Machine Learning

Lecture 2: Unsupervised Learning,
CNNs, GNNs, and Transtormers
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“Statistics is merely a quantisation of common sense - Machine Learning is a sharpening of it!”
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https://arxiv.org/pdf/1611.08097.pdf
https://en.wikipedia.org/wiki/Overfitting
https://lvdmaaten.github.io/tsne/
https://umap-learn.readthedocs.io/en/latest/
https://en.wikipedia.org/wiki/Stochastic_gradient_descent
https://towardsdatascience.com/introduction-to-data-preprocessing-in-machine-learning-a9fa83a5dc9d
https://en.wikipedia.org/wiki/Feature_selection
https://github.com/slundberg/shap
https://en.wikipedia.org/wiki/Domain_adaptation
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Feature Ranking



ML as a science

While Machine Learning is fantastic, it is a black box, and thus unsatisfactory
both regarding understanding it, and as a science in itself.

"As a data scientist, I can predict what is likely to happen, but I cannot explain why it
is going to happen. I can predict when someone is likely to attrite, or respond to a
promotion, or commit fraud, or pick the pink button over the blue button, but I cannot
tell you why that’s going to happen. And I believe that the inability to explain why

something is going to happen is why I struggle to call "data science’ a science.”
[Bill Schmarzo, Author of "Big Data: Understanding How Data Powers Big Business”]

However, there are ways of “opening the box”, and the most common one is to
find out, which input features are important and which are not.

For more info, see:
Interpretable Machine Learning

A Guide for Making Black Box Models Explainable.

Christoph Molnar


https://christophm.github.io/interpretable-ml-book/index.html

Input Feature Ranking

It is of course useful to know, which of your input
features/variables are useful, and which are not.
Thus a ranking of the features is desired.

This is not only possible, but actually a general nice
feature of ML and feature ranking:
It works as an automation of the detective work
behind finding relations.

In principle, one could obtain a variables ranking by
testing all combinations of variables. But that is not
feasible in most situation (N features > 5-7)...

Most algorithms have a build-in input feature
ranking, which is based on various approximations.

A very simple idea (next slide) that works quite well is
“permutation importance”.




Input Feature Ranking

There are many different ways of ranking input
features. Three (simple) implementations into
XGBoost are:

e Weight. The number of times a feature is used to
split the data across all trees.

e Cover. The number of times a feature is used to split
the data across all trees weighted by the number of
training data points that go through those splits.

e Gain. The average training loss reduction gained
when using a feature for splitting.

These have different pro’s and con’s.

Personally, I much like the idea of...
“permutation invariance”




Permutation Importance



Permutation Importance

One of the most used methods is “permutation importance” (below quoting
Christoph M.: "Interpretable ML" chapter 5.5). The idea is really simple:

We measure the importance of a feature by calculating the increase in the

model’s loss function after permuting the feature.

e A feature is “important” if shuffling its values increases the model error,
because in this case the model relied on the feature for the prediction.

e A feature is “unimportant” if shuffling its values leaves the model error
unchanged, because the model thus ignored the feature for the prediction.


https://christophm.github.io/interpretable-ml-book/feature-importance.html

Permutation Importance

One of the most used methods is “permutation importance” (below quoting
Christoph M.: "Interpretable ML" chapter 5.5). The idea is really simple:

We measure the importance of a feature by calculating the increase in the

model’s loss function after permuting the feature.

e A feature is “important” if shuffling its values increases the model error,
because in this case the model relied on the feature for the prediction.

e A feature is “unimportant” if shuffling its values leaves the model error
unchanged, because the model thus ignored the feature for the prediction.

Height at age 20 (cm) Height at age 10 (cm) Socks owned at age 10
182 155 . 20
175 147 e 10
156 142 . 8

153 130 24


https://christophm.github.io/interpretable-ml-book/feature-importance.html

Permutation Importance

Input: Trained model f, feature matrix X, target vector y, loss function L(y,f).
[Fisher, Rudin, and Dominici (2018)]

e Estimate the original model error eqig = L(y, £(X))
e For each featurej=1,...,p do:
— Generate feature matrix Xpermj by permuting feature j in the data X.
This breaks the association between feature j and true outcome y.
— Estimate error eperm;j = L(Y,f(Xpermj)) based on the predictions of Xperm,j.

— Calculate permutation feature importance Fli= €perm,j/ €orig (OT €permj - €orig)-
* Sort features by descending FI;.

X_A X_B X_C Y
xai xb1 xc1 y1
xa2 " xb2 xc2 y2
xal3 xb3 | xc3 y3
xa4 L xb4 xc4 v4
xab xb5 xch y5
xab xb6 xch y6

Note: Permutation Importance calculations are computationally fast. (why?)

Feature importance with Neural Networks (Towards Data Science)



https://towardsdatascience.com/feature-importance-with-neural-network-346eb6205743

SHAP Values



SHAP Values

SHAP is a technique for deconstructing a machine learning model's
predictions into a sum of contributions from each of its input variables.

The result is an evaluation of the input variables for each single case!



Shapley values

Shapley values is a concept from corporative game theory, where they are
used to provide a possible answer to the question:
“How important is each player to the overall cooperation,
and what payoff can each player reasonably expect?”

The Shapley values are considered “fair”, as they are the only distribution
with the following properties:
e Efficiency: Sum of Shapley values of all agents equals value of grand coalition.

® Linearity: If two coalition games described by v and w are combined, then the
distributed gains should correspond to the gains derived from the sum of v and w.

* Null player: The Shapley value of a null player is zero.
* Stand alone test: If v is sub/super additive, then ¥i(v) < /> v({i}), where ¢ is

the Shapley value for agent i, and v is the worth function (of a coalition). Also called
“Monotonicity”: A consistently more contributing feature much a get higher v.

* Anonymity: Labelling of agents doesn't play a role in assignment of their gains.

* Marginalism: Function uses only marginal contributions of player i as arguments.

From such values, one can determine which variables contribute to a final result. And
summing the values, one can get an overall idea of which variables are important.



Shapley value calculation

Consider a set N (of n players) and a (characteristic or worth) function v that
maps any subset of players to real numbers:

i IR il =4

If S is a coalition of players, then v(S) yields the total expected sum of payoffs
the members of S can obtain by cooperation.

The Shapley values are calculated as:

)= Y BRI 60 40y~ w(s)

SCN\{i}

To formula can be understood, of we imagine a coalition being formed one
actor at a time, with each actor demanding their contribution v(S U {i}) — v(S)
as a fair compensation, and then for each actor take the average of this
contribution over the possible different permutations in which the coalition
can be formed.



Shapley value calculation

Consider a set N (of n players) and a (characteristic or worth) function v that
maps any subset of players to real numbers:

i IR il =4

If S is a coalition of players, then v(S) yields the total expected sum of payoffs
the members of S can obtain by cooperation.

The Shapley values can also be calculated as:
1 .
pi(v) = — > P u{i}) —o(P)]
" R

where the sum ranges over all n! orders R of the players and PR is the set of
players in N which precede i in the order R. This has the interpretation:

1 marginal contribution of ¢ to coalition C

pi(v) = NplayeI‘S red number of coalitions excluding ¢ of this size



Shapley value calculation example

Example 1:

Two friends (F1 and F2) make a business: Payoff 600$ (i.e. v(F1,F2) = 600).
If F1 or F2 did not participate, payoff would be 0% (i.e. v(F1) = v(F2) = 0).
Result: F1 and F2 each gets 300%.

Example 2:
Two friends (F1 and F2) make a business: Payoff 600$ (i.e. v(F1,F2) = 600).
If F1 did not participate, payoff would be 0% (i.e. v(F1) = 0).
If F2 did not participate, payoff would be 200% (i.e. v(F2) = 200).
Cases:
F1 1st gets 0$. With F2 also they get 600$. F2’s marginal contribution: 600$.
F2 1st gets 200$. With F1 also they get 600$. F1’s marginal contribution: 400%.
Result:
F1 should have: 0.5x 0% + 0.5 x400% =200%
F2 should have: 0.5 x 200$ + 0.5 x 600% = 400%

Note that the number of cases quickly expands!



