertainties and the
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Fit only the PDF to pseudodata modified by new physics effects and assess the fit quality:  is new physics absorbed?  

SIMUnet fits: new physics contamination
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e.g. HL-LHC high mass DY,  E. Hammou et. al 2307.10370  

Fit only the PDF to pseudodata modified by new physics effects and assess the fit quality:  is new physics absorbed?  

SIMUnet fits: new physics contamination
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e.g. HL-LHC high mass DY,  E. Hammou et. al 2307.10370  

Fit only the PDF to pseudodata modified by new physics effects and assess the fit quality:  is new physics absorbed?  

SIMUnet fits: new physics contamination



Maeve Madigan | Machine Learning Opportunities for EFT Analyses EFT WG 16.11.2339

The SIMUnet release

Simultaneous fits of PDFs and linear SMEFT effects
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The SIMUnet release

Simultaneous fits of PDFs and linear SMEFT effects

+ Fits of any linear combinations of Wilson coefficients

e.g. electroweak oblique parameters W,Y
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The SIMUnet release

Simultaneous fits of PDFs and linear SMEFT effects

+ Fits of linear combinations of Wilson coefficients

PDF-independent observables

E.g. measurements of W 
polarisations in top decay, 
electroweak precision 
observables
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The SIMUnet release

Simultaneous fits of PDFs and linear SMEFT effects

+ Fits of linear combinations of Wilson coefficients

PDF-independent observables

Tests for new physics absorption



Maeve Madigan | Machine Learning Opportunities for EFT Analyses EFT WG 16.11.2343

The SIMUnet release

Simultaneous fits of PDFs and linear SMEFT effects

+ Fits of linear combinations of Wilson coefficients

PDF-independent observables

+ new data from the Higgs, diboson, electroweak, Drell-Yan and top sectors  

+ Tutorials, website and documentation

Tests for new physics absorption
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Conclusions

44

https://iml-wg.github.io/HEPML-LivingReview/

Many examples of the use of ML in EFT analyses 

                   

https://indico.cern.ch/event/1331690/

See also the HEP ML Living Review:

Unbinned multivariate observables for global SMEFT analyses from parametrised 
classifiers - optimal SMEFT constraints: ML4EFT


Simultaneous determinations of PDFs and the SMEFT made possible by SIMUnet
 

multivariate and unbinned analyses using parametrised classifiers and tree-boosting 
algorithms; NN-based observables; importance of re-interpretability

https://iml-wg.github.io/HEPML-LivingReview/
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Conclusions

44

https://iml-wg.github.io/HEPML-LivingReview/

Many examples of the use of ML in EFT analyses 

                   

https://indico.cern.ch/event/1331690/

See also the HEP ML Living Review:

Unbinned multivariate observables for global SMEFT analyses from parametrised 
classifiers - optimal SMEFT constraints: ML4EFT


Simultaneous determinations of PDFs and the SMEFT made possible by SIMUnet
 

Thank you for listening!

multivariate and unbinned analyses using parametrised classifiers and tree-boosting 
algorithms; NN-based observables; importance of re-interpretability

https://iml-wg.github.io/HEPML-LivingReview/
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Backup
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Consider fitting 1 Wilson coefficient c to 1 datapoint           : define

The Monte Carlo Replica Method

1. Resample:


2. Minimise: 


3. Repeat, and treat the sample       as a sample from the Bayesian posterior  

<latexit sha1_base64="pVe+tIKpHlsdeYqx8b+r9KAaPE8="></latexit>

c̄ = arg minc
(�(c)� �̃exp)2

��2

<latexit sha1_base64="/bsOxPcj/KiwUTlEASSAUQXsskA=">AAAB9XicbVDLSsNAFL3js9ZX1aWbwSK4Kon4WhbduKxgH9DEMplO2qGTSZiZKCXkP9y4UMSt/+LOv3HaZqGtBy4czrmXe+8JEsG1cZxvtLS8srq2Xtoob25t7+xW9vZbOk4VZU0ai1h1AqKZ4JI1DTeCdRLFSBQI1g5GNxO//ciU5rG8N+OE+REZSB5ySoyVHrwMewFRGc2xl+NeperUnCnwInELUoUCjV7ly+vHNI2YNFQQrbuukxg/I8pwKlhe9lLNEkJHZMC6lkoSMe1n06tzfGyVPg5jZUsaPFV/T2Qk0nocBbYzImao572J+J/XTU145WdcJqlhks4WhanAJsaTCHCfK0aNGFtCqOL2VkyHRBFqbFBlG4I7//IiaZ3W3Iva+d1ZtX5dxFGCQziCE3DhEupwCw1oAgUFz/AKb+gJvaB39DFrXULFzAH8Afr8AcOakgw=</latexit>

