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“Statistics is merely a quantisation of common sense - Machine Learning is a sharpening of it!”
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Let us consider images in a more abstract sense:
• They consist of (typically 3-4, RGB or CMYK) numbers in a matrix structure.
• The distance between neighbouring cells is constant.
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Let us consider images in a more abstract sense:
• They consist of (typically 3-4, RGB or CMYK) numbers in a matrix structure.
• The distance between neighbouring cells is constant.

What if the data was not an image, but we wanted to use a CNN anyway?
This problem is not uncommon… (https://arxiv.org/pdf/2101.11589.pdf)

https://arxiv.org/pdf/2101.11589.pdf
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Take the example of weather stations:
• There are about 280 weather stations distributed non-uniformly throughout 

Denmark.
• Each station provides say: 

[temperature, wind speed, wind direction, humidity, latitude, longitude]

What would an “image” of this data look like? And would a CNN work on it?
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Take the example of weather stations:
• There are about 280 weather stations distributed non-uniformly throughout 

Denmark.
• Each station provides say: 

[temperature, wind speed, wind direction, humidity, latitude, longitude]

What would an “image” of this data look like? And would a CNN work on it?

By forcing problems with irregular geometry into images, 
we’re shaping the problem to the tool, and not the tool to the problem! 
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Take the example of weather stations:
• There are about 280 weather stations distributed non-uniformly throughout 

Denmark.
• Each station provides say: 

[temperature, wind speed, wind direction, humidity, latitude, longitude]

What would an “image” of this data look like? And would a CNN work on it?

By forcing problems with irregular geometry into images, 
we’re shaping the problem to the tool, and not the tool to the problem! 

Is there a different Machine Learning paradigm
that has no underlying assumption on the geometry of the data? 
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Take the example of weather stations:
• There are about 280 weather stations distributed non-uniformly throughout 

Denmark.
• Each station provides say: 

[temperature, wind speed, wind direction, humidity, latitude, longitude]

What would an “image” of this data look like? And would a CNN work on it?

By forcing problems with irregular geometry into images, 
we’re shaping the problem to the tool, and not the tool to the problem! 

Is there a different Machine Learning paradigm
that has no underlying assumption on the geometry of the data? 

Yes!
Graph Neural Networks
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A graph G is defined as a combined pair G = {V, E} consisting of:
• Nodes: A set V, that typically contain input features (also called vertices)
• Edges: A set E of pair nodes, thus connecting the nodes (also called links)

In plain words:
You got a list of points (nodes) that are somehow connected (with edges).
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It takes a little imagination to see things as graphs… but once you do, 
everything starts looking like graphs!
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Unlike e.g. images, graphs have no underlying assumption on the geometry of 
the data. This structure has to be specified by the user using the edges.

Many of the techniques in Machine Learning that you have been introduced to 
are also available for graphs (convolution, LSTM, Attention, Auto-Encoder, etc.)
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The graph convolution proceeds much like for CNNs/images, as the output is 
another graph, possibly of different dimensionality. There are many different 
types of convolutions, edgeconv (https://arxiv.org/abs/1801.07829) considered below:

The “tilde” denotes the updated node

<latexit sha1_base64="oeA2C81AAw85zDWzV1X8zKWO2Bo=">AAACFXicbVDLSgMxFM34rPU16tJNsAgVapkRX5tC0Y3LCvYBnXHIpJk2bSYzJBlpGfoTbvwVNy4UcSu4829MHwttPZDL4Zx7ubnHjxmVyrK+jYXFpeWV1cxadn1jc2vb3NmtySgRmFRxxCLR8JEkjHJSVVQx0ogFQaHPSN3vXY/8+gMRkkb8Tg1i4oaozWlAMVJa8syCoyhrkbQ/9LqwBB2ZhF5KS/bwnsMg3/e6BagLPNaVHnlmzipaY8B5Yk9JDkxR8cwvpxXhJCRcYYakbNpWrNwUCUUxI8Osk0gSI9xDbdLUlKOQSDcdXzWEh1ppwSAS+nEFx+rviRSFUg5CX3eGSHXkrDcS//OaiQou3ZTyOFGE48miIGFQRXAUEWxRQbBiA00QFlT/FeIOEggrHWRWh2DPnjxPaidF+7x4dnuaK19N48iAfXAA8sAGF6AMbkAFVAEGj+AZvII348l4Md6Nj0nrgjGd2QN/YHz+ADMRnY4=</latexit>

x̃j =
nX

i=1

f(xj , xj � xi)
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The graph convolution proceeds much like for CNNs/images, as the output is 
another graph, possibly of different dimensionality. There are many different 
types of convolutions, edgeconv (https://arxiv.org/abs/1801.07829) considered below:

[1,4]

[1,1]

[2,2][-1,5]

[3,-2]

The “tilde” denotes the updated node, and
so if we applied the edgeconv operator with
f(x) = 1 * x + 0 to node D, we would obtain:

<latexit sha1_base64="oeA2C81AAw85zDWzV1X8zKWO2Bo=">AAACFXicbVDLSgMxFM34rPU16tJNsAgVapkRX5tC0Y3LCvYBnXHIpJk2bSYzJBlpGfoTbvwVNy4UcSu4829MHwttPZDL4Zx7ubnHjxmVyrK+jYXFpeWV1cxadn1jc2vb3NmtySgRmFRxxCLR8JEkjHJSVVQx0ogFQaHPSN3vXY/8+gMRkkb8Tg1i4oaozWlAMVJa8syCoyhrkbQ/9LqwBB2ZhF5KS/bwnsMg3/e6BagLPNaVHnlmzipaY8B5Yk9JDkxR8cwvpxXhJCRcYYakbNpWrNwUCUUxI8Osk0gSI9xDbdLUlKOQSDcdXzWEh1ppwSAS+nEFx+rviRSFUg5CX3eGSHXkrDcS//OaiQou3ZTyOFGE48miIGFQRXAUEWxRQbBiA00QFlT/FeIOEggrHWRWh2DPnjxPaidF+7x4dnuaK19N48iAfXAA8sAGF6AMbkAFVAEGj+AZvII348l4Md6Nj0nrgjGd2QN/YHz+ADMRnY4=</latexit>

x̃j =
nX

i=1

f(xj , xj � xi)

