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Who	needs	a	simulator?	We	can	arrive	at	this	analytically!
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Shower 
splittings

zs
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<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>
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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>
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<latexit sha1_base64="gOxbY2BemKdyH5YVIx4aYPw2eMs="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="BDVqxhN/K6hNbXEaJvFj/k5ikI4="></latexit><latexit sha1_base64="njZaT3vZJU56mU3mgAu948A9vF0="></latexit>
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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>
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Modelling particle physics processes
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Evolution

Latent variables

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

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>
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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>
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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! 

(More subtle: We cannot sample 
from                    efficiently.)
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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>
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<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>

if we knew the entire history of 
each event
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Bird’s-eye view

 16/40

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

argmin
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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

x
Observables

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

Parameters

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

“Mining gold”: Extract  
additional information 

from simulator

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

Limit setting with 
standard hypothesis tests

Use this information to 
train estimator for likelihood ratio

Slide stolen from Johann Brehmer

Likelihood-Free Inference with MadMiner
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1. The problem of interference in the offshell H4l analysis
2. Introduce Likelihood-free Inference with Madminer: “ML version of Matrix Element Method”
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Figure 1: The leading-order Feynman diagrams for (a) the gg ! H
⇤ ! Z Z signal, (b) the continuum gg ! Z Z

background and (c) the qq̄ ! Z Z background.

In contrast, the cross-section for on-shell Higgs production allows a measurement of the signal strength:246

247

µon-shell ⌘
�gg!H!ZZ

on-shell

�gg!H!ZZ

on-shell, SM

=
2
g,on-shell · 2V,on-shell

�H/�SM
H

, (5)

which depends on the total width �H through the Higgs boson propagator. Assuming identical on-shell248

and o�-shell Higgs couplings, the ratio of µo�-shell to µon-shell provides a measurement of the total width249

of the Higgs boson. This assumption is particularly relevant to the running of the e�ective coupling g (ŝ)250

for the loop-induced gg ! H production process, as it is sensitive to new physics that enters at higher251

mass scales and could be probed in the high-mass mZZ signal region of this analysis. More details are252

given in Refs. [13–16]. New physics can also enter in the decay of the Higgs boson, resulting in this case253

in a modification of the 2
V,on-shell couplings. The study of the o�-shell Higgs boson production will then254

also add information about the coupling structure of the Higgs boson particle.255

With the current sensitivity of the analysis, only an upper limit on the total width �H can be determined,256

for which the weaker assumption257

2
g,on-shell · 2V,on-shell  2g,o�-shell · 2V,o�-shell , (6)

that the on-shell couplings are no larger than the o�-shell couplings, is su�cient. It is also assumed that258

any new physics which modifies the o�-shell signal strength µo�-shell and the o�-shell couplings i,o�-shell259

does not modify the predictions for the backgrounds. It is further assumed that there are no sizable260

kinematic modifications to the o�-shell signal nor any new sizable signal in the search region of this261

analysis which is unrelated to an enhanced o�-shell signal strength [22, 23].262

Higher-order quantum chromodynamics (QCD) and electroweak (EW) corrections are known for the o�-263

shell signal process gg ! H
⇤ ! Z Z [24]; recently higher-order QCD corrections have became available264

also for the gg ! Z Z background process [25, 26]. QCD corrections for the o�-shell signal processes265

have only been calculated inclusively in the jet multiplicity or non-zero pT (ZZ) values that are induced266

by the higher order QCD corrections, and may no longer be accurate if event selections which bias the267

jet multiplicity or transverse momentum pT (ZZ) are applied. Consequently, the impact of any direct268

or indirect selections in jet multiplicity or pT (ZZ), must be assessed by simulating the additional QCD269

activity with a parton shower MC to approximate the missing higher order matrix element contributions.270

This will lead to correspondingly larger acceptance uncertainties. The experimental analyses are therefore271

performed inclusively in jet observables and the event selections are designed to minimise the dependence272

on the boost of the Z Z system, which is sensitive to the jet multiplicity.273
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Our problem: Interference between VBS, VBF in Higgs to 4 leptons analysis

Higgs Propagator 
(Signal)

Vector Boson Propagator 
(Background)

S = VBF-Higgs, B= VBS, SBI = Combined Simulation 
I = SBI - S - B

Main objective: To measure Higgs off shell signal strength (μ) in the 
4 leptons final state.  I’m concentrating on the VBF production mode 
for now, will expand also to ggF
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Our problem: Interference between VBS, VBF in Higgs to 4 leptons analysis

Higgs Propagator 
(Signal)

Vector Boson Propagator 
(Background)

Only physical dataset is a combined SBI 
simulation ⇒ No Class Labels!

Cannot train an ML classifier

S = VBF-Higgs, B= VBS, SBI = Combined Simulation 
I = SBI - S - B

Main objective: To measure Higgs off shell signal strength (μ) in the 
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Non-linear N_exp(μ), Degenerate μ

14

⇒ Negative Log-Likelihood will have 2 minima on Asimov dataset

Still setting et limits far away from 
SM

where S is the signal-only simulation, V is the simulation of only the background processes that interfere

with the signal and SVI is a simulation of the signal and interfering background processes together, taking

into account interference e↵ects. If we also include non-interfering background processes (denoted as B2)

then the Eq. 13 becomes:

Nexp = µS +
p
µI + V +B2 (15)

but for the following derivation we will use

B = V +B2 (16)

using Eq. 13, instead of Eq. 3,

L = Poisson(µS +
p
µI +B,N) =

(µS +
p
µI +B)

N

N !
e
�(µS+

p
µI+B)

(17)

� ln L = �N ln (µS +
p
µI +B) + µS +

p
µI +B (18)

@ � ln L

@µ
= �N

S +
I

2
p
µ

µS +
p
µI +B

+ S +
I

2
p
µ

(19)

@
2 � ln L

@2µ
= �N

" �I

4µ
3
2

N
�

�
⇣
S +

I

2µ
1
2

⌘2

N2

#
� I

4
p
µ

(20)

replace Eq. 18 in Eq. 20 and use Eq. 10:

1

�2
µ

=

"
I

4
+

�
S +

I

2

�2

N

#
� I

4
=

�
S +

I

2

�2

N
(21)

�µ =

p
S + I +B

S +
I

2

(22)

In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:

Z =
S +

I

2p
S + I +B

(23)

4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23

Z =
S + SV I � V

2
p
SV I +B2

(24)

But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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where S is the signal-only simulation, V is the simulation of only the background processes that interfere

with the signal and SVI is a simulation of the signal and interfering background processes together, taking

into account interference e↵ects. If we also include non-interfering background processes (denoted as B2)

then the Eq. 13 becomes:

Nexp = µS +
p
µI + V +B2 (15)

but for the following derivation we will use

B = V +B2 (16)

using Eq. 13, instead of Eq. 3,

L = Poisson(µS +
p
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I
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µ
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@
2 � ln L

@2µ
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3
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�

�
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2µ
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#
� I

4
p
µ

(20)

replace Eq. 18 in Eq. 20 and use Eq. 10:
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�2
µ
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"
I

4
+

�
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I

2

�2

N

#
� I

4
=

�
S +

I

2

�2

N
(21)

�µ =

p
S + I +B

S +
I

2

(22)

In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:

Z =
S +

I

2p
S + I +B

(23)

4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23

Z =
S + SV I � V

2
p
SV I +B2

(24)

But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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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
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Labels

Labels

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


More informative targets to regress for a neural network

18

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

Dog Pictures Classification: 

I would give this a true class label 
= 0.7, not 1

Should I train my neural network to learn 
to guess True (1) or False (0) ?

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

Function to learn
Labels

Labels

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

Change the learning task

Labels

Function to learn

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


More informative targets to regress for a neural network

18

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

Dog Pictures Classification: 

I would give this a true class label 
= 0.7, not 1

Should I train my neural network to learn 
to guess True (1) or False (0) ?

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

Function to learn
Labels

Labels

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
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Figure 6: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
probability density functions for different values of ✓ and the scores t(xe, ze|✓) at generated events

(xe, ze). These tangent vectors measure the relative change of the density under infinitesimal
changes of ✓. Right: dependence of log p(x|✓) on ✓ for fixed x = 4. The arrows again show the

(tractable) scores t(xe, ze|✓).

is intractable, we can extract the joint score

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

=
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)

r✓p(ze|✓)

p(ze|✓)

����
✓0

=
r✓p(ze|✓)

p(ze|✓)

����
✓0

(20)

from the simulator. Again, all intractable parts of the likelihood cancel. We visualize the score
in Fig. 6 and all available information on the generated samples in Fig. 7. It is worth repeating
that we are not making any simplifying approximations about the process here, these statements
are valid with reducible backgrounds, for state-of-the-art generators including higher-order matrix
elements, matching of matrix element and parton shower, and with full detector simulations.

