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new physics

High-dimensional event data
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Precision constraints on 
new physics

High-dimensional event data

Parameterization e.g. in 
Effective Field Theory:

systematic expansion of 
new physics around 

Standard Model

10s to 100s “universal” 
parameters to measure

. LEFT = LSM +
X
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S T X S  v s .  d e d i c a t e d  a n a l y s i s

•The bigger issue with the 
STXS approach is that it is 
not as sensitive as it could be 

• Is it exploiting enough 
differential information? 

• If this approach only leads 
to a small loss in 
sensitivity maybe it is 
worth it for convenience 

• But is it?
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Di↵erent analysis strategies

Highly optimised analyses targeting specific properties / operators
! “best possible” sensitivity
! very model specific

Fiducial and di↵erential cross section measurements
! minimise model dependence
! relatively restricted sensitivity (hard to combine di↵erent channels)
! re-interpretable outside experiment

Di↵erential measurements in experimentally sensitive observables per
production mode (STXS)
! model dependence from production mode definition
! easy combination of di↵erent Higgs decay channels ! sensitivity to

large number of EFT operators
! re-interpretable outside experiment

Saskia Falke Inputs to EFT fits 29/10/2020 3 / 22

From Higgs 2020
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• Simplified Template Cross-Sections (STXS) 
define observable bins that are supposed to 
capture as much information on NP as possible 
[N. Berger et al. 1906.02754; HXSWG YR4] 

• Let’s check! How much information on 
 
 
 
 
can we extract from                                       ?

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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• Results: STXS are indeed sensitive to operators, 
adding a few more bins improve them, 
but a multivariate analysis is much stronger

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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High-dimensional 
event data     .x
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Constraints on 
parameters   .✓
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Likelihood function

T h e  l i k e l i h o o d  i s  a  k e y  o b j e c t

•Let θ denote the coefficients of higher dimensional operators in the Lagrangian, x be high-

dimensional data associated to an event, and  be the distribution for the data  p(x ∣ θ) =
1

σ(θ)
dσ
dx
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Maximum-likelihood 
estimator

Confidence limits based 
on likelihood ratio tests



Now for some bad news….



Particle physics processes do not have a tractable 
likelihood function.



M o d e l i n g  p a r t i c l e  p h y s i c s  p r o c e s s e s

9

Evolution

Theory 
parameters

✓
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Evolution

Latent variables

Parton-level 
momenta

zp
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Evolution

Latent variables

Shower 
splittings

zs
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Evolution

Latent variables

Detector 
interactions

zd
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Evolution

Latent variables

[M. Cacciari, G. Salam, G. Soyez 0802.1189]

Detector 
interactions
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Latent variables

Prediction (simulation)
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Theory 
parameters

✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

Observables

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

p(zp|✓)
<latexit sha1_base64="5XZhyHtejjMqMgiIIN2L2O+wiMY="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="iLtpzU5Qtbu3d5ACu357ibh/9GQ="></latexit>

Z
dzd

Z
dzs

Z
dzp

<latexit sha1_base64="3QqUXkjI/9W5HgMcIsL03s1lYzU="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="FpObNG65Uc+0rDaOyXieyCj+f20="></latexit>

p(x|✓) =
<latexit sha1_base64="AcNV+p6EfcfqicL9caw7jS+EafQ="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="jApDs7na6jNuX+U748CZyoN/x9g="></latexit>
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Latent variables

Inference

Detector 
interactions

zd
<latexit sha1_base64="EDKt9LdLy9R/++mDIMye01isAeE="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="5Za1bnXdAq0D5Yh76UOPibghhqg="></latexit>

Shower 
splittings

zs
<latexit sha1_base64="1I2pX4fPXZLKLCk7w+EzpatwEjA="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="U8vTltv5KZdCV8HuLyHS1c/9eY4="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit>

Parton-level 
momenta

zp
<latexit sha1_base64="Y6bYONC/FI8mtoYtThcHyfdlXJY="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="l7rUTklopd46f57TV6KrjEEz06U="></latexit>

Theory 
parameters

✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

Observables

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

p(zp|✓)
<latexit sha1_base64="5XZhyHtejjMqMgiIIN2L2O+wiMY="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="iLtpzU5Qtbu3d5ACu357ibh/9GQ="></latexit>

Z
dzd

Z
dzs

Z
dzp

<latexit sha1_base64="3QqUXkjI/9W5HgMcIsL03s1lYzU="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="FpObNG65Uc+0rDaOyXieyCj+f20="></latexit>

p(x|✓) =
<latexit sha1_base64="AcNV+p6EfcfqicL9caw7jS+EafQ="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="jApDs7na6jNuX+U748CZyoN/x9g="></latexit>

It’s infeasible to calculate the 
integral over this enormous 

space! 
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x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>High-dimensional event data

p(x|✓)
<latexit sha1_base64="d9AyTfXNdCHRDASCWc4F9I14QL8="></latexit><latexit sha1_base64="WNQiabwdkZcR9IOy/o4ZRmVHpQA="></latexit><latexit sha1_base64="WNQiabwdkZcR9IOy/o4ZRmVHpQA="></latexit><latexit sha1_base64="eZm6d4ryAci70j7skgtD8rceBRQ="></latexit>

cannot be calculated

Brian Moser 28/10/2020SMEFT Higgs Measurements with ATLAS

κ-framework vs. SMEFT: an example
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One or two summary statistics x0
<latexit sha1_base64="LK7X1C5AuV1dVtVKvRoWRpua7U0="></latexit><latexit sha1_base64="ZHYCcwvXCFioA2mwjF5/7cRLmjo="></latexit><latexit sha1_base64="ZHYCcwvXCFioA2mwjF5/7cRLmjo="></latexit><latexit sha1_base64="x+xQznYK0+J1+V8MObTE08lrfqk="></latexit>

p(x0|✓)
<latexit sha1_base64="lXHXCTIXwAiyr2tGZjSgmI4YUPE="></latexit><latexit sha1_base64="b0mRHAbp731PrqmVngLB6aSGP1Y="></latexit><latexit sha1_base64="b0mRHAbp731PrqmVngLB6aSGP1Y="></latexit><latexit sha1_base64="3Mh/LYaC+hV96mDhi7fb4S217rg="></latexit>

             can be estimated 
with histograms

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>High-dimensional event data

p(x|✓)
<latexit sha1_base64="d9AyTfXNdCHRDASCWc4F9I14QL8="></latexit><latexit sha1_base64="WNQiabwdkZcR9IOy/o4ZRmVHpQA="></latexit><latexit sha1_base64="WNQiabwdkZcR9IOy/o4ZRmVHpQA="></latexit><latexit sha1_base64="eZm6d4ryAci70j7skgtD8rceBRQ="></latexit>

cannot be calculated

Brian Moser 28/10/2020SMEFT Higgs Measurements with ATLAS

κ-framework vs. SMEFT: an example
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n.b. “summary statistic” = a sensitive observable



I n f e r e n c e  b y  e s t i m a t i n g  t h e  l i k e l i h o o d

Parameters ✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

Observables

Simulator

[e.g. P. Diggle, R. Gratton 1984]



I n f e r e n c e  b y  e s t i m a t i n g  t h e  l i k e l i h o o d

Parameters ✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

Observables

Simulator

[e.g. P. Diggle, R. Gratton 1984]

Summary statistics x0
<latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit>

Approximate likelihood p̂(x0|✓)
<latexit sha1_base64="/CVdnnQDswbntshwiC0gWGIR+PI="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="gOlO4oBTcjs2Ts/D/1qEyubvHws="></latexit>

Classical density estimation



I n f e r e n c e  b y  e s t i m a t i n g  t h e  l i k e l i h o o d

Parameters ✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

Observables

Simulator

[e.g. P. Diggle, R. Gratton 1984]

Summary statistics x0
<latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit>

Approximate likelihood p̂(x0|✓)
<latexit sha1_base64="/CVdnnQDswbntshwiC0gWGIR+PI="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="gOlO4oBTcjs2Ts/D/1qEyubvHws="></latexit>

Classical density estimation

Summary statistics x0
obs

<latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit>

Observed data xobs
<latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit>



I n f e r e n c e  b y  e s t i m a t i n g  t h e  l i k e l i h o o d

Parameters ✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

Observables

Simulator

[e.g. P. Diggle, R. Gratton 1984]

Summary statistics x0
<latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit>

Approximate likelihood p̂(x0|✓)
<latexit sha1_base64="/CVdnnQDswbntshwiC0gWGIR+PI="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="gOlO4oBTcjs2Ts/D/1qEyubvHws="></latexit>

Classical density estimation

Posterior

Prior p(✓)
<latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit><latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit><latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit><latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit>

Inference

Confidence sets

Summary statistics x0
obs

<latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit>

Observed data xobs
<latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit>



I n f e r e n c e  b y  e s t i m a t i n g  t h e  l i k e l i h o o d

Parameters ✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

Observables

Simulator

• Compression to summary 
statistics loses information & 
reduces quality of inference 

• Curse of dimensionality: 
does not scale to more than a 
few summary statistics 

• Related alternative: 
Approximate Bayesian 
Computation (ABC) [D. Rubin 1984]

[e.g. P. Diggle, R. Gratton 1984]

Summary statistics x0
<latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit><latexit sha1_base64="j2MT/AmSEr+Z32/viVIFKx5OZSk="></latexit>

Approximate likelihood p̂(x0|✓)
<latexit sha1_base64="/CVdnnQDswbntshwiC0gWGIR+PI="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="SrGVTyKt0pOoHPD/jO2934wXS0I="></latexit><latexit sha1_base64="gOlO4oBTcjs2Ts/D/1qEyubvHws="></latexit>

Classical density estimation

Posterior

Prior p(✓)
<latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit><latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit><latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit><latexit sha1_base64="qZnm8m3m17PXgcCC6Y19FJxJE/E="></latexit>

Inference

Confidence sets

Summary statistics x0
obs

<latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit><latexit sha1_base64="4OC6qjTdMdWalQeI02mdaCUZofQ="></latexit>

Observed data xobs
<latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit><latexit sha1_base64="ZE4koGREJjVXUkMCIGCGACbN53Y="></latexit>



S u m m a r y  s t a t i s t i c s  f o r  L H C  m e a s u r e m e n t s ?

