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Motivation

T. Ruhe, PHYSTAT-Gamma 2022

Von Banffy - Eigenes Werk, CC BY-SA 3.0, 
https://commons.wikimedia.org/w/index.php?
curid=11657709

Source: CC BY-SA 3.0, 
https://commons.wikimedia.org/w/inde
x.php?curid=577886

Source: Von smial (talk) - Eigenes Werk, 
FAL, 
https://commons.wikimedia.org/w/inde
x.php?curid=6028669

Machine Learning provides tools
to accomplish an analysis task
faster and more accurately
(when used correctly).
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Further Reading

T. Ruhe, PHYSTAT-Gamma 2022

§ General Introduction to Statistical Learning
§ Good start to get an overview
§ A lot of extra material: https://hastie.su.domains/ElemStatLearn/
§ (I believe you can also download the pdf there....)

§ Focus on Deep Learning and Neural Networks
§ Nice pedagogic approach

Source: https://hastie.su.domains/ElemStatLearn/

Source: amazon

https://hastie.su.domains/ElemStatLearn/
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Further Reading

T. Ruhe, PHYSTAT-Gamma 2022

§ Focus on astroparticle and particle physics
§ Contains a lot of topics also covered in this talk
§ Open access
§ To be published by the end of 2022

Source: Von The scikit-learn developers - github.com/scikit-learn/scikit-
learn/blob/master/doc/logos/scikit-learn-logo.svg, BSD, 
https://commons.wikimedia.org/w/index.php?curid=71445288



5

Outline

§ Nomenclature and stuff
§ Feature Selection
§ Selected Algorithms
§ Neural Networks and Deep Learning

T. Ruhe, PHYSTAT-Gamma 2022
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Nomenclature

T. Ruhe, PHYSTAT-Gamma 2022

Events (Examples) are
characterized by a  feature
vector: 

! = #$ … #&

In this example

! = (#$, #))

And a class variable 

+ ∈ +$ … +&

In this example

+ ∈ -./0, 123450
N (!, +) pairs are referred to as training set
Or annotated data
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Nomenclature

T. Ruhe, PHYSTAT-Gamma 2022

Events (Examples) are
characterized by a  feature
vector: 

! = #$ … #&

In this example

! = (#$, #))

And a class variable 

+ ∈ +$ … +&

In this example

+ ∈ -./0, 123450

Task: Build a model to
separate blue and orange 
examples.
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The Linear Model

T. Ruhe, PHYSTAT-Gamma 2022

!" = $% +'
()*

+
,($(

!" = -orange: 0blue: 1

Solve e.g. by least squares fit
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The Linear Model: Graphical Representation of the Model

T. Ruhe, PHYSTAT-Gamma 2022

Below line:
Classify as blue

Above line:
Classify as orange

The model is not able to perfectly
describe the training data.
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Application to Unseen Data

T. Ruhe, PHYSTAT-Gamma 2022

Confusion Matrix

*I defined that border will be part of
the orange class.

Blue (+) Orange (-)
Blue (+) 22 2
Orange (-) 3 22
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True and False Negatives and Postives

T. Ruhe, PHYSTAT-Gamma 2022

Confusion Matrix

*I defined that border will be part of
the orange class.

Blue (+) Orange (-)
Blue (+) 22 2
Orange (-) 3 22

True Positives (TP)

True Negatives (TN)

False Positives (FP)

False Negatives (FN)
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Quality Measures

T. Ruhe, PHYSTAT-Gamma 2022

Confusion Matrix

* These measures can sometimes
have different names

Blue (+) Orange (-)
Blue (+) 22 2
Orange (-) 3 22

True Positives (TP)

True Negatives (TN)

False Positives (FP)

False Negatives (FN)

!"" = $% + $'
% + ' = $% + $'

$% + (% + $' + ('

Accuracy:

%)*" = $%
$% + (%

)*" = $%
$% + (%

Precision:

