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Finally here ! 

Linear  
regression Transformers 

Graphs, etc . . . . 

Range of ML Algorithms 
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So far we had 

High-Level / Analytical features

• Best to use MLP

• Lightweight and faster

• Typically uses engineered features

• Miss out local structures / patterns

• Might not give best of the performance
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Images

• Data from calorimeters / 
telescopes

• Best to use CNNs

• Translational invariance

• Information contained is  ~ 2D

• Image in HEP are very sparse
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A Collision event at LHC
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A Collision event at LHC
• High granularity particle tracks;  Sparse detector images 

• How do we tackle this data structure ?

• Feed it to CNN ?

• How about encoding momentum ?

• We will loose granularity of tracks

• Detector images mostly contain 0s

• May be a MLP ?

• Flatten all particle momentum, 
feed it as input ?

• Which particles goes first ? Why ?

• Huge number of parameters for first layer
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Point clouds
• Describes 3D objects and used in tasks such as self-driving w/ LIDAR

11arXiv:1801.07829 [1] [2]

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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Particle Cloud

12[1] [2][2]

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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Particle Cloud

13[1] [2]

• particles are intrinsically unordered 

• primary information:
• 2D coordinates in the η-φ space 

• Also additional “features”:
• energy/momenta
• charge/particle type
• track quality/ 

impact parameters/etc.

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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Beyond MLP and CNN: Graphs

• Input has a inherent structure

• Trajectory of particles

• Inherent symmetry in data

• Etc . . .
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• Example: Molecular structure

• Used in classification 

• Drug Molecule Generation

• Etc . . .
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Beyond MLP and CNN: Graphs

• Input has a inherent structure
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• Example: Molecular structure

• Used in classification 

• Drug Molecule Generation

• Etc . . .

We will not go into much details about Graph Neural Networks
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Permutation Invariance
• Lets say our input is set of particles (points) from decay 

• Each Input, 

• Where ,  particle type (PID), 
                           Other features ( ) }

• Input Structure:   

𝕏 = (X1, X2, . . . . . , Xn)T

Xi = {Pμ
d0, dz

Njets × (Nparticles × Nfeatures)

16[2]
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𝕏 =

X1
X2
⋮
Xn

P𝕏 =

X5
Xn−1

⋮
X1

OutputOR 𝕐

Neural Network
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𝕏 =

X1
X2
⋮
Xn

P𝕏 =

X5
Xn−1

⋮
X1

Same 
OutputOR 𝕐

Neural Network
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Permutation Invariance
• Lets say our input is set of particles (points) from decay 

• Each Input, 

• Where ,  particle type (PID), 
                           Other features ( ) }

• We need NN:         

• MLPs need ordering and are out of question

𝕏 = (X1, X2, . . . . . , Xn)T

Xi = {Pμ
d0, dz

f | f(P𝕏) = f(𝕏)

20
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Yes!  
We can use DeepSets !
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DeepSet Theorem
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Patrick Komiske – Energy Flow Networks

Deep Sets

Namespace for symmetric function parametrization

A general permutation-symmetric function is additive in a latent space

 12

Deep Sets Theorem [63]. Let X ⊂ Rd be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(xπ(1), . . . , xπ(M)) for all xi ∈ X and π ∈ SM . Then there exists a sufficiently large integer

" and continuous functions Φ : X → R", F : R"
→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]
Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services

f({x1, . . . , xM}) = F

(

M
∑

i=1

Φ(xi)

)

<latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit>

[2]

https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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Patrick Komiske – Energy Flow Networks

Permutation 
invariance

Deep Sets

Namespace for symmetric function parametrization

A general permutation-symmetric function is additive in a latent space

 12

Feature space
Variable length

Latent space

Deep Sets Theorem [63]. Let X ⊂ Rd be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(xπ(1), . . . , xπ(M)) for all xi ∈ X and π ∈ SM . Then there exists a sufficiently large integer

" and continuous functions Φ : X → R", F : R"
→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]
Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services

General parametrization for a function of sets

f({x1, . . . , xM}) = F

(

M
∑

i=1

Φ(xi)

)
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Patrick Komiske – Energy Flow Networks

Permutation 
invariance

Deep Sets

Namespace for symmetric function parametrization

A general permutation-symmetric function is additive in a latent space
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Feature space
Variable length