<latexit sha1_base64="tYZAGbwJcoDMxoh8vj2KTIQwUMc="></latexit>

x̃D = f(xD, xD � xC) + f(xD, xD � xE)

= f([1, 4], [1, 4]� [1, 1]) + f([1, 4], [1, 4]� [2, 2])

= f([1, 4], [0, 3]) + f([1, 4], [�1, 2])

= f([1, 4, 0, 3]) + f([1, 4,�1, 2]) (by concatenation)

= 1 · [1, 4, 0, 3] + 1 · [1, 4,�1, 2]

= [2, 8,�1, 5]

[2,8,-1,5]
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The graph convolution proceeds much like for CNNs/images, as the output is 
another graph, possibly of different dimensionality. There are many different 
types of convolutions, edgeconv (https://arxiv.org/abs/1801.07829) considered below:

[1,4]

[1,1]

[2,2][-1,5]

[3,-2]

The “tilde” denotes the updated node, and
so if we applied the edgeconv operator with
f(x) = 1 * x + 0 to node D, we would obtain:

<latexit sha1_base64="oeA2C81AAw85zDWzV1X8zKWO2Bo=">AAACFXicbVDLSgMxFM34rPU16tJNsAgVapkRX5tC0Y3LCvYBnXHIpJk2bSYzJBlpGfoTbvwVNy4UcSu4829MHwttPZDL4Zx7ubnHjxmVyrK+jYXFpeWV1cxadn1jc2vb3NmtySgRmFRxxCLR8JEkjHJSVVQx0ogFQaHPSN3vXY/8+gMRkkb8Tg1i4oaozWlAMVJa8syCoyhrkbQ/9LqwBB2ZhF5KS/bwnsMg3/e6BagLPNaVHnlmzipaY8B5Yk9JDkxR8cwvpxXhJCRcYYakbNpWrNwUCUUxI8Osk0gSI9xDbdLUlKOQSDcdXzWEh1ppwSAS+nEFx+rviRSFUg5CX3eGSHXkrDcS//OaiQou3ZTyOFGE48miIGFQRXAUEWxRQbBiA00QFlT/FeIOEggrHWRWh2DPnjxPaidF+7x4dnuaK19N48iAfXAA8sAGF6AMbkAFVAEGj+AZvII348l4Md6Nj0nrgjGd2QN/YHz+ADMRnY4=</latexit>

x̃j =
nX

i=1

f(xj , xj � xi)

<latexit sha1_base64="tYZAGbwJcoDMxoh8vj2KTIQwUMc="></latexit>

x̃D = f(xD, xD � xC) + f(xD, xD � xE)

= f([1, 4], [1, 4]� [1, 1]) + f([1, 4], [1, 4]� [2, 2])

= f([1, 4], [0, 3]) + f([1, 4], [�1, 2])

= f([1, 4, 0, 3]) + f([1, 4,�1, 2]) (by concatenation)

= 1 · [1, 4, 0, 3] + 1 · [1, 4,�1, 2]

= [2, 8,�1, 5]

However…
This only shows the start of a Graph Neural Network, not how to continue!

[2,8,-1,5]
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The graph examples/solutions are starting to enter the scene in many places:



Using Angular Variables 
to disentangle 

Classification from point clouds

16

Imagine a point cloud simply giving a (long) series of coordinates… 

https://arxiv.org/pdf/1801.07829.pdf
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News stories can be related through graphs, where information is added.

https://arxiv.org/pdf/2007.03316v2.pdf
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How to related the usage of different drugs? Well, maybe with graphs…

Drug Synergy: 
” An interaction between two or more drugs that 
causes the total effect of the drugs to be greater than 
the sum of the individual effects of each drug. A 
synergistic effect can be beneficial or harmful.” 

https://arxiv.org/pdf/2105.07082.pdf



IceCube

IceCube counting house in the setting sun, sitting on top of 5160 Digital Optical Modules 1450-2450m below the surface. 19
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IceCube experiment (South Pole)
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IceCube GNN model
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Details of GNN reconstruction
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νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4
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νrecoνtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

Output:
(log10E, θzenith, φazimuth,
xyztvertex, event type)
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Input:
N = Npulses x Nfeatures

νreco

~v1 = [x1 y1 z1 t1]

~v2 = [x2 y2 z2 t2]

...

~v7 = [x7 y7 z7 t7]

<latexit sha1_base64="DI1uA04jF6Px9V73eTQ+8r0uZXo="></latexit>

νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

The input features of a node are combined with that of N (=2) nearby nodes



Using Angular Variables 
to disentangle 

Details of GNN reconstruction

25

Input:
N = Npulses x Nfeatures

νreco

Convolution(s):
N = Npulses x N1

~v1 = [x1 y1 z1 t1]

~v2 = [x2 y2 z2 t2]

...

~v7 = [x7 y7 z7 t7]

<latexit sha1_base64="DI1uA04jF6Px9V73eTQ+8r0uZXo="></latexit>

[g11 . . . g1N1 ]

[g21 . . . g2N1 ]

...

[g71 . . . g7N1 ]

<latexit sha1_base64="iE4bNnLw1XQEzVc8rrgw+VgsLKw=">AAACQ3icbVBLS8NAGNz4rPUV9ehlsQieSlIK1VvRiyepYB/YhLDZbNqlmwe7m0IJ+W9e/APe/ANePCjiVXDTpmBbBxZmZ+bj2x03ZlRIw3jV1tY3Nre2Szvl3b39g0P96LgjooRj0sYRi3jPRYIwGpK2pJKRXswJClxGuu7oJve7Y8IFjcIHOYmJHaBBSH2KkVSSoz/2B05qmhm0mBdJAfPbnWNmtmWVc6u2YNXmljXOpSLTWMg05hlHrxhVYwq4SsyCVECBlqO/WF6Ek4CEEjMkRN80YmmniEuKGcnKViJIjPAIDUhf0RAFRNjptIMMnivFg37E1QklnKp/J1IUCDEJXJUMkByKZS8X//P6ifQv7ZSGcSJJiGeL/IRBGcG8UOhRTrBkE0UQ5lS9FeIh4ghLVXtegrn85VXSqVXNevXqvl5pXhd1lMApOAMXwAQN0AS3oAXaAIMn8AY+wKf2rL1rX9r3LLqmFTMnYAHazy/N/K8S</latexit>

νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLP0) function, yielding an 
(abstract) vector for each node. This can be repeated (not shown).