Recall:
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Area Under Curve

T. Ruhe, PHYSTAT-Gamma 2022

Source: By cmglee, MartinThoma - Roc-draft-xkcd-
style.svg, CC BY-SA 4.0, 
https://commons.wikimedia.org/w/index.php?curid=1097
30045

ROC characteristic for the FACT Open Crab data set

Graphic: M. Linhoff

Graphics: M. Linhoff [Learning Under Resource
Constraints – Discovery in  Physics] (in preparation)
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Exemplary Data Analysis Pipeline

T. Ruhe, PHYSTAT-Gamma 2022

Variable Selection Classifier Training
Cut on Classifier

Output

Picture: CC BY-SA 3.0, 
https://commons.wikimedia.org/w/index.p
hp?curid=14260Source: https://www.pinterest.com/pin/550354016946043419/
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Variable Selection: Try possible combinations

T. Ruhe, PHYSTAT-Gamma 2022

Source: By Thore Husfeldt at English Wikipedia, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=31823619

Yes, but...
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Feature Selection

T. Ruhe, PHYSTAT-Gamma 2022

Event Selection – Feature Selection
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7

M. Börner, PhD thesis (2018)

Exclude features that either bias the
selection or are only present in simulation.
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Feature Selection

T. Ruhe, PHYSTAT-Gamma 2022

Event Selection – Feature Selection
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Feature/Observable selection to find a low dimensional representation for the 
classification task without losing information

Data/MC Classification

7

M. Börner, PhD thesis (2018)

Exclude features that either bias the
selection or are only present in simulation.

Constant features do not carry information.
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Feature Selection

T. Ruhe, PHYSTAT-Gamma 2022

Event Selection – Feature Selection
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Feature/Observable selection to find a low dimensional representation for the 
classification task without losing information

Data/MC Classification

7

M. Börner, PhD thesis (2018)

Exclude features that either bias the
selection or are only present in simulation.

Constant features do not carry information.

Strongly correlated features do not contain
new information (or only very little)
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Feature Selection

T. Ruhe, PHYSTAT-Gamma 2022

Event Selection – Feature Selection
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Feature/Observable selection to find a low dimensional representation for the 
classification task without losing information

Data/MC Classification

7

M. Börner, PhD thesis (2018)

Exclude features that either bias the
selection or are only present in simulation.

Constant features do not carry information.

Strongly correlated features do not contain
new information (or only very little)

Simulated and experimental data
should agree to not bias the result.
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Feature Selection

T. Ruhe, PHYSTAT-Gamma 2022

Event Selection – Feature Selection
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Feature/Observable selection to find a low dimensional representation for the 
classification task without losing information
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M. Börner, PhD thesis (2018)

Exclude features that either bias the
selection or are only present in simulation.

Constant features do not carry information.

Strongly correlated features do not contain
new information (or only very little)

Simulated and experimental data
should agree to not bias the result.

Automated selection by a feature
selection algorithm.
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Minimum Redundancy Maximum Relevance

T. Ruhe, PHYSTAT-Gamma 2022

Event Selection – Feature Selection
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Feature/Observable selection to find a low dimensional representation for the 
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M. Börner, PhD thesis (2018)

§ Select features according to relevance and
redundancy

§ Feature set is built by iteratively adding
features that fulfill the following criterion

max
$% & '()*+,

- ./, 1 − 1
4 − 1 5

$6 & )*+,

-(.8, ./)

Ding, C., & Peng, H., Journal of bioinformatics and computational biology, 3(02), 185-205. (2005)

Peng, H.C., Long, F., and Ding, C., IEEE Transactions on Pattern Analysis and Machine Intelligence, 
Vol. 27, No. 8, pp. 1226–1238, 2005.
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Feature Selection Stability

T. Ruhe, PHYSTAT-Gamma 2022

172 7 Monitoring and Feature Extraction

Fig. 7.2: Feature selection stability for a MRMR . The stability of the selection increases with
an increasing number of attributes and starts to saturate for nAtt � 20. Figure taken from
Ref. [328].

