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IceCube - South Pole Neutrino Observatory

• 1,500 - 2,800 meters under
the South Pole
• 5160 digital optical modules

(DOMs) equipped with a
photomultiplier tube (PMT)
able to measure Cherenkov
Radiation
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Data
• 100,000 Monte Carlo simulated events per dataset
• 1 dataset for electron neutrinos, 1 for muon neutrinos and 1 for tau

neutrinos
• 5 Input variables

• Charge, Q, of the signal
• x, y, z coordinates of the DOM
• time, t, where it received a signal
• Given per DOM activation, associated with event no, charge, time and

position per activation. (length = 55,852,230)

• 8 Target variables
• Given per event with true values for energy; x, y, z coordinates and

time, t, for first particle interaction; and x, y, z coordinates for particle
direction. (length = 100,000)
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Data
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Data
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Transforming data to graphs

−→

• Many different sized data structures can be model by graphs G(V,E)
• Each event was made into a graph
• Pulses −→ nodes
• Many ways to connect the nodes
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Graph convolution

Neighborhood aggregation

x′i = σ

(
xiW1 +∑j∈N (i) xjW2

) • Size invariant
• Doesn’t change structure
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Pooling layer

• Transforming the graphs to same size
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Graph Convolutional Neural Network Architecture

• Can be combined with usual MLP, giving an overall feedforward
network from which the backpropagation can be done to update
weights
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Our Network Architecture
• Network structure bases of a example of protein classification
• 1-4 Convolutional layer followed by an topK pooling
• 2-4 regular fully connected layers(Activation: ReLU)

(+ batch normalization in the regression case)
• Regression output: 1 output node no activation

loss function: Mean square error (mse)

• Classification output: 3 output nodes softmax activation
loss function: negative log likelihood (nnl)
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Implementation
• Google Colab

• Free GPU for everybody!
• Difficulties with runtime restart and collaboration

• GPU
• Weights and Biases (WandB.com)

• Visualize training
• Hyperparameter optimization and debugging
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Regression
• Many problems few answers

• The NN thinks the average is a nice guess
• offset by a factor?
• unsurprisingly different targets require different solutions.

• Some attempted solutions
• No activation layer in final layer
• targets natural log transformed
• batch normalizing
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Regression Results
Energy RMSE: 0.295 with a mean range of 2.843. (RMSE ∼ 10% of full
range.) time RMSE: 152 with a mean range of 1454. (RMSE ∼ 9% of full
range.) From a validation set of 15% of the full set.
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Classification
• Our solutions

• Network Architecture from the protein classification got
≈ 40% accuracy

• Best model got 81% accuracy at its best
• Hard to reproduce (only broken the 50% threshold twice)
• Unstable: Small changes could result in failing to learn
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Classification Results
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Optimization
• Hard to optimize

• Different ways of constructing graphs
(fully connected, one way in time or N nearest neighbors )

• Many kinds of convolution and pooling layers
• Exponentially more hyper-parameters
• Big graphs = slow training
• Bayesian optimization with WandB (with problem)
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Further discussion and outlook
• Graphs take up a lot of RAM, crashes at 50,000 events
• Fully connected, size scales like O(n2)

• Network structure, number and type of layers
• Extremely volatile

Outlook
• Full reconstruction of event
• Testing various Graph structures (forward edges, neighbor edges,

etc.)
• More hyperparameter optimization
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Conclusion
• Graph Neural Networks are useful for different sized structures
• We were able to implement working Graph Neural Networks for

regression and classification of simulated IceCube data
• Requires the use of a GPU, ∼40 times faster than a CPU
• We achieve accuracies of up to 80% for classification while

regression is still in progress

Thank you for listening!
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Thank you for listening
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Appendix A - Load data

1 u r l = ’ h t t ps : / / s i d . erda . dk / s h a r e r e d i r e c t / bSoeotINL9 /140000 00 . db
’

2 r = requests . get ( u r l , a l l o w r e d i r e c t s =True )
3 open ( ’ 140000 00 . db ’ , ’wb ’ ) . w r i t e ( r . content )
4
5 d b f i l e = ’ / content /140000 00 . db ’
6 w i th s q l i t e 3 . connect ( d b f i l e ) as con :
7 query = ’ s e l e c t ∗ from sequen t ia l ’
8 sequen t i a l 4 = pd . read sq l ( query , con )
9 query = ’ s e l e c t ∗ from sca la r ’