12

• In many LHC problems (eg. EFTs) 
there is no single good summary 
statistic: compressing to any       loses 
information! 
[JB, K. Cranmer, F. Kling, T. Plehn 1612.05261; 
JB, F. Kling, T. Plehn, T. Tait 1712.02350] 

• Ideally: analyze all trustworthy 
high-level features (reconstructed 
four-momenta…), or some form of 
low-level features, including 
correlations 
(“fully differential cross section”)

x0
<latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit><latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit><latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit><latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit>
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• In many LHC problems (eg. EFTs) 
there is no single good summary 
statistic: compressing to any       loses 
information! 
[JB, K. Cranmer, F. Kling, T. Plehn 1612.05261; 
JB, F. Kling, T. Plehn, T. Tait 1712.02350] 

• Ideally: analyze all trustworthy 
high-level features (reconstructed 
four-momenta…), or some form of 
low-level features, including 
correlations 
(“fully differential cross section”)

x0
<latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit><latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit><latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit><latexit sha1_base64="MRP3mzprfrWFOUBB9YqDW080jac="></latexit>

[Bolognesi et al. 1208.4018]



S o l v e  i t  b y  a p p r o x i m a t i n g  t h e  i n t e g r a l

• Problem: high-dimensional integral over shower / detector trajectories

13

p(x|✓) =
Z
dzd

Z
dzs

Z
dzp p(x|zd) p(zd|zs) p(zs|zp) p(zp|✓)

<latexit sha1_base64="AB87VeAIfsNPvxD+j8yhNv2oflc="></latexit><latexit sha1_base64="Ja8H9nSXeh8Omo0YOK1BAOcU9cA="></latexit><latexit sha1_base64="Ja8H9nSXeh8Omo0YOK1BAOcU9cA="></latexit><latexit sha1_base64="pNc/iuQqO/bssn9ywAKdkvoA6es="></latexit>
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p(x|✓) =
Z
dzd

Z
dzs

Z
dzp p(x|zd) p(zd|zs) p(zs|zp) p(zp|✓)

<latexit sha1_base64="AB87VeAIfsNPvxD+j8yhNv2oflc="></latexit><latexit sha1_base64="Ja8H9nSXeh8Omo0YOK1BAOcU9cA="></latexit><latexit sha1_base64="Ja8H9nSXeh8Omo0YOK1BAOcU9cA="></latexit><latexit sha1_base64="pNc/iuQqO/bssn9ywAKdkvoA6es="></latexit>
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• Matrix Element Method (and similarly Optimal Observables): [K. Kondo 1988] 

• approximate shower + detector effects into transfer function 

• explicitly calculate remaining integral 
 

p̂(x|zp)
<latexit sha1_base64="xzs7+DawVswnI4B4oa6S0jvhFLs="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="eJ49y0N+A0sA/o/VUpVYtWF3fGo="></latexit><latexit sha1_base64="dWShCnnILVkh4gMYuUrbxWVFUJ0="></latexit><latexit sha1_base64="dWShCnnILVkh4gMYuUrbxWVFUJ0="></latexit><latexit sha1_base64="evpgkFbQFUeQgatNV4Hv3ToVQfY="></latexit><latexit sha1_base64="evpgkFbQFUeQgatNV4Hv3ToVQfY="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="evpgkFbQFUeQgatNV4Hv3ToVQfY="></latexit>

p̂(x|✓) =
Z
dzp p̂(x|zp) p(zp|✓)

<latexit sha1_base64="G+tPT8udyJm0adyTjJ/QTaHUXY8="></latexit><latexit sha1_base64="IakJHx8bYjErCuaJ9dupf62q6yI="></latexit><latexit sha1_base64="IakJHx8bYjErCuaJ9dupf62q6yI="></latexit><latexit sha1_base64="OmRNsts2QspGhURxinTNgZII91E="></latexit>
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13

p(x|✓) =
Z
dzd

Z
dzs

Z
dzp p(x|zd) p(zd|zs) p(zs|zp) p(zp|✓)

<latexit sha1_base64="AB87VeAIfsNPvxD+j8yhNv2oflc="></latexit><latexit sha1_base64="Ja8H9nSXeh8Omo0YOK1BAOcU9cA="></latexit><latexit sha1_base64="Ja8H9nSXeh8Omo0YOK1BAOcU9cA="></latexit><latexit sha1_base64="pNc/iuQqO/bssn9ywAKdkvoA6es="></latexit>

⇒ Uses matrix-element information, no summary statistics necessary, but: 

• ad-hoc transfer functions (what about extra radiation?) 

• evaluation still requires calculating an expensive integral
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• Matrix Element Method (and similarly Optimal Observables): [K. Kondo 1988] 

• approximate shower + detector effects into transfer function 

• explicitly calculate remaining integral 
 

p̂(x|zp)
<latexit sha1_base64="xzs7+DawVswnI4B4oa6S0jvhFLs="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="eJ49y0N+A0sA/o/VUpVYtWF3fGo="></latexit><latexit sha1_base64="dWShCnnILVkh4gMYuUrbxWVFUJ0="></latexit><latexit sha1_base64="dWShCnnILVkh4gMYuUrbxWVFUJ0="></latexit><latexit sha1_base64="evpgkFbQFUeQgatNV4Hv3ToVQfY="></latexit><latexit sha1_base64="evpgkFbQFUeQgatNV4Hv3ToVQfY="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="6/QD0riOV/GmQOBrU6EI5c2ZC5U="></latexit><latexit sha1_base64="evpgkFbQFUeQgatNV4Hv3ToVQfY="></latexit>

p̂(x|✓) =
Z
dzp p̂(x|zp) p(zp|✓)

<latexit sha1_base64="G+tPT8udyJm0adyTjJ/QTaHUXY8="></latexit><latexit sha1_base64="IakJHx8bYjErCuaJ9dupf62q6yI="></latexit><latexit sha1_base64="IakJHx8bYjErCuaJ9dupf62q6yI="></latexit><latexit sha1_base64="OmRNsts2QspGhURxinTNgZII91E="></latexit>



W h a t  i f  w e  c o u l d  e s t i m a t e  t h e  l i k e l i h o o d …

• for high-dimensional observables, including correlations? 
 like MEM: no need to pick summary statistics 

• including state-of-the-art shower and detector models? 
 allowing for extra radiation, no need for transfer functions 

• in microseconds? 
 amortized inference: train once, then always evaluate fast 

• requiring less training examples than established machine learning methods? 
 using matrix element information: “ML version of MEM”

14
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Machine Learning

<latexit sha1_base64="HjZ6RxRDdZu139wdkhmGLAXlGyY="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="KGKYmyKWjUVupNzZY8DVUShrvqU="></latexit>

argmin
g

L[g]
<latexit sha1_base64="K5zdKfNQlfWV+Iu2lZ+kbdAR2qQ="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="Y+642ZFyiyZWQmFYdFZi+qnOJts="></latexit>

r̂(x|✓)
<latexit sha1_base64="NPA37tSEX6NJZFS7lgnMywc24Uw="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="8WBmztmqRcTSWIh+NwhKhjUiPqA="></latexit>

approximate 
likelihood 

ratio

Inference

✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>

Simulation

z

✓
<latexit sha1_base64="uKih3q81UG5Y39UkSUDmaMgSwo0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="cLB/gHcLXKsvdN1Ss3kTuhimZm0="></latexit>

parameter

latent x
observable

arXiv:1805.12244 
PRL, arXiv:1805.00013 
PRD, arXiv:1805.00020 

physics.aps.org/articles/v11/90 

“Mining gold”: Extract 
additional information 

from simulator

Limit setting with 
standard hypothesis tests

Use this information to 
train estimator for likelihood ratio

https://physics.aps.org/articles/v11/90
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Machine Learning