be noted that Eq. (7.7) is not defined for k = 0 and k = n. As these are the trivial
cases of selecting either no or all features, which render the comparison of feature sets
useless, this does not pose a problem. A good agreement between the selected subsets
is achieved when the indices are close to one, whereas a poor agreement is observed
in case the indices are close to 0 (Jaccard) or -1 (Kuncheva). Examples regarding the
stability of the feature selection carried out with MRMR, and a simple forward selection
are depicted in the Figs. 7.2 (MRMR) and 7.3 (forward selection). One finds that for
MRMR, the stability of the selection increases with an increasing number of selected
attributes. The opposite case is observed for the forward selection, and both indices
are found to decrease with an increasing number of selected attributes. For selection
algorithms, both indices are equal to one in case only one attribute is selected. This
indicates the existence (and selection) of a feature with a very strong correlation to the
class variable.

Further Remarks The best and most stable feature selection becomes useless in case
the selected features are subject to disagreements between simulated- and experimental
data. As experiments in astroparticle physics are sometimes subject to such mismatches,
all selected features should be monitored with respect to this agreement. This will allow
for training a well-generalizing classifier, which can be applied to experimental data. It is
mostly a matter of taste at which point of the feature selection such a check for potential
disagreements should occur. One may, for example, analyze the selected features after
the selection is completed. This has the advantage that relatively few attributes must

7.3 Feature Extraction for IACTs 173

Fig. 7.3: Feature selection stability for a simple forward selection. A decreasing stability is ob-
served with an increase in the number of attributes. Figure taken from Ref. [328].

be closely studied, and features with detected mismatches can be manually excluded
from the selected set. However, by doing so, one runs the risk that an entirely new
feature selection becomes necessary if too many selected features have to be excluded.
In contrast, the opposite case of investigating and excluding attributes before running
an automated feature selection can become rather time and resource-consuming. For
more details on the so-called data/MC mismatches and their detection via the use of
machine learning, we refer to Sec. 5.3.2

As an additional sanity check on the feature selection, it is often helpful to study the
importance of the individual features with respect to the classification task they have
been selected for. When using MRMR with IceCube data, it has been observed that the
features selected in the later iterations of MRMR show little to very little importance
with respect to the classification task. Whether some of those less important features
can be manually excluded from the feature set depends on the available computational
resources and the classification task at hand. Moreover, to some extent, such an exclusion
can also be considered a matter of taste.

7.3 Feature Extraction for IACTs

Maximilian Linhoff
Jens Buß

Lukas Nickel

! ", $ = " ∩ $
" ∪ $ ()(", $) =

,- − /0
/(- − /)

/ = " = $

, = " ∩ $

-: number of features

Ludmila I. Kuncheva: A STABILITY INDEX FOR FEATURE SELECTION
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Detection of Data/Simulation Disagreements

T. Ruhe, PHYSTAT-Gamma 2022

5.3 Validation of the simulation 131
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0

2000

Fig. 5.10: Two example features from the IceCube dataset for observations and simulations. Top:
Total charge in the DOMs, one of the well simulated features. Bottom: Number of pulses in the
DOMs, one of the not-so-well simulated features.

above. But most of the time, due to the combinatorial nature and complexity of the
detectors, the cause, and effects are much more indirectly linked, making it very hard
to identify the root cause once a mismatch is identified.

5.3.2 Detection of Mismatches

Tim Ruhe
Maximilian Linhoff

For well-simulated data, simulated events should be indistinguishable from observed
events by their properties. Classically, investigations of possible mismatches between
simulated and observed datasets rely on one-dimensional parameter distributions.
However, systematic errors in the simulation will also affect the correlation between
parameters, so looking at single parameter distributions is insufficient. With the high
dimensionality of typical intermediate data representations in particle and astroparticle
physics, it is infeasible to inspect all possible combinations of parameters manually.