But how does the availability of the joint likelihood ratio r(x, z|✓) and score t(x, z|✓) (which
depend on the latent parton-level momenta z) help us to estimate the likelihood ratio r(x|✓), which
is the one we are interested in?

Consider the L2 squared loss functional for functions ĝ(x) that only depend on x, but which are
trying to approximate a function g(x, z),

L[ĝ(x)] =

Z
dx dz p(x, z|✓) |g(x, z)� ĝ(x)|2

=

Z
dx


ĝ2(x)

Z
dz p(x, z|✓)� 2ĝ(x)

Z
dz p(x, z|✓) g(x, z) +

Z
dz p(x, z|✓) g2(x, z)

�

| {z }
F (x)

.

(21)
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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
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Change the learning task

Labels

Function to learn

Extra Information: How would it change if I perturbed the theory a little bit? 
Data	Augmented	Neural	Network	Training

https://arxiv.org/pdf/1805.00013.pdf
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MadMiner Inference Models 7

Method Run simulation at Loss fn. uses Asympt. exact Generative Ref.
r(x, z) t(x, z)

Likelihood estimators
NDE ✓ ⇠ ⇡(✓) X X [54]
Scandal ✓ ⇠ ⇡(✓) X X X [65]

Likelihood ratio estimators
Carl ✓ ⇠ ⇡(✓), ✓ref X [39]
Rolr ✓ ⇠ ⇡(✓), ✓ref X X [67]
Alice ✓ ⇠ ⇡(✓), ✓ref X X [68]
Cascal ✓ ⇠ ⇡(✓), ✓ref X X [67]
Rascal ✓ ⇠ ⇡(✓), ✓ref X X X [67]
Alices ✓ ⇠ ⇡(✓), ✓ref X X X [68]

Doubly parameterized likelihood ratio estimators
Carl ✓0 ⇠ ⇡(✓), ✓1 ⇠ ⇡(✓) X [39]
Rolr ✓0 ⇠ ⇡(✓), ✓1 ⇠ ⇡(✓) X X [67]
Alice ✓0 ⇠ ⇡(✓), ✓1 ⇠ ⇡(✓) X X [68]
Cascal ✓0 ⇠ ⇡(✓), ✓1 ⇠ ⇡(✓) X X [67]
Rascal ✓0 ⇠ ⇡(✓), ✓1 ⇠ ⇡(✓) X X X [67]
Alices ✓0 ⇠ ⇡(✓), ✓1 ⇠ ⇡(✓) X X X [68]

Score estimators
Sally ✓ref X in local approx. [67]
Sallino ✓ref X in local approx. [67]

Table I. Inference techniques implemented in MadMiner. We separate them into four groups, depending on
which quantity is estimated by the neural network; see the text for more details. We list for parameter
values the Monte-Carlo samples have to be generated and whether the augmented data (joint likelihood
ratio r(x, z) and joint likelihood ratio t(x, z)) is used. “Asymptotically exact” quantifies whether a method
should give theoretically optimal results in the limit of sufficient network capacity, perfect optimization, and
enough training data. Some network architectures also allow for fast generation of event data directly from
the neural network, they are marked as “generative”. Finally, for each method we provide the reference that
provides the clearest explanation (and spells out the acronym).

C. Learning locally optimal observables

MadMiner also implements a second class of methods: rather than trying to reconstruct the full
likelihood function, a neural network is trained to provide the most powerful observables for a given
measurement problem. The central quantity of this approach is the score

t(x) = r✓ log p(x|✓)

����
✓ref

(11)

evaluated at a fixed reference parameter point ✓ref, for instance the SM. This vector has one
component per parameter. For a given event x, its components are just numbers (unlike the
likelihood and the likelihood ratio, which are also functions of the parameters ✓). In other words,
the score is a vector of observables.

The relevance of these observables is most obvious in a local approximation of the likelihood
function [7, 66, 78]: in the neighborhood of the parameter point ✓ref, the score components are the
sufficient statistics. That means that for the purpose of measuring ✓, knowing t(x) is just as powerful
as knowing the full likelihood p(x|✓) (which, since it depends on ✓, is a much more complicated
object). In this sense, the score defines the most powerful observables for the measurement of ✓.3

3
In fact, the score vector is a generalization of the concept of Optimal Observables [27–29] from the parton level to

Score Approximates Likelihood Locally 

Approximate Likelihood with Improved 
Cross-entropy Estimator and Score 

(locally optimal near the SM)

(parameterised on all values of μ)

https://arxiv.org/pdf/1907.10621.pdf
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Limits for Asimov dataset at μ = 4

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

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

lumi= 36 ifb, 
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m4l> 220 GeV

1 σ limits
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Actual ATLAS VBF offshell h4l baseline analysis would be better than a simple histogram of m4l
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• Interference in the off-shell h4l means we need extra Kouign-amann 
information of physics away from SM to get the best measurement of μ ⇒ 

• ML without class labels: Directly learn the likelihoods 
• ML parameterised on μ 

• Madminer bonus: 
• Handle a few(!) systematic uncertainties  
• Avoid expensive Matrix Element based discriminant calculations 

• Preliminary results with VBF Higgs and VBS background processes looks 
promising, but need to add qqbar background and gg(H)zz signal 

• These methods bring the best of Matrix Element Method, Optimal 
Observables, and Machine Learning that can also account for detector 

effects ⇒ Go try this at home!

Many	many	thanks	to	Johann	Brehmer,	Antoine	Laudrain,	Samyukta	Krishnamurthy,	Martina	Javurkova	for	the	help

Non-linear N_exp(μ), Degenerate μ

14

⇒ Negative Log-Likelihood will have 2 minima on Asimov dataset

Still setting et limits far away from 
SM

where S is the signal-only simulation, V is the simulation of only the background processes that interfere

with the signal and SVI is a simulation of the signal and interfering background processes together, taking

into account interference e↵ects. If we also include non-interfering background processes (denoted as B2)

then the Eq. 13 becomes:

Nexp = µS +
p
µI + V +B2 (15)

but for the following derivation we will use

B = V +B2 (16)

using Eq. 13, instead of Eq. 3,

L = Poisson(µS +
p
µI +B,N) =
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p
µI +B)
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replace Eq. 18 in Eq. 20 and use Eq. 10:
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(22)

In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:

Z =
S +

I

2p
S + I +B

(23)

4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23

Z =
S + SV I � V

2
p
SV I +B2

(24)

But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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e had no interference 

Negative Interference

Demonstrative plot: Just a rough 
sketch

μ is no longer just a scaling, it changes the distributions. A neural 
network parameterised on the hypothesis being tested would 

be better

ATLAS Work In Progress

Machine	Learning	that	handles	systematics	better	!??
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Backup
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“Asimov Dataset”

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

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

• A dataset upon which unbiased measurements yield exactly the correct theory parameters 
• In practice we cannot have perfectly Asimov datasets, but a very large simulation can approximate an 

Asimov dataset 
• Statistical uncertainties are not quadratic sum of weights, they are √(N) where N = Σ(W), to give a 

feeling of realistic expected uncertainties on the actual observed data 

https://arxiv.org/abs/1007.1727

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

In the future, the United States has converted to an "electronic democracy" where the AI 
selects a single person to answer a number of questions. The AI will then use the 

answers and other data to determine what the results of an election would be, avoiding 
the need for an actual election to be held.

https://arxiv.org/abs/1007.1727
https://en.wikipedia.org/wiki/Franchise_(short_story)
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Interference Kills “Signal like” background events

Higgs Propagator 
(Signal)

Vector Boson Propagator 
(Background)

SBI has fewer events in signal region 
than B-only 

Classifier trained on S vs B

S = VBF-Higgs, B = VBS, SBI = Combined Simulation

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

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

ATLAS Work In Progress
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If light behaved like particles If light behaved like waves

What happens when you do the same with electrons? But what if you shoot only 1 electron 
at a time?



Quantum Interference
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If light behaved like particles If light behaved like waves

It would still go through both slits 
and interfere with itself if you 

shot just 1 electron!

What happens when you do the same with electrons? But what if you shoot only 1 electron 
at a time?
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Derive New Metric

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

where S is the signal-only simulation, V is the simulation of only the background processes that interfere

with the signal and SVI is a simulation of the signal and interfering background processes together, taking

into account interference e↵ects. If we also include non-interfering background processes (denoted as B2)

then the Eq. 13 becomes:
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23

Z =
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2
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(24)

But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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Analogous version with interference

See derivation and asymptotic version here
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What is the metric to optimise? No longer (s/√b)

However, since apart from the interfering background (Vector Boson Scattering) and we also have non-

interfering background processes (gg ! (H
⇤
) ! ZZ and qq ! ZZ) in the analysis, we will denote them as

V and B2 respectively from now on.