SHAP Values

A great approximation was developed by Scott Lundberg with SHAP values:

SHAP (SHapley Additive exPlanations):
https:/ / github.com /slundberg/shap

This algorithm provides - for each entry - a ranking of the input variables, i.e.
a sort of explanation for the result.

One can also sum of the SHAP values over all entries, and then get the overall
ranking of feature variables. They are based on Shapley values.

Note: SHAP values are computationally “heavy”.
Note2: Lately, this seems to have been improved!


https://github.com/slundberg/shap

Input Feature Ranking

Here is an example from SHAP’s github site.

Clearly, LSTAT and RM are the best variables (whatever they are!).

shap.summary_plot(shap_values, X, plot_type="bar")
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mean(|SHAP value|) (average impact on model output magnitude)



https://github.com/slundberg/shap

Individuel estimates

Shapley-values also gives the possibility to see the reason behind individuel
estimates. Below is an example, illustrating this point.

SHAP plot for #489266
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Above is shown which factors that influences the final estimate of the sales price
(and how much). The estimate is the sum of the contributions (here 6.86 MKz.).

This is a fantastic tool to get insight into the ML workings!!! 20



Example of usage



Input Feature Ranking

Here is an example from particle physics. The blue variables were “known”,
but with SHAP we discovered three new quite good variables in data.

p_Rhad

p_Reta

p_Rhadl

p_nTracks
p_deltaEtal
p_core57cellsEnergyCorrection
p_Eratio

p_Rphi
p_deltaPhiRescaled2
p_E7x11_Lr3
p_TRTPID

p_EptRatio

p_weta2

p_et_calo

p_dPOverP

p_wtotsl

p_E3x5 Lrl
p_E3x5_Lr0

p_E7x11 _Lr2
p_fracsl

p_eta

p_pt_track
p_deltaEta2
NvtxReco
p_ambiguityType
p_flcore
p_numberOfinnermostPixelHits
p_f3

p_deltaEta0

p_fl

p_dO0Sig

p_do
averagelnteractionsPerCrossing
p_numberOfPixelHits

p_numberOfSCTHits 1
0.0

LightGBM Model SHAP Value Rankings

LH PDF variables
+Binning vars
+Selection vars
+Extra vars
+Abundant vars

2.5




Input Feature Ranking

We could of course just add all variables, but want to stay simple, and
training the models, we see that the three extra variables gives most of gain.

1071

FPR (Background Efficiency)

Electron ROC Curve Trained in Data

10—3 1

Reference Likelihood (LH) (AUC = 0.99711)
LightGBM (LH PDF varibles) (AUC = 0.99838) /
LightGBM (LH +Binning vars) (AUC = 0.99879) /” ‘
LightGBM (LH +Selection vars) (AUC = 0.99897) /
LightGBM (LH +Extra vars) (AUC = 0.99915) J
LightGBM (LH +Abundant vars) (AUC = 0.99923)

0.800

0.825

0.850

0.875

0.900
TPR (Signal Efficiency)

0.925 0.950 0.975

1.000




Unsupervised Learning;:
Clustering

24
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Clustering... is an art!
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Evaluating clustering

Evaluation of identified clusters is subjective and may require a domain

expert, although many clustering-specific quantitative measures do exist.

Typically, clustering algorithms are compared on synthetic datasets with pre-
defined clusters, which an algorithm is expected to discover.

“Clustering is an unsupervised learning technique, so it is hard

to evaluate the quality of the output of any given method.”
[Page 534, Machine Learning: A Probabilistic Perspective, 2012.]

One of the simple principles is that
of the “Elbow Method”.

80 A

If the loss function shows an “elbow” 60 1

SSE

(sudden stop in rate of improvement),
then that probably reflects some

structure in the data. 201

(a)

40 1

Elbow point

lllllllll

SSE

80 1

60 -

40

20 1

(b)

lllllllll



https://amzn.to/2TwpXuC

Evaluating clustering

Evaluation of identified clusters is subjective and may require a domain

expert, although many clustering-specific quantitative measures do exist.

Typically, clustering algorithms are compared on synthetic datasets with pre-
defined clusters, which an algorithm is expected to discover.

One way of visually evaluating a clustering algorithm
is to combine it with a dimensionality reduction,
though one then observes the combined performance of the two.

One of the simple principles is that
of the “Elbow Method”.

80 A

If the loss function shows an “elbow” 60 1

SSE

(sudden stop in rate of improvement),
then that probably reflects some

structure in the data. 201
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https://amzn.to/2TwpXuC

Clustering algorithms

Clustering is an “old field” and many philosophies (and algorithms) have been

developed. They can roughly be reduced to two approaches:

e Hierarchical clustering algorithms are based on recursively either merging
smaller clusters in to larger ones or dividing larger clusters to smaller ones.

e Partitioning clustering algorithms generate various partitions and then
iteratively place each instance best in one of k mutually exclusive clusters.

Hierarchical clustering does not require any input parameters, while
partitioning clustering algorithms require the number of clusters to start
running. Hierarchical clustering returns a much more meaningful and
subjective division of clusters but partitioning clustering results in exactly k
clusters.

: : Divisive Single-linkage, Complete-
Hierarchical s Oy S
- linkage, Average-linkage,
clustering

: Centroid-linkage, Ward-linkage
Agglomerative

Clustering
algorithms 1 - K-Means, K-Medoids,
8 Center-based K-Centers, APM
Partitioning Sanilisbiaied Neighbor-based, DBSCAN,
clustering e S Density-peaks, Robust-DB

Spectral-based —— PCCA, PCCA+

29




Hierarchical clustering algorithms

Hierarchical clustering algorithms can be further divided:
* Agglomerative: Merge smaller clusters into larger ones
* Divisive: Divide larger clusters into smaller ones.

The only requirement is a similarity measure to decide distance between cases.

Agglomerative Divisive

LAt e




Partitioning clustering algorithms

Partitioning clustering algorithms can (also) be further divided:

¢ Center-based: Build clusters around (random?) centers (k-Means).

e Density-based: Build clusters around (high) densities (DBSCAN).

* Spectral-based: Uses eigenvalues of the similarity matrix to perform
dimensionality reduction before clustering (PCCA+).

“k-Means clustering is the “go-to” clustering algorithm. You should see it as a
basic recipe from which many algorithms can be concocted.”

[David Forsyth, “Applied ML” chapter 8.2.6]

Clustering
algorithms

Hierarchical
clustering

Partitioning
clustering

Single-linkage, Complete-
linkage, Average-linkage,
Centroid-linkage, Ward-linkage

< Divisive
Agglomerative

Center-based K-Means, K-Medoids,

K-Centers, APM

Neighbor-based, DBSCAN,

Density-based Density-peaks, Robust-DB

Spectral-based —— PCCA, PCCA+

31



k-Means clustering

The recipe is to iterate the below points, until movements are “small”:
e Allocate each data point to the closest cluster center
e Re-estimate cluster centers from their data points.

Demonstration of the standard algorithm

@) @)
(m] (]
o 0 8 =
s o O a8
o) o O -
B O o ®
] O o O
oo o [
oo
1. kinitial "means" (in this 2. k clusters are created by 3. The centroid of each of the 4. Steps 2 and 3 are repeated
case k=3) are randomly associating every observation  k clusters becomes the new until convergence has been
generated within the data with the nearest mean. The mean. reached.
domain (shown in color). partitions here represent the

Voronoi diagram generated by
the means.

There are many variations, improvements, etc. that refines this algorithm.
Most notably are the k-means++ (better initial points) and k-mediods methods.

32



k-Means clustering

The recipe:

¢ Allocate each data
point to the closest
cluster center

e Re-estimate cluster
centers from their
data points.

X2

Iteration number 1

33



DBSCAN algorithm

DBSCAN classifies points as core points, reachable points and outliers:

e A point p is a core point if at least minPts points are within distance ¢ of it.

e A point q is directly reachable from p if point q is within distance & from
core point p. Points are only said to be directly reachable from core points.

e A point q is reachable from p if there is a path pj, ..., pn with p1 = p and
Pn = q, where each pj1 is directly reachable from p;. Note that this implies
that the initial point and all points on the path must be core points, with the
possible exception of g.

e All points not reachable from any other point are outliers or noise points.

DBSCAN has two parameters: minPts and e.