EC(~v1,~v2,~v3)

<latexit sha1_base64="dSNmcu3sUlUdN9nYjhmhnEoYnkI=">AAACDHicbZDLSgMxFIbPeK31VnXpJliEClJmakHdFYvgsoK9QDuUTJq2oZnMkGQKZegDuPFV3LhQxK0P4M63MW1H1NYfAh//OYeT83shZ0rb9qe1tLyyurae2khvbm3v7Gb29msqiCShVRLwQDY8rChnglY105w2Qkmx73Fa9wblSb0+pFKxQNzpUUhdH/cE6zKCtbHamex1OdcaUhIPx23nFH1j4QfPTkyXnbenQovgJJCFRJV25qPVCUjkU6EJx0o1HTvUboylZoTTcboVKRpiMsA92jQosE+VG0+PGaNj43RQN5DmCY2m7u+JGPtKjXzPdPpY99V8bWL+V2tGunvhxkyEkaaCzBZ1I450gCbJoA6TlGg+MoCJZOaviPSxxESb/NImBGf+5EWoFfJOMX95W8yWrpI4UnAIR5ADB86hBDdQgSoQuIdHeIYX68F6sl6tt1nrkpXMHMAfWe9f9E2aUQ==</latexit>

EC(~v4,~v5,~v6)

<latexit sha1_base64="wMvhmPempGeqW60acF7gwhKHfAE=">AAACDHicbZDLSgMxFIYzXmu9VV26CRahgpQZqbddsQguK9gLtEPJpKdtaCYzJJlCGfoAbnwVNy4UcesDuPNtTNsRtfWHwMd/zuHk/F7ImdK2/WktLC4tr6ym1tLrG5tb25md3aoKIkmhQgMeyLpHFHAmoKKZ5lAPJRDf41Dz+qVxvTYAqVgg7vQwBNcnXcE6jBJtrFYme13KNQdA48GoVTjG33j6g2dHpsvO2xPheXASyKJE5Vbmo9kOaOSD0JQTpRqOHWo3JlIzymGUbkYKQkL7pAsNg4L4oNx4cswIHxqnjTuBNE9oPHF/T8TEV2roe6bTJ7qnZmtj879aI9KdCzdmIow0CDpd1Ik41gEeJ4PbTALVfGiAUMnMXzHtEUmoNvmlTQjO7MnzUD3JO4X85W0hW7xK4kihfXSAcshB56iIblAZVRBF9+gRPaMX68F6sl6tt2nrgpXM7KE/st6/AAJsmlo=</latexit>
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Input:
N = Npulses x Nfeatures

Concatenation:
N = Npulses x Nall

νreco

Convolution(s):
N = Npulses x N1

[x1 y1 z1 t1 g11 . . . g1N1 ]

[x2 y2 z2 t2 g21 . . . g2N1 ]

...

[x7 y7 z7 t7 g71 . . . g7N1 ]

<latexit sha1_base64="ZpcIoiMl2lY4BB7I6rx7BglWlfc="></latexit>

~v1 = [x1 y1 z1 t1]

~v2 = [x2 y2 z2 t2]

...

~v7 = [x7 y7 z7 t7]

<latexit sha1_base64="DI1uA04jF6Px9V73eTQ+8r0uZXo="></latexit>

[g11 . . . g1N1 ]

[g21 . . . g2N1 ]

...

[g71 . . . g7N1 ]

<latexit sha1_base64="iE4bNnLw1XQEzVc8rrgw+VgsLKw=">AAACQ3icbVBLS8NAGNz4rPUV9ehlsQieSlIK1VvRiyepYB/YhLDZbNqlmwe7m0IJ+W9e/APe/ANePCjiVXDTpmBbBxZmZ+bj2x03ZlRIw3jV1tY3Nre2Szvl3b39g0P96LgjooRj0sYRi3jPRYIwGpK2pJKRXswJClxGuu7oJve7Y8IFjcIHOYmJHaBBSH2KkVSSoz/2B05qmhm0mBdJAfPbnWNmtmWVc6u2YNXmljXOpSLTWMg05hlHrxhVYwq4SsyCVECBlqO/WF6Ek4CEEjMkRN80YmmniEuKGcnKViJIjPAIDUhf0RAFRNjptIMMnivFg37E1QklnKp/J1IUCDEJXJUMkByKZS8X//P6ifQv7ZSGcSJJiGeL/IRBGcG8UOhRTrBkE0UQ5lS9FeIh4ghLVXtegrn85VXSqVXNevXqvl5pXhd1lMApOAMXwAQN0AS3oAXaAIMn8AY+wKf2rL1rX9r3LLqmFTMnYAHazy/N/K8S</latexit>

Nall = Nfeatures + N1

νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLP0) function, yielding an 
(abstract) vector for each node. This can be repeated (not shown). All the features are then combined (concatenated) into 
long vectors,

EC(~v1,~v2,~v3)

<latexit sha1_base64="dSNmcu3sUlUdN9nYjhmhnEoYnkI=">AAACDHicbZDLSgMxFIbPeK31VnXpJliEClJmakHdFYvgsoK9QDuUTJq2oZnMkGQKZegDuPFV3LhQxK0P4M63MW1H1NYfAh//OYeT83shZ0rb9qe1tLyyurae2khvbm3v7Gb29msqiCShVRLwQDY8rChnglY105w2Qkmx73Fa9wblSb0+pFKxQNzpUUhdH/cE6zKCtbHamex1OdcaUhIPx23nFH1j4QfPTkyXnbenQovgJJCFRJV25qPVCUjkU6EJx0o1HTvUboylZoTTcboVKRpiMsA92jQosE+VG0+PGaNj43RQN5DmCY2m7u+JGPtKjXzPdPpY99V8bWL+V2tGunvhxkyEkaaCzBZ1I450gCbJoA6TlGg+MoCJZOaviPSxxESb/NImBGf+5EWoFfJOMX95W8yWrpI4UnAIR5ADB86hBDdQgSoQuIdHeIYX68F6sl6tt1nrkpXMHMAfWe9f9E2aUQ==</latexit>

EC(~v4,~v5,~v6)