A way to quantify the agreement of simulations and observations is thus to try to
classify the datasets with the goal of predicting for each event if it was simulated or
observed and then apply the usual quality metrics for supervised classification tasks

sufficient agreement

insufficient agreement

Challenges when inspecting
distributions by eye:

§ only looking at one-
dimensional distributions

§ Systematic errors in 
simulation will also affect
correlations between
features

§ Which metric ???

§ Which threshold ??? Graphics: M. Linhoff [Learning Under Resource
Constraints – Discovery in  Physics] (in preparation)
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Detection of Data/Simulation Disagreements

T. Ruhe, PHYSTAT-Gamma 2022

132 5 Monte Carlo Simulations
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Fig. 5.11: Feature importance of the 20 most important features for the classification into
observations or simulations

like accuracy or the area under the ROC curve. For a well-simulated dataset, this
classification task should be hard to impossible, and thus the classification metrics
should be compatible with randomly guessing.

In addition to quantifying the match between simulations and observations, this
approach also allows the identification of badly simulated features by calculating how
important an individual feature was to the overall classification. Decision-tree-based
algorithms can provide individual feature importances via the total reduction of the
loss function achieved by the splits in the respective features. For all algorithms, a
permutation-based approach can be used [97, section 10]. To quantify the importance of
a single feature, the values of this feature are permuted, and the classifier is evaluated
on the permuted dataset, resulting in a worse metric than the baseline if the feature is
important to the classification.

After identifying problematic features, two approaches are possible: removing badly
simulated features until the classification is no longer possible or using the gained insight
to improve the simulations. These two approaches are akin to treating symptoms or the
underlying root condition in medicine. If possible, the latter will always produce better
results, and the former is easier in the short term. Again, both approaches complement
each other.

This approach was developed as part of [91], and more details can be found in [90].

General Idea:

§ Train classifier to distinguish
simulated and experimental 
data

§ Hard to impossible for a 
perfect agreement

§ Sort features according to
their importance

§ Discard top n features
§ Advantage: Extent to which

mismatches can be tolerated
is set by the classifierGraphics: M. Linhoff [Learning Under Resource

Constraints – Discovery in  Physics] (in preparation)
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Detection of Data/Simulation Disagreements

T. Ruhe, PHYSTAT-Gamma 2022

5.3 Validation of the simulation 133
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Fig. 5.12: ROC curves for the classification into observations or simulations. After removing the
12 most important features for this classification from the dataset, the task is much harder to
solve.

Application to an IceCube high-level dataset In the following, we will apply this
approach to a high-level IceCube dataset, which generally has an excellent agreement
between simulated and observed data. Using the approach, we will identify a few
columns in the dataset that show mismatches and make the classification impossible
by iteratively removing features with high feature importance with respect to the
classification into observed and simulated.

The dataset consists of simulated, neutrino-induced events and observations after
suppressing the atmospheric muon background to very low levels. As the simulations do
not directly follow the expected energy spectra and the observation durations are not
equivalent, sample weights for the simulated dataset are necessary to obtain a realistic
comparison. Due to the low cross-section, neutrino interactions in IceCube are very
rare compared to atmospheric muons. Primary neutrinos are also simulated with an
artificially increased cross-section to force interactions inside the detector to obtain
sufficient statistics for the neutrino events (the searched-for signal in most IceCube
analyses). This artificially increased cross-section must be considered when calculating
the sample weights for these events. While most of the features in the dataset show
very good agreement between simulations and observations, few do not like those shown
at the bottom of Figure 5.10.

As quality metric, area under the ROC curve (AROC) is used, with AROC ⇡
0.5 constituting random guessing, the desired outcome. Both loss-reduction feature
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Fig. 5.13: Score distributions for the classification into observations or simulations

importance for tree-based models and permutation-based feature importance for all
classification algorithms are implemented in scikit-learn. For this example, we will
use a random forest classifier and rely on the loss-based feature importances, as these
are provided by scikit-learn out-of-the-box after training. We train a random forest
classifier using tenfold cross-validation.