If p is a core point, then it forms a cluster
together with all points (core or non-core) that
are reachable from it. Each cluster contains at

least one core point; non-core points can be
part of a cluster, but they form its “edge",
since they cannot be used to reach more points.

34



DBSCAN algorithm

As can be seen, DBSCAN is a rather generic algorithm, capable of handling a
large variety of data.

epsilon =1.00
minPoints = 4
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Clustering algorithms in scikit-learn

Scikit-Learn has a rather good selection of clustering algorithms:

Method name

K-Means

Affinity
propagation

Mean-shift

Spectral
clustering

Ward hierarchical
clustering

Agglomerative
clustering

DBSCAN

OPTICS

Gaussian
mixtures

BIRCH

Parameters

number of clusters

damping, sample
preference

bandwidth

number of clusters

number of clusters
or distance
threshold

number of clusters
or distance
threshold, linkage
type, distance

neighborhood size

minimum cluster
membership

many

branching factor,
threshold, optional
global clusterer.

Scalability

Very large n_samples,
medium n_clusters
with

MiniBatch code

Not scalable with
n_samples

Not scalable with
n_samples

Medium n_samples,
small n_clusters

Large n_samples and
n_clusters

Large n_samples and
n_clusters

Very large n_samples,
medium n_clusters

Very large n_samples,
large n_clusters

Not scalable

Large n_clusters and
n_samples

Usecase

General-purpose, even cluster
size, flat geometry, .
not too many clusters, inductive

Many clusters, uneven cluster
size, non-flat geometry,
inductive

Many clusters, uneven cluster
size, non-flat geometry,
inductive

Few clusters, even cluster size,
non-flat geometry, transductive

Many clusters, possibly connec-
tivity constraints, transductive

Many clusters, possibly connec-
tivity constraints, non Euclidean
distances, transductive

Non-flat geometry, uneven clus-
ter sizes, outlier removal,
transductive

Non-flat geometry, uneven clus-
ter sizes, variable cluster density,
outlier removal, transductive

Flat geometry, good for density
estimation, inductive

Large dataset, outlier removal,
data reduction, inductive

Geometry (metric used)

Distances between points

Graph distance (e.g. near-
est-neighbor graph)

Distances between points

Graph distance (e.g. near-
est-neighbor graph)

Distances between points

Any pairwise distance

Distances between near-
est points

Distances between points

Mahalanobis distances to
centers

Euclidean distance be-
tween points

36
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Clustering algorithms in scikit-learn

MiniBatch
KMeans

Affinity
Propagation

MeanShift

Spectral
Clustering

Ward

Agglomerative
Clustering

DBSCAN

OPTICS

BIRCH

Gaussian
Mixture

.01ls

"~ 4.06s|

.10s

31s

.06s

.07s

.84s

.01s

A comparison of the clustering algorithms in scikit-learn
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Unsupervised Learning;:
Dimensionality Reduction

38



PCA, t-SNE & UMAP

High dimensionality has always been a curse - it is extremely hard to make
sense of, and requires a lot of work and domain knowledge to boil down to
few dimensions without loosing a lot of information.

PCA has long reigned the linear case, and k-means the clustering, but two
new(er) non-linear and powerful candidates are around: t-SNE and UMAP.
Below are their performance on the MNIST data set.

o t_S N E MNIST Digits Embedded via UMAP
- UMAP I
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Source: Towards data science (PCA and t-SNE) Source: UMAP GitHub page: https://github.com/Imcinnes/umap




t-SNE Pro’s and Con’s

Pro: In the words of the t-Distributed stochastic neighbour embedding (t-SNE) paper,
the t-SNE algorithm... “...minimises the divergence between two distributions: a distribution
that measures pairwise similarities of the input objects and a distribution that measures pairwise
similarities of the corresponding low-dimensional points in the embedding” .

The great thing about this is, that there are no assumptions about distributions,
relationships, or number of clusters. The algorithm is non-linear, which gives it a clear
edge over e.g. PCA.

Con: However, computationally it is a “heavy” (ugly?) algorithm, since t-SNE scales
quadratically in the number of objects N. This limits its applicability to data sets with
only a few thousand input objects; beyond that, learning becomes too slow to be
practical (and the memory requirements become too large)”.

In real life, the t-SNE algorithm has especially had its impact in (a)DNA research, where
the number of cases is typically not that large.
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UMAP

UMAP builds on using Riemannian manifolds! Within differential geometry, this
allows the definition of angles, hyper-area, and curvature in high dimensionality.

Abstract

UMAP (Uniform Manifold Approximation and Projection) is a novel
manifold learning technique for dimension reduction. UMAP is constructed
from a theoretical framework based in Riemannian geometry and algebraic
topology. The result is a practical scalable algorithm that is applicable to
real world data. The UMAP algorithm is competitive with t-SNE for visu-
alization quality, and arguably preserves more of the global structure with
superior run time performance. Furthermore, UMAP has no computational
restrictions on embedding dimension, making it viable as a general purpose
dimension reduction technique for machine learning.

UMAP paper, arXiv 1802.03426, Sep. 2020

The paper is quiet mathematical with (10) definitions, lemmas, and proofs in the
appendix. I find it a bit hard to read, but like their discussion of scaling and cons.
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UMAP

As in the t-SNE case, UMAP tries to find a metric in both the original (large) space X,
and the lower dimension output space Y, which can be (topologically) matched:

At a high level, UMAP uses local manifold approximations and patches
together their local fuzzy simplicial set representations to construct a topo-
logical representation of the high dimensional data. Given some low dimen-
sional representation of the data, a similar process can be used to construct
an equivalent topological representation. UMAP then optimizes the layout
of the data representation in the low dimensional space, to minimize the
cross-entropy between the two topological representations.

UMAP paper, arXiv 1802.03426, Sep. 2020

However, the metrics in X and Y used by UMAP and t-SNE differ:

For t-SNE these metrics are as follows:

~1
2 2
vj = exp(— llai — 313 /203 wig = (14 i — w3)
For UMAP they are:
v;i = exp|(—d (zi, z;) — pi)/0i] Wi = (1 +a|y; — yj||gb)_
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Example use cases...
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Differentiating cells

UMAP of different cell types.
The labelling comes from
known cells, but might be
based on very little data.

The unsupervised clustering
gives a quite clear pattern,
and ability to determine cell
type without having a large
training sample.

pes

From: Developmental Alcohol Exposure in Drosophila: Effects on Adult Phenotypes and Gene Expression in the Brain

15 - Astrocytes
type 2 (C24)
Cells of
As ellipsoid and
trocytes fan shaped
Developmental type 1(C23) body (C28) Optic lobe
10 cluster (C39) Gia Cells of neurons Optic lobe
1 ) . 2(C7 neurons
Surface glia (C5) f do'r‘sal o C19 wpe2(Cn type 3 (C18)
and fat body an shaped
(C33) Optic lobe
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neurons (C11)
Eye and
5| outicle cells Olfactory
(C15) projection
= X % neurons (C10)
Glutamatergic
neurons type 2 Dopaminergic
(C4) neurons (C36)
Glutamatergic )
~ neurons type 3 Optic lobe
a 0] (1 neurons
type 1(C0)
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5 N Central brain
Photoreceptor cholinergic
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G neurons 1
Glutamatergic ¢ e 1459)
“ X "°U'°'<‘:52‘Yp° 1 Neuropeptides/
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GABAergic Central brain neurons type 2 (C38)
(cs g;u(r;r;s c16 glutamatergic Serotoninergic/
» @3, ' neurons (C20 i X .
-10 €21, €26, C30) (C20) ngﬁ:“’a' ':":‘e';l dopaminergic
Opepuad neurons (C1)
cholinergic
Cells of neurons (C3)
mushroom
and ellipsoid
bodies (C35)
15 Kenyon cells g
T type 2 (C25) Kenyon cells
type 1(C12)
-10 -5 0 5 10
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Mapping news group discussions

UMAP showing the
differences between different
news group discussion fora.

The ability to cluster fairly
well would allow editors to
direct text to the relevant
news group.