2 Simple case: One bin without Interference

Nexp = µS +B (3)

L = Poisson(µS +B,N) =
(µS +B)
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so,
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Which is the classical result. The inverse of this will give us an approximate ”Significance” formula for

measurement.

Z =
Sp

S +B
(12)

3 One bin with Interference

We simply replace Eq. 3 with:

Nexp = µS +
p
µI +B (13)

where I is the interference component, which we can practically get from Monte-Carlo simulations by

doing:

I = SV I � S � V (14)
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23
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But we still have a problem. The best cuts to optimise this metric give very small weighted number
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formula for discovery significance.

3

Maximise this [analogue to (s/√b) in the usual scenario ] 

Problem: Not trustworthy at low statistics, what about asymptotic formula?
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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i

μ = signal strength

Assuming we are trying to reject μ=0, (which is not the case anymore)
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What is the metric to optimise? No longer (s/√b)

However, since apart from the interfering background (Vector Boson Scattering) and we also have non-

interfering background processes (gg ! (H
⇤
) ! ZZ and qq ! ZZ) in the analysis, we will denote them as

V and B2 respectively from now on.

2 Simple case: One bin without Interference
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formula for discovery significance.
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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Analogue to the AMS Asimov formula by Cowan, Cranmer, Gross, Vitells 

5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:
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which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?
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S = VBF-Higgs, V= VBS, SVI = Combined Simulation, B2 = gg(H)ZZ + qqZZ
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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Maximise this [analogue to (s/√b) in the usual scenario ] 

Problem: Not trustworthy at low statistics, what about asymptotic formula?
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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μ = signal strength

Assuming we are trying to reject μ=0, (which is not the case anymore)
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What is the metric to optimise? No longer (s/√b)

However, since apart from the interfering background (Vector Boson Scattering) and we also have non-

interfering background processes (gg ! (H
⇤
) ! ZZ and qq ! ZZ) in the analysis, we will denote them as

V and B2 respectively from now on.

2 Simple case: One bin without Interference
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3 One bin with Interference
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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Analogue to the AMS Asimov formula by Cowan, Cranmer, Gross, Vitells 

5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:
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which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?
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Interestingly, “S” dropped out of the formula completely

S = VBF-Higgs, V= VBS, SVI = Combined Simulation, B2 = gg(H)ZZ + qqZZ
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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Maximise this [analogue to (s/√b) in the usual scenario ] 

Problem: Not trustworthy at low statistics, what about asymptotic formula?
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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i

μ = signal strength

Assuming we are trying to reject μ=0, (which is not the case anymore)
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What is the metric to optimise? No longer (s/√b)

However, since apart from the interfering background (Vector Boson Scattering) and we also have non-

interfering background processes (gg ! (H
⇤
) ! ZZ and qq ! ZZ) in the analysis, we will denote them as

V and B2 respectively from now on.

2 Simple case: One bin without Interference
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Which is the classical result. The inverse of this will give us an approximate ”Significance” formula for
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3 One bin with Interference

We simply replace Eq. 3 with:

Nexp = µS +
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µI +B (13)

where I is the interference component, which we can practically get from Monte-Carlo simulations by

doing:

I = SV I � S � V (14)
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:
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4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23
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But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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formula for discovery significance.
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5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:
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which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?

4

Interestingly, “S” dropped out of the formula completely

to having a very large value for the scale factor τ .

If we regard b as known, the data consist only of n and thus the likelihood function is

L(µ) =
(µs+ b)n

n!
e−(µs+b) , (94)

The test statistic for discovery q0 can be written
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(95)

where µ̂ = n − b. For sufficiently large b we can use the asymptotic formula (53) for the
significance,
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To approximate the median significance assuming the nominal signal hypothesis (µ = 1)
we replace n by the Asimov value s+ b to obtain

med[Z0|1] =
√
q0,A =

√

2 ((s+ b) ln(1 + s/b)− s) . (97)

Expanding the logarithm in s/b one finds

med[Z0|1] =
s√
b
(1 +O(s/b)) . (98)

Although Z0 ≈ s/
√
b has been widely used for cases where s + b is large, one sees here that

this final approximation is strictly valid only for s ≪ b.

Median values, assuming µ = 1, of Z0 for different values of s and b are shown in Fig. 7.
The solid curve shows Eq. (97), the dashed curve gives the approximation s/

√
b, and the

points are the exact median values from Monte Carlo. The structure seen in the points
is due to the discrete nature of the data. One sees that Eq. (97) provides a much better
approximation to the true median than does s/

√
b in regions where s/b cannot be regarded

as small.

5.2 Shape Analysis

As a second example we consider the case where one is searching for a peak in an invari-
ant mass distribution. The main histogram n = (n1, . . . , nN ) for background is shown in
Fig. 8, which is here taken to be a Rayleigh distribution. The signal is modeled as a Gaus-
sian of known width and mass (position). In this example there is no subsidiary histogram
(m1, . . . ,mM ).

If, as is often the case, the position of the peak is not known a priori, then one will test all
masses in a given range, and appearance of a signal-like peak anywhere could lead to rejection
of the background-only hypothesis. In such an analysis, however, the discovery significance
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for I=0

Usual AMS formula

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

where S is the signal-only simulation, V is the simulation of only the background processes that interfere

with the signal and SVI is a simulation of the signal and interfering background processes together, taking

into account interference e↵ects. If we also include non-interfering background processes (denoted as B2)

then the Eq. 13 becomes:

Nexp = µS +
p
µI + V +B2 (15)

but for the following derivation we will use

B = V +B2 (16)

using Eq. 13, instead of Eq. 3,

L = Poisson(µS +
p
µI +B,N) =
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replace Eq. 18 in Eq. 20 and use Eq. 10:
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:

Z =
S +

I

2p
S + I +B

(23)

4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23

Z =
S + SV I � V

2
p
SV I +B2

(24)

But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.

3

Maximise this [analogue to (s/√b) in the usual scenario ] 

Problem: Not trustworthy at low statistics, what about asymptotic formula?
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In analogy to equation Eq. 12, a ”Significance” like formula will be just the inverse:

Z =
S +

I
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(23)

4 Formula in practice

To get a practical formula we can use with MC simulation samples, we plug in Eq. 14 and Eq. 16 in Eq. 23

Z =
S + SV I � V
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(24)

But we still have a problem. The best cuts to optimise this metric give very small weighted number

of events, so we need a formula that is correct for small (weighted) statistics, similar to the AMS Asimov

formula for discovery significance.
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i

μ = signal strength

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



Find the Best Classification Task to Improve μ Sensitivity

Significance with Interference

• NN trained on VBF dataset: iZ: 0.030, itreshold: 0.895

• NN trained on VBF_s dataset: iZ: 0.155, itreshold: 0.842

• LightGBM trained on VBF dataset: iZ: 0.021, itreshold: 0.895

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

iZ = S + SBI − B
2∗ SBI + B_gg_qq

Significance with interference:

20

S: VBF_s, SBI:VBF
B: VBS, B_gg_qq alias B2: gg+qq

2 Dimensions: iZ 0.220

2 Dimensions: iZ 0.182

Ainsi que l’erreur qui lui est associée :

�iZ

|iZ| =
�S

L
�V

S + SV I � V

M �B2

2⇥ (SV I +B2)

M
�SV I

✓
1

S + SV I � V
� 1

2⇥ (SV I +B2)

◆

Afin d’utiliser cette nouvelle métrique, les algorithmes devront arriver à déterminer l’origine de
chaque événement et cela même si une catégorie de données ne leur a pas été communiquée.

6.2 Combinaisons d’apprentissages

En se basant sur les résultats de la Figure 17, c’est donc en entrâınant les algorithmes sur le lot
de données VBF s que l’on obtient les meilleurs résultats. E↵ectivement, le maximum obtenu pour
VBF est d’environ 0.03 tandis qu’il est de 0.13 pour VBF s ce qui correspond à un facteur 4.

Figure 17 – iSignificance pour VBF (gauche) et VBF s (droite)

On peut voir sur la Figure 18 que l’on obtient alors de meilleurs résultats en combinant les
apprentissages sur les deux di↵érents lots de données. Soit une significance avec interférences de
0.179 avec combinaison pour LightGBM comparé à 0.035 pour VBF et 0.142 pour VBF s et une
significance avec interférences de 0.169 avec combinaison pour le réseau de neurones comparé à
0.032 pour VBF et 0.118 pour VBF s. Les deux lots de données contiennent donc des informations
di↵érentes dont certaines qui sont utiles pour cette séparation.