<latexit sha1_base64="wMvhmPempGeqW60acF7gwhKHfAE=">AAACDHicbZDLSgMxFIYzXmu9VV26CRahgpQZqbddsQguK9gLtEPJpKdtaCYzJJlCGfoAbnwVNy4UcesDuPNtTNsRtfWHwMd/zuHk/F7ImdK2/WktLC4tr6ym1tLrG5tb25md3aoKIkmhQgMeyLpHFHAmoKKZ5lAPJRDf41Dz+qVxvTYAqVgg7vQwBNcnXcE6jBJtrFYme13KNQdA48GoVTjG33j6g2dHpsvO2xPheXASyKJE5Vbmo9kOaOSD0JQTpRqOHWo3JlIzymGUbkYKQkL7pAsNg4L4oNx4cswIHxqnjTuBNE9oPHF/T8TEV2roe6bTJ7qnZmtj879aI9KdCzdmIow0CDpd1Ik41gEeJ4PbTALVfGiAUMnMXzHtEUmoNvmlTQjO7MnzUD3JO4X85W0hW7xK4kihfXSAcshB56iIblAZVRBF9+gRPaMX68F6sl6tt2nrgpXM7KE/st6/AAJsmlo=</latexit>
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Input:
N = Npulses x Nfeatures

Concatenation:
N = Npulses x Nall

νreco

Convolution(s):
N = Npulses x N1

[x1 y1 z1 t1 g11 . . . g1N1 ]

[x2 y2 z2 t2 g21 . . . g2N1 ]

...

[x7 y7 z7 t7 g71 . . . g7N1 ]

<latexit sha1_base64="ZpcIoiMl2lY4BB7I6rx7BglWlfc="></latexit>

MLP1:
Nall ➞ Nmany ➞ Nall

[h11 . . . h1Nall ]

[h21 . . . h2Nall ]

...

[h71 . . . h7Nall ]

<latexit sha1_base64="cAIxhp7nKbKaGGIjEytAAMg8Kuk=">AAACVXicbZHNS8MwGMbTOuecH6t69BIcgqfRjsH0NvTiSSa4D2hLSdNsC0vTkqSDUfpP7iL+J14E260Hu/lC4Mnz/l6SPPFjRqUyzS9NP6od108ap82z84vLlnF1PZZRIjAZ4YhFYuojSRjlZKSoYmQaC4JCn5GJv3wp+pMVEZJG/EOtY+KGaM7pjGKkcsszmL3wUsvKoMOCSElY7NI3L0WMZVnmOk6zALoVoFsFnFXRKMl+hexXSc9omx1zW/BQWKVog7KGnrFxgggnIeEKMySlbZmxclMkFMWMZE0nkSRGeInmxM4lRyGRbrpNJYP3uRPAWSTyxRXcun8nUhRKuQ79nAyRWsj9XmH+17MTNXt0U8rjRBGOdwfNEgZVBIuIYUAFwYqtc4GwoPldIV4ggbDKP6IIwdp/8qEYdztWr/P03msPnss4GuAW3IEHYIE+GIBXMAQjgMEGfGuapmuf2o9e0+s7VNfKmRtQKb31C0tQs7k=</latexit>

~v1 = [x1 y1 z1 t1]

~v2 = [x2 y2 z2 t2]

...

~v7 = [x7 y7 z7 t7]

<latexit sha1_base64="DI1uA04jF6Px9V73eTQ+8r0uZXo="></latexit>

[g11 . . . g1N1 ]

[g21 . . . g2N1 ]

...

[g71 . . . g7N1 ]

<latexit sha1_base64="iE4bNnLw1XQEzVc8rrgw+VgsLKw=">AAACQ3icbVBLS8NAGNz4rPUV9ehlsQieSlIK1VvRiyepYB/YhLDZbNqlmwe7m0IJ+W9e/APe/ANePCjiVXDTpmBbBxZmZ+bj2x03ZlRIw3jV1tY3Nre2Szvl3b39g0P96LgjooRj0sYRi3jPRYIwGpK2pJKRXswJClxGuu7oJve7Y8IFjcIHOYmJHaBBSH2KkVSSoz/2B05qmhm0mBdJAfPbnWNmtmWVc6u2YNXmljXOpSLTWMg05hlHrxhVYwq4SsyCVECBlqO/WF6Ek4CEEjMkRN80YmmniEuKGcnKViJIjPAIDUhf0RAFRNjptIMMnivFg37E1QklnKp/J1IUCDEJXJUMkByKZS8X//P6ifQv7ZSGcSJJiGeL/IRBGcG8UOhRTrBkE0UQ5lS9FeIh4ghLVXtegrn85VXSqVXNevXqvl5pXhd1lMApOAMXwAQN0AS3oAXaAIMn8AY+wKf2rL1rX9r3LLqmFTMnYAHazy/N/K8S</latexit>

Nall = Nfeatures + N1

νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLP0) function, yielding an 
(abstract) vector for each node. This can be repeated (not shown). All the features are then combined (concatenated) into 
long vectors, which are again put through an NN (MLP1) function with a large hidden layer.

EC(~v1,~v2,~v3)

<latexit sha1_base64="dSNmcu3sUlUdN9nYjhmhnEoYnkI=">AAACDHicbZDLSgMxFIbPeK31VnXpJliEClJmakHdFYvgsoK9QDuUTJq2oZnMkGQKZegDuPFV3LhQxK0P4M63MW1H1NYfAh//OYeT83shZ0rb9qe1tLyyurae2khvbm3v7Gb29msqiCShVRLwQDY8rChnglY105w2Qkmx73Fa9wblSb0+pFKxQNzpUUhdH/cE6zKCtbHamex1OdcaUhIPx23nFH1j4QfPTkyXnbenQovgJJCFRJV25qPVCUjkU6EJx0o1HTvUboylZoTTcboVKRpiMsA92jQosE+VG0+PGaNj43RQN5DmCY2m7u+JGPtKjXzPdPpY99V8bWL+V2tGunvhxkyEkaaCzBZ1I450gCbJoA6TlGg+MoCJZOaviPSxxESb/NImBGf+5EWoFfJOMX95W8yWrpI4UnAIR5ADB86hBDdQgSoQuIdHeIYX68F6sl6tt1nrkpXMHMAfWe9f9E2aUQ==</latexit>