‘/

alt.atheism

comp.graphics
comp.os.ms-windows.misc
comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x
misc.forsale

rec.autos

rec.motorcycles
rec.sport.baseball
rec.sport.hockey

sci.crypt

sci.electronics

sci.med

sci.space
soc.religion.christian
talk.politics.guns
talk.politics.mideast
talk.politics.misc
talk.religion.misc

UMAP: metric=hellinger, n_neighbors=15, min_dist=0.1

From: Vec2GC -- A Graph Based Clustering Method for Text Representations
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Unsupervised Learning;:
AutoEncoders
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AutoEncoders

An AutoEncoder (AE) is a coupled pair of encoder and decoder. The encoder
maps signals into code, and the decoder reconstructs the original signal from
those codes.

The pair is trained to have the most accurate reconstruction: If you give a
signal x to an encoder E to get y = E(x), then the decoder D should ensure that
D(y) is close to x.

Reconstructed

Input Image
P 9 Image

\\\\\\ Latent space
y Representation

| E || I D

Encoder Bottleneck Decoder

One application is unsupervised feature learning, where it tries to construct a
useful feature set from a set of unlabelled images. We could use the code
produced as a source of features.
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PCA as an autoencoder

A PCA is a linear AE. One can project a higher dimension down on (fewer)
principle components (encoding) and then “reconstruct” the original data
from the latent space, by choosing the low dimensional points in the original
dimensionality.

initial dim 3 . : 2
o subspace of dimension
N best Linear 5 . 3§ ervor
#oS#on)'ec} data o it V"“‘MA

)

initial dim 2




Usage of AE

AEs are used for many things, such as:

e Unsupervised learning (e.g. clustering) on images, sound, graphs, etc.
e Compression (with loss!) of e.g images

* De-noising and inpainting images

e Anomaly detection

e Training on large dataset with few labels

Most AEs are CNN based and produced for images. However, the AE concept
is more general, and applies to anything, that can be passed through an NN.

The most central hyperparameters to consider are:
e Size of the latent space (code)

e Architecture of NN (layers and nodes)

e Loss function

Number of
Layers

As we shall see, these HPs to some extend determine
what type of AE you're making.
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AE Unsupervised

Since one might have no knowledge of the content of images (or sound, etc.),
training an AE is inherently unsupervised. The result is simply a latent space
that is a good representation of the images.

However, this can be used to cluster “less simple data”, as one can apply both
dimensionality reduction and/or clustering to the latent space.

This enables one to analyse very complex data in an unsupervised manner.
(e.g. “THow many zebra calls exists?”)

Reconstructed

Input Image
P 9 Image

Latent space
Sa Representation -
N
~ > 4
N -
‘\\ /” -
—‘—
~
..
~

Encoder Bottleneck Decoder
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Inpainting with AEs

AEs can also be used for “inpainting”, which means replacing damaged /lost
parts of an image.

« N
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Shifting Gears...
CNN & GNNs



Why is image data special?

Given image data for e.g. classification, could we not just apply an NN?
“Is there a diver in this image?”

Hidden Hidden Hidden
layer 1 layer 2 layer 3
(M

Output
layer

A
9

Scores

Well, since a typical image has 10M pixels, the first layer (size 1000?) would
have about 10 billion parameters!

And even if we could train this, it wouldn’t perform well:
If the diver was in another position or size, then the network wouldn’t work.

Images represent data in a very special structure, that needs consideration.
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Image convolution

The trick lies in using a convolution, which consists of filters / kernels
(convolved feature), which is applied to the image as a matrix convolution,
followed by an aggregation (not shown) and a pooling of pixels:

1/1,1/0|0
01,110
0,/0/1/1(1
0011|110
0/111|10|0
Image

Convolved
Feature

12

20

34

12
70

112)

100

max pooling
20 30
112 37

average pooling

The filters contain learnable parameters, which adjust so that they match the
task (“Is there a diver?”). The aggregation consists of adding all the “images”
resulting from the convolutions, and values are then typically max pooled.




For color images, the process is the same, just with three convolutions:

In colors...?

o | oo o] o o | oo oo o | of o
156 | 155 | 156 | 158 | 158 167 | 166 | 167 | 169 | 169 163 | 165 | 165
153 | 154 | 157 | 159 | 159 164 | 165 | 168 | 170 | 170 164 | 166 | 166
149 | 151 | 155 | 158 | 159 160 | 162 | 166 | 169 | 170 o | 156 | 158 | 162 | 165 | 166
146 | 146 | 149 | 153 | 158 156 | 156 | 159 | 163 | 168 0 | 155 | 155 | 158 | 162 | 167
145 | 143 | 143 | 148 | 158 155 | 153 | 153 | 158 | 168 0 | 154 | 152 | 152 | 157 | 167
Input Channel #1 (Red) Input Channel #2 (Green) Input Channel #3 (Blue)
=il || =t ||l il 0 0
0 i || =il 1]1-1]-1
0 i il 1 0| -1
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
308 + —498 + 164 +1=-25

Bias=1

|

Output

-25
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convolution

LeNet (1998)

28x28 image

i\

[

convolution pooling

dense

pooling

=

6@28x28
C1 feature map

VYR AESEHLWN~O
MDA SN L -0
2N U WN -0
D d s LCUN e~

D aad el y —Q
QDAY PN LUWBh NO
I UnEWNNCO
SN gL Py ~-0
LoD FuxvPdPNDY
SS9 I N AR LWL ~D

VNN LOWL~-0

SLYEPY Lo WW =

DYV N =W =D

SaNOYQWPNPND
OwdgAZTW»P~Q

E_ ’UE

6@14x14

—

120 - F5 full
84 - F6 full

S2 feature map

16@10x10
C3 feature map

* Very early CNN
(“the” CNN)

* Shows typical features
of also modern
classification CNNSs:

16@5x5

S4 feature map

FC (10)

t

FC (84)

t

FC (120)

t

2 x 2 AvgPool, stride 2

t

5x 5 Conv (16)

t

2 x 2 AvgPool, stride 2

t

5 x 5 Conv (6), pad 2

t

Image (28 x 28)




LeNet (1998)

Typical (simple) CNN structure with dimensions and actions annotated.
Try to work out the number of parameters in this model...

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 ReLU activation
Convolution Convolution /—M
ool bl AL b bl b L ,_.L» =
(SI)'(dS) kg;r.nel Max-Pooling (5 I)‘(dS) k;;'.‘el Max-Pooling @ (with
valid padding (2x2) valid padding (2x2) | gropout)
A P S 1 A
N 'S N ' N 0
1

INPUT nl channels nl channels n2 channels n2 channels

(28 x 28 x 1) (24 x24 x nl) (12 x12 x n1) (8 x8xn2) (4 x4 xn2) @/ OUTPUT

A Comprehensive Guide to CNNs, by Sumit Saha (2018) n3 units

Y


https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Interactive CNN

This network has 1024 nodes on the bottom layer (corresponding to pixels), six 5x5 (stride 1)
convolutional filters in the first hidden layer, followed by sixteen 5x5 (stride 1) convolutional
filters in the second hidden layer, then three fully-connected layers, with 120 nodes in the
first, 100 nodes in the second, and 10 nodes in the third. The convolutional layers are each
followed by downsampling layer that does 2x2 max pooling (with stride 2).

Draw.your number here 2 Layer visibility

Adam Harley: Interactive number CNN



https://adamharley.com/nn_vis/cnn/2d.html

Electron efiergy with CNN
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The input variables

The variables are both scalar and cell based.
The scalars can be seen in table on the right.

We consider the cell energies in the LAr
calorimeter as pixels in four images. The cells
contain two (used) types of information:

e Energy (primary variable)

* Time of cell energy

Cells in Layer 3
AdxAn = 0.0245x0.05

Higger Tower
/ZXD\ Sy, t1=o01

quare cellsin
Layer 2

Strip cellsin Layer 1

~S—_Cellsin PS
AnxA¢ =0.025x0.1

Type Name Description

Eace Energy deposit in layer 1-3 of ECAL.

Windex 1 cell index of cluster of layer 2.

FOcluster Ratio of energy between layer 0 and Eg in |77| <
1.8 (end of layer 0).

R12 Ratio of energy between layer 1 and 2 in the

Energy ECAL.

plrack pr estimated from tracking for the particle (only
e).

Ercs Ratio between the energy in the crack scintillators
and E,. within 1.4 < |y| < 1.6.