Figure 18 – Combinaison d’apprentissages pour LightGBM et le réseau de neurones

12

iZ for classifier trained to separate: 
VBF_SVI vs qqbar + gg(H)zz

iZ for classifier trained to separate: 
 VBF_Higgs vs VBS + qqbar + gg(H)zz 

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

Thanks to Jeremy Couthures

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

ATLAS Work In ProgressATLAS Work In Progress
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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

"joint likelihood ratio" is very closely 
connected to matrix elements

https://arxiv.org/pdf/1805.00013.pdf
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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)
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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
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connected to matrix elements

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


More informative targets to regress

29

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

Dog Pictures Classification:

I would give this a true class 
label = 0.7, not 1

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

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

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

"joint likelihood ratio" is very closely 
connected to matrix elements

16

Figure 6: Illustration of some key concepts with a one-dimensional Gaussian toy example. Left:
probability density functions for different values of ✓ and the scores t(xe, ze|✓) at generated events

(xe, ze). These tangent vectors measure the relative change of the density under infinitesimal
changes of ✓. Right: dependence of log p(x|✓) on ✓ for fixed x = 4. The arrows again show the

(tractable) scores t(xe, ze|✓).

is intractable, we can extract the joint score

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

=
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)

r✓p(ze|✓)

p(ze|✓)

����
✓0

=
r✓p(ze|✓)

p(ze|✓)

����
✓0

(20)

from the simulator. Again, all intractable parts of the likelihood cancel. We visualize the score
in Fig. 6 and all available information on the generated samples in Fig. 7. It is worth repeating
that we are not making any simplifying approximations about the process here, these statements
are valid with reducible backgrounds, for state-of-the-art generators including higher-order matrix
elements, matching of matrix element and parton shower, and with full detector simulations.

But how does the availability of the joint likelihood ratio r(x, z|✓) and score t(x, z|✓) (which
depend on the latent parton-level momenta z) help us to estimate the likelihood ratio r(x|✓), which
is the one we are interested in?

Consider the L2 squared loss functional for functions ĝ(x) that only depend on x, but which are
trying to approximate a function g(x, z),

L[ĝ(x)] =

Z
dx dz p(x, z|✓) |g(x, z)� ĝ(x)|2

=

Z
dx


ĝ2(x)

Z
dz p(x, z|✓)� 2ĝ(x)

Z
dz p(x, z|✓) g(x, z) +

Z
dz p(x, z|✓) g2(x, z)

�

| {z }
F (x)

.

(21)

Gradient information

https://arxiv.org/pdf/1805.00013.pdf
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Input / Output MadMiner classes External simulators Files

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

Madminer package wraps around Madgraph, Pythia, Delphes, to simplify 
‘mining gold’, all the way to inference: 

• Simulates events in Madgraph at fixed values of a theory parameter 

• Re-weights each event to other benchmark theory parameter points 

• Does event-wise ‘morphing’ to allow having training/test events at any 
value of the parameter point

• Calculates the targets to regress, joint score, joint likelihood ratio, 
which will allow for data augmented training

• Defines various PyTorch models with losses based on the likelihood ratio 
and augmented data 

• Allows simple asymptotic limits on Asimov datasets (for more involved 
statistics, need to integrate with pyhf)

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


Trouble with morphing near SM

31

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

morph

SBI has fewer events in 
signal region than B-only 

Classifier trained on S vs B

Validation at independent 
point 1.35 
κ^4 = μ (To scale H signal strength by μ scale HVV couplings by κ^4)

Effective number of events = 1/max(event_weights)

ATLAS Work In Progress
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joint likelihood ratio conditional on a particular stochastic execution trace z. We will demonstrate
this with two more examples in Sec. 5.

For simulators written in an automatic differentiation framework, the calculation of the joint score
and joint likelihood ratio can be entirely automatic and does not require any changes to the simulator
code and output. As a proof of principle, at Ref. [43] we provide a framework that automates
these calculations for any simulator in which all stochastic steps are implemented with the PYRO
library [44].

4 Learning from augmented data

4.1 Key idea

How can the “augmented data” consisting of simulated observations xi, the joint likelihood ratio
r(xi, zi|✓0, ✓1), and the joint score t(xi, zi|✓0) be used to estimate the likelihood p(x|✓) or likelihood
ratio r(x|✓0, ✓1)? The relation between r(x, z|✓0, ✓1) and r(x|✓0, ✓1) is not trivial — the integral of
the ratio is not the ratio of the integrals! Similarly, how can the joint score be used to estimate the
intractable score function

t(x|✓0) ⌘ r✓ log p(x|✓)
����
✓0

? (5)

The integral of the log is not the log of the integral!

Consider the squared error of a function ĝ(x) that only depends on the observable x, but is trying to
approximate a function g(x, z) that also depends on the latent variable z,

LMSE = Ep(x,z|✓)

h
(g(x, z)� ĝ(x))2

i
. (6)

The minimum-mean-squared-error prediction of ĝ(x) is given by the conditional expectation g⇤(x) =
argminĝ LMSE = Ep(z|x,✓)[g(x, z)].

Identifying g(x, z) with the joint likelihood ratio r(x, z|✓0, ✓1) and ✓ = ✓1, we define

Lr = Ep(x,z|✓1)

h
(r(x, z|✓0, ✓1)� r̂(x))2

i
, (7)

and find that this functional is minimized by r⇤(x) = argminr̂ Lr = Ep(z|x,✓1) [ r(x, z|✓0, ✓1) ] =
r(x|✓0, ✓1). Similarly, by identifying g(x, z) with the joint score t(x, z|✓0) and setting ✓ = ✓0, we
define

Lt = Ep(x,z|✓0)

h �
t(x, z|✓0)� t̂(x|✓0)

�2 i
, (8)

which is minimized by t⇤(x) = Ep(z|x,✓0) [ t(x, z|✓0) ] = t(x|✓0).

These loss functionals are immensely useful because they allow us to transform t(x, z|✓0) into t(x|✓0)
and r(x, z|✓0, ✓1) into r(x|✓0, ✓1): we are able to regress on these two intractable quantities! This is
what makes the joint score and joint likelihood ratio the gold worth mining.

4.2 Learning the likelihood ratio

Based on this observation we introduce a family of new likelihood-free inference techniques. They
fall into two categories. We first discuss a class of algorithms that uses the augmented data to learn
a surrogate model for any likelihood p(x|✓) or likelihood ratio r(x|✓0, ✓1). In Section 4.3 we will
define a second class of methods that is based on a local expansion of the model around some
reference parameter point.

The simulators we consider in this work do not only implicitly define a single density p(x), but a
family of densities p(x|✓). The parameters ✓ may potentially belong to a high-dimensional parameter
space. For inference models based on surrogate models, there are two broad strategies to model
this dependence. The first is to estimate p(x|✓) or the likelihood ratio r(x|✓0, ✓1) for specific values
of ✓ or pairs (✓0, ✓1). This may be done via a pre-defined set of ✓ values or on-demand using an
active-learning iteration. We follow a second approach, in which we train parameterized estimators
for the full model p̂(x|✓) or r̂(x|✓0, ✓1) as a function of both the observables x and the parameters
✓ [6, 45]. The training data then consists of a number of samples, each generated with different

4

We have that from distribution 
of events from the simulator

We calculate this additional 
information (based on ME) 

after the event generation & re-
weighting to other theory 

points with Madminer

Output of the network

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

joint likelihood ratio conditional on a particular stochastic execution trace z. We will demonstrate
this with two more examples in Sec. 5.

For simulators written in an automatic differentiation framework, the calculation of the joint score
and joint likelihood ratio can be entirely automatic and does not require any changes to the simulator
code and output. As a proof of principle, at Ref. [43] we provide a framework that automates
these calculations for any simulator in which all stochastic steps are implemented with the PYRO
library [44].

4 Learning from augmented data

4.1 Key idea

How can the “augmented data” consisting of simulated observations xi, the joint likelihood ratio
r(xi, zi|✓0, ✓1), and the joint score t(xi, zi|✓0) be used to estimate the likelihood p(x|✓) or likelihood
ratio r(x|✓0, ✓1)? The relation between r(x, z|✓0, ✓1) and r(x|✓0, ✓1) is not trivial — the integral of
the ratio is not the ratio of the integrals! Similarly, how can the joint score be used to estimate the
intractable score function

t(x|✓0) ⌘ r✓ log p(x|✓)
����
✓0

? (5)

The integral of the log is not the log of the integral!

Consider the squared error of a function ĝ(x) that only depends on the observable x, but is trying to
approximate a function g(x, z) that also depends on the latent variable z,

LMSE = Ep(x,z|✓)

h
(g(x, z)� ĝ(x))2

i
. (6)

The minimum-mean-squared-error prediction of ĝ(x) is given by the conditional expectation g⇤(x) =
argminĝ LMSE = Ep(z|x,✓)[g(x, z)].