<latexit sha1_base64="HjZ6RxRDdZu139wdkhmGLAXlGyY="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="KGKYmyKWjUVupNzZY8DVUShrvqU="></latexit>

argmin
g

L[g]
<latexit sha1_base64="K5zdKfNQlfWV+Iu2lZ+kbdAR2qQ="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="Y+642ZFyiyZWQmFYdFZi+qnOJts="></latexit>

r̂(x|✓)
<latexit sha1_base64="NPA37tSEX6NJZFS7lgnMywc24Uw="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="8WBmztmqRcTSWIh+NwhKhjUiPqA="></latexit>

approximate 
likelihood 

ratio

Inference

✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>

Simulation

z

✓
<latexit sha1_base64="uKih3q81UG5Y39UkSUDmaMgSwo0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="cLB/gHcLXKsvdN1Ss3kTuhimZm0="></latexit>

parameter

latent x
observable

r(x, z|✓)
<latexit sha1_base64="n4ECwTYdCfuLwJXCZl6+ybiKm1E="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="kQLQGJ4Xe+WRfsBc6Tu8qUqoqpg="></latexit>

t(x, z|✓)
<latexit sha1_base64="BMHppIHEY/0iNNG8Fhs+Hd4wokw="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="GuTW9do3dzdd+I9ZbAmjhvNlqcg="></latexit>

augmented data

arXiv:1805.12244 
PRL, arXiv:1805.00013 
PRD, arXiv:1805.00020 

physics.aps.org/articles/v11/90 

“Mining gold”: Extract 
additional information 

from simulator

Limit setting with 
standard hypothesis tests

Use this information to 
train estimator for likelihood ratio

https://physics.aps.org/articles/v11/90


M i n i n g  g o l d  f r o m  t h e  s i m u l a t o r
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Intractable integrals

Latent variables

Detector 
interactions

zd
<latexit sha1_base64="EDKt9LdLy9R/++mDIMye01isAeE="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="5Za1bnXdAq0D5Yh76UOPibghhqg="></latexit>

Shower 
splittings

zs
<latexit sha1_base64="1I2pX4fPXZLKLCk7w+EzpatwEjA="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="U8vTltv5KZdCV8HuLyHS1c/9eY4="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit>

Parton-level 
momenta

zp
<latexit sha1_base64="Y6bYONC/FI8mtoYtThcHyfdlXJY="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="l7rUTklopd46f57TV6KrjEEz06U="></latexit>

Theory 
parameters

✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

Observables

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

p(zp|✓)
<latexit sha1_base64="5XZhyHtejjMqMgiIIN2L2O+wiMY="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="iLtpzU5Qtbu3d5ACu357ibh/9GQ="></latexit>

Z
dzd

Z
dzs

Z
dzp

<latexit sha1_base64="3QqUXkjI/9W5HgMcIsL03s1lYzU="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="FpObNG65Uc+0rDaOyXieyCj+f20="></latexit>

p(x|✓) =
<latexit sha1_base64="AcNV+p6EfcfqicL9caw7jS+EafQ="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="jApDs7na6jNuX+U748CZyoN/x9g="></latexit>
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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:

⇠ |M(zp|✓0)|2

|M(zp|✓1)|2
<latexit sha1_base64="RC+PX+oaHLpOToqjgCuuOTKpSZM="></latexit><latexit sha1_base64="Mc2PGzpgz3ABIsYbYE20JNpiLAQ="></latexit><latexit sha1_base64="Mc2PGzpgz3ABIsYbYE20JNpiLAQ="></latexit><latexit sha1_base64="EB0QQVnA67g1kEdHvwWZ4sT5ucI="></latexit>

p(x|zd)
p(x|zd)

<latexit sha1_base64="ZnJVBGDf5JIbvQBk19LqOorkyuY="></latexit><latexit sha1_base64="gBkPAiH6hMuS7AAeojX4NU34PEk="></latexit><latexit sha1_base64="gBkPAiH6hMuS7AAeojX4NU34PEk="></latexit><latexit sha1_base64="VK/Rq1EYvyB+uNNZMpENI68fL74="></latexit>

p(zd|zs)
p(zd|zs)

<latexit sha1_base64="fcav2XQoZdzgw55snaTgQg7LRNs="></latexit><latexit sha1_base64="7V7loxqwH7oMtNW+bz/SaMtr+48="></latexit><latexit sha1_base64="7V7loxqwH7oMtNW+bz/SaMtr+48="></latexit><latexit sha1_base64="VS6vjCThBZUEkG/DUJkjQJL2S7A="></latexit>

p(zs|zp)
p(zs|zp)

<latexit sha1_base64="cLF6kSj0Adq08zhBJ/MomXTQVSw="></latexit><latexit sha1_base64="DEfrXqTe1xl1gJxbMIxhG2HdHdM="></latexit><latexit sha1_base64="DEfrXqTe1xl1gJxbMIxhG2HdHdM="></latexit><latexit sha1_base64="8LVS92A/Zoix03FOxPA+Dp5dv+M="></latexit>

r(x, z|✓0, ✓1) ⌘
p(x, zd, zs, zp|✓0)
p(x, zd, zs, zp|✓1)

=
<latexit sha1_base64="YWKZYr+QiuwPdqNf89isSGDDVK8="></latexit><latexit sha1_base64="uGj6YU4Lw59CtoVMoy0a4sktgvo="></latexit><latexit sha1_base64="uGj6YU4Lw59CtoVMoy0a4sktgvo="></latexit><latexit sha1_base64="iq89MXBlRX2ssDrimzL89CLlSQY="></latexit>

p(zp|✓0)
p(zp|✓1)

<latexit sha1_base64="TchZ3l13UnvFBNqtHJcwqFupabo="></latexit><latexit sha1_base64="gQdgk++ocrmk4Ghq1bO9pgmMjVw="></latexit><latexit sha1_base64="gQdgk++ocrmk4Ghq1bO9pgmMjVw="></latexit><latexit sha1_base64="/gJ7+TJselJZhUfL1KMaquIale0="></latexit>

Latent variables

Detector 
interactions

zd
<latexit sha1_base64="EDKt9LdLy9R/++mDIMye01isAeE="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="721ieGLCEnuZOiyfL3mOnTI6RsA="></latexit><latexit sha1_base64="5Za1bnXdAq0D5Yh76UOPibghhqg="></latexit>

Shower 
splittings

zs
<latexit sha1_base64="1I2pX4fPXZLKLCk7w+EzpatwEjA="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="U8vTltv5KZdCV8HuLyHS1c/9eY4="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="j0eyL9T35JF/FavHcfV1GcjECwY="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="dQq/jih9ze6IJb+8BeM8YI/5bs0="></latexit><latexit sha1_base64="uoj+4BfIMRlpJmYUpUkPxAkZedg="></latexit>

Parton-level 
momenta

zp
<latexit sha1_base64="Y6bYONC/FI8mtoYtThcHyfdlXJY="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="G06tPd/NEJReg4LdKiQ9hfLaZ5o="></latexit><latexit sha1_base64="l7rUTklopd46f57TV6KrjEEz06U="></latexit>

Theory 
parameters

✓
<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>

Observables

x
<latexit sha1_base64="ImpIdiRfEO9YwGXTc8RVjB2itZI="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="fS2+ycIeBxlBBIIIMX3w+bblHd4="></latexit><latexit sha1_base64="gh/weeCnCJrJg53EY40GA+3L/Sc="></latexit>

p(zd|zs)
<latexit sha1_base64="yv4Sl5alrEvm4zj2V/cmyBQEda8="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="RAylO67N0BAAWnLwNaurwhIAmHw="></latexit><latexit sha1_base64="h6fZLEeOgR9JezE9EPC/oHVKqv0="></latexit>

p(x|zd)
<latexit sha1_base64="2iZ2BBRU3qPv9DaDQzzjI6vkMfo="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="ojIkI6gA+tdaE1lVLxtDeM3Ri5g="></latexit><latexit sha1_base64="RsGmpl+IrMrENK4+ErVMuEiUvF0="></latexit>

p(zs|zp)
<latexit sha1_base64="i3egzG7Q1X9eYYMWAyJzVIIVD5o="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="dEpbZjmSdH9aO4JUmSUQPoY75Vc="></latexit><latexit sha1_base64="5iPtUPDYFUofcTi7pIurF8rU0DM="></latexit>

p(zp|✓)
<latexit sha1_base64="5XZhyHtejjMqMgiIIN2L2O+wiMY="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="LuXbaU+9pl9dxBs+dHp/QY2q6Wg="></latexit><latexit sha1_base64="iLtpzU5Qtbu3d5ACu357ibh/9GQ="></latexit>

Z
dzd

Z
dzs

Z
dzp

<latexit sha1_base64="3QqUXkjI/9W5HgMcIsL03s1lYzU="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="rrhuo25pDQmFFfnQD77+NF3PuLg="></latexit><latexit sha1_base64="FpObNG65Uc+0rDaOyXieyCj+f20="></latexit>

p(x|✓) =
<latexit sha1_base64="AcNV+p6EfcfqicL9caw7jS+EafQ="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="bf19Ta+X6X7Mu2uYa2LMUAhNP6A="></latexit><latexit sha1_base64="jApDs7na6jNuX+U748CZyoN/x9g="></latexit>
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We can calculate the joint likelihood ratio

r(x, z|✓0, ✓1) ⌘
p(x, zd, zs, zp|✓0)
p(x, zd, zs, zp|✓1)

<latexit sha1_base64="463yInG468HTaq/5hM8/QIOaTM4="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="s55NkSnOpLtKqmGahTE3PB77UQ8="></latexit>

r(x|✓0, ✓1) ⌘
p(x|✓0)
p(x|✓1)

<latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit>

We want the likelihood ratio function

(“How much more likely is this simulated event, including 
all intermediate states, for       compared to     ?”)✓0

<latexit sha1_base64="lXng0UMlnxthqJcbliEOfeCa+5k="></latexit><latexit sha1_base64="ft9WEP3FmuDu0fGwWaXc/qKqUlI="></latexit><latexit sha1_base64="ft9WEP3FmuDu0fGwWaXc/qKqUlI="></latexit><latexit sha1_base64="2Jhpjwm5OO2iOntVb/AATFtHqMk="></latexit>

