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Outline & Aim
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In the following, I will talk about:
• The IceCube detector and physics program.
• The IceCube neutrino signals.
• Neutrino reconstruction algorithms.
• The workings of Graph Neural Networks (GNN).
• How GNNs might be used to expand neutrino astronomy.

In the following, I hope to convey that:



Using Angular Variables 
to disentangle 

IceCube Detector & Physics
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IceCube experiment (South Pole)
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Signals in IceCube

10

The neutrino spectrum is largely unknown, but expected to be as follows:
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The neutrino spectrum is largely unknown, but expected to be as follows:
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IceCube monitors the highest energy region 
(10000+ GeV), while cosmic neutrinos at lower 
energies (1-10000 GeV) are abundant, but have a 
large background from atmospheric neutrinos.
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The trigger/read-out rate is about 2500 Hz, while the true neutrino rate is mHz, 
i.e. one every 6 minutes! You might imagine these looks like below…



Signals in IceCube
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The trigger/read-out rate is about 2500 Hz, while the true neutrino rate is mHz, 
i.e. one every 6 minutes! You might imagine these looks like below…

…but - alas - that is not the case! Most have very low energy, and result in 10-20 
signal pulses, which are mixed with a similar amount of background pulses 
from noise.

Here, the challenge starts!

270 TeV 25 GeV



More complications
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On top of the irregular detector 
geometry, the ice also has its 
irregularities.

Different depths have different 
absorption and scattering 
lengths, due to dust layers 
from past ages.

Furthermore, the ice in the 
holes that the strings are 
installed in has bubbles.

Finally, the ice seems to have a 
preferred direction, due to 
crystal structures in the glacial 
flow.
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Current reconstruction methods
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The RETRO reconstruction algorithm was created around 2019, and is a 
likelihood based method for LOW energy neutrinos (Arxiv: 2203.02303).

It uses large tables created from simulating millions of neutrino interactions, to 
create templates. While very accurate, it takes about 10-40 seconds to run.



Current reconstruction methods
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The DNN reconstruction algorithm was created in 2021, and is a CNN based 
method for HIGH energy neutrinos (Arxiv: 2101.11589).

It subdivides the irregular IceCube array, and applies a CNN approach to each 
of these, which are then combined in a “normal” NN. It takes about 1ms to run.



Current reconstruction methods
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The DNN reconstruction algorithm was created in 2021, and is a CNN based 
method for HIGH energy (cascade: e/tau) neutrinos (Arxiv: 2101.11589).

It subdivides the irregular IceCube array, and applies a CNN approach to each 
of these, which are then combined in a “normal” NN. It takes about 1ms to run.



Reconstruction discussion
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The RETRO algorithm is very smart, and uses known physics along with a 
good deal of optimisation. The result is very accurate predictions.

The drawback is the speed. At 10-40 seconds/event, it takes months to run 
through and reconstruct the IceCube dataset (11 years!).

The DNN algorithm is also very smart. It utilises the fact that it is OK to 
introduce various transformations of the input data, as long as a Neural 
Network at the end gets a chance to combine it. Like all ML methods, it is also 
fast.

However, the method works best for high energy neutrinos, which have a large 
number of pulses (1000+), while details (and hence performance) are partially 
lost at lower energies.
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The RETRO algorithm is very smart, and uses known physics along with a 
good deal of optimisation. The result is very accurate predictions.

The drawback is the speed. At 10-40 seconds/event, it takes months to run 
through and reconstruct the IceCube dataset (11 years!).

The DNN algorithm is also very smart. It utilises the fact that it is OK to 
introduce various transformations of the input data, as long as a Neural 
Network at the end gets a chance to combine it. Like all ML methods, it is also 
fast.

However, the method works best for high energy neutrinos, which have a large 
number of pulses (1000+), while details (and hence performance) are partially 
lost at lower energies.

How to solve the problem of variable input size and irregular geometry?
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Graphs
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A graph consists of nodes (containing information) and edges (node connections).
The connectivity does not need to be bijective, and the number of connections 
may vary (but doesn’t in our case).

In the case of IceCube, the pulses (or DOMs) are the nodes, and these are 
connected in “some way”, upon which a Neural Network is applied.



Graph Neural Networks
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A Graph Neural Network (GNN) is a Neural Network applied to a graph, that is 
it takes a graph as input, and outputs as an NN.

Just like in a Convolutional Neural Network (CNN), the process consists of 
applying several convolutions. In the GNN case, this is done with a convolutional 
operator. An example of this is EdgeConv (Arxiv: 1801.07829):

In the end, all the nodes are aggregated together, resulting in a fixed size vector to 
apply an ordinary NN on, yielding the desired estimates.

Sounds complicated? Let us have a look in more detail…

xupdate =
NeighboursX

i

NN(x, xi)

<latexit sha1_base64="5yDWUq45qolV550/Su+aw4yP+CY="></latexit>
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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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Details of GNN reconstruction
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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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Details of GNN reconstruction
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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
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Details of GNN reconstruction
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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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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>



Using Angular Variables 
to disentangle 

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 256 inputs and outputs.
• The concatenation is of all convolution layers and the original input.
• We also include global statistics in the final NN.
• 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.