10 sca la r 4 = pd . read sq l ( query , con )
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Appendix B - Sequential

Figure: Every pulse no, position in x/y/z, dom charge and dom time
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Appendix C - Scalar

Figure: Target/true values for every event.
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Appendix D - Sort events

Listing 1: Sorting after events
1 # Sor t i ng by event number
2 fea tu res = sequen t i a l 4 . s o r t v a l u e s ( by =[ ’ event no ’ ] )
3 t a r g e t = sca la r 4 . s o r t v a l u e s ( by =[ ’ event no ’ ] )
4
5 unique events = np . unique ( fea tu res [ ’ event no ’ ] . values ) # l i s t o f

unique events
6 unique sample = unique events [0 : (128∗24) ] # choose subsample o f

unique events

We sort in order to make sure that we get our graphs and target values in
the same order after events.
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Appendix E - Making the graphs

1 n=subsample . shape [ 0 ] #number o f events i n the subsmple
2 events=np . ar ray ( subsample [ ’ event no ’ ] ) #event numbers
3 dataset = [ ] #empty l i s t f o r the graphs
4 for i in tqdm ( range ( n ) ) :
5 pulses = seqcat [ seqcat [ ’ event no ’ ]== events [ i ] ]
6 i f 30 < len ( pulses ) < 100: # exc lud ing events w i th many or few
7 ntype = to rch . tensor ( [ i n t ( subsample [ subsample [ ’ event no ’ ]==

events [ i ] ] [ ’ type ’ ] ) ] , dtype= to rch . long ) # neu t r i no type
8 perm = l i s t ( ( permutat ions ( range ( pulses . shape [ 0 ] ) ,2 ) ) )
9 edge index = to rch . tensor ( [ l i s t ( perm [ j ] ) for j in range ( len (

perm ) ) ] , dtype= to rch . long ) # f u l l y connected
10 x = to rch . tensor ( np . ar ray ( pulses . drop ( columns= ’ event no ’ ) ) ,

dtype= to rch . f l o a t ) # fea tu res
11 dataset . append ( Data ( x=x , edge index=edge index . t ( ) . cont iguous

( ) , y=ntype ) ) #appending graph
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Appendix F - Network

1 # S p l i t dataset
2 dataset = e d g e i n d e x l i s t
3 pr in t ( ” dataset type : ” , type ( dataset ) )
4
5 t r a i n d a t a s e t = dataset [ : len ( dataset ) / / 1 0∗7 ] # 70%
6 v a l i d d a t a s e t = dataset [ len ( dataset ) / / 1 0∗7 : len ( dataset )

/ /10∗7+( len ( dataset )−len ( dataset ) / / 10∗7 ) / / 2 ] # 15%
7 t e s t d a t a s e t = dataset [ len ( dataset ) / /10∗7+( len ( dataset )−len (

dataset ) / / 10∗7 ) / / 2 : ] # 15%
8
9 ba tch s ize= 2∗∗ (6)

10 t r a i n l o a d e r = DataLoader ( t r a i n d a t a s e t , ba tch s ize )
11 v a l l o a d e r = DataLoader ( v a l i d d a t a s e t , ba tch s ize )
12 t e s t l o a d e r = DataLoader ( t es t da ta se t , ba tch s ize )
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Appendix G - Regression code
1 sca l i ng = 2
2 class Net ( to rch . nn . Module ) :
3 def i n i t ( s e l f ) :
4 super ( Net , s e l f ) . i n i t ( )
5
6 s e l f . conv1 = GraphConv ( dataset [ 0 ] . num features , 32∗

sca l i ng )
7 s e l f . pool1 = TopKPooling (32∗ sca l ing , r a t i o =0.8)
8 s e l f . conv2 = GraphConv(32∗ sca l ing , 32∗ sca l i ng )
9 s e l f . pool2 = TopKPooling (32∗ sca l ing , r a t i o =0.8)

10 # s e l f . conv3 = GraphConv(32∗ sca l ing , 32∗2)
11 # s e l f . pool3 = TopKPooling (32∗ sca l ing , r a t i o =0.8)
12
13 s e l f . l i n 1 = to rch . nn . L inear (64∗ sca l ing , 32∗ sca l i ng )
14 s e l f . l i n 2 = to rch . nn . L inear (32∗ sca l ing , 16∗ sca l i ng )
15 s e l f . l i n 3 = to rch . nn . L inear (16∗ sca l ing , 1)
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1 def forward ( s e l f , data ) :
2 x , edge index , batch = data . x , data . edge index , data .