✓1
<latexit sha1_base64="QBW9IHfilXFLfeii1rh3+TtrEJ8="></latexit><latexit sha1_base64="wuQS9YJg71zQuMKp75Q0eJ0Vcf0="></latexit><latexit sha1_base64="wuQS9YJg71zQuMKp75Q0eJ0Vcf0="></latexit><latexit sha1_base64="xk8R2dIL8ighdtejz+7Oj+2OaYQ="></latexit>

(“How much more likely is the observation     
for      compared to      ?”)✓0

<latexit sha1_base64="lXng0UMlnxthqJcbliEOfeCa+5k="></latexit><latexit sha1_base64="ft9WEP3FmuDu0fGwWaXc/qKqUlI="></latexit><latexit sha1_base64="ft9WEP3FmuDu0fGwWaXc/qKqUlI="></latexit><latexit sha1_base64="2Jhpjwm5OO2iOntVb/AATFtHqMk="></latexit>

✓1
<latexit sha1_base64="QBW9IHfilXFLfeii1rh3+TtrEJ8="></latexit><latexit sha1_base64="wuQS9YJg71zQuMKp75Q0eJ0Vcf0="></latexit><latexit sha1_base64="wuQS9YJg71zQuMKp75Q0eJ0Vcf0="></latexit><latexit sha1_base64="xk8R2dIL8ighdtejz+7Oj+2OaYQ="></latexit>

x
<latexit sha1_base64="ucUAa12ci+AO52M/P1m6qrxfxrw="></latexit><latexit sha1_base64="VpyWxqhlKGZN458SAkKgWeCTxKQ="></latexit><latexit sha1_base64="VpyWxqhlKGZN458SAkKgWeCTxKQ="></latexit><latexit sha1_base64="01+M5Iy9GQQBcCBvxLGYq3VjAHA="></latexit>
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We can calculate the joint likelihood ratio

r(x, z|✓0, ✓1) ⌘
p(x, zd, zs, zp|✓0)
p(x, zd, zs, zp|✓1)

<latexit sha1_base64="463yInG468HTaq/5hM8/QIOaTM4="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="s55NkSnOpLtKqmGahTE3PB77UQ8="></latexit>

r(x|✓0, ✓1) ⌘
p(x|✓0)
p(x|✓1)

<latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit>

We want the likelihood ratio function

                          are 
 scattered around 

                     r(x|✓0, ✓1)
<latexit sha1_base64="k59V76bLXyiH7OuukTPPHVZlof0="></latexit><latexit sha1_base64="k59V76bLXyiH7OuukTPPHVZlof0="></latexit><latexit sha1_base64="k59V76bLXyiH7OuukTPPHVZlof0="></latexit><latexit sha1_base64="k59V76bLXyiH7OuukTPPHVZlof0="></latexit>

r(x, z|✓0, ✓1)
<latexit sha1_base64="fl5Uy/UQaYszEkUPpCYIfsnLyrE="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="Q2VD33WR+MOcBrvtoUBC3MrICLI="></latexit><latexit sha1_base64="BOVnZZ89dk2OF3HoTtFB/u1su8A="></latexit><latexit sha1_base64="BOVnZZ89dk2OF3HoTtFB/u1su8A="></latexit><latexit sha1_base64="FVvdpb+AE0O0VTTOcGKKoPgVoQ0="></latexit><latexit sha1_base64="FVvdpb+AE0O0VTTOcGKKoPgVoQ0="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="FVvdpb+AE0O0VTTOcGKKoPgVoQ0="></latexit>
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We can calculate the joint likelihood ratio

r(x, z|✓0, ✓1) ⌘
p(x, zd, zs, zp|✓0)
p(x, zd, zs, zp|✓1)

<latexit sha1_base64="463yInG468HTaq/5hM8/QIOaTM4="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="s55NkSnOpLtKqmGahTE3PB77UQ8="></latexit>

r(x|✓0, ✓1) ⌘
p(x|✓0)
p(x|✓1)

<latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit>

We want the likelihood ratio function

With                            , we define a functional like 
 

                                                                                                                                              . 
 

It is minimized by 
 

                                                                        ! 
 

(And we can sample from                    by running the simulator.)

r(x, z|✓0, ✓1)
<latexit sha1_base64="fl5Uy/UQaYszEkUPpCYIfsnLyrE="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="Q2VD33WR+MOcBrvtoUBC3MrICLI="></latexit><latexit sha1_base64="BOVnZZ89dk2OF3HoTtFB/u1su8A="></latexit><latexit sha1_base64="BOVnZZ89dk2OF3HoTtFB/u1su8A="></latexit><latexit sha1_base64="FVvdpb+AE0O0VTTOcGKKoPgVoQ0="></latexit><latexit sha1_base64="FVvdpb+AE0O0VTTOcGKKoPgVoQ0="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="0ofOSLz1PQ0X1AXUaAowo5LWSe4="></latexit><latexit sha1_base64="FVvdpb+AE0O0VTTOcGKKoPgVoQ0="></latexit>

r(x|✓0, ✓1) = argmin
r̂(x|✓0,✓1)

Lr[r̂(x|✓0, ✓1)]
<latexit sha1_base64="SRkO9GOrtrOtmUSNsdPuJ0MDqQU="></latexit><latexit sha1_base64="8yRocSOec05lxpp932DldWiXwbA="></latexit><latexit sha1_base64="8yRocSOec05lxpp932DldWiXwbA="></latexit><latexit sha1_base64="dm6ZaQXmwM2PQcxGe/4yN7YudwY="></latexit>

Lr[r̂(x|✓0, ✓1)] =
Z

dx

Z
dz p(x, z|✓1)

h
(r̂(x|✓0, ✓1)� r(x, z|✓0, ✓1))2

i

<latexit sha1_base64="GyugbT1NogCabgcd72+Zdw4fp4Q="></latexit><latexit sha1_base64="4Q+fE2uaX7Bnj1xHO7g3lR5nRdg="></latexit><latexit sha1_base64="4Q+fE2uaX7Bnj1xHO7g3lR5nRdg="></latexit><latexit sha1_base64="AMxtivrgnprdONRPLVfL25UAznM="></latexit>

p(x, z|✓)
<latexit sha1_base64="pvv1szQrwLDVdXQvYCUXNeqRnhY="></latexit><latexit sha1_base64="pvv1szQrwLDVdXQvYCUXNeqRnhY="></latexit><latexit sha1_base64="pvv1szQrwLDVdXQvYCUXNeqRnhY="></latexit><latexit sha1_base64="pvv1szQrwLDVdXQvYCUXNeqRnhY="></latexit>

Ez⇠p(z|x,✓1) [r(x, z|✓0, ✓1)] =
Z
dz p(z|x, ✓1)

p(x, z|✓0)
p(x, z|✓1)

=

Z
dz

p(x, z|✓1)
p(x|✓1)

p(x, z|✓0)
p(x, z|✓1)

= r(x|✓0, ✓1)
<latexit sha1_base64="7Jfz2YxfVRJSoLc3+Tiz6nT+IIs="></latexit><latexit sha1_base64="7Jfz2YxfVRJSoLc3+Tiz6nT+IIs="></latexit><latexit sha1_base64="7Jfz2YxfVRJSoLc3+Tiz6nT+IIs="></latexit><latexit sha1_base64="7Jfz2YxfVRJSoLc3+Tiz6nT+IIs="></latexit>
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We can calculate the joint likelihood ratio

r(x, z|✓0, ✓1) ⌘
p(x, zd, zs, zp|✓0)
p(x, zd, zs, zp|✓1)

<latexit sha1_base64="463yInG468HTaq/5hM8/QIOaTM4="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="hZQ4fgmN6lg8VcthOpfDa+MlHVU="></latexit><latexit sha1_base64="s55NkSnOpLtKqmGahTE3PB77UQ8="></latexit>

r(x|✓0, ✓1) ⌘
p(x|✓0)
p(x|✓1)

<latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit><latexit sha1_base64="8D0GD/lJ8rZvga/S7dCpoKfvORM="></latexit>

We want the likelihood ratio function

With                            , we define a functional like 
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…. and then magic  …

!



✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>
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argmin
g

L[g]

2. Machine Learning1. Simulation
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We want the score

t(x|✓0) ⌘ r✓ log p(x|✓)
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Similar to the joint likelihood ratio, from the 
simulator we can extract the  joint score
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Given                    , 
we define the functional 

 
                                                                                                                               . 

 
One can show it is minimized by 

 
                                                                 . 

 
Again, we implement this minimization 

through machine learning.

Lt[t̂(x|✓0)] =
Z

dx

Z
dz p(x, z|✓0)
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t(x|✓0) = argmin
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Lt[t̂(x|✓0)]
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MadMiner automates all of these methods.

[JB, F. Kling, I. Espejo, K. Cranmer  1907.10621]
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New Python package MadMiner makes it straightforward to 
apply the new techniques to LHC problems 

• Out of the box: Pheno-level analyses 

• MadGraph, Pythia, Delphes, (could be GEANT4) 

• Systematic uncertainties from PDF / scale variation 

• Scalable to state-of-the-art experimental tools 

• Mostly requires bookkeeping of fully differential cross sections 

• Modular interface 

• Extensive documentation 

• Embedded into Python / ML ecosystem

1.
 P

H
YS

IC
S S

IM
U

LA
TI

O
N

3.
 S

AM
PL

IN
G

4.
 M

L
2.