The GNN model is build in PyTorch Geometric using “DynEdge” architecture.
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GraphNet
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Our GNN model is outlined below, and is part of a larger package that we call 
GraphNet. Using GraphNet, we want to make it “simple” to reconstruct data 
from Neutrino Telescopes in general.

EdgeCRQY

SWaWe GUaSh 1

SWaWe GUaSh 2

[Q, 256]

[Q, 256]

MiQ Ma[
MeaQ SXP

[Q,6]
MLP PUedicWiRQ

[1,Q_RXWSXWV]

MLP

[1,1029]

NRde AggUegaWiRQ

EdgeCRQY

GlRbal
SWaWiVWicV

EdgeCRQY

SWaWe GUaSh 3

EdgeCRQY

[Q, 256]

SWaWe GUaSh 4

[Q, 256]

[1,5]

k-nn 

for j in range(numɏnodesƀ:

[Q,256][Q,h]

EdgeCRQY

[Q, 1030]
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GNN classification overview

RAW data

Noise Particles

Muons Neutrinos

Track CascadeThrough Stopped

Particle PID

Lepton PID

Muon PID Neutrino PID

Reconstruction (E, θ, φ, xyztstart, xyztend, etc.)

Pulse Cleaning

This diagram illustrates 
how we foresee using the 
GNNs sequentially.
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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

Philipp Eller

Martin Minh

GraphNet - Team

https://github.com/icecube/graphnet/
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GNN performance
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GraphNet - Results
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The following slides will show the resulting GNN performance (also compared 
to RetroReco) for track and cascade neutrino events.

The performance depends on the neutrino energy, so all plots are made as a 
function of energy.

Since neutrino statistics is limited at
low (< 3 GeV) and high (> 300 GeV)
energies, the GNN performance there
is not expected to be optimal.
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GraphNet - Results
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Separation between signal (neutrinos) and background (muons) is improved.
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GraphNet - Results
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The (difficult) separation between track-like (T, from muons) and Cascade (C, 
from electrons and taus) is also improved, though less overall. 



Using Angular Variables 
to disentangle 

Reconstruction results
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GraphNet - Energy
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The energy is optimised by minimising LogCosh of log10Epred - log10Etrue
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GraphNet - zenith angle
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The angular performance uses a 2D Von-Mises Fisher loss function, where the 
task is to predict (cosθ, sinθ) and an uncertainty parameter.
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GraphNet - Robustness test
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In order to test, to what extend the 
GNN reconstruction is robust to 
systematic changes in the ice 
properties and the detector response, 
it has been applied to a standard set 
of simulated systematic data sets.

We see the expected pattern in energy 
and angle.

The overall conclusion is, that it has 
the same “good” robustness as the 
RetroReco algorithm.

This suggests, that the reconstruction 
shifts with systematics are inherent, 
and not possible to avoid. 
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Hot-of-the-press
Not-even-preliminary
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Running on (1 day of) real data
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The ability to identify muons, and divide them into “stopped” or not is shown 
below, with data overlaying MC. The MC still needs scaling, re-weighting, etc…. 
but as first result on raw data, this is reasonably good:
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Speed
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GraphNet - Speed

48

Of course an ML algorithm is faster than a (difficult) likelihood minimisation.

However, the GNN speed never fail to amaze us, illustrated as follows:

The OscNext analysis required the reconstruction of the 21 systematic sets, 
which is a total of 143.000.000 neutrino events.

At ~40 s/event, this took 2.5 months on 1000 CPUs. The power cost alone is 
10.000+ DKr. We tried to do the same reconstruction on a single GPU…
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GraphNet - Speed
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Of course an ML algorithm is faster than a (difficult) likelihood minimisation.

However, the GNN speed never fail to amaze us, illustrated as follows:

The OscNext analysis required the reconstruction of the 21 systematic sets, 
which is a total of 143.000.000 neutrino events.

At ~40 s/event, this took 2.5 months on 1000 CPUs. The power cost alone is 
10.000+ DKr. We tried to do the same reconstruction on a single GPU…

You could submit the job,
go to NOMA for dinner,
bring a friend/colleague,
get the full menu + wine menu,
have a fantastic evening…
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GraphNet - Speed
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Of course an ML algorithm is faster than a (difficult) likelihood minimisation.

However, the GNN speed never fail to amaze us, illustrated as follows:

The OscNext analysis required the reconstruction of the 21 systematic sets, 
which is a total of 143.000.000 neutrino events.

At ~40 s/event, this took 2.5 months on 1000 CPUs. The power cost alone is 
10.000+ DKr. We tried to do the same reconstruction on a single GPU…

You could submit the job,
go to NOMA for dinner,
bring a friend/colleague,
get the full menu + wine menu,
have a fantastic evening…

And you would still be richer and not be sober, when the job was done…
 (7 hours, 10 DKr.)
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Dreaming
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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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