Latent space

Deep Sets Theorem [63]. Let X ⊂ Rd be compact, X ⊂ 2X be the space of sets with bounded

cardinality of elements in X, and Y ⊂ R be a bounded interval. Consider a continuous

function f : X → Y that is invariant under permutations of its inputs, i.e. f(x1, . . . , xM ) =

f(xπ(1), . . . , xπ(M)) for all xi ∈ X and π ∈ SM . Then there exists a sufficiently large integer

" and continuous functions Φ : X → R", F : R"
→ Y such that the following holds to an

arbitrarily good approximation:1

[1703.06114]
Deep Sets

Manzil Zaheer1,2, Satwik Kottur1, Siamak Ravanbhakhsh1,
Barnabás Póczos1, Ruslan Salakhutdinov1, Alexander J Smola1,2

1 Carnegie Mellon University 2 Amazon Web Services

General parametrization for a function of sets

f({x1, . . . , xM}) = F

(

M
∑

i=1

Φ(xi)

)

<latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit><latexit sha1_base64="8fL7/MFeRB6Xl5HpAYCLzi0nAeQ=">AAADiXicbZJda9swFIbVeB9duq1pd7kbszBIIAQraZN0UCgrjN0UMljaQpQZWZYdUfkDSV4TjH/Lfs1ut+v9m8mK1xJnB4wO5zyS3/dwvJQzqRznz17DevL02fP9F82Dl69eH7aOjq9lkglCZyTh ibj1sKScxXSmmOL0NhUURx6nN97dZdm/+U6FZEn8Va1TuohwGLOAEax0yW2dBR2Ur1zYQ9xPlOyt3CtUdM8/IU4D1UEyi9ycncPi2xWaLlln5bIuEixcqq7bajt9x4S9m8AqaYMqpu5RY4L8hGQRjRXhWMo5dFK1yLFQjHBaNFEmaYrJHQ5pvjLWCvu9rvl2kAj9xco2 1S0QR1KuI0+TEVZLWe+Vxf/15pkKJoucxWmmaEw2PwoybqvELudk+0xQovhaJ5gIpiXaZIkFJkpPs9lEPg30yI2ePM1Eqg3kIvSK3Omfjkc9PQk4hOVxOj4ptvFE4Dh8xCfOxHCOwQcjWMMF9R/Y0fDMPD0YGNapPx0KvH6Ah2OnpB4PDcf0niRRhGM/R5XsOVzkSNGV 2jbThkWNr3TX+H9udvlSeA02XnZJI7uGbqwYtql3DdY3aze5HvShzr+ctC8+Vlu3D96Cd6ADIBiDC/AZTMEMEPAD/AS/wG/rwILWxPqwQRt71Z03YCusy78HxB+y</latexit>

OMG this is just  

too abstract !                   

What this all mean here?            
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• Physics given function    ; takes in particles set & outputs the class of the jet

• We have no idea how to describe this function analytically!

f

28

f({X1, X2, . . . , Xn})
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

f

ϕ
Nparticles × Nfeatures ⟶ Nparticles × Nembeddings
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

• :  The Latent of all the particles are summed over 

f

ϕ

∑

Nparticles × Nfeatures ⟶ Nparticles × Nembeddings

Nparticles × Nembeddings ⟶ Nembeddings
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

• :  The Latent of all the particles are summed over 

•  :  Acts on aggregated latent space to reproduce 

f

ϕ

∑

F f

Nparticles × Nfeatures ⟶ Nparticles × Nembeddings

Nparticles × Nembeddings ⟶ Nembeddings

Nembeddings ⟶ Nclasses
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

• :  The Latent of all the particles are summed over 

•  :  Acts on aggregated latent space to reproduce 

f

ϕ

∑

F f

Nparticles × Nfeatures ⟶ Nparticles × Nembeddings

Nparticles × Nembeddings ⟶ Nembeddings

Nembeddings ⟶ Nclasses

Patrick Komiske – Energy Flow Networks

Deep Sets for Particle Jets
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..
.

..
.

..
.

Particles Observable

Per-Particle Representation Event Representation

Φ

Φ

Φ

F

Energy/Particle Flow Network

Latent Space

[PTK, Metodiev, Thaler, 1810.05165]

PFN({pµ
1
, . . . , p

µ
M}) = F

(

M
∑

i=1

Φ(pµi )

)

<latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g=">AAACOHicbVBNSyQxFEyru7qzH4563EvjIMyASLcIehFEQbwoIzgqTMYmnXk9E0y6Q/JaHJr+V578G3taT4LCsld/gelxDn4VBCpV9UhexVoKi0Hw15uanvnydXbuW+37j5+/5usLi6c2yw2HDs9k Zs5jZkGKFDooUMK5NsBULOEsvtyr/LMrMFZk6QmONPQUG6QiEZyhk6L6EUW4xqK9f1Q2aaGj8IKqfJXKfoZ2VUeH1ZWWre19KiHBJrW5igqxHZYXh7Q9FE0diSrSokYMhtiK6o1gLRjD/0jCCWmQCdpR/Q/tZzxXkCKXzNpuGGjsFcyg4BLKGs0taMYv2QC6jqZMge0V471Lf8UpfT/JjDsp+mP19UTBlLUjFbukYji0771K/Mzr5phs9QqR6hwh5S8PJbn0MfOrEv2+MMBRjhxh3Aj3V58PmWEcXdW1mmshfL/zR3K6vhY6frzR2Nmd9DFHfpNl0iQh2SQ75IC0SYdwckPuyAN59G69e++f9/8lOuVNZpbIG3hPz1JZrHQ=</latexit><latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g=">AAACOHicbVBNSyQxFEyru7qzH4563EvjIMyASLcIehFEQbwoIzgqTMYmnXk9E0y6Q/JaHJr+V578G3taT4LCsld/gelxDn4VBCpV9UhexVoKi0Hw15uanvnydXbuW+37j5+/5usLi6c2yw2HDs9k Zs5jZkGKFDooUMK5NsBULOEsvtyr/LMrMFZk6QmONPQUG6QiEZyhk6L6EUW4xqK9f1Q2aaGj8IKqfJXKfoZ2VUeH1ZWWre19KiHBJrW5igqxHZYXh7Q9FE0diSrSokYMhtiK6o1gLRjD/0jCCWmQCdpR/Q/tZzxXkCKXzNpuGGjsFcyg4BLKGs0taMYv2QC6jqZMge0V471Lf8UpfT/JjDsp+mP19UTBlLUjFbukYji0771K/Mzr5phs9QqR6hwh5S8PJbn0MfOrEv2+MMBRjhxh3Aj3V58PmWEcXdW1mmshfL/zR3K6vhY6frzR2Nmd9DFHfpNl0iQh2SQ75IC0SYdwckPuyAN59G69e++f9/8lOuVNZpbIG3hPz1JZrHQ=</latexit><latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g=">AAACOHicbVBNSyQxFEyru7qzH4563EvjIMyASLcIehFEQbwoIzgqTMYmnXk9E0y6Q/JaHJr+V578G3taT4LCsld/gelxDn4VBCpV9UhexVoKi0Hw15uanvnydXbuW+37j5+/5usLi6c2yw2HDs9k Zs5jZkGKFDooUMK5NsBULOEsvtyr/LMrMFZk6QmONPQUG6QiEZyhk6L6EUW4xqK9f1Q2aaGj8IKqfJXKfoZ2VUeH1ZWWre19KiHBJrW5igqxHZYXh7Q9FE0diSrSokYMhtiK6o1gLRjD/0jCCWmQCdpR/Q/tZzxXkCKXzNpuGGjsFcyg4BLKGs0taMYv2QC6jqZMge0V471Lf8UpfT/JjDsp+mP19UTBlLUjFbukYji0771K/Mzr5phs9QqR6hwh5S8PJbn0MfOrEv2+MMBRjhxh3Aj3V58PmWEcXdW1mmshfL/zR3K6vhY6frzR2Nmd9DFHfpNl0iQh2SQ75IC0SYdwckPuyAN59G69e++f9/8lOuVNZpbIG3hPz1JZrHQ=</latexit><latexit sha1_base64="Kua53ui7qVWE3vwgGC14+hatJ/g=">AAACOHicbVBNSyQxFEyru7qzH4563EvjIMyASLcIehFEQbwoIzgqTMYmnXk9E0y6Q/JaHJr+V578G3taT4LCsld/gelxDn4VBCpV9UhexVoKi0Hw15uanvnydXbuW+37j5+/5usLi6c2yw2HDs9k Zs5jZkGKFDooUMK5NsBULOEsvtyr/LMrMFZk6QmONPQUG6QiEZyhk6L6EUW4xqK9f1Q2aaGj8IKqfJXKfoZ2VUeH1ZWWre19KiHBJrW5igqxHZYXh7Q9FE0diSrSokYMhtiK6o1gLRjD/0jCCWmQCdpR/Q/tZzxXkCKXzNpuGGjsFcyg4BLKGs0taMYv2QC6jqZMge0V471Lf8UpfT/JjDsp+mP19UTBlLUjFbukYji0771K/Mzr5phs9QqR6hwh5S8PJbn0MfOrEv2+MMBRjhxh3Aj3V58PmWEcXdW1mmshfL/zR3K6vhY6frzR2Nmd9DFHfpNl0iQh2SQ75IC0SYdwckPuyAN59G69e++f9/8lOuVNZpbIG3hPz1JZrHQ=</latexit>