In the first iteration, we train with all available features. The mean feature impor-
tance over the cross-validation iterations is shown in Figure 5.11. It can be seen that
a few features stick out, including the one shown in Figure 5.10. We now remove the
four features with the largest importance and repeat the procedure three more times.
Figure 5.12 shows the resulting ROC curves for each cross-validation iteration along
with the mean area under the curve. As expected, the problem gets progressively harder
to solve for the classifier, after removing 12 features the mean area under the ROC
curve is down to ĀROC = 0.55 from ĀROC = 0.67 on the full dataset.

The same behavior can be seen when looking at the score distributions in Fig-
ure 5.13, while for the entire dataset, there is a considerable number of events that the
model assigned a large likelihood to be simulated, the distributions approach a normal
distribution around a mean of 0.5 for the reduced dataset.

For further investigations, looking at the events that were classified as simulations
with high likelihood might give valuable insights into why those events were clearly
identified, meaning they belong to a class of events that is not or only much more
rarely observed in measured data. The same could be said for the opposite case: events

Prediction score centered
around 0.5 (close to random
guess).

Area under Curve is close to
0.5 (close to random guess).

Graphics: M. Linhoff [Learning Under Resource
Constraints – Discovery in  Physics] (in preparation)
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Replacing Missing Values

T. Ruhe, PHYSTAT-Gamma 2022

§ Some algorithms can only handle 
numerical values

§ Missing values (nans, infs, ...) can be
replaced
§ Average
§ Median
§ Constant
§ ...

§ Features with too many missing values
can be excluded

§ Missing value can actually provide
valuable information, e.g. 
reconstruction algorithm failed
because this is an event with poor
information

Source: By Internet Archive Book Images -
https://www.flickr.com/photos/internetarchivebookimages/14590021147/Source book page: 
https://archive.org/stream/climatologicalda4753unit/climatologicalda4753unit#page/n168/mode/
1up, No restrictions, https://commons.wikimedia.org/w/index.php?curid=41910405



27

Decision Trees

T. Ruhe, PHYSTAT-Gamma 2022

!" > $"!" ≤ $"

!& ≤ $& !& > $&
!& > $'!& ≤ $'
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Decision Trees Nomenclature

T. Ruhe, PHYSTAT-Gamma 2022

!" ≤ $"

!% ≤ $% !% > $%

root node

terminal nodes/leaves

Depth of the tree: 3
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Decision Trees

T. Ruhe, PHYSTAT-Gamma 2022

!"

!#

!$

%"

%#

Decision Trees achieve a binary
partioning of the feature space.
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Decision Trees

T. Ruhe, PHYSTAT-Gamma 2022

!" > $"!" ≤ $"

!& ≤ $& !& > $& No further split possible

à Majority vote: green
à Average: 

confidence(green)= 2/3, 
confidence(orange) = 1/3
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Decision Trees for Regression

T. Ruhe, PHYSTAT-Gamma 2022

!" > $"!" ≤ $"

!& ≤ $& !& > $& No further split possible

1
3 2 + 2 + 1 = 5

3

1
1
1

2 2
3

1 1

1 1

3

3

2 2 1
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How to decide where to split?

T. Ruhe, PHYSTAT-Gamma 2022

Impurity Measures:

Cross entropy:

! " = −%
&'(

)
*(,&)./01(,&)

Gini Impurity:

! " =%
23&

* ,2 * ,& = 1
2 1 −%

&
*1 (,&)

*(,&): Fraction of patterns at 
node " in class,&
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How to decide where to split?