Identifying g(x, z) with the joint likelihood ratio r(x, z|✓0, ✓1) and ✓ = ✓1, we define

Lr = Ep(x,z|✓1)

h
(r(x, z|✓0, ✓1)� r̂(x))2

i
, (7)

and find that this functional is minimized by r⇤(x) = argminr̂ Lr = Ep(z|x,✓1) [ r(x, z|✓0, ✓1) ] =
r(x|✓0, ✓1). Similarly, by identifying g(x, z) with the joint score t(x, z|✓0) and setting ✓ = ✓0, we
define

Lt = Ep(x,z|✓0)

h �
t(x, z|✓0)� t̂(x|✓0)

�2 i
, (8)

which is minimized by t⇤(x) = Ep(z|x,✓0) [ t(x, z|✓0) ] = t(x|✓0).

These loss functionals are immensely useful because they allow us to transform t(x, z|✓0) into t(x|✓0)
and r(x, z|✓0, ✓1) into r(x|✓0, ✓1): we are able to regress on these two intractable quantities! This is
what makes the joint score and joint likelihood ratio the gold worth mining.

4.2 Learning the likelihood ratio

Based on this observation we introduce a family of new likelihood-free inference techniques. They
fall into two categories. We first discuss a class of algorithms that uses the augmented data to learn
a surrogate model for any likelihood p(x|✓) or likelihood ratio r(x|✓0, ✓1). In Section 4.3 we will
define a second class of methods that is based on a local expansion of the model around some
reference parameter point.

The simulators we consider in this work do not only implicitly define a single density p(x), but a
family of densities p(x|✓). The parameters ✓ may potentially belong to a high-dimensional parameter
space. For inference models based on surrogate models, there are two broad strategies to model
this dependence. The first is to estimate p(x|✓) or the likelihood ratio r(x|✓0, ✓1) for specific values
of ✓ or pairs (✓0, ✓1). This may be done via a pre-defined set of ✓ values or on-demand using an
active-learning iteration. We follow a second approach, in which we train parameterized estimators
for the full model p̂(x|✓) or r̂(x|✓0, ✓1) as a function of both the observables x and the parameters
✓ [6, 45]. The training data then consists of a number of samples, each generated with different
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joint likelihood ratio conditional on a particular stochastic execution trace z. We will demonstrate
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and r(x, z|✓0, ✓1) into r(x|✓0, ✓1): we are able to regress on these two intractable quantities! This is
what makes the joint score and joint likelihood ratio the gold worth mining.

4.2 Learning the likelihood ratio

Based on this observation we introduce a family of new likelihood-free inference techniques. They
fall into two categories. We first discuss a class of algorithms that uses the augmented data to learn
a surrogate model for any likelihood p(x|✓) or likelihood ratio r(x|✓0, ✓1). In Section 4.3 we will
define a second class of methods that is based on a local expansion of the model around some
reference parameter point.

The simulators we consider in this work do not only implicitly define a single density p(x), but a
family of densities p(x|✓). The parameters ✓ may potentially belong to a high-dimensional parameter
space. For inference models based on surrogate models, there are two broad strategies to model
this dependence. The first is to estimate p(x|✓) or the likelihood ratio r(x|✓0, ✓1) for specific values
of ✓ or pairs (✓0, ✓1). This may be done via a pre-defined set of ✓ values or on-demand using an
active-learning iteration. We follow a second approach, in which we train parameterized estimators
for the full model p̂(x|✓) or r̂(x|✓0, ✓1) as a function of both the observables x and the parameters
✓ [6, 45]. The training data then consists of a number of samples, each generated with different
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it tells you how the weights of an events will be 
affected for a small change in θ near θ_0
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B. Learning the likelihood function

A first class of inference techniques in MadMiner tackles the intractability of the likelihood function
head-on: a neural network is trained to estimate the kinematic likelihood p(x|✓) or, equivalently,
the likelihood ratio

r(x|✓0, ✓1) =
p(x|✓0)

p(x|✓1)
(4)

using data available from the simulator. To be more specific, MadMiner differentiates between three
different functions that the neural network can learn:

Likelihood estimators: In this case, a neural network takes as input event data x as well as a
model parameter point ✓ and returns the estimated likelihood p̂(x|✓),

NN : (x, ✓) 7! p̂(x|✓) . (5)

Likelihood ratio estimators: Alternatively, the network can model the likelihood ratio including
its dependence on the data x and on the parameter point ✓ in the numerator of the ratio,

NN : (x, ✓) 7! r̂(x|✓) ⇡
p(x|✓)

pref(x)
. (6)

There are different options for the denominator distribution pref(x). In MadMiner we set it to
the distribution from a reference parameter point, pref(x) = p(x|✓ref). Alternatively, it could
be given by a marginal model pref(x) =

R
d✓0 p(x|✓0)p(✓0), or even be an entirely unphysical

reference distribution.

Doubly parameterized likelihood ratio estimators: The last option is to model the likelihood
ratio as a function of not only the event data x and the numerator parameter point ✓0, but
also including its dependence on the denominator model,

NN : (x, ✓0, ✓1) 7! r̂(x|✓0, ✓1) ⇡
p(x|✓0)

p(x|✓1)
. (7)

Note that in all three cases, the network is parameterized in terms of the theory parameters
✓ [39, 74]: rather than training separate networks for different points on a grid of parameter points,
one neural networks models the likelihood function for the whole parameter space. The networks
learns to interpolate in parameter space and can “borrow” statistical power from close parameter
points, leading to a significantly better sample efficiency than a point-by-point approach [67].

But how do we train a neural network to learn any of these three functions? More specifically,
which loss function can we minimize so that a neural network will converge to the right function?
There are a number of different answers, which can be grouped into two categories. First, some
methods have been developed that just use samples of events {x} generated from different para-
meter points ✓. This includes neural density estimation (NDE) techniques, for instance masked
autoregressive flows [54], in which the network learns the likelihood function. Another approach is
the Carl method [39], which trains the network to estimate the likelihood ratio.

While both NDE and Carl are implemented in MadMiner, its major feature is the support for
a new, potentially more powerful paradigm to likelihood or likelihood ratio estimation [65–67]. The
key idea is that additional information can be extracted from the Monte-Carlo simulations, and that
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this additional information can be used to train more precise estimators of likelihood or likelihood
ratio with less training data.

More specifically, for each simulated event it is possible to calculate the joint likelihood ratio

r(x, z|✓0, ✓1) ⌘
p(x, z|✓0)

p(x, z|✓1)
=

p(x|zd) p(zd|zs) p(zs|zp) p(zp|✓0)

p(x|zd) p(zd|zs) p(zs|zp) p(zp|✓1)
=

d�(zp|✓0)

d�(zp|✓1)

�(✓1)

�(✓0)
(8)

and the joint score

t(x, z|✓) ⌘ r✓ log p(x, z|✓) =
p(x|zd) p(zd|zs) p(zs|zp)r✓p(zp|✓)

p(x|zd) p(zd|zs) p(zs|zp) p(zp|✓)
=

r✓d�(zp|✓)

d�(zp|✓)
�

r✓�(✓)

�(✓)
. (9)

Here �(✓) is the total cross section as a function of the model parameters ✓, and d�(zp|✓) are the
parton-level event weights. At a hadron collider such as the LHC these can be written as

d�(zp|✓) =
(2⇡)4f1(x1, Q2)f2(x2, Q2)

8x1x2s
|M|

2(zp|✓) d�(zp) . (10)

They depend on the momentum fractions xi carried by the initial-state partons, the squared center-
of-mass energy s, the momentum transfer Q, the corresponding values of the parton density functions
fi(xi, Q2), and the Lorentz-invariant phase-space element d�(zp). Finally, zp is the entire phase-
space point of a simulated event (including the parton four-momenta, helicities, and charges), and
|M|

2(zp|✓) is the squared matrix element. Both the joint likelihood ratio and the joint score thus
depend on the parton-level momenta zp and are directly related to the squared matrix element
describing the underlying process.

The main insight of Refs. [65–67] is that the joint likelihood ratio and joint score can be used to
define loss functions that, when minimized with respect to a test function that only depends on x

and ✓, converges to the likelihood function p(x|✓) or the likelihood ratio.2
There are several variations of this idea. The main difference between them is the exact form of

the loss function used. We label them with a set of acronyms: Scandal is an improved version of
NDE techniques that uses the joint score to train likelihood estimators more efficiently; Cascal is
a similarly improved version of the Carl method; Rolr and Alice use the joint likelihood ratio to
efficiently train a likelihood ratio estimator; and finally the Rascal and Alices techniques use both
the joint likelihood ratio and the joint score, maximizing the use of information from the simulator.
In Tbl. I we provide an overview and give references to detailed explanations of all methods.