EC(~v4,~v5,~v6)

<latexit sha1_base64="wMvhmPempGeqW60acF7gwhKHfAE=">AAACDHicbZDLSgMxFIYzXmu9VV26CRahgpQZqbddsQguK9gLtEPJpKdtaCYzJJlCGfoAbnwVNy4UcesDuPNtTNsRtfWHwMd/zuHk/F7ImdK2/WktLC4tr6ym1tLrG5tb25md3aoKIkmhQgMeyLpHFHAmoKKZ5lAPJRDf41Dz+qVxvTYAqVgg7vQwBNcnXcE6jBJtrFYme13KNQdA48GoVTjG33j6g2dHpsvO2xPheXASyKJE5Vbmo9kOaOSD0JQTpRqOHWo3JlIzymGUbkYKQkL7pAsNg4L4oNx4cswIHxqnjTuBNE9oPHF/T8TEV2roe6bTJ7qnZmtj879aI9KdCzdmIow0CDpd1Ik41gEeJ4PbTALVfGiAUMnMXzHtEUmoNvmlTQjO7MnzUD3JO4X85W0hW7xK4kihfXSAcshB56iIblAZVRBF9+gRPaMX68F6sl6tt2nrgpXM7KE/st6/AAJsmlo=</latexit>
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Details of GNN reconstruction
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Input:
N = Npulses x Nfeatures

Concatenation:
N = Npulses x Nall

νreco

Convolution(s):
N = Npulses x N1

[x1 y1 z1 t1 g11 . . . g1N1 ]

[x2 y2 z2 t2 g21 . . . g2N1 ]

...

[x7 y7 z7 t7 g71 . . . g7N1 ]

<latexit sha1_base64="ZpcIoiMl2lY4BB7I6rx7BglWlfc="></latexit>

MLP1:
Nall ➞ Nmany ➞ Nall

[h11 . . . h1Nall ]

[h21 . . . h2Nall ]

...

[h71 . . . h7Nall ]

<latexit sha1_base64="cAIxhp7nKbKaGGIjEytAAMg8Kuk=">AAACVXicbZHNS8MwGMbTOuecH6t69BIcgqfRjsH0NvTiSSa4D2hLSdNsC0vTkqSDUfpP7iL+J14E260Hu/lC4Mnz/l6SPPFjRqUyzS9NP6od108ap82z84vLlnF1PZZRIjAZ4YhFYuojSRjlZKSoYmQaC4JCn5GJv3wp+pMVEZJG/EOtY+KGaM7pjGKkcsszmL3wUsvKoMOCSElY7NI3L0WMZVnmOk6zALoVoFsFnFXRKMl+hexXSc9omx1zW/BQWKVog7KGnrFxgggnIeEKMySlbZmxclMkFMWMZE0nkSRGeInmxM4lRyGRbrpNJYP3uRPAWSTyxRXcun8nUhRKuQ79nAyRWsj9XmH+17MTNXt0U8rjRBGOdwfNEgZVBIuIYUAFwYqtc4GwoPldIV4ggbDKP6IIwdp/8qEYdztWr/P03msPnss4GuAW3IEHYIE+GIBXMAQjgMEGfGuapmuf2o9e0+s7VNfKmRtQKb31C0tQs7k=</latexit>

~v1 = [x1 y1 z1 t1]

~v2 = [x2 y2 z2 t2]

...

~v7 = [x7 y7 z7 t7]

<latexit sha1_base64="DI1uA04jF6Px9V73eTQ+8r0uZXo="></latexit>

[g11 . . . g1N1 ]

[g21 . . . g2N1 ]

...

[g71 . . . g7N1 ]

<latexit sha1_base64="iE4bNnLw1XQEzVc8rrgw+VgsLKw=">AAACQ3icbVBLS8NAGNz4rPUV9ehlsQieSlIK1VvRiyepYB/YhLDZbNqlmwe7m0IJ+W9e/APe/ANePCjiVXDTpmBbBxZmZ+bj2x03ZlRIw3jV1tY3Nre2Szvl3b39g0P96LgjooRj0sYRi3jPRYIwGpK2pJKRXswJClxGuu7oJve7Y8IFjcIHOYmJHaBBSH2KkVSSoz/2B05qmhm0mBdJAfPbnWNmtmWVc6u2YNXmljXOpSLTWMg05hlHrxhVYwq4SsyCVECBlqO/WF6Ek4CEEjMkRN80YmmniEuKGcnKViJIjPAIDUhf0RAFRNjptIMMnivFg37E1QklnKp/J1IUCDEJXJUMkByKZS8X//P6ifQv7ZSGcSJJiGeL/IRBGcG8UOhRTrBkE0UQ5lS9FeIh4ghLVXtegrn85VXSqVXNevXqvl5pXhd1lMApOAMXwAQN0AS3oAXaAIMn8AY+wKf2rL1rX9r3LLqmFTMnYAHazy/N/K8S</latexit>

Nall = Nfeatures + N1

Aggregation:
N = 4 x Nall

[⌃1 . . .⌃Nall ]

[µ1 . . . µNall ]

[^1 . . .^Nall ]

[_1 . . ._Nall ]

<latexit sha1_base64="Aj1uv3NxLyK2PR1bP2kHs6HDrLA="></latexit>

νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

sum(⌃),

mean(µ)

<latexit sha1_base64="owNCdL3N2xaJMCaB2ZRKwKkQmrU=">AAACEXicbZDLSgMxFIYzXut4G3XpJliEFqTMSEHdFd24rGgv0BlKJk3b0CQzJBmxDH0FN76KGxeKuHXnzrcx085CW38I/HznHE7OH8aMKu2639bS8srq2nphw97c2t7Zdfb2mypKJCYNHLFItkOkCKOCNDTVjLRjSRAPGWmFo6us3ronUtFI3OlxTAKOBoL2KUbaoK5T8nkYPaQq4RNY8m/pgKPyie/bM8wJEhnnSbnrFN2KOxVcNF5uiiBXvet8+b0IJ5wIjRlSquO5sQ5SJDXFjExsP1EkRniEBqRjrECcqCCdXjSBx4b0YD+S5gkNp/T3RIq4UmMemk6O9FDN1zL4X62T6P55kFIRJ5oIPFvUTxjUEczigT0qCdZsbAzCkpq/QjxEEmFtQrRNCN78yYumeVrxqpWLm2qxdpnHUQCH4AiUgAfOQA1cgzpoAAwewTN4BW/Wk/VivVsfs9YlK585AH9kff4AR6icrA==</latexit>

max(^),
min(_)