batch
3
4 x = F . r e l u ( s e l f . conv1 ( x , edge index ) )
5 x , edge index , , batch , , = s e l f . pool1 ( x , edge index ,

None , batch )
6 x1 = to rch . ca t ( [ gmp( x , batch ) , gap ( x , batch ) ] , dim=1)
7
8 x = F . r e l u ( s e l f . conv2 ( x , edge index ) )
9 x , edge index , , batch , , = s e l f . pool2 ( x , edge index ,

None , batch )
10 x2 = to rch . ca t ( [ gmp( x , batch ) , gap ( x , batch ) ] , dim=1)
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1 # x = F . r e l u ( s e l f . conv3 ( x , edge index ) )
2 # x , edge index , , batch , , = s e l f . pool3 ( x ,

edge index , None , batch )
3 # x3 = to rch . ca t ( [ gmp( x , batch ) , gap ( x , batch ) ] , dim=1)
4
5 x = x1 + x2 # + x3
6
7 x = F . r e l u ( s e l f . l i n 1 ( x ) )
8 x = F . dropout ( x , p=0.5 , t r a i n i n g = s e l f . t r a i n i n g )
9 x = F . r e l u ( s e l f . l i n 2 ( x ) )

10 x = s e l f . l i n 3 ( x )
11
12 return x
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1 device = to rch . device ( ’ cuda ’ i f t o rch . cuda . i s a v a i l a b l e ( ) else ’
cpu ’ )

2 model = Net ( ) . to ( device )
3 op t im ize r = to rch . optim .Adam( model . parameters ( ) , l r =0.005)
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1 def t r a i n ( epoch ) :
2 model . t r a i n ( )
3 l o s s a l l = 0
4 for data in t r a i n l o a d e r :
5 data = data . to ( device )
6 op t im ize r . zero grad ( )
7 output = model ( data )
8 loss = F . mse loss ( output . f l a t t e n ( ) , data . y )
9 loss . backward ( )

10 l o s s a l l += loss . i tem ( )
11 op t im ize r . step ( )
12 return l o s s a l l / len ( t r a i n l o a d e r )
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1 def t e s t ( loader ) :
2 model . eval ( )
3 mse a l l = 0
4 for data in l oader :
5 data = data . to ( device )
6 pred = model ( data )
7 mse = F . mse loss ( pred . f l a t t e n ( ) , data . y )
8 mse a l l += mse . i tem ( )
9 i f epoch > 98: pr in t ( pred . f l a t t e n ( ) , data . y )

10 return mse al l / len ( loader )
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1 for epoch in range (1 , 100) :
2 loss = np . s q r t ( t r a i n ( epoch ) )
3 train RMSE = np . s q r t ( t e s t ( t r a i n l o a d e r ) ) #train NMAE
4 test RMSE = np . s q r t ( t e s t ( t e s t l o a d e r ) ) #test NMAE
5
6 pr in t ( ’ Epoch : { :03d} , Loss : { : . 5 f } , T ra in RMSE: { : . 5 f } , Test

RMSE: { : . 5 f } , ’ .
7 format ( epoch , loss , train RMSE , test RMSE ) )
8 met r i cs = { ’ l oss rmse ’ : loss , ’ T ra in rmse ’ : train RMSE , ’ Test

rmse ’ : test RMSE}
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Appendix H - Regression code
Code:
Time : https://colab.research.google.com/drive/
1FeMWLdeunf11_D3llkWzzE_52oPHRs4T?usp=sharing
energy : https://colab.research.google.com/drive/
1wdPuDf7OtRvORbyPGZzcBD_amJ9Jc9yv?usp=sharing
Weights and biases
Time : https://app.wandb.ai/maskel/
time-regression-icecube?workspace=user-maskel
energy : https://app.wandb.ai/maskel/
regression-graph-icecube?workspace=user-maskel
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Appendix I - Classification code
Classification code : https://colab.research.google.com/drive/
1zUtHlK6LTyqTNoCzyHJ9oNQyIKJKNNM9?usp=sharing
Classification WandB: https://app.wandb.ai/moust/
IceCubeClassification?workspace=user-moust
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Appendix J - Weights and biases

Figure: W&B

•
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