{c̄}
<latexit sha1_base64="0XC1p1PQXtoZUeNHz5yo3aMBRZE=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB2DevAYwTwgWcLsZDYZMjO7zswKYc1PePGgiFd/x5t/4yTZgyYWNBRV3XR3BTFn2rjut5NbWl5ZXcuvFzY2t7Z3irt7DR0litA6iXikWgHWlDNJ64YZTluxolgEnDaD4fXEbz5SpVkk780opr7AfclCRrCxUisuE/SEbo67xZJbcadAi8TLSAky1LrFr04vIomg0hCOtW57bmz8FCvDCKfjQifRNMZkiPu0banEgmo/nd47RkdW6aEwUrakQVP190SKhdYjEdhOgc1Az3sT8T+vnZjw0k+ZjBNDJZktChOOTIQmz6MeU5QYPrIEE8XsrYgMsMLE2IgKNgRv/uVF0jipeOeVs7vTUvUqiyMPB3AIZfDgAqpwCzWoAwEOz/AKb86D8+K8Ox+z1pyTzezDHzifP30yjvg=</latexit>

p(c|D)

- Often used in the context of PDF fitting and SMEFT fitting, e.g. 2109.02653, 1901.05965
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Plot
Friday 5 May 2023 14:42

Problem: in the presence of a quadratic theory, often the minimum       will be given by the same    .  
<latexit sha1_base64="+gFDvKNxypTFY7VZl9AZW7BIW3E=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8egF48RzAOSNcxOZpMxszPLzKwQlvyDFw+KePV/vPk3TjZ70MSChqKqm+6uIOZMG9f9dgorq2vrG8XN0tb2zu5eef+gpWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2Mb2Z++4kqzaS4N5OY+hEeChYygo2VWj0yYg+1frniVt0MaJl4OalAjka//NUbSJJEVBjCsdZdz42Nn2JlGOF0WuolmsaYjPGQdi0VOKLaT7Nrp+jEKgMUSmVLGJSpvydSHGk9iQLbGWEz0oveTPzP6yYmvPJTJuLEUEHmi8KEIyPR7HU0YIoSwyeWYKKYvRWREVaYGBtQyYbgLb68TFq1qndRPb87q9Sv8ziKcATHcAoeXEIdbqEBTSDwCM/wCm+OdF6cd+dj3lpw8plD+APn8wcqnY7g</latexit>

�2 <latexit sha1_base64="i39nt1abd73G3PCfF6sbSAuNQF8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEqseiF48V7Ae0oWy2m3bpZhN2J0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GdzO//cS1EbF6xEnC/YgOlQgFo2ildi+gOmPTfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Nzp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YY3viZUEmKXLHFojCVBGMy+50MhOYM5cQSyrSwtxI2opoytAmVbAje8surpHVR9a6qtYfLSv02j6MIJ3AK5+DBNdThHhrQBAZjeIZXeHMS58V5dz4WrQUnnzmGP3A+fwCHT4+2</latexit>

c̄

2. Minimise: 

<latexit sha1_base64="pVe+tIKpHlsdeYqx8b+r9KAaPE8="></latexit>

c̄ = arg minc
(�(c)� �̃exp)2

��2

The Monte Carlo Replica Method
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Plot
Friday 5 May 2023 14:42