 O
BS

ER
VA

BL
ES

DelphesReader

SampleAugmenter

LikelihoodEstimator 
RatioEstimator* 
ScoreEstimator 

Ensemble

MadMiner MadGraph 5

Delphes

Pythia

M
ad

M
in

er
 !

le
 (.

h5
)

MadGraph cards 
(.dat)

Parton-level events 
(.lhe)

Hadron-level events 
(.hepmc)

Detector-level events 
(.root)

Training samples 
(.npy)

Trained ML model 
(.json, .pt, .npy)

Parameters, 
benchmarks, 

nuisance parameters

Observables, 
cuts

Sampling setup

Physics processes, 
model, 

simulation setup

Input / Output MadMiner classes External simulators Files

5.
 IN

FE
RE

N
CE

AsymptoticLimits

Events, parameter 
grid

Best !t, p-values

[JB, F. Kling, I. Espejo, K. Cranmer  1907.10621]
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API documentation: 
madminer.readthedocs.io

Repository and tutorials: 
github.com/johannbrehmer/madminer

Installation: 
 pip install madminer 

Paper with detailed explanations: 
1907.10621

http://madminer.readthedocs.io
http://github.com/johannbrehmer/madminer
http://arxiv.org/abs/arXiv:1907.10621


These techniques let us constrain  
effective theories more effectively.
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at least 16-dimensional 
observable space

Exciting new physics might hide here! 
We parameterize it with two EFT coefficients: 

[JB, K. Cranmer, G. Louppe, J. Pavez  
1805.00013, 1805.00020]
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at least 16-dimensional 
observable space

Exciting new physics might hide here! 
We parameterize it with two EFT coefficients: 

Goal: constrain the two EFT parameters 

• new inference methods 

• baseline: 2d histogram analysis of jet 
momenta & angular correlations 

Two scenarios: 

• Simplified setup in which we can compare to 
true likelihood 

• “Realistic” simulation with approximate 
detector effects

[JB, K. Cranmer, G. Louppe, J. Pavez  
1805.00013, 1805.00020]
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Slice through parameter space
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Likelihood function

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

Limits from RASCAL 
indistinguishable from 

true likelihood 
(usually we don’t have that)

RASCAL and SALLY 
enables stronger 

limits than 
2D histogram

Results are based on 36 observed events,  assuming SM
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[JB, F. Kling, I. Espejo, K. Cranmer  1907.10621]

• Pheno-level analysis of 
 
 
with MadGraph + Pythia + Delphes

• Inference on three EFT operators:



C o n s t r a i n i n g  o p e r a t o r s  i n  t t H  e f f e c t i v e l y

27

[JB, F. Kling, I. Espejo, K. Cranmer  1907.10621]

• Pheno-level analysis of 
 
 
with MadGraph + Pythia + Delphes

• New inference techniques improve expected HL-LHC limits compared to histogram baseline:

• Inference on three EFT operators:



B e n c h m a r k i n g  S T X S  i n  W H

28

• Simplified Template Cross-Sections (STXS) 
define observable bins that are supposed to 
capture as much information on NP as possible 
[N. Berger et al. 1906.02754; HXSWG YR4] 

• Let’s check! How much information on 
 
 
 
 
can we extract from                                       ?

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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• Results: STXS are indeed sensitive to operators, 
adding a few more bins improve them, 
but a multivariate analysis is still stronger

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]
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• In inclusive observables, the interference between SM and new 
physics amplitudes vanishes 

⇒ Reduced sensitivity to new physics 

• “Diboson interference resurrection”: 
an angular variable      can be constructed to be sensitive to this 
interference 
[G. Panico, F. Riva, A. Wulzer 1708.07823; 
A. Azatov, D. Barducci, E. Venturini 1901.04821]

'
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• We test the ML approach in EFT measurements in                          
[JB, K. Cranmer, M. Farina, F. Kling, D. Pappadopulo, J. Ruderman in progress] 

• Preliminary results: we can extract more information 
when we analyze events with SALLY 
than with histograms of      and standard observables

W� ! `⌫ �
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New: WZ→ ℓℓ ℓν by Chen, Glioti, Panico, Wulzer arXiv:2007.10356 

https://arxiv.org/abs/2007.10356


C o n c l u s i o n

•Likelihood fits in the data space are the gold standard for statistical inference 

• RECAST and likelihood publishing are technical solutions that address model 
dependence and the theory-experiment interface 

• STXS a good step, but more differential information can lead to large gain in sensitivity 

•Properties we want  

• Ability to be fully differential 

• Exploit highest fidelity simulation (QCD, detector simulation) without approximations 
that introduce additional systematic errors 

• Clear statistical motivation and compatibility with traditional combined analyses 

• Scalability in terms of channels and parameters 

•The approach I presented (implemented in MadMiner) achieves these goals
30
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Opinionated review 
K. Cranmer, JB, G. Louppe: 
“The frontier of simulation-based inference”  
[1911.01429] 

Do It Yourself (for LHC physics) 
JB, F. Kling, I. Espejo, K. Cranmer: 
“MadMiner: Machine learning—based inference for particle physics”  
[CSBS, 1907.10621, https://github.com/diana-hep/madminer] 

LHC HXSWG YR4 STXS 
JB, S. Dawson, S. Homiller, F. Kling, T. Plehn: 
“Benchmarking simplified template cross sections in WH production”  
[JHEP, 1908.06980] 

Use in Astro: Strong lensing 
JB, S. Mishra-Sharma, J. Hermans, G. Louppe, K. Cranmer 
“Mining for Dark Matter Substructure: Inferring subhalo population properties 
from strong lenses with machine learning”  
[ApJ, 1909.02005]

Original works 

JB, K. Cranmer, G. Louppe, J. Pavez: 
“A guide to constraining Effective Field Theories 
with machine learning”  
[PRD, 1805.00020] 

JB, G. Louppe, J. Pavez, K. Cranmer: 
“Mining gold from implicit models to improve 
likelihood-free inference”  
[PNAS, 1805.12244] 

Follow-up with incremental improvements 
M. Stoye, JB, K. Cranmer, G. Louppe, J. Pavez: 
“Likelihood-free inference with an improved 
cross-entropy estimator”  
[NeurIPS workshop, 1808.00973]

https://github.com/diana-hep/madminer
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Method Approximations Upfront cost Eval 

Summary statistics: 

    Likelihood for summary stats (standard histograms) Reduction to summary stats Fast Fast 

    Approximate Bayesian Computation Reduction to summary stats Depends Depends  

Matrix elements: 

    Matrix Element Method Transfer fns Fast Slow 

    Optimal Observables Transfer fns, optimal only locally Fast Slow 

Neural networks: 

    Neural likelihood NN Needs many samples Fast 

    Neural posterior NN Needs many samples Fast 

    Neural likelihood ratio NN Needs many samples Fast 

Neural networks + matrix elements: 

    Neural likelihood (ratio) + gold mining (RASCAL etc) NN Needs less samples Fast 

    Neural optimal observables (SALLY) NN, optimal only locally Needs less samples Fast
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Method Simulate
Extract

NN estimates Asympt. exact Generative
r(x, z) t(x, z)

ROLR ✓0 ⇠ ⇡(✓), ✓1 X r̂(x|✓0, ✓1) X
CASCAL ✓0 ⇠ ⇡(✓), ✓1 X r̂(x|✓0, ✓1) X
ALICE ✓0 ⇠ ⇡(✓), ✓1 X r̂(x|✓0, ✓1) X
RASCAL ✓0 ⇠ ⇡(✓), ✓1 X X r̂(x|✓0, ✓1) X
ALICES ✓0 ⇠ ⇡(✓), ✓1 X X r̂(x|✓0, ✓1) X

SCANDAL ✓ ⇠ ⇡(✓) X p̂(x|✓) X X

SALLY ✓ref X t̂(x|✓ref) in local approx.
SALLINO ✓ref X t̂(x|✓ref) in local approx.
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Performance gains with 
cross-entropy-based loss 
[M. Stoye, JB, K. Cranmer, G. 

Louppe, J. Pavez 1808.00973] 
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[everything by G. Papamakarios: 
G. Papamakarios, T. Pavlakou, I. 

Murray 1705.07057; 
G. Papamakarios, D. Sterratt, 

I. Murray 1805.07226; …]

Combination with state-of-
the-art conditional neural 

density estimators, e.g. 
normalizing flows



<latexit sha1_base64="HjZ6RxRDdZu139wdkhmGLAXlGyY="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="KGKYmyKWjUVupNzZY8DVUShrvqU="></latexit>

argmin
g

L[g]
<latexit sha1_base64="K5zdKfNQlfWV+Iu2lZ+kbdAR2qQ="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="Y+642ZFyiyZWQmFYdFZi+qnOJts="></latexit>

2. Machine Learning

✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>

3. Inference1. Simulation

z
<latexit sha1_base64="f522LujoBhKn9wlOc7FFO313Co4="></latexit><latexit sha1_base64="fjMwXa8gvAwN8tU5xBLqLqzCMFk="></latexit><latexit sha1_base64="fjMwXa8gvAwN8tU5xBLqLqzCMFk="></latexit><latexit sha1_base64="hd/uooQ/cbmembZ0KbEOgsdBgnk="></latexit>

Latent

Simulator

✓
<latexit sha1_base64="uKih3q81UG5Y39UkSUDmaMgSwo0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="cLB/gHcLXKsvdN1Ss3kTuhimZm0="></latexit>

Parameters

r̂(x|✓)
<latexit sha1_base64="NPA37tSEX6NJZFS7lgnMywc24Uw="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="8WBmztmqRcTSWIh+NwhKhjUiPqA="></latexit>