Etile—gap Sum of the energy deposited in the tile-gap.

n Pseudorapidity of the particle.

Agyescaled  Difference between ¢, as extrapolated by track-
ing, use for ECAL momentum estimation and ¢
of the ECAL cluster.

fModCalo  Relative 7 position w.r.t. the cell edge of layer 2 in
the ECAL*.

Anp Difference between 7, as extrapolated by tracking,

Geometric use for ECAL momentum estimation and # of the
ECAL cluster (only e).

poscsy Relative position of 7 within cell in layer 2 in
ECAL. z(ﬂcluster - ﬂmaxEcell)/OOZS -1, Ncluster is
n of the barycenter of the cluster and #,,,xcer is
n of the most energetic cell of the cluster.

A¢rH3 Relative position in ¢ in a cell. mod(2m +
¢, /32) — 7/32.

(n) Average proton-proton interaction per bunch
crossing.

Misc. Miracks # of tracks assigned (only e).

NyertexReco

Number of reconstructed vertices.
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The network architecture

There are many ways to combine the input variables, and we have considered
the following architectures, where the dashed lines are the considerations.

Xtrack Xscalar Ximg Xgate-img
TrackNet ScalarNet Merge ~—|
T ;
é ------- 4. --»  FiLM gen. Upscale
i e -~ CNNnet
. 05
¥
--------------------------------- »> Top E— /)7

First, let us consider each part...



Feature wlse Linear Modulation

(56 ]. 1 4) X s X Type Name Description
b ) 1mg scalar Eace Energy deposit in layer 1-3 of ECAL.
Yindex 7 cell index of cluster of layer 2.
+ fOcuster  Ratio of energy between layer 0 and Eqcc in || <
1.8 (end of layer 0).

R12 Ratio of energy between layer 1 and 2 in the
(56,55, 4) Upsample ey Raro
+ plrack pr estimated from tracking for the particle (only
o).
Ercs Ratio between the energy in the crack scintillators
CNN Scalar net and Exee within 14 < [y] < 16.

Eile gap ~ Sum of the energy deposited in the tile-gap.
(56,55,16) [ G - Dense(256) 7 Pacudompidtyof the prie.
BN (2,16) —— e e o et
FLM ————— s R st el et b2
-_ the ECAL*.
Goomec T s tor AL momertam it o ot
(287 277 16) %2 ECAL cluster (only e).
z S A
(3.27,32) I 7ot b o s ot s
_4_— Apriss f;ef;'gvze) f";)‘;‘;" in ¢ in a cell. mod(27 +
] w Averageproton-proton_interaction per_bunch
I v crossing.
F'LM en Misc. iracks # of tracks assigned (only e). .
(14713732) I ! gen. Hoertexkecs Number of reconstructed vertices.
(14,13,64) HEE— (2,64) B,~ - Dense(512) .
— - Dense(1024)
— — (FiLM: Feature wise Linear Modulation
(7,6,64) | n— of the CNN output layers based
(7,6,128)  n— ;o) on the scalar input variables.)
D ——
|
| .
I Before the convolutions are
(5:3129) | em— pooled, they are weighted
3, 3,256 |
R 2,256 .
e PERGEL) (linearly) by the “context”.
R — In this way, the best filters in

the given case are given the
most weight.

v
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©
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Electron Energy Regression
Results (v1)



The results in 1D - MC

Integrating the previous plot into 1D considering the RE distribution, we see a
general sharpening. The improvement in relative eIQR (relQR) is about 22%.

12000+
10000+
I
8000 !
1 [ I
6000 & !
11 [
_ 11 (I
4000 1] Lo
22.354% improvement in elQR75
| 26.063% improvement in elQR95
2000 [ — ATLApS elQR75: 0.0348
] DeepCalo elQR75: 0.027
O i . . | ;
096 0.98 1.00 1.02 1.04
E pred/ E truth

Naively, we would of course love to see a similar number in data!



Result in Zee - MC

On the Zee peak, we evaluate the improvement by fitting with a BW®CB fit,

considering the CB width (sigmaCB) as the performance parameter. We get:

(1—

DeepCalo

IcB

ATLAS ) =
ocB

~1.8310 £ 0.006

2.393 £0.01

= 23.5 £ 0.4%

Events/(0,1)

6000,

5000,

4000,

3000,

2000,

1000,

IIIIIIIIIIIIIIIIIIIIII]IIII

Current BDT

alphaCB = 1,400 + 0,029
meanBW = 91,19

meanCB =-0,46388 + 0,0098
nCB= 1,50 +0,11

ntotal = 490238,00

sigmaBW = 2,50

sigmaCB = 2,393 + 0,010 I

DoF =296, x? =1256,p=0.0

MC

Events/(0,1)

6000,

5000,

4000,

3000,

|IIIIIIHI[IIII|HH‘IIII

2000,

DeepCalo

alphaCB = 1,322 + 0,026
meanBW = 91,19

meanCB =-0,39140 + 0,0093
nCB = 1,875 + 0,100

ntotal = 496112,00

sigmaBW = 2,50

sigmaCB = 1,8625 +0,0098

DoF =296, x? =924,p=0[0

Great - now let us try thls in real datal!

MC

A )

95,

100, 105

Invariant mass (GeV/c 2

)

Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee

0,'

80, 85, 90,

95,

100, 105

Invariant mass (GeV/c 2

)

Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee




Results on Zee - data (v1)

The result we get is a much more modest improvement:

DeepCalo

2.058 +0.010

= 9.4+ 0.9%.

de: ) =
S ATLAS
CB

(1

=1- 2.271 4+ 0.019

Though perhaps a little disappointing, this is not surprising, as we can not
expect the MC to mimic data perfectly in the very large space considered.
Also, models trained on Zee do not generalise well to all energies (EG, 6.8%).

- - alphaCB = 1.349 + 0.054
S 1800 [—
g C meanBW = 91.19
» _
‘qc: 1600 — meanCB = -0.6662 +0.018
> _
w - =
1400 — nCB= 1.81 +0.24
- ntotal = 154174.00
1200~ sigmaBW = 2.50
1000 :— sigmaCB = 2.271 +0.019
= - 2 _ -
800 — DoF =296, x° =672,p=0
600 [— D a ta
400 —
200 —
0 C L P B |
80 85 90 95 100 105
Invariant mass (GeV/c 2)
Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee

Events/(0.1)
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alphaCB = 1.439 +0.058
meanBW = 91.19

meanCB =-1.1574 + 0.016
nCB = 1.68 +0.22

ntotal = 155106.00
sigmaBW = 2.50

sigmaCB = 2.036 +0.018
DoF =296, x?> =876,p=0

IIIH|NIl|HI‘IlI“H'IIWHIIIH|HIM(

e ey b

80 85 90 95

1 1 1 !
100 105
Invariant mass (GeV/c 2)
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Electron Energy Regression
Training in data



Training in data

Using Zee events with invariant masses 86-97 GeV, one can get “approximate

258 \ _

labels” in data, by assuming the true Z mass: M2 = 2971 pra(cosh(n —12) —cos(dr —92)), 7 — Er 1
M?2

. . : Elabel,dutu = ZET,Z(COSh(ﬂl — 772) — COS(tPl _ 4)2))/

Using such labels, we train in data and get... with Er; = Ecalib®?") and M? = 91.19%

DeepCalo

o
(1— 8—) =59+09%

cB

Damn... still not great!

- r alphaCB = 1.348 +0.054 - 2000 — | T T U
© 1800 — =] =
g = meanBW = 91.19 = 1800 — meanBW = 91.19
j2] = (2] -
€ 1600 — =-0. +0. < — =-0. + 0.
§ - meanCB =-0.6660 + 0.018 é 1600 meanCB =-0.0771 + 0.020
. - nCB = 1.81 +0.24 w — nCB = 2.33 +0.26
1400 - 1400 —
- ntotal = 154248.00 - ntotal = 154854.00
1200 sigmaBW = 2.50 1200 — sigmaBW = 2.50
1000 sigmaCB = 2.271 +0.019 1000 o sigmaCB = 2.101 +0.020
E DoF =296, x?> =671,p=0|0 E DoF =296, x? =605p=0|0
800 — 800 —
amF- " Data
400 |— 400 —
200 — 200 —
o v v b L Ly | f ) S S S A S S RS B i '
80 85 90 95 100 105 80 85 90 95 100 105
Invariant mass (GeV/c %) Invariant mass (GeV/c 2
Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee




Electron Energy Regression
Training in data and MC



Training in data and MC

Once we have labels in data, there is nothing keeping us from combining the
loss functions of MC and data (they even have the same form), and thus
training simultaneously in data and MC:

L(y, 9) — [’(y(Zee, MC)- 9(Zee, MC)) + L(y(Zee, Data)- y(Zee, Data))

This allows the model to both use the “strength” of MC, but also learn the
differences between MC and real data.