Once a neural network has been trained with one of these methods, it can calculate an estimated
value of the likelihood or likelihood ratio for any event and any parameter point. Established
statistical tools can then be used to calculate best-fit points and exclusion limits in the parameter
space. For the calculation of frequentist confidence regions, there are generally two strategies. The
first is simulating a large number of toy experiments to calculate the p-value for each parameter
point that is tested. This approach can be computationally expensive, but guarantees statistically
correct results — even if the neural network has not learned the likelihood function accurately, this
approach will not lead to too tight limits. The second strategy uses the asymptotic properties of
the likelihood ratio function [75–77] to directly translate values of the likelihood ratio into p-values.
While this method is extremely efficient, it relies on correctly trained neural networks.

2
Note that this approach is similar in spirit to the Matrix Element Method, which also uses parton-level likelihoods

and aims to estimate r(x|✓0, ✓1) by calculating approximate versions of the integral in Eq. (3). But unlike the

Matrix Element Method, our machine-learning-based approach supports realistic shower and detector simulations

and can be evaluated very efficiently.

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

θ_0, θ_1 are 2 alternative values of the theory parameter being measured (like μ = 5  vs μ = 1)

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


Under the hood: Data Augmentation and Loss Functions
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Sally Loss:

Alices Losses:

Data Augmentation:

y_true means theta0 vs theta1, not signal vs background



Morphing for Gold
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• How much more likely would this event be if the true value of 
mu was 2 instead of 1?: Matrix Element Re-Weighting 

• 5 benchmarks is enough to fit a 4-polynomial 
• From the polynomial you now have gradients for score t

Effective number of events = 1/max(event_weights)

To make training easier, an unweighting is done by 
allowing to sample with replacement

https://arxiv.org/pdf/1805.00013.pdf
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Distribution of Features Used

4 vector of 4l, 2j, dijet variables, n_jets, n_leptons, variables for visible & missing
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Permutation Importance developed for Physicists

• “Permutation Importance” I mentioned in my last talk at h4l got noticed but using it correctly can be tricky; ELI5 package 
silently ignores weights, can use wrong default metric irrelevant to particle physics 

• Now available: a pip installable PI package for particle physics (https://github.com/aghoshpub/
permutationImportancePhysics) with predefined metrics (AUC that handles negative weights, Significance of discovery) 
with a simple tutorial to get started 

• I will soon get parallelisation support for speed up (but already faster than ELI5 implementation)

https://pypi.org/project/PermutationImportancePhysics/
https://github.com/aghoshpub/permutationImportancePhysics
https://github.com/aghoshpub/permutationImportancePhysics
https://github.com/aghoshpub/permutationImportancePhysics/blob/master/Tutorial.ipynb
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Slide stolen from Johann Brehmer

One more piece: the score

 24/40

• In our case, the relevant quantity is the score                                                         . 

• The score itself is intractable. But…

t(x|✓0) ⌘ r✓ log p(x|✓)

�����
✓0

<latexit sha1_base64="QtlRdQi33eBaOvIecj1CuQuhgf4="></latexit><latexit sha1_base64="QtlRdQi33eBaOvIecj1CuQuhgf4="></latexit><latexit sha1_base64="QtlRdQi33eBaOvIecj1CuQuhgf4="></latexit><latexit sha1_base64="QtlRdQi33eBaOvIecj1CuQuhgf4="></latexit>

• Knowing derivative often helps fitting:
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Putting the pieces together: RASCAL (Ratio and score approximate likelihood ratio)

<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
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✓j
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3. Inference1. Simulation

z
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Latent

Simulator

✓
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Parameters

r̂(x|✓)
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Approximate 
likelihood 
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r(x, z|✓)
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x
Observables

Augmented data
t(x, z|✓)
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RASCAL combines three orthogonal 
pieces of information

r(x, z|✓)
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SALLY (Score approximates likelihood locally)

“The machine learning version of Optimal Observables”: 
• Simpler & more robust than RASCAL 

• Just as powerful close to        , but can lead to suboptimal limits further away✓ref
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Approximate 
local score
t̂(x|✓ref)
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2. Machine Learning

Augmented data
z
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Latent

Simulator

1. Simulation
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Parameter
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4. Inference
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3. Density estimation
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in score space

p(t̂(x)|✓)
<latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="BkGKrqRU1k+iBhkkBx5IWmak3VA="></latexit><latexit sha1_base64="3uFgvcn1NCW0upJZBQdbQgVE6e4="></latexit><latexit sha1_base64="3uFgvcn1NCW0upJZBQdbQgVE6e4="></latexit><latexit sha1_base64="oFkNXKB1nMUGklL/Nf0cy9o5urU="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit><latexit sha1_base64="8g1l5X3qlfZif4rPaD0krBbGNxA="></latexit>



40

Slide stolen from Johann Brehmer

There’s more…
• Many variations 

• Performance gains with cross-entropy-based loss 
[M. Stoye, JB, K. Cranmer, G. Louppe, J. Pavez 1808.00973] 

• Combine with state-of-the-art neural density estimators, 
e.g. Masked Autoregressive Flows 
[G. Papamakarios, T. Pavlakou, I. Murray 1705.07057]
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• Applications beyond particle physics

• Don’t fully trust the simulator? 
• Nuisance parameters to model systematic uncertainties 

• Learn robustness with adversarial training 
[G. Louppe, M. Kagan, K. Cranmer 1611.01046] 

• Don’t blindly trust the neural network? 
• Many diagnostic cross checks   

• Calibration / Neyman construction: badly trained network 
can lead to suboptimal limits, but not to wrong limits
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• The probabilities of each branching                              are 
often clearly defined in the code: 
 
if random() > 0.1 + 2.5 * model_parameter:  
    do_one_thing()  
else:  
    do_another_thing()
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<latexit sha1_base64="wag2c3iFlpvVVPF86ZzHDbC5DFs="></latexit><latexit sha1_base64="ZINqtOafcJb2apuA/SK6Mt9LmYQ="></latexit><latexit sha1_base64="ZINqtOafcJb2apuA/SK6Mt9LmYQ="></latexit><latexit sha1_base64="vANBT/swjCUgEi/LLGmbKl+KeQc="></latexit>

Initial state

Final states
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Extracting the joint likelihood ratio from any simulation

• For each run of the simulator, we can calculate the 
probability of the chosen path for different values 
of the parameters, and the “joint likelihood ratio”:

r(x, z|✓0, ✓1) =
p(x, z|✓0)
p(x, z|✓1)

=
Y

i
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p(zi|zi�1, ✓1)
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• Computer simulation typically evolve along a tree-like 
structure of successive random branchings
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Variational calculus
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Limit setting (frequentist)

 53/40
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Parameter space to constrain
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Asymptotic properties 
of likelihood ratio
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https://arxiv.org/pdf/1805.00013.pdf

26

x

log r̂

ŝ
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Figure 8: Schematic neural network architectures for point-by-point (top), agnostic parameterized
(middle), and morphing-aware parameterized (bottom) estimators. Solid lines denote dependencies

with learnable weights, dashed lines show fixed functional dependencies.

https://arxiv.org/pdf/1805.00020.pdf

https://arxiv.org/pdf/1805.00013.pdf
https://arxiv.org/pdf/1805.00020.pdf
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Limits from Histograms

Could do better with pyhf
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Decision Tree like categoriser to optimise  
instead of gini

Interference Significance

Aishik Ghosh, David Rousseau

June 2019

1
X

categories

Z0
2 (1)

1

5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:

q0 =

(
�2 ln

L(0)
L(µ̂) µ̂ � 0

0 µ̂ < 0
(25)

Plugging in Eq. 17 and using Eq. 13

q0 = �2 ln

"
N

N

N ! e
�N

BN

N ! e
�B

#�1

(26)

taking µ = 1

Z0 =

p
(q0) =

vuut
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(S + I +B) ln
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:

Z0 =

vuut
2

"
(SV I +B2) ln

✓
1 +

SV I � V

V +B2

◆
� (SV I � V )

#
(28)

which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?

4
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NN to categorise with batch level loss:
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5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:

q0 =

(
�2 ln

L(0)
L(µ̂) µ̂ � 0

0 µ̂ < 0
(25)

Plugging in Eq. 17 and using Eq. 13

q0 = �2 ln

"
N

N

N ! e
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(26)

taking µ = 1

Z0 =

p
(q0) =

vuut
2

 
(S + I +B) ln
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(27)

It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:

Z0 =

vuut
2

"
(SV I +B2) ln

✓
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V +B2
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(28)

which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?