Approximate 
likelihood 

ratio
r(x, z|✓)

<latexit sha1_base64="n4ECwTYdCfuLwJXCZl6+ybiKm1E="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="kQLQGJ4Xe+WRfsBc6Tu8qUqoqpg="></latexit>

x
Observables

Augmented data

t(x, z|✓)
<latexit sha1_base64="BMHppIHEY/0iNNG8Fhs+Hd4wokw="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="GuTW9do3dzdd+I9ZbAmjhvNlqcg="></latexit>

“The machine learning version of the Matrix Element Method”

P u t t i n g  t h e  p i e c e s  t o g e t h e r :  R A S C A L  &  A L I C E S

34



<latexit sha1_base64="HjZ6RxRDdZu139wdkhmGLAXlGyY="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="KGKYmyKWjUVupNzZY8DVUShrvqU="></latexit>

argmin
g

L[g]

2. Machine Learning

✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>

3. Inference1. Simulation

z
<latexit sha1_base64="f522LujoBhKn9wlOc7FFO313Co4="></latexit><latexit sha1_base64="fjMwXa8gvAwN8tU5xBLqLqzCMFk="></latexit><latexit sha1_base64="fjMwXa8gvAwN8tU5xBLqLqzCMFk="></latexit><latexit sha1_base64="hd/uooQ/cbmembZ0KbEOgsdBgnk="></latexit>

Latent

Simulator

✓
<latexit sha1_base64="uKih3q81UG5Y39UkSUDmaMgSwo0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="cLB/gHcLXKsvdN1Ss3kTuhimZm0="></latexit>

Parameters

r̂(x|✓)
<latexit sha1_base64="NPA37tSEX6NJZFS7lgnMywc24Uw="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="8WBmztmqRcTSWIh+NwhKhjUiPqA="></latexit>

Approximate 
likelihood 

ratio
r(x, z|✓)

<latexit sha1_base64="n4ECwTYdCfuLwJXCZl6+ybiKm1E="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="kQLQGJ4Xe+WRfsBc6Tu8qUqoqpg="></latexit>

x
Observables

Augmented data

t(x, z|✓)
<latexit sha1_base64="BMHppIHEY/0iNNG8Fhs+Hd4wokw="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="GuTW9do3dzdd+I9ZbAmjhvNlqcg="></latexit>

“The machine learning version of the Matrix Element Method”

P u t t i n g  t h e  p i e c e s  t o g e t h e r :  R A S C A L  &  A L I C E S

34

RASCAL & ALICES combines three 
orthogonal pieces of information
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•The augmented training data converts 
supervised classification into supervised 
regression with lower variance 

• improvement in training efficiency 
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15

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|✓0, ✓1) (in red) given in Eq. (17). This lets us extract
the likelihood ratio. Right: regression on the joint likelihood ratios r(xe, ze|✓0, ✓1) of the simulated

events (green dots) converges to the likelihood ratio r(x|✓0, ✓1) (red line).

2. Particle-physics structure

As we have argued in Sec. II C, particle physics processes have a specific structure that allow
us to extract additional information. Most processes satisfy the factorization of Eq. (2) with a
tractable parton-level likelihood p(z|✓). The generators do not only provide samples {xe}, but
also the corresponding parton-level momenta (latent variables) {ze} with (xe, ze) ⇠ p(x, z|✓0). By
evaluating the matrix elements at the generated momenta ze for different hypotheses ✓0 and ✓1,
we can extract the parton-level likelihood ratio p(ze|✓0)/p(ze|✓1). Since the distribution of x is
conditionally independent of the theory parameters, this is the same as the joint likelihood ratio

r(xe, zall e|✓0, ✓1) ⌘
p(xe, zdetector e, zshower e, ze|✓0)

p(xe, zdetector e, zshower e, ze|✓1)

=
p(xe|zdetector e)

p(xe|zdetector e)

p(zdetector e|zshower e)

p(zdetector e|zshower e)

p(zshower e|ze)

p(zshower e|ze)

p(ze|✓0)

p(ze|✓1)

=
p(ze|✓0)

p(ze|✓1)
. (19)

So while we cannot directly evaluate the likelihood ratio at the level of measured observables
r(x|✓0, ✓1), we can calculate the likelihood ratio for a generated event conditional on the latent
parton-level momenta.

The same is true for the score, i. e. the tangent vectors or relative change of the (log) likelihood
under infinitesimal changes of the parameters of interest. While the score t(xe|✓0) = r✓ log p(x|✓)|✓0

Brehmer, Louppe, Pavez, KC, PNAS (2019), arXiv:1805.12244
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C h a l l e n g e  f o r  E F T

•Let θ denote the coefficients of higher dimensional operators in the Lagrangian, x be high-

dimensional data associated to an event, and  be the distribution for the data  

• we want to compare any two points in EFT parameter space 

• evaluate the likelihood ratio 

• 
Difficulty is that one changes the parameters of the EFT, the distributions p(x|θ) change due to 
interference.  

• It would be very computationally expensive (infeasible) to generate samples for every value of 
θ and estimate  with histograms. Small changes mean we need a lot of MC events! 

• Ideally we could directly estimate the score  

p(x ∣ θ) =
1

σ(θ)
dσ
dθ

p(x |θ)
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Weak boson fusion, h → 4�
� Production vs decay

� hZZ decay vertex:
many angular structures

� Very clean

� Same operators as before:

OB = i
g
2
(Dµ�†

)(Dν�)Bµν OW = i
g
2
(Dµ�)†σ k

(Dν�)W k
µν

OBB = −
g′2
4
(�†�)Bµν Bµν

OWW = −
g2

4
(�†�)W k

µν W µν k

O� ,2 =
1
2
∂µ(�†�) ∂µ(�†�) OWW̃ = −

g2

4
(�†�)W k

µν W̃ µν k

� Setup as before, except:
� No backgrounds, no smearing
� L ⋅ ε = 100 fb−1
� Cuts: pT , j > 20 GeV, �η j � < 5.0, pT ,� > 10 GeV, �η� � < 2.5

W , Z

W , Z

h

Z

Z

q

q

q′
�−
�+
�−
�+

q′

��/��

t(x|✓0) ⌘ r✓ log p(x|✓)

�����
✓0
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ATL-PHYS-PUB-2015-047 
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Figure 3: Overview of produced samples for morphing validation in the H ! WW ⇤ ! e⌫µ⌫ channel. The SM
coupling gSM = cos(↵) · SM is set to 1 for all input samples and the limits for the BSM parameters are taken such
that a pure BSM sample would have the SM cross section. The parameters for the validation samples are taken
randomly in the desired parameter space.
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Figure 4: The number of expected events in the considered parameter space for H ! WW ⇤ ! e⌫µ⌫ calculated with
the morphing method is shown on the left. The relative uncertainty on the number of expected events propagated
from the morphing function can be seen on the right.
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Figure 2: Distributions of cos (✓1), where ✓1 is the angle between the on-shell Z boson and its negatively charged
lepton (left) and the angle � (right) between the decay planes of the two Z bosons for events generated in the ggF
H ! Z Z⇤ ! 4` process at 13 TeV, calculated in the rest frame of the Higgs boson [1]. Generated validation samples
(solid) as well as predictions calculated via morphing (dashed) are shown. The ratios between the morphing output
and the validation distributions are shown in the lower panels.

5.1.2. Validation in VBF H ! WW
⇤ ! e⌫µ⌫

In addition to the SM coupling SM two non-SM couplings HWW and AWW are used for validation. All
three operators act on the production and decay vertex which results in 15 input samples needed for the
morphing. Besides these 15 input samples additional validation samples are produced to have statistically
independent distributions.

An overview of all generated samples in the parameter space can be found in Figure 3, where the two
additional validation samples have been highlighted and dubbed v0 and v1. Their parameters have been
chosen randomly. For each sample, 50.000 Monte Carlo events have been generated. The cross sections
calculated in arbitrary units using the morphing technique can be seen in Figure 4 (left). Using larger
absolute non-SM coupling values results in larger rates for both non-SM coupling parameters.

The relative uncertainty arising from the morphing function on the number of events is shown in Figure 4
(right). In the considered parameter space the relative Monte Carlo statistical uncertainty remains very
small, in the range of ca. 2-3%, whereas outside the region the uncertainty grows the further away the
parameters lie from the input samples. This explains both the local maxima in the central parameter region
and the rapid increase in the outer region.

For this channel, the kinematic observable used is the azimuthal angle between the two tagging jets �� j j .
All input distributions for morphing and validation are scaled to their respective cross section in arbitrary
units and shown in Figure 5. When morphing to one of the input samples a perfect match is obtained.
The morphing is also tested against statistically independent validation samples, as shown in Figure 6,
exhibiting agreement within ⇠ 5% of the input samples and the morphing.
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|g1MSM + g2MBSM |2 = g21 |MSM |2 + 2g1g2Re [M⇤
SMMBSM ] + g22 |MBSM |2

The matrix element of such a scenario for given values of {gSM, gBSM} can be written as a sum of the pure
SM and the pure BSM contribution2

M (gSM,gBSM) = gSM · OSM + gBSM · OBSM. (3)

This translates into the description of a physical observable T from the above signal process,

T (gSM,gBSM) / |M(gSM,gBSM) |2 = g2
SM · O

2
SM + g

2
BSM · O

2
BSM + gSM · gBSM · 2<(O⇤SMOBSM). (4)

This can be used to morph to an arbitrary parameter point.