12000 , ,
o . . . I I
Doing this and trying out the result in 10000 | |
MC first yields: ! Lo
8000 !
1
DeepCalo 6000 |ty
(reIQRs 7-*°) =22.1+0.3% : |
40001 . Lo
21.593% improvement in elQR75
b V4 ® 24.565% improvement in elQR95
OK, so at least it doesn’t ruin the model 2000 e 0 oas
for MC. Now let us try data... 0 e N
0.96 0.98 1.00 1.02 1.04

E pred/ E truth
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Result in data (v2)

The result in data is rather encouraging, and greater than the sum of the
improvements from training separately in MC (9.4%) and data (5.9%).

DeepCalo
q_ %y 1860010

=1- 2271 +0.019

= 18.3 = 0.8%,

- C alphaCB = 1.348 +0.054 = 2200 — . alphaCB = 1.199 + 0.051
S 1800 [— S E ®
g C meanBW = 91.19 =~ 2000 — A meanBW = 91.19
w @ —
£ 1600 — =-0. + 0. 2 e - +
5 c meanCB =-0.6660 + 0.018 § 1800 meanCB = -0.6984 =+ 0.020
o F nCB = 1.81 +0.24 w E nCB = 2.61 +0.30
1400 |- 1600 1
= ntotal = 154248.00 E ntotal = 155228.00
1200 — sigmaBW = 2.50 1400 = sigmaBW = 2.50
1000 [— sigmaCB = 2.271 +0.019 1200 sigmaCB = 1.814 +0.020
800 F DoF =296, x2 =671,p=00 1000 — DoF =296, x? =617,p=0/0
: =E Dat
a0} Data z ata
E 600 —
400 — 400
200 [— 200 —
0 , . , . . , . . L . . l ) ! . p 0 1 1 l 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 g
L ' L 80 85 90 95 100 105
80 85 90 95 100 105 ‘ 2
Invariant mass (GeV/c ?) Invariant mass (GeV/e °)
X X Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee
Pull of Histogram of me_Zee_mZ_plot__m_ee and Projection of signal_func_Zee
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Graph NNs



Motivation for GNNs

Let us consider images in a more abstract sense:
e They consist of (typically 3-4, RGB or CMYK) numbers in a matrix structure.
e The distance between neighbouring cells is constant.

......
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Motivation for GNNs

Let us consider images in a more abstract sense:
e They consist of (typically 3-4, RGB or CMYK) numbers in a matrix structure.
e 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)

VS.

Networks Images

74



https://arxiv.org/pdf/2101.11589.pdf

Example of non-CNN data

Take the example of weather stations:

e There are about 280 weather stations distributed non-uniformly throughout
Denmark.

e 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?

Nedborstationer B
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Example of non-CNN data

Take the example of weather stations:

e There are about 280 weather stations distributed non-uniformly throughout
Denmark.

e 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?

Nedborstationer =0

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

A
-

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

= e =

%,

- A & A
Ll - & s

Yes!

N tal: ca. 280 stk
ezosesoecsor | GGraph Neural Networks
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What is a Graph?



Graph Definition

A graph G is defined as a combined pair G = {V, E} consisting of:

e Nodes: A set V, that typically contain input features (also called vertices)
e 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 connected (with edges).

Unlike images, graphs have no underlying geometric assumption of the data.

G r 4
A\B
e Undirected: e §
N 'S l Directed: G
\ ‘> r ) ANS I
13 B 9
D\E Dﬂ\\]3 c<\21F
’ ) AN 10 9
< > ) 7P
_ : 1 \
D \\E D \ Family Weighted: J
E : Friend
7\\ N =
I H Neig!
N ™~
Signed: ! Multigraph:
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Graph Convolution

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:

n
By = ) floiyy = z)
1=1

The “tilde” denotes the updated node
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Graph Convolution

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:

— Zf(xjﬁxj ¥ '77%)
1—=1

[-1,5] [2,2]

2,8,-1,5]
[1.1]

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

53D:f(CUD,ZBD—CUC)+f(fED,$D—SUE)
F([L,4],[1,4] = [1,1]) + f([1, 4], [1,4] — [2,2])
([1,4],[0,3]) + f([1,4],[-1,2])
([1,4,0,3]) + f([1,4,—1,2]) (by concatenation)
[1 4,0,3]+1-[1,4,—-1,2]

, 9]

[1.4]

[3,-2]

f
f
1%
=2,

80



Graph Convolution

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:

— Zf(xjﬁxj ¥ .’,UZ)
1—=1

[-1,5] [2,2]

2,8,-1,5]
[1.1]

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

Ip = f(:UD,:UD —x¢)+ f(xp,xp — xR)
FOLAL 1,4 — [1, 1)) + £([1, 4] [1,4] — [2,2)
= 7([1,41,0,3]) + £([1,4],[~1,2)
f([1,4,0,3]) + f([1,4,—1,2]) (by concatenation)

[1.4]

However...
This only shows the start of a Graph Neural Network, not how to continue!
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Connection between NNs

The different NN architectures are related, as some paradigms reduces to others.
This is illustrated below.

Linearly Grid

MLP + 1-pixel
Connected
adjacency Qvalency
Cellular
Automata

Fully- \\
Connected [ \‘
‘\ /»

\ | / < =reduces to
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Example of Application

The graph examples/solutions are starting to enter the scene in many places:

7'” l‘ \;_ y - : &
Information Brain/neurons

iy o

L
]

return e

L
o import ast 2
tree = ast.parse(™ ")

Communication




Notes on Transformers
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Transformers

Transformers were developed to
make Large Language Models work
better.

The problem was the ability to
“remember” what was important in
earlier text...

...where to put the attention!

However, a powerful attention
mechanism is useful everywhere.

Output
Probabilities

( )
Add & Norm
Feed
Forward
e N\ Add & Norm
_ ‘
Halgl e M Mutti-Head
Feed Attention
Forward D) Nx
Nix Add & Norm
(—>I Add & Norm | T
Multi-Head Multi-Head
Attention Attention
4t 4t
] J \ — )
Positional & ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.
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Transformers

Transformers consist of a “Multi-Head Attention”, which again consists of
(repeated) “Scaled Dot-Product Attention” between a Query (Q), Key (K), and

Value (V).
Q, K, and V are simply three vectors from linear transformations of the input.

Output
Probabilities

Add & Norm

0
.

Feed
Forward
(CAdd & Norm ;
Add & Nom Multi-Head
Feed Attention
Scaled Dot-Product Forward 2 Nx
Attention | —
1) L 1 Add & Norm
‘ A ‘ 3 (-’| Add & Norm Masked
Linear Linear Linear > Multi-Head Multi-Head
v |- Attention Attention
tr —tr
S — J | —,
Vv K Q ) .
. R Positional ) Positional
oo s o Encoding ¢ Encoding
e Input Output
Embedding Embedding
Inputs Outputs

(shifted right) 36



Scaled Dot-Product Attention

1. Get the raw attention matrix:

~

y,

(4 )
How [HEED Ae You L
Are How - You

\You How [Are -J

—

It shows how relevant is o word
To the others
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Scaled Dot-Product Attention

2. Enhance the important relevances: /

Highef scores 3e‘t heigl«\‘te_n,
andl lower sSQores are o(epressed

TS

soveer(E) & |

1. Get the raw attention matrix:
query ke scores How - Are You |

VS
anEEs (T A (e O G
- —_—
C.D:D:] X - You How [(Are -
EEEED L 3 -
It shows how relevant is o word

scores to the others
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Scaled Dot-Product Attention

3. Apply the attention to the values:

Attention we_iglr\‘ts

(

\

.