Particle Flow Network (PFN)

Fully general latent space

EFN({pµ
1
, . . . , p

µ
M}) = F

(

M
∑

i=1

ziΦ(p̂i)

)

<latexit sha1_base64="LJYIOSy+p3EJ0LfNjUDkHZjl3q4=">AAADBXicbZFPb9MwGMbd8G+Efx0cuURUSK1UVfHY1l4mTSAmLkNFotukuoscx2mtOYllO7Bi+Yz4MNwQV+58A74FVzjhpAGpHa8U5cn7/pzXep5YcKZ0GP5oedeu37h5a+u2f+fuvfsP2tsPT1RR SkInpOCFPIuxopzldKKZ5vRMSIqzmNPT+OJFNT99R6ViRf5WLwWdZXies5QRrF0raidI00ttXh69tl1kRATPUVb2EU8KrfoiOq4+ke0dHCFOU91Fqswiww6gPT9GhcT5nJoPEbNovGBdJEopODVogXUgXLeHJJsvdC9qd8JBWFdwVcBGdEBT42i79QklBSkzmmvCsVJTGAo9M1hqRji1PioVFZhcYLf/snbBBk9dLwnSQron10HdXQNxptQyix2ZYb1Qm7Oq+b/ZtNTpaGZYLkpNc7JalJY80EVQWRokTFKi+dIJTCRzVwzIAktMtDPe91FCU5dOfR+zssgaOY+tCQd7w/2+cwI+g9Vrb7hr1/GVxf/wUTiqubDGd/ahw3P6nhRZhvPENAHYKZyZ Otf1nR1oN/jm9xv836U177vw4GZUV8XJzgA6/Wa3c/i8iXELPAZPQBdAMASH4BUYgwkg4Dv4CX6B395H77P3xfu6Qr1Wc+YRWCvv2x94rvYV</latexit><latexit sha1_base64="LJYIOSy+p3EJ0LfNjUDkHZjl3q4=">AAADBXicbZFPb9MwGMbd8G+Efx0cuURUSK1UVfHY1l4mTSAmLkNFotukuoscx2mtOYllO7Bi+Yz4MNwQV+58A74FVzjhpAGpHa8U5cn7/pzXep5YcKZ0GP5oedeu37h5a+u2f+fuvfsP2tsPT1RR SkInpOCFPIuxopzldKKZ5vRMSIqzmNPT+OJFNT99R6ViRf5WLwWdZXies5QRrF0raidI00ttXh69tl1kRATPUVb2EU8KrfoiOq4+ke0dHCFOU91Fqswiww6gPT9GhcT5nJoPEbNovGBdJEopODVogXUgXLeHJJsvdC9qd8JBWFdwVcBGdEBT42i79QklBSkzmmvCsVJTGAo9M1hqRji1PioVFZhcYLf/snbBBk9dLwnSQron10HdXQNxptQyix2ZYb1Qm7Oq+b/ZtNTpaGZYLkpNc7JalJY80EVQWRokTFKi+dIJTCRzVwzIAktMtDPe91FCU5dOfR+zssgaOY+tCQd7w/2+cwI+g9Vrb7hr1/GVxf/wUTiqubDGd/ahw3P6nhRZhvPENAHYKZyZ Otf1nR1oN/jm9xv836U177vw4GZUV8XJzgA6/Wa3c/i8iXELPAZPQBdAMASH4BUYgwkg4Dv4CX6B395H77P3xfu6Qr1Wc+YRWCvv2x94rvYV</latexit><latexit sha1_base64="LJYIOSy+p3EJ0LfNjUDkHZjl3q4=">AAADBXicbZFPb9MwGMbd8G+Efx0cuURUSK1UVfHY1l4mTSAmLkNFotukuoscx2mtOYllO7Bi+Yz4MNwQV+58A74FVzjhpAGpHa8U5cn7/pzXep5YcKZ0GP5oedeu37h5a+u2f+fuvfsP2tsPT1RR SkInpOCFPIuxopzldKKZ5vRMSIqzmNPT+OJFNT99R6ViRf5WLwWdZXies5QRrF0raidI00ttXh69tl1kRATPUVb2EU8KrfoiOq4+ke0dHCFOU91Fqswiww6gPT9GhcT5nJoPEbNovGBdJEopODVogXUgXLeHJJsvdC9qd8JBWFdwVcBGdEBT42i79QklBSkzmmvCsVJTGAo9M1hqRji1PioVFZhcYLf/snbBBk9dLwnSQron10HdXQNxptQyix2ZYb1Qm7Oq+b/ZtNTpaGZYLkpNc7JalJY80EVQWRokTFKi+dIJTCRzVwzIAktMtDPe91FCU5dOfR+zssgaOY+tCQd7w/2+cwI+g9Vrb7hr1/GVxf/wUTiqubDGd/ahw3P6nhRZhvPENAHYKZyZ Otf1nR1oN/jm9xv836U177vw4GZUV8XJzgA6/Wa3c/i8iXELPAZPQBdAMASH4BUYgwkg4Dv4CX6B395H77P3xfu6Qr1Wc+YRWCvv2x94rvYV</latexit>