T. Ruhe, PHYSTAT-Gamma 2022

∆" # = " # − &' ( " #' − (1 − &') ( "(#,)

To determine the optimal split consider the decrease in impurity:

Misclassification impurity:

" # = 1 −-./0&(10)
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Boosted Decsion Trees

T. Ruhe, PHYSTAT-Gamma 2022

Elements of Statistical Learning (2nd Ed.) c!Hastie, Tibshirani & Friedman 2009 Chap 10

Training  Sample

Weighted  Sample

Weighted  Sample

Weighted  Sample

Training  Sample

Weighted  Sample

Weighted  Sample

Weighted  SampleWeighted  Sample

Training  Sample

Weighted  Sample

Training  Sample

Weighted  Sample

Weighted  SampleWeighted  Sample

Weighted  Sample

Weighted  Sample

Weighted  Sample

Training  Sample

Weighted  Sample

G(x) = sign
!"M

m=1 !mGm(x)
#

GM (x)

G3(x)

G2(x)

G1(x)

Final Classifier

FIGURE 10.1. Schematic of AdaBoost. Classifiers
are trained on weighted versions of the dataset, and
then combined to produce a final prediction.

Source: Elements of Statistical Learning, Figure 10.1

§ Classifiers are weighted by
!" = log((1 − *++")/*++")

§ Better classifiers obtain higher weights
§ Example weights are updated in every

iteration
./ ← ./ 1 exp(!" 1 5(6/ ≠ 8(9/)

§ Falsely classified examples obtain
higher weights in the next iteration
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Random Forest

T. Ruhe, PHYSTAT-Gamma 2022

Random forests utilize an ensemble of
independent weak classifiers (decision trees) to
obtain a better classification.

Final classification is achieved via:

!" =
1

%&'())
*
+,-

./0112
!+"

!+": Classification for example j by tree i

4- ≤ 6-

Random subset of
examples to build each
tree.

Random subset features to
determine the optimal split
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Validation

T. Ruhe, PHYSTAT-Gamma 2022

Use for training

Use for testing

§ In order to not optimize on 
statistical fluctuations in the test
set it is advisable to use cross
validation for parameter
optimization

§ It can also be useful to have an 
additional validation set to
validate the performance of the
optimized parameter settings
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Neural Networks

T. Ruhe, PHYSTAT-Gamma 2022

Source: By en:User:Cburnett - This W3C-unspecified vector
image was created with Inkscape., CC BY-SA 3.0, 
https://commons.wikimedia.org/w/index.php?curid=14968
12

Source: By Alvesgaspar - Top left: File:Cat August 2010-4.jpg by AlvesgasparTop middle: File:Gustav chocolate.jpg by
Martin BahmannTop right: File:Orange tabby cat sitting on fallen leaves-Hisashi-01A.jpg by HisashiBottom left: File:Siam
lilacpoint.jpg by Martin BahmannBottom middle: File:Felis catus-cat on snow.jpg by Von.grzankaBottom right: 
File:Sheba1.JPG by Dovenetel, CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=17960205

§ Highly successful, e.g in image classification
§ Hyped



38T. Ruhe, PHYSTAT-Gamma 2022

Reasons for Using Neural Networks (in IceCube)

§ Improved reconstruction methods will lead to increased sensitivity for the 
detection of sources

§ Hardware limitations at the South Pole
§ Events need to be processed in a given time frame to prevent pileup
§ Limitations call for robust method that can handle raw data in constant 

time
§ Neural networks are compuattionally inexpensive once the network is 

trained
§ Fixed amount of operations, runtime is (largely) independent of the input
§ Translational invariance (position of the classified object does not impact 

the class)
§ Physics of neutrino interaction is invariant in time and space
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General Idea of Neural Networks

T. Ruhe, PHYSTAT-Gamma 2022

Elements of Statistical Learning (2nd Ed.) c!Hastie, Tibshirani & Friedman 2009 Chap 11

 Y Y Y 21 K

 Z Z Z1  Z2 3 m

 X X
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M
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 X

K1 2

                                                                                                                                                

FIGURE 11.2. Schematic of a single hidden layer,
feed-forward neural network.

Output layer

Input layer

Hidden layer
(cannot be
observed directly)

Originally developed to mimic
the human brain.

Nodes are sometimes called
neurons, and connections are
sometimes called synapses.
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General Idea of Neural Networks

T. Ruhe, PHYSTAT-Gamma 2022

!"