J

VoJue_s

2. Enhance the important relevances: /
Higher scores get heighten,

and lower SCores are de(aressed

Soft Max(

1. Get the raw attention matrix:

r

\

)

|

=
|

query

scores

ke

=

scores

-

~—f

L

) Are How - You
kYou How [Are - )

J ¢

shows how relevant is o word

To the others
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Scaled Dot-Product Attention

3. Apply the attention to the values:

Attention weights Values

(

\

- B~

Attention(Q), K, V) = SoftMax (

——r—trrro-cy
\\

iP M

1. Get the raw attention matrix:

query keys

( )

—f

\ J

L

-

~
How (BB Are  You
Are How - You

\You How [Are -J

To the others

It shows how relevant is o word

Q

Scale

K

V
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GNN as a Transformer

As it happens, one can obtain a transformer with a very specific GNN:
e For each node, define three features: K, Q, and V.

e Define a message function fe4oe ON each edee:
g

m’L ) (& (& ’l y; y;

e Define an aggregation function (weighted sum) around each node:
7]

e The node update is then just an NN to get the next K’, Q’, and V.

This 1s a Transformetr!
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IceCube

IceCube counting house in the setting sun, sitting on top of 5160 Digital Optical Modules 1450-2450m below the surface.
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Amundsen-Scott
South Pole
Antarctica

Eiffel Tower 324 m

PR RO bt e bt s e

bedrock

¢'..('7| DE
Laboratory

Digital Optical Module

DOM
5160 optical sensors
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IceCube GNN model
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Details of GNN reconstruction

%ﬁ ’t1i

In this example:
Npulses =7
each with (x,y,z,t)
Nfeatures =4

t
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Details of GNN reconstruction

%ﬁ*’qi

In this example:

Npulses =7 tZ

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

H() Output:

() (loglOE, O zenith, q)azimuthl
Xthvertex, eVent type)




Details of GNN reconstruction

%ﬁ*’qi

In this example:

Npulses =7 tZ

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

+

U1 = [z1y1 21 t1]

Uy = [x2 Y2 22 2]

U7 = [T7 y7 27 t7]

Input:
N = Npulses X Nfeatures

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



Details of GNN reconstruction

%ﬁ*’qi

In this example:

Npulses =7 tZ

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

EC(/EI: 1727 173)

Uf, = [371 Y1 21 t1] — [911 .- 'glNl]

Uy = [T Y2 22 t2] [g21 - - - gan, ]
EC(@Z;,1‘)’5,176)E
U7 = [x7 Y7 27 7] [971 - - 97N, ]
Input: Convolution(s):
N = Npulses X Nfeatures N = Npulses X N1

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



Details of GNN reconstruction

%ﬁ*’qi

In this example:

Npulses =7 tZ

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

' Nall = Nfeatures + Nl

— EC (9, Vs, U-
U1 = |1 y1 21 t1] 20 T Ty, 911 -+ - 91, ] [z1y1 2181 911 --- 91N, ]
Up = [952 Y2 22 t2] [921 - -92N1] [xz Y2 22 t2 go1 - . -gle]
EC(174,1‘)},,176)E
U7 = [377 Y7 27 t?] [971 . -97N1] [337 yr 27ty g7y - - . g7N1]
Input: Convolution(s): Concatenation:
N = Npulses X Nifeatures N = Npulses x N1 N = Npulses X Nan

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



Details of GNN reconstruction

%

In this example:
Npulses =7
each with (x,y,z,t)
Nfeatures =4

\

*1

t

171 = [xl Y1 21 tl] M} [911 .. -glNl]

Uy = (T2 Y2 22 2] [g21 - - - g2n,]
f EC(#, s, T)
U7 = [x7 Y7 27 t7] 971+ - - 97N, ]
Input: Convolution(s):

N = Npulses X Nfeatures

N = Npulses x Ni

"
o)
.....
e
"

Nall = Nfeatures + Nl

_) [hll 500 tha”]
— [hgl ce tha”]

[z1y1 21t 911 - - 91N, | —>
[x2y2 22 ta g21 ... gon, | —>

000000000
0000000000000
000000000

[z7y7 27t7 971 - - . 97Ny | —>

Concatenation: MLP1:
N = Npulses X Nar Nan — Nmany — Nan

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLPO) 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.

q [h?l . e h7Nall]
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Details of GNN reconstruction

Virue | & T | T Vreco
* 9,[6 ....... * [21 e ENall]
In this example: \ 5[7 1 - Ny,
Npulses =7 t2 ()H( [/\ /\ ]
each with (x,y,z,t) d I RSN
Nfeatures:4 . [\/1 ° \/Nall]

sum(X), max (),
Nall = Nfeatures + Nl mean(,u) min \/)

U1 = [z1 Y1 21 1] M’ 911 --- g1, ] [z1y1 21t 911 - - 91N, | —>

Uy = [T2 Y2 22 t2] (921 - - - g2, | 2292 22 t2 g21- . gorvy | —>
EC(vy, Us, Us)

P —

— [hgl ce tha”

U7 = [$7 Y7 27 t?] [971 .- -97N1] [337 y7 z7tr g71 - .. g?Nl] — — [h71 co h7Na”]

000000000
0000000000000
000000000

Input: Convolution(s): Concatenation: MLP1: Aggregation:
N = Npulses X Nfeatures N = Npulses x Ni N = Npulses X Nar Nan — Nmany — Nan N =4 x Nan

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLPO) 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.
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Details of GNN reconstruction

%ﬁ*’qi

| Vreco
s e el
e [21 XN ll]
In this example: 9\ t7 / [,ul . UN ]
Niputses = 7 £ H() Output: <«—| MLP2 ( i
each with (x,y,z,t) (?[ (log10E, Ozenith, Pazimuth, \ [/\1 - AN all]
Nfeatures = 4 : ; g : XthVerteX' event type) [\/1 e \/Nall ]
sum(X), max (),
Nall = Nfeatures + Nl mean(,u) min(\/)
= 7?1.172,173 o
U= [371 Y1 z1 t1] M [911 .- 'glNl] [331 y121t1 gi1--- 91N1] —>|o S o> [hll . thau]
Uy = [96‘2 Y2 z2 t2] [921 .- ~92N1] [xz Y2 22 t2 go1 - . .ggNl] —_— § § § — [h21 - tha”]
. EC(174’U57176) g g g
. —_—> o o © .
O o O
Uy = [377 Yr z7 t?] [971 .- -g7N1] [5137 yr 27ty g7t - - . g7N1] —>|° o °l — [h71 . h?Na”]
(o]
Input: Convolution(s): Concatenation: MLP1: Aggregation:
N = Npulses X Nifeatures N = Npulses x N1 N = Npulses X Nan Nan — Nmany — Nan N =4 x Nan

The input features of a node are combined with that of N (=2) nearby nodes through an NN (MLPO) 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. 102



Further specifics of DynEdge

In DynEdge, there are several “enlargements” compared to the previous
illustration of the GNN architecture. These are essentially:

e We use 6 input features: x, y, z, t, charge, and Quantum Efficiency.

e We convolute each node with the nearest 8 nodes (not two).

e We do 4 (not 1) convolutions, each with 192 inputs and outputs.

e The concatenation is of all convolution layers and the original input.

e 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?

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

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

:mbeddi Layer 7 : {h}, {e’. Layer £ + 1 : {h/*1}, {e/ ] MLP - o
Node feat. Embedding » (h)) e i) teiy) ayer £+ 1= thi™), e} hf ? Node Predictions
Embedding _ | y hy ) h; ’
Edge feat. » {e)] p ) : 1 [ MLP
GNN ' v Z h;7 ———— Graph Prediction
hg el e ' Vs
Graph G (N Iy } TTTTTTTTI T o
i : . MLP
hy =3 ; Concat(hf, hf) —> Edge Predictions
. J L J L J
RE RE RE
Input Layer Lx GNN Layer Prediction Layer
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GNN paper (https:/ /arxiv.org/abs/2209.03042).