Energy Flow Network (EFN)

IRC-safe latent space

[2]

https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

• :  The Latent of all the particles are summed over 

•  :  Acts on aggregated latent space to reproduce 

f

ϕ

∑

F f

Nparticles × Nfeatures ⟶ Nparticles × Nembeddings

Nparticles × Nembeddings ⟶ Nembeddings

Nembeddings ⟶ Nclasses

What is so special about this? How did we get Permutation Invariance?
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

• :  The Latent of all the particles are summed over 

•  :  Acts on aggregated latent space to reproduce 

f

ϕ

∑

F f

Nparticles × Nfeatures ⟶ Nparticles × Nembeddings

Nparticles × Nembeddings ⟶ Nembeddings

Nembeddings ⟶ Nclasses

Can we get Permutation Invariance with other operations?
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (⟨ϕ(Xi)⟩)
• Physics given function    ; takes in particles set & outputs the class of the jet

• But, we can describe this function using two different functions

•  :  That acts on each particle to embed it in latent space 

•  :  The Latent of all the particles are averaged over 

•  :  Acts on aggregated latent space to reproduce 

f

ϕ

⟨⟩

F f

Nparticles × Nfeatures ⟶ Nparticles × Nembeddings

Nparticles × Nembeddings ⟶ Nembeddings

Nembeddings ⟶ Nclasses

Anything else ?
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• How do we get the functions  and  ?

• Approximate them using the neural networks! 

F ϕ

∑

[2]

https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• How do we get the functions  and  ?

• Approximate them using the neural networks! 

F ϕ

∑

[2]

Patrick Komiske – Energy Flow Networks

Visualizing Q/G EFN Filters
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https://indico.cern.ch/event/745718/contributions/3202523/attachments/1753843/2842746/PTK_ML4Jets_Fermilab_compressed.pdf
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DeepSet Architecture

38

f({X1, X2, . . . , Xn})f({X1, X2, . . . , Xn}) = F (∑
i

ϕ(Xi))
• How do we get the functions  and  ?

• Approximate them using the neural networks! 

F ϕ

∑
Exercise part 1 is working on this 
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How to capture local properties ?
• May be we can implement something like Convolution in CNNs 

39[1]

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
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How to capture local properties ?
• May be we can implement something like Convolution in CNNs 

• Enter EdgeConv: Convolution on point clouds!

•

40[1]

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
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How to capture local properties ?
• May be we can implement something like Convolution in CNNs 

• Enter EdgeConv: Convolution on point clouds!

• For each point, Construct a Graph with K-nearest neighbors

• Define edge feature  , using operation  on nodes |  =  

• Aggregate all the edge features to update the node to 

eij h eij h(xi, xj)

x′￼i

41[1]

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
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How to capture local properties ?
• May be we can implement something like Convolution in CNNs 

• Enter EdgeConv: Convolution on point clouds!

• For each point, Construct a Graph with K-nearest neighbors

• Define edge feature  , using operation  on nodes |  =  

• Aggregate all the edge features to update the node to 

• This is a Graph Neural Network with Dynamic Edge Convolution

eij h eij h(xi, xj)

x′￼i

42

Not part of the exercise  

[1]

https://indico.cern.ch/event/745718/contributions/3202526/attachments/1753880/2842817/jet_as_particle_cloud_ml4jets_20181115_hqu.pdf
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Capturing all the interactions !

• How about we capture all interactions in a particle/point cloud ?

• Maybe we can capture all the local & global properties !