Problem: in the presence of a quadratic theory, often the minimum       will be given by the same    .  
<latexit sha1_base64="+gFDvKNxypTFY7VZl9AZW7BIW3E=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8egF48RzAOSNcxOZpMxszPLzKwQlvyDFw+KePV/vPk3TjZ70MSChqKqm+6uIOZMG9f9dgorq2vrG8XN0tb2zu5eef+gpWWiCG0SyaXqBFhTzgRtGmY47cSK4ijgtB2Mb2Z++4kqzaS4N5OY+hEeChYygo2VWj0yYg+1frniVt0MaJl4OalAjka//NUbSJJEVBjCsdZdz42Nn2JlGOF0WuolmsaYjPGQdi0VOKLaT7Nrp+jEKgMUSmVLGJSpvydSHGk9iQLbGWEz0oveTPzP6yYmvPJTJuLEUEHmi8KEIyPR7HU0YIoSwyeWYKKYvRWREVaYGBtQyYbgLb68TFq1qndRPb87q9Sv8ziKcATHcAoeXEIdbqEBTSDwCM/wCm+OdF6cd+dj3lpw8plD+APn8wcqnY7g</latexit>

�2 <latexit sha1_base64="i39nt1abd73G3PCfF6sbSAuNQF8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEqseiF48V7Ae0oWy2m3bpZhN2J0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GdzO//cS1EbF6xEnC/YgOlQgFo2ildi+gOmPTfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/Nzp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YY3viZUEmKXLHFojCVBGMy+50MhOYM5cQSyrSwtxI2opoytAmVbAje8surpHVR9a6qtYfLSv02j6MIJ3AK5+DBNdThHhrQBAZjeIZXeHMS58V5dz4WrQUnnzmGP3A+fwCHT4+2</latexit>

c̄

The Monte Carlo Replica Method

MC replica method
Bayesian
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ML4EFT

multi-differential cross section in all features

However: analytical calculation of  is intractable in most realistic cases.


Instead: approximate  using neural networks

<latexit sha1_base64="ppVWL051rOnwkpAfxyUJLPix7Os=">AAACAXicbVDLSsNAFL3xWesr6kZwM1gEVyURXxuhqAuXFewDmhAm00k7dPJgZiKWEDf+ihsXirj1L9z5N07aLrT1wIXDOfdy7z1+wplUlvVtzM0vLC4tl1bKq2vrG5vm1nZTxqkgtEFiHou2jyXlLKINxRSn7URQHPqctvzBVeG37qmQLI7u1DChboh7EQsYwUpLnrl7jS6QkyEnxKrvB9lD7mUsR07umRWrao2AZok9IRWYoO6ZX043JmlII0U4lrJjW4lyMywUI5zmZSeVNMFkgHu0o2mEQyrdbPRBjg600kVBLHRFCo3U3xMZDqUchr7uLA6V014h/ud1UhWcuxmLklTRiIwXBSlHKkZFHKjLBCWKDzXBRDB9KyJ9LDBROrSyDsGefnmWNI+q9mn15Pa4UrucxFGCPdiHQ7DhDGpwA3VoAIFHeIZXeDOejBfj3fgYt84Zk5kd+APj8weDSpZU</latexit>

D = {xi}
<latexit sha1_base64="qDVclrA1t1wIeTifP8AbODCg9PE="></latexit>

xi = {mtt̄, p
`1
T , p`2T ,�⌘`1,`2 ,��`1,`2 , .....}where

For parameter estimation, we would like to be able to calculate the likelihood:
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ML4EFT
Train a classifier g to distinguish the SM from the SMEFT:

SMEFT training pseudodata sample SM training pseudo data sample
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ML4EFT

SMEFT training pseudodata sample SM training pseudo data sample

Train a classifier g to distinguish the SM from the SMEFT:

<latexit sha1_base64="4UTEBAOgQQV1/gJekk2nAY/LLuc="></latexit>

�L

�g
= 0 ) g(x, c) =

⇣
1 +

d�(x, c)

dx
/
d�(x,0)

dx

⌘�1
⌘ 1

1 + r�(x, c)
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ML4EFT

SMEFT training pseudodata sample SM training pseudo data sample

Train a classifier g to distinguish the SM from the SMEFT:

In the limit of infinite training samples, the decision boundary is 1:1 with the likelihood

<latexit sha1_base64="4UTEBAOgQQV1/gJekk2nAY/LLuc="></latexit>

�L

�g
= 0 ) g(x, c) =

⇣
1 +

d�(x, c)

dx
/
d�(x,0)

dx

⌘�1
⌘ 1

1 + r�(x, c)