GraphNet

The GNN model is outlined below, which is also the figure for our IceCube

State Graph 2

EdgeConv

State Graph 3

EdgeConv %

EdgeConv

Graph Convolutions Classic NN
Input Graph
C@ s?a't‘l’;?(':s [.5] (110297 MLP | > Prediction
[n,6] [1,n_outputs]
State Graph 1
EdgeConv v [, 256] [n. 1030] MLP @%

Node Aggregation

[n, 256]

[n, 256] [n,h] Lk-nn, - [n,256]
* z; :Zmlp(acj,:cj—xi)—>
i

State Graph 4

EdgeConv

for j in range(num_nodes):

;

[n, 256]

Convolution
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Dreaming
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Imagine 1B Z-decays in data+MC

ATLAS and CMS each has about 1B Zee and Zup decays in data+MC in total.
Each Z has 100+ features, and the resulting performance can be measured

accurately in both data and MC (the Z mass peak).

Such a dataset could become a standard reference in ML for testing new

architectures, training schemes, parallelisation methods, etc.

It could also be the training ground for
solving the problem of domain shifts,
thereby helping 1000s of particle
physicists... and many more ML users
in other science fields in the future.

Applying what is learned to the
Z — tt decay, and then in turn to
H — 1t decay to improve the
di-Higgs searches.

Events/1.10

2500

2000

-
(o))
o
o

1000

500

Z - ee test set: Invariant mass

ATLAS
[ Fit, same bkg (+22.49 %)
Same-sign cut (+23.39 %)
[ MC Truth (+23.19 %)

60 80 100 120 140 160
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~ GraphNeT

Graph Neural Networks for
Neutrino Telescope Event Reconstruction

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

Seeing the Universe in v light

Cosmic Event
(Gamma Ray Burst,
Supernova, Blazar)

=4 Cosmic Alert
Y, Zg%

X-ray observatorfe.g

IceCube Detector

W ’ll,: i
Cherenkov Telescopes Optical Telescopes
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My own ML experiences

Sentence:

“Experience is simply the name we give our mistakes”,
[Oscar Wilde]

Lemma:

“I didn’t fail. It was a learning experience”,
|Anonymous]
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First encounters

120

100

80

60

40

20

| Entries 3784

Background Signal

L1 ‘ I ‘ I ‘ | ‘ | ‘

-0.8 -0.6 -04 -0.2 0 0.2 04 0.6
D* Neural Net output (generic MC)
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First encounters

Lessons [Learned:

Not having any experience with ML, 1
made a lot of mistakes:

e No description of architecture!

e No HP optimisation.

e No check of data-MC correspondence.
e No loss / epoch plot.

[ had not thought of any way to cross
check and calibrate the output.

But... simply throwing myself at it was a
great experience to build on.

20

Entries 3784

ground Signal

| | | |
-04 -02 0 0.2 04 0.6
D* Neural Net output (generic MC)

L |
0.8
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Motivation: Higgs discovery

Problem:

Given a number of clean ZZ events,
determine if they are Higgs or SM diboson events!

Possible solution:

Since Higgses are produced quite differently then SM diboson ZZ,
their angular distributions differ!

t +
t 7 Zl
3 . . p H\' _<p* 0, Z
ariables available /used: , ol 1Y\
¢ Higgs rapidity ~2L P Te” P
e Angle Z to Higgs in Higgs CM /’ q > !
® Angle lep-to Zin ZCM 0, q
¢ Angle lep- to Z* in Z* CM ()

e Fraction of mZ+mZ* to mHiggs
Note: H denotes the ZZ system, Higgs or not!



PDFs used in likelihood
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Angular BDT score
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Angular BDT score
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Angular BDT score
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PDFs used in likelihood

Lessons [Learned:

e Separation changed dramatically, when fiducial

cuts were included.
| ® Very hard to include ML output in fits.
- | ® Itis complicated to calculate systematics on ML

-~ { output - one needs a plan (we didn’t have one). | .- . =

It was nice to see, that there was no correlation
&4 between ML output and H candidate mass.

But the results build confidence in our results in
the Higgs to ZZ* group, and it subsequently
* {became the
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Housing Prices
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Estimating Housing Prices

Slightly by coincidence, we got in contact with BoligSiden and collaborated.

They had data on 0.5M house sales 2008-2019 (90+% of all).

[ Random Search [—1 Bayesian Optimization 1 Early Stopping

MAD = 9.289%
<5%: 41.3%
<10%: 69.8%

10°  MAD = 9.647%
<5%: 40.2%
<10%: 68.4%
<20%: 90.85%

102
(V)]
el
[
o
(@)
O ot
MAD = 9.733%
<5%:  39.7%
<10%: 67.7%
<20%: 90.9%
10°

-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
z

We used XGBoost to build a model: Dealt well with categories and NaNs.

For apartments, we managed to “break” the tough 10% uncertainty limit.
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Individuel estimates

Shapley-values also gives the possibility to see the reason behind individuel
estimates. Below is an example, illustrating this point.

SHAP plot for #489266
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Above is shown which factors that influences the final estimate of the sales price
(and how much). The estimate is the sum of the contributions (here 6.86 MKz.).

This is a fantastic tool to get insight into the ML workings!!! 107
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Word ranking

Lessons Learned:

EjendomsVa( ® The ML part of the project was fun and BDTs
worked really well.

e Including text was (at the time) harder, but we

Bygg| had a way to cross check, if it worked.

e We were not at all prepared for the reluctance
to use this in the real world.

GeoPq

Afstand |

Beregnet/ “Big ships turn very slowly!”

gulvvarme +

treenger —l
2ldre —'
badeveerelse ’n
laekkert ° "‘
Bag of Words
fantastisk “"‘ for Villa

High

Feature value
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Electron Energy
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Result in data (v2)

The result in data is rather encouraging, and greater than the sum of the
improvements from training separately in MC (9.4%) and data (5.9%).

DeepCalo
(1- UCB_) =1-—
2.271 +0.019

1.86 = 0.010 18.3 + 0.8%, >

L]
Wow - this really worked!
- - - N alphaCB = 1.199 + 0.051
S 1800 — =) = -9,
g C meanBW = 91.19 =~ 2000 — A meanBW = 91.19
w @ —
£ 1600 — =-0. +0. £ £ o +
§ - meanCB =-0.6660 + 0.018 § 1800 — meanCB =-0.6984 + 0.020
w = nCB= 1.81 +0.24 o = nCB = 2.61 +0.30
1400 [ 1600 |
E ntotal = 154248.00 E ntotal = 155228.00
1200 sigmaBW = 2.50 1400 sigmaBW = 2.50
1000 — sigmaCB = 2.271 +0.019 1200 sigmaCB = 1.814 =+ 0.020
800 F DoF = 296, x? =671,p=00 1000 — DoF =296, x? =617,p=0/0
: wF Dat
a0} Data g ata
- 600 —
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200 — 200 —
0 . ) ) ) ) . ) ) ) . ) | ) : . '3 0 810 1 L1 35 11 [ glo 11 L1 95 11 1 L 00 17 05 g
L . L - ;
80 85 90 95 100 105 ' 2
Invariant mass (GeV/c 2) Invariant mass (GeVic )
X X Pull of Histogram of mc_Zee_mZ_plot__m_ee and Projection of signal_func_Zee
Pull of Histogram of me_Zee_mZ_plot__m_ee and Projection of signal_func_Zee
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Result in data (v2)

The result in d
improvement:

1800

1600

Events/(0.1)

1400

Lessons Learned:
e Remember to think about publishing. Even
what may seem “a fun little example” at the
time, may turn out to inspire a new line of

thinking.

e Remember to think about the longevity of any
approach. In this case, the storage of cell
information was discontinued shortly after!
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Zooming Out
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Conclusions

Machine Learning is a great new tool, but of course comes with
caveats:

e Remember the context and goal:
You might do something great... to no avail!
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Conclusions

Machine Learning is a great new tool, but of course comes with
caveats:

e Remember the context and goal:
You might do something great... to no avail!

e Start with a simple model, and then expand.
Maybe the simple model is best/enough.

e Ensure reproducibility:
Save hyperparameters, models, and results.

e Beware of domain shifts:
Simulated and real data are never the same.

e All the old rules apply:
Inspect, Check, and Question data and output.
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Conclusions

Machine Learning is a sharpening of our scientific senses. ..
...not a substitution!
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