<latexit sha1_base64="x56MVyMMKFHTIRjy3jQmCEpZrWA=">AAACEXicbZDNSgMxFIUz/tbxr+rSTbAIFaTMSEHdFd24rGBroTOUTHpbg0lmSDK1ZegruPFV3LhQxK07d76NaZ2FWg8EDt+9l5t7ooQzbTzv05mbX1hcWi6suKtr6xubxa3tpo5TRaFBYx6rVkQ0cCahYZjh0EoUEBFxuI5uzyf16wEozWJ5ZUYJhIL0JesxSoxFnWI5EFE8zAQZjnE5uINuHw4Og8DNMZMTPAA46BRLXsWbCs8aPzcllKveKX4E3ZimAqShnGjd9r3EhBlRhlEOYzdINSSE3pI+tK2VRIAOs+lFY7xvSRf3YmWfNHhKf05kRGg9EpHtFMTc6L+1Cfyv1k5N7yTMmExSA5J+L+qlHJsYT+LBXaaAGj6yhlDF7F8xvSGKUGNDdG0I/t+TZ03zqOJXK6eX1VLtLI+jgHbRHiojHx2jGrpAddRAFN2jR/SMXpwH58l5dd6+W+ecfGYH/ZLz/gVcIpy5</latexit>

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLP0) function, yielding an 
(abstract) vector for each node. This can be repeated (not shown). All the features are then combined (concatenated) into 
long vectors, which are again put through an NN (MLP1) function with a large hidden layer. The outputs are aggregated 
in four ways: Min, Max, Sum & Mean, breaking the variation with number of nodes.

EC(~v1,~v2,~v3)

<latexit sha1_base64="dSNmcu3sUlUdN9nYjhmhnEoYnkI=">AAACDHicbZDLSgMxFIbPeK31VnXpJliEClJmakHdFYvgsoK9QDuUTJq2oZnMkGQKZegDuPFV3LhQxK0P4M63MW1H1NYfAh//OYeT83shZ0rb9qe1tLyyurae2khvbm3v7Gb29msqiCShVRLwQDY8rChnglY105w2Qkmx73Fa9wblSb0+pFKxQNzpUUhdH/cE6zKCtbHamex1OdcaUhIPx23nFH1j4QfPTkyXnbenQovgJJCFRJV25qPVCUjkU6EJx0o1HTvUboylZoTTcboVKRpiMsA92jQosE+VG0+PGaNj43RQN5DmCY2m7u+JGPtKjXzPdPpY99V8bWL+V2tGunvhxkyEkaaCzBZ1I450gCbJoA6TlGg+MoCJZOaviPSxxESb/NImBGf+5EWoFfJOMX95W8yWrpI4UnAIR5ADB86hBDdQgSoQuIdHeIYX68F6sl6tt1nrkpXMHMAfWe9f9E2aUQ==</latexit>

EC(~v4,~v5,~v6)

<latexit sha1_base64="wMvhmPempGeqW60acF7gwhKHfAE=">AAACDHicbZDLSgMxFIYzXmu9VV26CRahgpQZqbddsQguK9gLtEPJpKdtaCYzJJlCGfoAbnwVNy4UcesDuPNtTNsRtfWHwMd/zuHk/F7ImdK2/WktLC4tr6ym1tLrG5tb25md3aoKIkmhQgMeyLpHFHAmoKKZ5lAPJRDf41Dz+qVxvTYAqVgg7vQwBNcnXcE6jBJtrFYme13KNQdA48GoVTjG33j6g2dHpsvO2xPheXASyKJE5Vbmo9kOaOSD0JQTpRqOHWo3JlIzymGUbkYKQkL7pAsNg4L4oNx4cswIHxqnjTuBNE9oPHF/T8TEV2roe6bTJ7qnZmtj879aI9KdCzdmIow0CDpd1Ik41gEeJ4PbTALVfGiAUMnMXzHtEUmoNvmlTQjO7MnzUD3JO4X85W0hW7xK4kihfXSAcshB56iIblAZVRBF9+gRPaMX68F6sl6tt2nrgpXM7KE/st6/AAJsmlo=</latexit>
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Details of GNN reconstruction
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Input:
N = Npulses x Nfeatures

Concatenation:
N = Npulses x Nall

νreco

Output:
(log10E, θzenith, φazimuth,
xyztvertex, event type)

Convolution(s):
N = Npulses x N1

[x1 y1 z1 t1 g11 . . . g1N1 ]

[x2 y2 z2 t2 g21 . . . g2N1 ]

...

[x7 y7 z7 t7 g71 . . . g7N1 ]

<latexit sha1_base64="ZpcIoiMl2lY4BB7I6rx7BglWlfc="></latexit>

MLP1:
Nall ➞ Nmany ➞ Nall

[h11 . . . h1Nall ]

[h21 . . . h2Nall ]

...

[h71 . . . h7Nall ]

<latexit sha1_base64="cAIxhp7nKbKaGGIjEytAAMg8Kuk=">AAACVXicbZHNS8MwGMbTOuecH6t69BIcgqfRjsH0NvTiSSa4D2hLSdNsC0vTkqSDUfpP7iL+J14E260Hu/lC4Mnz/l6SPPFjRqUyzS9NP6od108ap82z84vLlnF1PZZRIjAZ4YhFYuojSRjlZKSoYmQaC4JCn5GJv3wp+pMVEZJG/EOtY+KGaM7pjGKkcsszmL3wUsvKoMOCSElY7NI3L0WMZVnmOk6zALoVoFsFnFXRKMl+hexXSc9omx1zW/BQWKVog7KGnrFxgggnIeEKMySlbZmxclMkFMWMZE0nkSRGeInmxM4lRyGRbrpNJYP3uRPAWSTyxRXcun8nUhRKuQ79nAyRWsj9XmH+17MTNXt0U8rjRBGOdwfNEgZVBIuIYUAFwYqtc4GwoPldIV4ggbDKP6IIwdp/8qEYdztWr/P03msPnss4GuAW3IEHYIE+GIBXMAQjgMEGfGuapmuf2o9e0+s7VNfKmRtQKb31C0tQs7k=</latexit>

~v1 = [x1 y1 z1 t1]

~v2 = [x2 y2 z2 t2]

...