!#

$"

$#

%

&""

&"#

&##

&#"

'"

'#

Nodes are linear combinations of
nodes from previous layers. 

The task is to optimize the weights
such that the estimated label %
matches the true label %̂.

A feed-forward neural network with linear output
and at least one hidden layer with a finite number
of nodes can approximate any of the above* 
functions with arbitrary precision**.

*Continuous functions on closed bounded subsets of
the Eucledian spaceℝ*.

**Figure and definition adopted from Erdmann et al.
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More mathematically speaking

T. Ruhe, PHYSTAT-Gamma 2022

!"

!#

$"

$#

%

$" = '""!" +'"#!# + )"

$# = '#"!" +'##!# + )#

'""

'"#

'##

'#"

*"

*#
% = *"$" + *#$# + +

$"
$#

= '"" '"#
'#" '""

!"
!#

+ )"
)#

**Figure adopted from Erdmann et al.
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Adding non-linearity

T. Ruhe, PHYSTAT-Gamma 2022

!"

!#

$(&")

$(&#)

(

&" = *""!" +*"#!# + ,"

&# = *#"!" +*##!# + ,#

*""

*"#

*##

*#"

-"

-#
( = -"$(&") + -#$(&#) + .

&"
&#

= *"" *"#
*#" *""

!"
!#

+ ,"
,#

**Figure adopted from Erdmann et al.
$ is generally referred to as the
activation function.
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Popular choices for !

T. Ruhe, PHYSTAT-Gamma 2022
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Input Preparation

§ Zero-centered: ReLU changes drastically around 0, !" − !" to include
positive and negative values

§ Order of magnitude: Large variables could be preferred in the network
training !′" = &' ( &'

)'
§ Logarithm to achieve more evenly distributed data
§ Decorrelation: highly correlated variables should be decorrelated

T. Ruhe, PHYSTAT-Gamma 2022
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Epoch and (mini)batch

§ Minibatch, Batch: Using all examples can be infeasible in case many
parameters need to be optimized, instead random subsets (batches) of
examples are used. The optimal size of the batch depends on the problem
to be solved. Popular choices are 2"

§ Epoch: Complete use of all examples.

T. Ruhe, PHYSTAT-Gamma 2022
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Weight Updates

T. Ruhe, PHYSTAT-Gamma 2022

! "# "$ "% ℒ

"# = ( ) !

"$ = "# + +

"% = ,("$)

/ℒ
/( = /ℒ

/"%
) /"%/"$

) /"$/"#
) /"#/(

0 /ℒ
/( = 1

23
45#

6 /ℒ
/( 4

(78# = (7 − :0
/ℒ
/( 7

This is the basic idea, this will most likely
be handled by an optimizer.
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Convolutional Layers

T. Ruhe, PHYSTAT-Gamma 2022

Source: By Vincent Dumoulin, Francesco Visin -
https://github.com/vdumoulin/conv_arithmetic, MIT, 
https://commons.wikimedia.org/w/index.php?curid
=78003423

§ Considering all pixels in an image in a fully
connected network, results in too many
parameters to be optimized

§ The position of an object in an image should
not alter the prediction (translational
invariance)

§ The convolutional operation exploits the
neighbourhood of each pixel
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Hexagonal Input Data

T. Ruhe, PHYSTAT-Gamma 2022

3D Space
1D Time

3D Space
1D Time

2D Space
1D Time

Main Array

Lower 
DeepCore

Upper 
DeepCore

Main Array
DeepCore
Zero Padding

Figure 3: The main IceCube array and DeepCore strings are handled separately due to their
di�ering geometry. Hexagonally shaped data of the main array can be transformed from an axial
coordinate system into an orthogonal grid by padding with zeros (orange dots) and aligning the
rows, which results in a 10 ⇥ 10 grid in the G-H-plane. Every DOM defines a bin in the spatial
coordinates (DOM-binning).

lower DeepCore, respectively, where = denotes the number of input variables per DOM. The second
to last dimension in each tensor indicates the number of DOMs (60, 10, and 50) along the z-axis.
Possible input variables for each DOM are discussed in the following section.