4

Not trying to 
predict class 

labels Y

Simultaneous fit on all categories for Likelihood
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5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:

q0 =

(
�2 ln

L(0)
L(µ̂) µ̂ � 0

0 µ̂ < 0
(25)

Plugging in Eq. 17 and using Eq. 13

q0 = �2 ln

"
N

N

N ! e
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�B

#�1
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taking µ = 1

Z0 =

p
(q0) =

vuut
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(S + I +B) ln
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:

Z0 =

vuut
2

"
(SV I +B2) ln

✓
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(28)

which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?

4

Not trying to 
predict class 

labels Y

Simultaneous fit on all categories for Likelihood
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Noam Tal Hod ?
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S vs SVI + B2 

or 
SVI + B2 vs V + B2 …

5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:

q0 =

(
�2 ln

L(0)
L(µ̂) µ̂ � 0

0 µ̂ < 0
(25)

Plugging in Eq. 17 and using Eq. 13

q0 = �2 ln

"
N

N

N ! e
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BN
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(26)

taking µ = 1

Z0 =

p
(q0) =
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(S + I +B) ln
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:

Z0 =

vuut
2

"
(SV I +B2) ln

✓
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(28)

which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?

4

Not trying to 
predict class 

labels Y

Simultaneous fit on all categories for Likelihood

https://arxiv.org/pdf/1707.06025.pdf
https://cds.cern.ch/record/1490578/files/CERN-THESIS-2012-155.pdf?version=1
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Simple classifier(s) on : 
S vs SVI + B2 

or 
SVI + B2 vs V + B2 …

How does one �nd ?

Minimizing functionals is exactly what machine learning does. In our case,

 are neural networks (or the parameters thereof);

 is the loss function;

minimization is carried out using stochastic gradient descent from the data

extracted from the simulator.

r∗

r (x∣θ  , θ  ) = arg  L  [ ]∗
0 1

r̂
min r r̂

r̂

L  r

Likelihood-free inference: Brehmer, Cranmer, Louppe, Pavez 

5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:

q0 =

(
�2 ln

L(0)
L(µ̂) µ̂ � 0

0 µ̂ < 0
(25)

Plugging in Eq. 17 and using Eq. 13
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taking µ = 1
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:
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vuut
2

"
(SV I +B2) ln

✓
1 +

SV I � V

V +B2

◆
� (SV I � V )

#
(28)

which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?
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which can in turn be used to build the following likelihood, where
the expectation for each bin is taken from the simulated sample
GMC:

L(D; ✓, �) =

mY

i=0

Pois
⇣
ti(D; �) |

⇣n
l

⌘
ti(GMC; �)

⌘
(5)

where the n/l factor accounts for the different number of ob-
servations in the simulated samples. In cases where the number
of observations is itself a random variable providing informa-
tion about the parameters of interest, or where the simulated
observation are weighted, the choice of normalisation of L may
be slightly more involved and problem specific, but nevertheless
amenable.

In the above construction, the chosen family of summary
statistics is non-differentiable due to the argmax operator, so
gradient-based updates for the parameters cannot be computed.
To work around this problem, a differentiable approximation
t̂(D; �) is considered. This function is defined by means of a
softmax operator:

t̂i(D; �) =

X

x2D

efi(x;�)/⌧
Pm

j=0 e
fj(x;�)/⌧

(6)

where the temperature hyper-parameter ⌧ will regulate the soft-
ness of the operator. In the limit of ⌧ ! 0+, the probability
of the largest component will tend to 1 while others to 0, and
therefore t̂(D; �) ! t(D; �). Similarly, let us denote by L̂(D; ✓, �)
the differentiable approximation of the non-parametric likelihood
obtained by substituting t(D; �) with t̂(D; �). Instead of using
the observed data D, the value of L̂ may be computed when the
observation for each bin is equal to its corresponding expectation
based on the simulated sample GMC, which is commonly denoted
as the Asimov likelihood [11] L̂A:

L̂A(✓; �) =

mY
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for which it can be easily proven that argmax✓(L̂A(✓; �)) = ✓MC,
so the maximum likelihood estimator (MLE) for the Asimov likeli-
hood is the parameter vector ✓MC used to generate the simulated
dataset GMC. In Bayesian terms, if the prior over the parameters
is flat in the chosen metric, then ✓MC is also the maximum a
posteriori (MAP) estimator. By taking the negative logarithm and
expanding in ✓ around ✓MC, we can obtain the Fisher information
matrix [12] for the Asimov likelihood:

I(✓)ij = E
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@✓i@✓j

�
� log L̂A(✓; �)

��
(8)

which can be computed via automatic differentiation if the sim-
ulation function, which we denote here and below as g(✓MC),
is differentiable or if the effect of varying ✓ over the simulated
dataset GMC can be effectively approximated. While this require-
ment does constrain the applicability of the proposed technique
to a subset of likelihood-free inference problems, it is quite com-
mon for e.g. physical sciences that the effect of the parameters of
interest and the main nuisance parameters over a sample can be
approximated by the changes of mixture coefficients of mixture
models, translations of a subset of features, or conditional density
ratio re-weighting.

If ✓̂ is an unbiased estimator of the values of ✓, the covariance
matrix fulfils the Cramér–Rao lower bound [13,14]:

cov✓(✓̂) � I(✓)�1 (9)

and the inverse of the Fisher information can be used as an
approximate estimator of the expected variance, given that the
bound would become an equality in the asymptotic limit for MLE.
If some of the parameters ✓ are constrained by c independent
measurements characterised by their likelihoods {L0

C (✓), . . . ,
Lc

C (✓)}, those constraints can also be easily included in the covari-
ance estimation, simply by considering the augmented likelihood
L̂0

A instead of L̂A in Eq. (8):

L̂0

A(✓; �) = L̂A(✓; �)
cY

i=0

Li
C (✓). (10)

In Bayesian terminology, this approach is referred to as the
Laplace approximation [15] where the logarithm of the joint
density (including the priors) is expanded around the MAP to a
multi-dimensional normal approximation of the posterior den-
sity:

p(✓|D) ⇡ Normal(✓; ✓̂, I(✓̂)�1) (11)

which has already been approached by automatic differentiation
in probabilistic programming frameworks [16]. While a histogram
has been used to construct a Poisson count sample likelihood,
non-parametric density estimation techniques can be used in its
place to construct a product of observation likelihoods based
on the neural network output h(x; �) instead. For example, an
extension of this technique to use kernel density estimation (KDE)
should be straightforward, given its intrinsic differentiability.

The loss function used for stochastic optimisation of the neural
network parameters � can be any function of the inverse of
the Fisher information matrix at ✓MC, depending on the ultimate
inference aim. The diagonal elements I�1

ii (✓MC) correspond to the
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5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:

q0 =
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Plugging in Eq. 17 and using Eq. 13
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:
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which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?
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which can in turn be used to build the following likelihood, where
the expectation for each bin is taken from the simulated sample
GMC:

L(D; ✓, �) =
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where the n/l factor accounts for the different number of ob-
servations in the simulated samples. In cases where the number
of observations is itself a random variable providing informa-
tion about the parameters of interest, or where the simulated
observation are weighted, the choice of normalisation of L may
be slightly more involved and problem specific, but nevertheless
amenable.

In the above construction, the chosen family of summary
statistics is non-differentiable due to the argmax operator, so
gradient-based updates for the parameters cannot be computed.
To work around this problem, a differentiable approximation
t̂(D; �) is considered. This function is defined by means of a
softmax operator:

t̂i(D; �) =
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x2D

efi(x;�)/⌧
Pm

j=0 e
fj(x;�)/⌧

(6)

where the temperature hyper-parameter ⌧ will regulate the soft-
ness of the operator. In the limit of ⌧ ! 0+, the probability
of the largest component will tend to 1 while others to 0, and
therefore t̂(D; �) ! t(D; �). Similarly, let us denote by L̂(D; ✓, �)
the differentiable approximation of the non-parametric likelihood
obtained by substituting t(D; �) with t̂(D; �). Instead of using
the observed data D, the value of L̂ may be computed when the
observation for each bin is equal to its corresponding expectation
based on the simulated sample GMC, which is commonly denoted
as the Asimov likelihood [11] L̂A:
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for which it can be easily proven that argmax✓(L̂A(✓; �)) = ✓MC,
so the maximum likelihood estimator (MLE) for the Asimov likeli-
hood is the parameter vector ✓MC used to generate the simulated
dataset GMC. In Bayesian terms, if the prior over the parameters
is flat in the chosen metric, then ✓MC is also the maximum a
posteriori (MAP) estimator. By taking the negative logarithm and
expanding in ✓ around ✓MC, we can obtain the Fisher information
matrix [12] for the Asimov likelihood:

I(✓)ij = E
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which can be computed via automatic differentiation if the sim-
ulation function, which we denote here and below as g(✓MC),
is differentiable or if the effect of varying ✓ over the simulated
dataset GMC can be effectively approximated. While this require-
ment does constrain the applicability of the proposed technique
to a subset of likelihood-free inference problems, it is quite com-
mon for e.g. physical sciences that the effect of the parameters of
interest and the main nuisance parameters over a sample can be
approximated by the changes of mixture coefficients of mixture
models, translations of a subset of features, or conditional density
ratio re-weighting.