~v7 = [x7 y7 z7 t7]

<latexit sha1_base64="DI1uA04jF6Px9V73eTQ+8r0uZXo="></latexit>

[g11 . . . g1N1 ]

[g21 . . . g2N1 ]

...

[g71 . . . g7N1 ]

<latexit sha1_base64="iE4bNnLw1XQEzVc8rrgw+VgsLKw=">AAACQ3icbVBLS8NAGNz4rPUV9ehlsQieSlIK1VvRiyepYB/YhLDZbNqlmwe7m0IJ+W9e/APe/ANePCjiVXDTpmBbBxZmZ+bj2x03ZlRIw3jV1tY3Nre2Szvl3b39g0P96LgjooRj0sYRi3jPRYIwGpK2pJKRXswJClxGuu7oJve7Y8IFjcIHOYmJHaBBSH2KkVSSoz/2B05qmhm0mBdJAfPbnWNmtmWVc6u2YNXmljXOpSLTWMg05hlHrxhVYwq4SsyCVECBlqO/WF6Ek4CEEjMkRN80YmmniEuKGcnKViJIjPAIDUhf0RAFRNjptIMMnivFg37E1QklnKp/J1IUCDEJXJUMkByKZS8X//P6ifQv7ZSGcSJJiGeL/IRBGcG8UOhRTrBkE0UQ5lS9FeIh4ghLVXtegrn85VXSqVXNevXqvl5pXhd1lMApOAMXwAQN0AS3oAXaAIMn8AY+wKf2rL1rX9r3LLqmFTMnYAHazy/N/K8S</latexit>

Nall = Nfeatures + N1

Aggregation:
N = 4 x Nall

[⌃1 . . .⌃Nall ]

[µ1 . . . µNall ]

[^1 . . .^Nall ]

[_1 . . ._Nall ]

<latexit sha1_base64="Aj1uv3NxLyK2PR1bP2kHs6HDrLA="></latexit>

MLP2

νtrue t1

t2

t3

t4

t5

t6

t7In this example:
Npulses = 7

each with (x,y,z,t)
Nfeatures = 4

sum(⌃),

mean(µ)

<latexit sha1_base64="owNCdL3N2xaJMCaB2ZRKwKkQmrU=">AAACEXicbZDLSgMxFIYzXut4G3XpJliEFqTMSEHdFd24rGgv0BlKJk3b0CQzJBmxDH0FN76KGxeKuHXnzrcx085CW38I/HznHE7OH8aMKu2639bS8srq2nphw97c2t7Zdfb2mypKJCYNHLFItkOkCKOCNDTVjLRjSRAPGWmFo6us3ronUtFI3OlxTAKOBoL2KUbaoK5T8nkYPaQq4RNY8m/pgKPyie/bM8wJEhnnSbnrFN2KOxVcNF5uiiBXvet8+b0IJ5wIjRlSquO5sQ5SJDXFjExsP1EkRniEBqRjrECcqCCdXjSBx4b0YD+S5gkNp/T3RIq4UmMemk6O9FDN1zL4X62T6P55kFIRJ5oIPFvUTxjUEczigT0qCdZsbAzCkpq/QjxEEmFtQrRNCN78yYumeVrxqpWLm2qxdpnHUQCH4AiUgAfOQA1cgzpoAAwewTN4BW/Wk/VivVsfs9YlK585AH9kff4AR6icrA==</latexit>

max(^),
min(_)

<latexit sha1_base64="x56MVyMMKFHTIRjy3jQmCEpZrWA=">AAACEXicbZDNSgMxFIUz/tbxr+rSTbAIFaTMSEHdFd24rGBroTOUTHpbg0lmSDK1ZegruPFV3LhQxK07d76NaZ2FWg8EDt+9l5t7ooQzbTzv05mbX1hcWi6suKtr6xubxa3tpo5TRaFBYx6rVkQ0cCahYZjh0EoUEBFxuI5uzyf16wEozWJ5ZUYJhIL0JesxSoxFnWI5EFE8zAQZjnE5uINuHw4Og8DNMZMTPAA46BRLXsWbCs8aPzcllKveKX4E3ZimAqShnGjd9r3EhBlRhlEOYzdINSSE3pI+tK2VRIAOs+lFY7xvSRf3YmWfNHhKf05kRGg9EpHtFMTc6L+1Cfyv1k5N7yTMmExSA5J+L+qlHJsYT+LBXaaAGj6yhlDF7F8xvSGKUGNDdG0I/t+TZ03zqOJXK6eX1VLtLI+jgHbRHiojHx2jGrpAddRAFN2jR/SMXpwH58l5dd6+W+ecfGYH/ZLz/gVcIpy5</latexit>

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLP0) function, yielding an 
(abstract) vector for each node. This can be repeated (not shown). All the features from all the convolutions are then 
combined (concatenated) into long vectors, which are again put through an NN (MLP1) function with a large hidden 
layer. The outputs are aggregated in four ways: Min, Max, Sum & Mean, breaking the variation with number of nodes. 
These are then fed into a final NN (MLP2), which outputs the estimated type(s) and parameters of the event.