3.2 Data Dimensionality and Variability

The transformation described above allows for a convolution over all spatial dimensions for the
main array and a convolution over the z-dimension for DeepCore. Hence, the symmetry in spatial
coordinates can be exploited to the extent possible given IceCube’s geometry. Ideally, translational
invariance in time should also be exploited. The starting point of most reconstruction methods
in IceCube is the extracted pulses as described in Section 2.1. These pulses are an e�cient data
representation. However, the number of pulses at a given DOM is highly variable and therefore the
pulses are an unsuitable input to a CNN. A standard CNN requires a uniform and constant input
size. One option is to bin the measured pulse charges in time. With a four dimensional convolution
over the main array input, translational invariance in space and time can be exploited. A full four
dimensional convolution would require on the order of thousands of time bins per DOM for the
desired timing resolution. This would result in a significant increase in computational complexity.
A simultaneous processing in space and time via a 4D convolution is therefore not feasible. The
dimensionality of the problem must be reduced or separated out in individual tasks. Reducing the
dimensionality of the problem results in a loss of spatial and temporal relations that have to be
compensated for in an alternative way.

There are many ways to achieve this. For this paper, the variable size of the time dimension
is reduced to nine selected summary statistics, which describe the pulse series at each DOM. This

– 7 –

Abbasi et al., JINST, 16 (7) (2004).

(10 x 10 x 60 x n)

(8 x 50 x n)

(8 x 10 x n)
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Hexagonal Kernels

T. Ruhe, PHYSTAT-Gamma 2022

Figure 6: Hexagonally shaped convolutional kernels in an axial coordinate system on the left (blue
dots) can be transformed into an orthogonal grid on the right by padding with zeros (orange dots)
and aligning the rows [11].

Figure 7: An hexagonally
shaped kernel can be de-
fined by a tuple of size B and
orientation >: (B, >). For an
axis aligned hexagon (ori-
entation > = 0), the size pa-
rameter B defines the num-
ber of points along an edge
of the hexagon.

obtained for the G-H-plane in the detector. The obtained kernels can be defined by a tuple of size and
orientation as illustrated in Fig. 7. Due to their symmetry, these kernels can in principle be rotated
by multiples of 60° to exploit rotational equivariance about the I-axis within group convolutions as
explained in Refs. [32, 33].

4.2 Data Normalization

In order for neural networks to be able to learn non-linear relations, non-linear functions (activation
functions) are applied to the output of a layer. Once the architecture of the neural network is defined,
the parameters of the network can be adjusted to minimize a specified target function, typically
referred to as loss function or loss. The loss function quantifies the deviation from the target values.
It is used to determine which set of parameter values best solves the reconstruction task. During
the training process, the loss is minimized iteratively via a gradient-based minimizer [34]. Details
on the chosen loss function are provided in Section 5.3.

Deep neural networks can in theory process data of any range and scaling. However, the
activation function’s response is typically centered around zero and often converges for very large
or small values leading to vanishing gradients. Moreover, the loss landscape’s dependence on the
parameters of the neural network may be highly asymmetric if input features are on di�erent size
scales, i.e. if the order of magnitude between the features di�er, which can cause problems during
minimization. In addition, if input data is not normalized, small imbalances in the early layers of
the network can cascade throughout neural networks causing gradients to become extremely large

– 10 –

Abbasi et al., JINST, 16 (7) (2004).
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Take-AwayMessages

§ Machine Learning and esp. Deep Learning is not magic
§ Machine Learning and Deep Learning are tools that will help you to

accomplish an analysis task faster and more accurately (when used
correctly)

§ The preprocessing of data is part of machine learning (and very
important)

§ Not every classifier is suited for every problem (consider runtime)
§ If something fast and simple does the job: use it
§ Make sure simulated and experimental data agree
§ ...

T. Ruhe, PHYSTAT-Gamma 2022