If ✓̂ is an unbiased estimator of the values of ✓, the covariance
matrix fulfils the Cramér–Rao lower bound [13,14]:

cov✓(✓̂) � I(✓)�1 (9)

and the inverse of the Fisher information can be used as an
approximate estimator of the expected variance, given that the
bound would become an equality in the asymptotic limit for MLE.
If some of the parameters ✓ are constrained by c independent
measurements characterised by their likelihoods {L0

C (✓), . . . ,
Lc

C (✓)}, those constraints can also be easily included in the covari-
ance estimation, simply by considering the augmented likelihood
L̂0

A instead of L̂A in Eq. (8):
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A(✓; �) = L̂A(✓; �)
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In Bayesian terminology, this approach is referred to as the
Laplace approximation [15] where the logarithm of the joint
density (including the priors) is expanded around the MAP to a
multi-dimensional normal approximation of the posterior den-
sity:

p(✓|D) ⇡ Normal(✓; ✓̂, I(✓̂)�1) (11)

which has already been approached by automatic differentiation
in probabilistic programming frameworks [16]. While a histogram
has been used to construct a Poisson count sample likelihood,
non-parametric density estimation techniques can be used in its
place to construct a product of observation likelihoods based
on the neural network output h(x; �) instead. For example, an
extension of this technique to use kernel density estimation (KDE)
should be straightforward, given its intrinsic differentiability.

The loss function used for stochastic optimisation of the neural
network parameters � can be any function of the inverse of
the Fisher information matrix at ✓MC, depending on the ultimate
inference aim. The diagonal elements I�1

ii (✓MC) correspond to the
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not easy to implement in ATLAS (‘mining 

gold’ from simulator)

5 AMS Asimov Formula for Interference

Following Glen et al. paper, despite some tricky assumptions, it looks like the deviation might mostly work

for us as well. Although we expect Nexp < B due to interference, the condition µ > 0 is still true.

Not sure about the validity of the ”result due to Wald” used to get Eq. 17 in Glen’s paper, which is

essential for the derivation to work.

If these assumptions are valid, then we get exactly the same results all the way till the counting experiment

with known b example in Glen’s paper (Section 5.1.1). Even though the paper states ”µS+B” several times,

the actual derivation either uses a term such as vi = µ
0
si + bi or uses a generic L likelihood which we could

generalise for our case. Arriving at Eq. 95 of the paper:
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It looks like the standard AMS Asimov formula with S ! (S + I)

Finally, we again use Eq. 14 and Eq. 16 to get a practically usable version of the formula:
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which looks like the AMS Asimov formula with S ! (SV I � V ), B ! (V +B2).

Strikingly, the Signal dataset (”S”) completely falls out of the formula, making the optimisation independent

of the Signal-only MC dataset. There is no derivative with respect to µ to create a di↵erence between the

way in which S and I contribute to Z0, unlike in the case of Eq. 24.

There must be some mistake in the assumptions.

6 Questions

1. How can we get more correct formula for measurement in the classical case, considering the AMS Asimov

is discovery significance, not for measurement. (David Delgov’s suggestion to look at the tµ statistic and try

to derive something.

2. How can we derive a more correct formula for Significance with interference (measurement or discov-

ery)? Can we still set upper limits with the same formula as discovery?
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Figure 13: Performance of the techniques as a function of the training sample size. As a metric, we
show the mean squared error (left) and trimmed mean squared error on log r(r|✓0, ✓1) weighted with
a Gaussian prior, as discussed in the text. Note that we do not vary the size of the calibration data
samples. The number of epochs are increased such that the number of epochs times the training
sample size is constant, all other hyperparameters are kept constant. The Sally method works
well even with very little data, but plateaus eventually due to the limitations of the local model

approximation. The other algorithms learn faster the more information from the simulator is used.

Algorithm Evaluation time [µs]

per xe per xe and ✓0

Histogram 0.2
Carl 19.7
Sally 25.4 0.1
Rolr 19.7
Cascal 25.1
Rascal 21.7

Table V: Computation times of evaluating r̂(x|✓0, ✓1) in the different algorithms. We distinguish
between steps that have to be calculated once per x and and those which have to be repeated for

every evaluated value of ✓0. These numbers are from one run of our algorithms with default
settings on the NYU HPC cluster on machines equipped with Intel Xeon E5-2690v4 2.6GHz CPUs
and NVIDIA P40 GPUs with 24 GB RAM, using a batch of 50 000 events {xe}, and taking the
mean over 1 017 values of ✓0. The local score regression method and the traditional histogram

method are particularly fast. But all techniques are many orders of magnitude faster to evaluate
than the matrix element method or optimal observables.
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Learning curves

14
LightGBM outperform XGBoost for big datasets

Each point: mean of ten tries

Significance with Interference

• NN trained on VBF dataset: iZ: 0.030, itreshold: 0.895

• NN trained on VBF_s dataset: iZ: 0.155, itreshold: 0.842

• LightGBM trained on VBF dataset: iZ: 0.021, itreshold: 0.895

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

iZ = S + SBI − B
2∗ SBI + B_gg_qq

Significance with interference:

20

S: VBF_s, SBI:VBF
B: VBS, B_gg_qq alias B2: gg+qq

2 Dimensions: iZ 0.220

2 Dimensions: iZ 0.182

Ainsi que l’erreur qui lui est associée :
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Afin d’utiliser cette nouvelle métrique, les algorithmes devront arriver à déterminer l’origine de
chaque événement et cela même si une catégorie de données ne leur a pas été communiquée.

6.2 Combinaisons d’apprentissages

En se basant sur les résultats de la Figure 17, c’est donc en entrâınant les algorithmes sur le lot
de données VBF s que l’on obtient les meilleurs résultats. E↵ectivement, le maximum obtenu pour
VBF est d’environ 0.03 tandis qu’il est de 0.13 pour VBF s ce qui correspond à un facteur 4.

Figure 17 – iSignificance pour VBF (gauche) et VBF s (droite)

On peut voir sur la Figure 18 que l’on obtient alors de meilleurs résultats en combinant les
apprentissages sur les deux di↵érents lots de données. Soit une significance avec interférences de
0.179 avec combinaison pour LightGBM comparé à 0.035 pour VBF et 0.142 pour VBF s et une
significance avec interférences de 0.169 avec combinaison pour le réseau de neurones comparé à
0.032 pour VBF et 0.118 pour VBF s. Les deux lots de données contiennent donc des informations
di↵érentes dont certaines qui sont utiles pour cette séparation.

Figure 18 – Combinaison d’apprentissages pour LightGBM et le réseau de neurones
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We also tried: 
• Train 4 classifiers, multi-class classifiers, multi-label classifiers with 

4 thresholds: Some improvement but much more complex 
• “SM vs SM_without_Higgs”: Slightly better than approach 2 
• Remove 2 jet cut: much more statistics, similar final results 
• Tried directly optimising for iZ with a custom designed DT, NN with 

some success, but optimal only for neighbourhood of mu=1 

Talked to others in ATLAS who have dealt with interference but not 
perfect solution for our case: 
• ATLAS A->tt analysis, and Noam Tal Hod thesis for 

reparameterisation 
• ATLAS Interference in top

Significance with Interference

• NN trained on VBF dataset: iZ: 0.030, itreshold: 0.895

• NN trained on VBF_s dataset: iZ: 0.155, itreshold: 0.842

• LightGBM trained on VBF dataset: iZ: 0.021, itreshold: 0.895

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

iZ = S + SBI − B
2∗ SBI + B_gg_qq

Significance with interference:

20

S: VBF_s, SBI:VBF
B: VBS, B_gg_qq alias B2: gg+qq

2 Dimensions: iZ 0.220

2 Dimensions: iZ 0.182

Thanks to Jeremy Couthures

Combine approach 1 and 2: Slight gain in iZ but tendency to cut too hard if we 
have fine binning =>  low statistics 

Finds region with negative weighted qqZZ unless we set iZ = 0 for such regions

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

ATLAS Work In Progress

ATLAS Work In Progress
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Thanks to Jeremy Couthures

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

Significance with Interference

25

Color: number of events

For 20 bins: For 50 bins:
Higher value might be due to a lack of statisctics

Max iZ:0.220

Max iZ:0.182 Max iZ:0.232
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ATLAS Work In Progress

ATLAS Work In Progress

ATLAS Work In Progress
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single bin fit

VBF nll Curve

ATLAS Work In Progress



Previous Efforts in ATLAS for Interference
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/TOPQ-2017-05/

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

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