The number of input distributions required to morph to an arbitrary parameter point ~gtarget = {gSM,gBSM}

is equal to the unique terms in the matrix element squared, which is three in this case. It is su�cient
to generate a pure SM distribution Tin(1,0), a pure BSM distribution Tin(0,1) and a mixed distribution
Tin(1,1). Using the proportionalities to the matrix element squared one obtains

Tin(1,0) / |OSM |
2,

Tin(0,1) / |OBSM |
2,

Tin(1,1) / |OSM |
2 + |OBSM |

2 + 2R (O⇤SMOBSM).

(5)

Applying these three equations to Equation 4 results in the morphing function for a distribution at an
arbitrary parameter point

Tout(gSM,gBSM) = (g2
SM � gSMgBSM)
|                {z                }

=w1

Tin(1,0) + (g2
BSM � gSMgBSM)
|                  {z                  }

=w2

Tin(0,1) + gSMgBSM|    {z    }
=w3

Tin(1,1). (6)

2 In this and the following section, the notation O will be used for the amplitude,whereas the notationM will be used for fully
computed matrix elements. However, since the di↵erence is only conceptual, the symbols are used interchangeably.

SM

Mix

BSM

Interference

2SM

2BSM

+1

�1

�1

SM · BSM

Figure 1: Illustration of the morphing procedure in a simple showcase.

4

3-d vector space, distribution for any point in this space is linear mixture of distribution for 3 basis samples!

Simple example:

Difficulty is that one changes the parameters of the EFT, 
the distributions p(x|θ) change due to interference.  
But there is a trick:

(real examples need more basis samples)



E F T  D e c o m p o s i t i o n

•For 2 BSM operators affecting VBF Higgs production and decay, we need a 15-D vector space  

•For 5 BSM operators we need 126-D vector space
39

Process Number of components for n operators

O�Λ0
� O�Λ−2� O�Λ−4� O�Λ−6� O�Λ−8� ∑

hV /WBF production � n n(n + 1)
2

(n + 1)(n + 2)
2

h → VV decay � n n(n + 1)
2

(n + 1)(n + 2)
2

Production + decay � n n(n + 1)
2

�
n + 2

3� �
n + 3

4� �
n + 4

4�

Table �: Number of components c as given in Eq. (�) for di�erent processes, sorted by their sup-
pression by the EFT cuto� scale Λ.

OB̃ is tightly constrained by LEP.OBB̃ on the other hand does not contribute toHWW couplings
and its contribution to HZZ is suppressed by sin θ2W . We will therefore restrict our analyses to
OWW̃ .

�.� Decomposition into components

Let us return to the decomposition of the amplitudes into several components given in Eq. (�).
In the following sections we will count the number of components for the processes that involve
Higgs-gauge interactions. �e results for di�erent processes are summarized in Tab. �.

Following Eq. (�), the coe�cients wc(θ) are always a product of Wilson coe�cients divided by a
polynomial of Wilson coe�cients (from the normalization).

�.�.� Higgs production

In the pure Higgs production processes

qq′ → hV (��)

and

qq′ → qq′h , (��)

the di�erential cross section decomposes into SMandEFTparts in a straightforwardway. Schem-
atically,

dσ ∝ �MSM +�
i

fi
Λ2Mi�

2

∝ �MSM�
2
+�

i

2 fi
Λ2 Mi ⋅MSM +�

i , j

fi f j
Λ4 Mi ⋅M j , (��)

��

whereMi is the amplitude involving the operator Oi , and the dot product A ⋅ B is short for
ReA†B.

For n dimension-� Wilson coe�cients, there is thus � SM term, n SM-BSM interference terms,
and n(n + 1)�2 BSM-only terms.

�.�.� Higgs decays

For pure Higgs decays

h → VV (��)

the calculation is exactly the same as in Eq. (��). It does not matter whether V decays are in-
cluded.

�.�.� Production and decay

�e situation is slightly more interesting when considering a complete process

qq′ → hV → VV V (��)

or

qq′ → h qq′ → VV qq′ . (��)

For simplicity we ignore non-Higgs amplitudes and the dependence of Γh on the Wilson coe�-
cients. Both e�ects depend on many more operators and are subleading for on-shell measure-
ments.

�e rate can then be decomposed as

dσ ∝
������������

�M
p
SM +�

i

fi
Λ2M

p
i �
�

�
M

d
SM +�

j

f j
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�

�
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Figure ��: Morphing weights wi(θ) for basis points distributed over the full relevant parameter
space.
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p(x|✓) =
X

c

wc(✓)pc(x)

Express EFT as a mixture:

wc(θ) are polynomials  

∇θ log p(x|θ) is now possible!



P e r f e c t  m a t c h  f o r  E F T  m e a s u r e m e n t s

40

• Good for subtle kinematic 
effects 
(Subtle point: Large overlap of kinematic 
distributions reduces variance of joint 
likelihood ratio / joint score)
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• Interference effects can be 
isolated using SALLY at the SM 

t(x
|0)

= O

� 1/⇤
2
�
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• Good for subtle kinematic 
effects 
(Subtle point: Large overlap of kinematic 
distributions reduces variance of joint 
likelihood ratio / joint score)

• Morphing techniques allow fast 
reweighting to any parameter 
points 
[e.g. ATL-PHYS-PUB-2015-047]



End-to-end optimization with autodiff

• With tools like MadMiner the objective is to learn a likelihood 
ratio, which is known optimal properties for measurements etc. 

• In INFERNO and Neo the inference objective is directly optimized

41/57https://github.com/pyhf/neos 

statistic s and a statistical procedure to obtain an unbiased interval estimate of the parameter of interest
which accounts for the effect of nuisance parameters. The resulting interval can be characterised by
its width �Ê0 = Ê̂

+
0 ≠ Ê̂

≠
0 , defined by some criterion so as to contain on average, upon repeated

samping, a given fraction of the probability density, e.g. a central 68.3% interval. The expected size
of the interval depends on the summary statistic s chosen: in general, summary statistics that are more
informative about the parameters of interest will provide narrower confidence or credible intervals on
their value. Under this figure of merit, the problem of choosing an optimal summary statistic can be
formally expressed as finding a summary statistic s

ú that minimises the interval width:
s

ú = argmins�Ê0. (2)
The above construction can be extended to several parameters of interest by considering the interval
volume or any other function of the resulting confidence or credible regions.

3 Method

In this section, a machine learning technique to learn non-linear sample summary statistics is described
in detail. The method seeks to minimise the expected variance of the parameters of interest obtained
via a non-parametric simulation-based synthetic likelihood. A graphical description of the technique
is depicted on Fig. 1. The parameters of a neural network are optimised by stochastic gradient descent
within an automatic differentiation framework, where the considered loss function accounts for the
details of the statistical model as well as the expected effect of nuisance parameters.
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Figure 1: Learning inference-aware summary statistics (see text for details).

The family of summary statistics s(D) considered in this work is composed by a neural network
model applied to each dataset observation f(x; „) : X ™ Rd æ Y ™ Rb, whose parameters „

will be learned during training by means of stochastic gradient descent, as will be discussed later.
Therefore, using set-builder notation the family of summary statistics considered can be denoted as:

s(D, „) = s ( { f(xi; „) | ’ xi œ D } ) (3)
where f(xi; „) will reduce the dimensionality from the input observations space X to a lower-
dimensional space Y . The next step is to map observation outputs to a dataset summary statistic,
which will in turn be calibrated and optimised via a non-parametric likelihood L(D; ◊, „) created
using a set of simulated observations Gs = {x0, ..., xg}, generated at a certain instantiation of the
simulator parameters ◊s.

In experimental high energy physics experiments, which are the scientific context that initially
motivated this work, histograms of observation counts are the most commonly used non-parametric
density estimator because the resulting likelihoods can be expressed as the product of Poisson factors,
one for each of the considered bins. A naive sample summary statistic can be built from the output of
the neural network by simply assigning each observation x to a bin corresponding to the cardinality
of the maximum element of f(x; „), so each element of the sample summary will correspond to the
following sum:

si(D; „) =
ÿ

xœD

I
1 i = argmaxj={0,...,b}(fj(x; „))
0 i ”= argmaxj={0,...,b}(fj(x; „)) (4)
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R e c a p  o n  L i k e l i h o o d  R a t i o s  

•For signal vs. background searches:  

• Neyman-Pearson Lemma: optimal hypothesis test given by likelihood ratio 
(basis of Higgs search) 

• Likelihood ratio           also used for exclusion contours 

•For estimates of parameters θ̂ 

• Cramér-Rao bound states                               where Iij is the  
Fisher-information matrix (Hessian of log-likelihood) 

• Motivates Information Geometry as a phenomenological tool 

• Maximum-likelihood (asymptotically) saturates the bound 

•Note: ∇θ log p(x|θ) acts like a likelihood ratio locally
42

P (x|H1)
P (x|H0)

> k�

p(x|✓0)
p(x|✓1)

cov[✓̂|✓0]ij � I�1
ij (✓0)
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C r a m é r- R a o  B o u n d

The minimum variance bound on an unbiased estimator is given by the Cramér-Rao bound: 

Fisher information matrix (is also a Riemannian metric! ) 

Maximum Likelihood Estimators asymptotically reach this bound
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Iij [✓] = �E

@2 log p(x|✓)

@✓i @✓j

����✓
�
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of best-fit parameter 

Inverse  of 
Fisher information



C h a l l e n g e  f o r  E F T

•Let θ denote the coefficients of higher dimensional operators in the Lagrangian, x be high-

dimensional data associated to an event, and  be the distribution for the data  

• we want to compare any two points in EFT parameter space 

• evaluate the likelihood ratio 

• 
Difficulty is that one changes the parameters of the EFT, the distributions p(x|θ) change due to 
interference.  