EC(~v1,~v2,~v3)

<latexit sha1_base64="dSNmcu3sUlUdN9nYjhmhnEoYnkI=">AAACDHicbZDLSgMxFIbPeK31VnXpJliEClJmakHdFYvgsoK9QDuUTJq2oZnMkGQKZegDuPFV3LhQxK0P4M63MW1H1NYfAh//OYeT83shZ0rb9qe1tLyyurae2khvbm3v7Gb29msqiCShVRLwQDY8rChnglY105w2Qkmx73Fa9wblSb0+pFKxQNzpUUhdH/cE6zKCtbHamex1OdcaUhIPx23nFH1j4QfPTkyXnbenQovgJJCFRJV25qPVCUjkU6EJx0o1HTvUboylZoTTcboVKRpiMsA92jQosE+VG0+PGaNj43RQN5DmCY2m7u+JGPtKjXzPdPpY99V8bWL+V2tGunvhxkyEkaaCzBZ1I450gCbJoA6TlGg+MoCJZOaviPSxxESb/NImBGf+5EWoFfJOMX95W8yWrpI4UnAIR5ADB86hBDdQgSoQuIdHeIYX68F6sl6tt1nrkpXMHMAfWe9f9E2aUQ==</latexit>

EC(~v4,~v5,~v6)

<latexit sha1_base64="wMvhmPempGeqW60acF7gwhKHfAE=">AAACDHicbZDLSgMxFIYzXmu9VV26CRahgpQZqbddsQguK9gLtEPJpKdtaCYzJJlCGfoAbnwVNy4UcesDuPNtTNsRtfWHwMd/zuHk/F7ImdK2/WktLC4tr6ym1tLrG5tb25md3aoKIkmhQgMeyLpHFHAmoKKZ5lAPJRDf41Dz+qVxvTYAqVgg7vQwBNcnXcE6jBJtrFYme13KNQdA48GoVTjG33j6g2dHpsvO2xPheXASyKJE5Vbmo9kOaOSD0JQTpRqOHWo3JlIzymGUbkYKQkL7pAsNg4L4oNx4cswIHxqnjTuBNE9oPHF/T8TEV2roe6bTJ7qnZmtj879aI9KdCzdmIow0CDpd1Ik41gEeJ4PbTALVfGiAUMnMXzHtEUmoNvmlTQjO7MnzUD3JO4X85W0hW7xK4kihfXSAcshB56iIblAZVRBF9+gRPaMX68F6sl6tt2nrgpXM7KE/st6/AAJsmlo=</latexit>
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Further specifics of DynEdge
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In DynEdge, there are several “enlargements” compared to the previous 
illustration of the GNN architecture. These are essentially:
• We use 6 input features: x, y, z, t, charge, and Quantum Efficiency.
• We convolute each node with the nearest 8 nodes (not two).
• We do 4 (not 1) convolutions, each with 192 inputs and outputs.
• The concatenation is of all convolution layers and the original input.
• In the results to be shown, we have trained separate GNNs for each output.

The repeated convolutions allows all signal parts to be connected.
The EdgeConv convolution operator ensures permutation invariance.

The number of model parameters is about 750.000 for the angular regressions, 
while the energy only requires 150.000. In principle one can go down to 70.000 
parameters, but there is no reason for this - it is already a “small” ML model.
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What can GNN predict?

31

GNNs are capable to make three sorts of predictions:
• Node prediction (is this node signal or noise?) 

Obtained simply from an MLP on the convoluted node features.
• Edge prediction (is this edge important or not?) 

Obtained from an MLP on (concatenated) pairs of node features.
• Graph prediction (is this graph an X or not? What is the Y of this graph?) 

Obtained through an MLP on a summary of the graph nodes. 
Here, there are several options of dimensionality and aggregation.
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GraphNet

32

The GNN model is outlined below, which is also the figure for our IceCube 
GNN paper (https://arxiv.org/abs/2209.03042).

EdgeConv

State Graph 1

State Graph 2

[n, 256]

[n, 256]

Min Max
Mean Sum

[n,6]
MLP Prediction

[1,n_outputs]

MLP

[1,1029]

Node Aggregation

EdgeConv

Global
Statistics

EdgeConv

State Graph 3

EdgeConv

[n, 256]

State Graph 4

[n, 256]

[1,5]

k-nn 

for j in range(num_nodes):

[n,256][n,h]

EdgeConv

[n, 1030]

Input Graph

https://arxiv.org/abs/2209.03042
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The GNN model is outlined below, which is also the figure for our IceCube 
GNN paper (https://arxiv.org/abs/2209.03042).
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Graph Convolutions

https://arxiv.org/abs/2209.03042
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The GNN model is outlined below, which is also the figure for our IceCube 
GNN paper (https://arxiv.org/abs/2209.03042).
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Input Graph

Graph Convolutions

Convolution
Captures globally relevant features in local areas by considering 
the difference of a node and the neighbours it’s connected to.

https://arxiv.org/abs/2209.03042
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The GNN model is outlined below, which is also the figure for our IceCube 
GNN paper (https://arxiv.org/abs/2209.03042).
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Convolution
Captures globally relevant features in local areas by considering 
the difference of a node and the neighbours it’s connected to.
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The GNN model is outlined below, which is also the figure for our IceCube 
GNN paper (https://arxiv.org/abs/2209.03042).
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Captures globally relevant features in local areas by considering 
the difference of a node and the neighbours it’s connected to.

https://arxiv.org/abs/2209.03042
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GraphNet is our attempt at putting GNN models for IceCube (and others) using 
the “DynEdge” architecture build in PyTorch Geometric into an easily available 
software package.

https://github.com/graphnet-team/graphnet

We are writing our results up in an IceCube paper (responded to several rounds 
of feedback and comments).

The IceCube challenge was also made into a Kaggle competition - .

https://github.com/graphnet-team/graphnet
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GraphNet people
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The original idea came through discussions with Jason Koskinen (NBI), where 
the “reconstruction bottleneck” became apparent. 
With the arrival of Graph Neural Network, Andreas and I made a Marie-Curie 
Fellowship application… which took a while! Meanwhile, I had first Mads and 
Bjørn, and later Rasmus as master students working on the project.

Philipp Eller

Martin Minh
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Seeing the Universe in ν light
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Optical TelescopesCherenkov Telescopes

Radio Telescopes

Cosmic Event
(Gamma Ray Burst,
Supernova, Blazar)

Neutrino

IceCube Detector
shown below in large

Cosmic Alert

X-ray observatories



Seeing the Universe
with neutrinos
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IceCube Neutrino Telescope
can see…



…extreme processes that yield neutrinos…



…which are great cosmic 
messengers…



…that can be observed by
IceCube ν-Telescope…
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…in real time using

Graph Neural Networks
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…in real time using

Graph Neural Networks

xupdate =
NeighboursX

i

NN(x, xi)

<latexit sha1_base64="5yDWUq45qolV550/Su+aw4yP+CY="></latexit>

Despite having a very complicated 
geometry and a great variation in 
number of signal inputs, new ML 
methods - Graph Neural Networks - 
are capable of handling this… very 
well!
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Bonus slides
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