• Extract Maximum amount of information! 

•
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Capturing all the interactions !

• How about we capture all interactions in a particle/point cloud ?

• Maybe we can capture all the local & global properties !

• Extract Maximum amount of information! 

• How do we use all this information ?

• Maybe we can get relative importance for particle / set w.r.t to others ?

• Use this information to design a smarter DeepSet Approach ? 

• How do we end up doing all of this in one go ?
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Attention is all you need !
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• Step 0:      Lets take a case where our set / particle cloud has 3 elements in it

• Objective: Calculate relative importance of each element with others

• Output:     Obtain a new embeddings with attention factored in

Intro to Self-Attention

48Brilliant source

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 1:  

• Initialize three weight matrices 

• Multiply the Inputs with these weights

• Obtain three different vectors Key, Query and Value for each set

WK, WQ, WV

Intro to Self-Attention

49Brilliant source

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 3:  

• Dot product the Query and Key vectors to get attention scores

• Apply softmax on these scores to get the attention values

• We get attention values w.r.t each of the set elements

Intro to Self-Attention

50Brilliant source

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 3:  

• Dot product the Query and Key vectors to get attention scores

• Apply softmax on these scores to get the attention values

• We get attention values w.r.t each of the set elements
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https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 4:  

• Use these scores to obtain the weighted values

• Multiply the attention score with value to obtain weighted values

• Repeat this process to get all weighted values w.r.t to the first

Intro to Self-Attention

52Brilliant source

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 4:  

• Aggregate these values by sum across all elements

• Obtain the weighted embeddings

• Repeat this process for all the sets to get new embeddings

Intro to Self-Attention

53Brilliant source

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a


Abhijith Gandrakota

• Step 4:  

• Aggregate these values by sum across all elements

• Obtain the weighted embeddings

• Repeat this process for all the sets to get new embeddings

Intro to Self-Attention

54Brilliant source

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 4:  

• Aggregate these values by sum across all elements

• Obtain the weighted embeddings

• Repeat this process for all the sets to get new embeddings

Intro to Self-Attention

55Brilliant source

Now you got the attention !

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
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• Step 4:  

• Aggregate these values by sum across all elements

• Obtain the weighted embeddings

• Repeat this process for all the sets to get new embeddings

Intro to Self-Attention

58Brilliant source

https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

https://towardsdatascience.com/illustrated-self-attention-2d627e33b20a
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Transformers in DeepSets
• Recap: DeepSets have NNs  and  

• But only  NN sees the elements of the sets

F ϕ

ϕ
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Transformers in DeepSets
• Recap: DeepSets have NNs  and  

• But only  NN sees the elements of the sets

F ϕ

ϕ
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Transformers in DeepSets
• Recap: DeepSets have NNs  and  

• But only  NN sees the elements of the sets

• Obvious place to introduce self-attention

• Relative importance of each particle in the set 

• We can replace the Dense / Feedforward layers in  with self attention 
blocks

• We end up transitioning from DeepSets to Set Transformer

• Although more complex, can be more powerful than GNNs 

F ϕ

ϕ

ϕ
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Transformers in DeepSets
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• But only  NN sees the elements of the sets

• Obvious place to introduce self-attention

• Relative importance of each particle in the set 

• We can replace the Dense / Feedforward layers in  with self attention 
blocks

• We end up transitioning from DeepSets to Set Transformer

• Although more complex, can be more powerful than GNNs 

F ϕ

ϕ

ϕ
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https://arxiv.org/pdf/1810.00825.pdf
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Transformers in Particle Physics

67
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Exercise problem
• Identification of jets arising from hadronization of boosted W/Z/H/top

• A key and important task in high energy physics

• Load the reconstructed particles from the decay

• Use DeepSets to get  Jet Flavorf(𝕏) →

69
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Training dataset

• Input: 

• Set of particle inputs from the decay  

• Objective:

• Tagging the origin of the jet 

• Explore the dataset and get the best performance possible !

𝕏

70
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What to do ?
• Identify the best features architecture for this task

• Optimize the hyper parameters: embedding size, Aggregation method

• Change the architecture, make the network deeper and wider

• Can you Implement IRC safety in model 
 
 

•  is the relative momentum of the particle w.r.t the JetZi

71

f({X1, X2, . . . , Xn}) = F (∑
i

Zi ϕ(Xi))
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Got more time ?

• Play with the Set Transformer 
 
 

• Rather than simple pooling methods, implement pooling by maximum 
attention

• Do you get the best performance possible ?

72