• It would be very computationally expensive (infeasible) to generate samples for every value of 
θ and estimate  with histograms. Small changes mean we need a lot of MC events! 

• Ideally we could directly estimate the score  

p(x ∣ θ) =
1

σ(θ)
dσ
dθ

p(x |θ)
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Weak boson fusion, h → 4�
� Production vs decay

� hZZ decay vertex:
many angular structures

� Very clean

� Same operators as before:

OB = i
g
2
(Dµ�†

)(Dν�)Bµν OW = i
g
2
(Dµ�)†σ k

(Dν�)W k
µν

OBB = −
g′2
4
(�†�)Bµν Bµν

OWW = −
g2

4
(�†�)W k

µν W µν k

O� ,2 =
1
2
∂µ(�†�) ∂µ(�†�) OWW̃ = −

g2

4
(�†�)W k

µν W̃ µν k

� Setup as before, except:
� No backgrounds, no smearing
� L ⋅ ε = 100 fb−1
� Cuts: pT , j > 20 GeV, �η j � < 5.0, pT ,� > 10 GeV, �η� � < 2.5

W , Z

W , Z

h

Z

Z

q

q

q′
�−
�+
�−
�+

q′

��/��
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Figure 3: Overview of produced samples for morphing validation in the H ! WW ⇤ ! e⌫µ⌫ channel. The SM
coupling gSM = cos(↵) · SM is set to 1 for all input samples and the limits for the BSM parameters are taken such
that a pure BSM sample would have the SM cross section. The parameters for the validation samples are taken
randomly in the desired parameter space.
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Figure 4: The number of expected events in the considered parameter space for H ! WW ⇤ ! e⌫µ⌫ calculated with
the morphing method is shown on the left. The relative uncertainty on the number of expected events propagated
from the morphing function can be seen on the right.
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Figure 2: Distributions of cos (✓1), where ✓1 is the angle between the on-shell Z boson and its negatively charged
lepton (left) and the angle � (right) between the decay planes of the two Z bosons for events generated in the ggF
H ! Z Z⇤ ! 4` process at 13 TeV, calculated in the rest frame of the Higgs boson [1]. Generated validation samples
(solid) as well as predictions calculated via morphing (dashed) are shown. The ratios between the morphing output
and the validation distributions are shown in the lower panels.

5.1.2. Validation in VBF H ! WW
⇤ ! e⌫µ⌫

In addition to the SM coupling SM two non-SM couplings HWW and AWW are used for validation. All
three operators act on the production and decay vertex which results in 15 input samples needed for the
morphing. Besides these 15 input samples additional validation samples are produced to have statistically
independent distributions.

An overview of all generated samples in the parameter space can be found in Figure 3, where the two
additional validation samples have been highlighted and dubbed v0 and v1. Their parameters have been
chosen randomly. For each sample, 50.000 Monte Carlo events have been generated. The cross sections
calculated in arbitrary units using the morphing technique can be seen in Figure 4 (left). Using larger
absolute non-SM coupling values results in larger rates for both non-SM coupling parameters.

The relative uncertainty arising from the morphing function on the number of events is shown in Figure 4
(right). In the considered parameter space the relative Monte Carlo statistical uncertainty remains very
small, in the range of ca. 2-3%, whereas outside the region the uncertainty grows the further away the
parameters lie from the input samples. This explains both the local maxima in the central parameter region
and the rapid increase in the outer region.

For this channel, the kinematic observable used is the azimuthal angle between the two tagging jets �� j j .
All input distributions for morphing and validation are scaled to their respective cross section in arbitrary
units and shown in Figure 5. When morphing to one of the input samples a perfect match is obtained.
The morphing is also tested against statistically independent validation samples, as shown in Figure 6,
exhibiting agreement within ⇠ 5% of the input samples and the morphing.

14

|g1MSM + g2MBSM |2 = g21 |MSM |2 + 2g1g2Re [M⇤
SMMBSM ] + g22 |MBSM |2

The matrix element of such a scenario for given values of {gSM, gBSM} can be written as a sum of the pure
SM and the pure BSM contribution2

M (gSM,gBSM) = gSM · OSM + gBSM · OBSM. (3)

This translates into the description of a physical observable T from the above signal process,

T (gSM,gBSM) / |M(gSM,gBSM) |2 = g2
SM · O

2
SM + g

2
BSM · O

2
BSM + gSM · gBSM · 2<(O⇤SMOBSM). (4)

This can be used to morph to an arbitrary parameter point.

The number of input distributions required to morph to an arbitrary parameter point ~gtarget = {gSM,gBSM}

is equal to the unique terms in the matrix element squared, which is three in this case. It is su�cient
to generate a pure SM distribution Tin(1,0), a pure BSM distribution Tin(0,1) and a mixed distribution
Tin(1,1). Using the proportionalities to the matrix element squared one obtains

Tin(1,0) / |OSM |
2,

Tin(0,1) / |OBSM |
2,

Tin(1,1) / |OSM |
2 + |OBSM |

2 + 2R (O⇤SMOBSM).

(5)

Applying these three equations to Equation 4 results in the morphing function for a distribution at an
arbitrary parameter point

Tout(gSM,gBSM) = (g2
SM � gSMgBSM)
|                {z                }

=w1

Tin(1,0) + (g2
BSM � gSMgBSM)
|                  {z                  }

=w2

Tin(0,1) + gSMgBSM|    {z    }
=w3

Tin(1,1). (6)

2 In this and the following section, the notation O will be used for the amplitude,whereas the notationM will be used for fully
computed matrix elements. However, since the di↵erence is only conceptual, the symbols are used interchangeably.

SM

Mix

BSM

Interference

2SM

2BSM

+1

�1

�1

SM · BSM

Figure 1: Illustration of the morphing procedure in a simple showcase.

4

3-d vector space, distribution for any point in this space is linear mixture of distribution for 3 basis samples!

Simple example:

Difficulty is that one changes the parameters of the EFT, 
the distributions p(x|θ) change due to interference.  
But there is a trick:

(real examples need more basis samples)
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•For 2 BSM operators affecting VBF Higgs production and decay, we need a 15-D vector space  

•For 5 BSM operators we need 126-D vector space
46

Process Number of components for n operators

O�Λ0
� O�Λ−2� O�Λ−4� O�Λ−6� O�Λ−8� ∑

hV /WBF production � n n(n + 1)
2

(n + 1)(n + 2)
2

h → VV decay � n n(n + 1)
2

(n + 1)(n + 2)
2

Production + decay � n n(n + 1)
2

�
n + 2

3� �
n + 3

4� �
n + 4

4�

Table �: Number of components c as given in Eq. (�) for di�erent processes, sorted by their sup-
pression by the EFT cuto� scale Λ.

OB̃ is tightly constrained by LEP.OBB̃ on the other hand does not contribute toHWW couplings
and its contribution to HZZ is suppressed by sin θ2W . We will therefore restrict our analyses to
OWW̃ .

�.� Decomposition into components

Let us return to the decomposition of the amplitudes into several components given in Eq. (�).
In the following sections we will count the number of components for the processes that involve
Higgs-gauge interactions. �e results for di�erent processes are summarized in Tab. �.

Following Eq. (�), the coe�cients wc(θ) are always a product of Wilson coe�cients divided by a
polynomial of Wilson coe�cients (from the normalization).

�.�.� Higgs production

In the pure Higgs production processes

qq′ → hV (��)

and

qq′ → qq′h , (��)

the di�erential cross section decomposes into SMandEFTparts in a straightforwardway. Schem-
atically,

dσ ∝ �MSM +�
i

fi
Λ2Mi�

2

∝ �MSM�
2
+�

i

2 fi
Λ2 Mi ⋅MSM +�

i , j

fi f j
Λ4 Mi ⋅M j , (��)

��

whereMi is the amplitude involving the operator Oi , and the dot product A ⋅ B is short for
ReA†B.

For n dimension-� Wilson coe�cients, there is thus � SM term, n SM-BSM interference terms,
and n(n + 1)�2 BSM-only terms.

�.�.� Higgs decays

For pure Higgs decays

h → VV (��)

the calculation is exactly the same as in Eq. (��). It does not matter whether V decays are in-
cluded.

�.�.� Production and decay

�e situation is slightly more interesting when considering a complete process

qq′ → hV → VV V (��)

or

qq′ → h qq′ → VV qq′ . (��)

For simplicity we ignore non-Higgs amplitudes and the dependence of Γh on the Wilson coe�-
cients. Both e�ects depend on many more operators and are subleading for on-shell measure-
ments.

�e rate can then be decomposed as

dσ ∝
������������

�M
p
SM +�

i

fi
Λ2M

p
i �
�

�
M

d
SM +�

j

f j
Λ2M

d
j
�

�

������������

2

∝ �M
p
SMM

d
SM�

2

+�

i
2
fi
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d
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d
i ) + (M
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d
SM)�
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production decay

Figure ��: Morphing weights wi(θ) for basis points distributed over the full relevant parameter
space.

��

p(x|✓) =
X

c

wc(✓)pc(x)

Express EFT as a mixture:

wc(θ) are polynomials  

∇θ log p(x|θ) is now possible!


