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Introduction
What Machinelearning is ?

A subsetof artificial intelligence (Alx machinelearning (ML) dealswith
the study and useof data and algorithmsthat mimic how humanslearn.
Thishelpsmachinegyraduallyimprovetheir accuracy

It estimatesnew output valuesby usinghistoricaldataasinput.

1 Artificial Intelligence (Al)
- Expert Systems (ES)
1 Machine learning ML)
- Boosted Decision Trees (BDT)
19 Artificial Neural Network(ANN)
- Feedforward Neural Network (FFN
1M1 Deep Learning (DL)
- Convolutional Neural Network (CN
- Deep Neural Network (DNN),
- Long shorterm memory(LSTM)




Atrocluction
Why Machind.earning ?

. O
y S

The problem The tools The wish
- Identification - Big data - Fast response
- Classification - Computing power - High performance
- Anomaly detection - New architectures -Unbiased
- Selection - Improved algorithms - Sustainable

- Generation - Opensource code



IAtrocuction

Howto learn without explicitly being programéd

Meaningful
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Howto learn without explicitly being programél

Supervised learninghe data is labeled in the way that we give inputs to
learning system and tell it which specific outputs should be associated
inputs. l.e., thegoal is to learn a mapping from inputs to outputs.

the
0 the

Examples:
Regressior(weather prediction) andlassificationimage classification)

(@)
@) (@)

The output comes in a large finite
ordered or continuous set

The output comes in a small finite set



Machine Leadining

Supervised learning

Boosted Decision Trees (B3 separate signal and background sources I(BXCD
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https://xgboost.readthedocs.io/en/stable/

Viachine Leaanimg

Howto learn without explicitly being programél

Unsupervised learninghe input data is not labelled, the learning system
has to find some patterns or structures inherent in it.

Examples:
Clustering(recommendation systems) amtimensionality reductiofstructure discovery)

C .
° L
T2 2 L2 &1
B
The output is characterized by Simplified output with the most
group-labels and centroids important patterns and information

from the originaldata 9



Displaced
Tracks

Machine Leaaning

Unsupervised learning V.

Autoencodersor Anomaly Detection (Ex: VAE at CMS experiment) [}
Searching anomalies in-it resonances.

o Jet
—>
= 1or CMS Preliminary 138 fb~' (13 TeV)
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0 Reconstruction loss 1 10



Howto learn without explicitly being programéed

Reinforcementlearning the learningsystemhasto learna mappingfrom input
valuesto output valueswithout being supervised The idea is that an agent
learnsto make decisionsby interactingwith the environment The agenttakes
actionsandreceivedeedbackin the form of rewardsor penalties

Examples: Natural languagbl2 OS a4 aAy 3> NRo20 Yyl @Al
(algorithms can be moddtee or modeibased)

State (St)

Agent

Action
Reward (Rt) (A1)

R+

f— .
St Environment «

Theoutput is a policy, i.e., aet of rules or a strategy
maximize cumulative rewards over time.



Reinforcement learning

Deep QNetwork (DQN to explore the flavor structure of quarks and leptons
Yukawalagrangianwith FroggattNielsen Model:

- Left-handed quark

Lyuyk = yl] (¢) Q 'Heul + Yij ( ) Q' 'Hd/ ’ hes Il UL

. Left-handed lepton
: Right-handed

Tli'_. : ni' : ;
_l_yl\; (%) J ILHENI + yll] (%) J LIHU . charged lepton

- Right-handed Neutrino
N - Higgs
- Complex Scalar

¢ nij MNClN] h
SESE : Right-handed Neutrino

Mass = 101> GeV

(=]

- Theagent gets points when the massafsparticles and
the mixing matrix arelose to the experimental values.

(‘e i me ) = (4067 x 1071, 1.483 x 102, 2.066 x 103 ) MeV
(”’m Rz mm) o~ (2.251. 9.006, 5{1.(}4) meV

Intrinsic Value

|| =

-10F

mgg ~ 5.040 meV

RL predicts a natural ordering for neutrino masses! 1

Natural Inverse
v order v order



Machine Leaaining

In HEP: Jet Noise Pattern
substructure reduction Calibration recognition

Background
Anomaly@={s subtractiog
d ete Ctl O n Reduction Data

monitoring

Jet isolation

Classification

_ Pileup
Jet clustering mitigation

Unsupervised Supervised

Learning Learning Event
J S M h Regress reconstruction
Ha ronl usterin - egression
Kz e Ortector
- Matrix calibration
Learnin
Particle g elements Detector
Identification simulation
Model Flavour
building structure
Reinforcement
Learning
Accelerato Quantum
optimization Simulation

Detector
design

See https://imiwg.github.io/HEPMiLivingReview/



COoncesns

UNDERLYING FEATURES
Data, features and labels

Loy |t i HUIER S - ~mmnmmmmm e n e e s e e e e e High | bved hetiiblutes
ASAINY Vi QEACEISS (a5
NZEZN = Juma =g k@ = 5
Al LA NN RUEBEI=N =do)_be

=1 =\== el e ane

Lines & edges Noses, mouths & ears Facial structure



MODELS

A model is a mathematical representation of the relationship
between features and labels It's created by applying a machine
learning algorithm to the training data. The model is able to make
predictionsor decisionsasedon new, unseendata.

Ex alinearregressiormodel Ex a decisiontree classifiesinputs into
predictsa continuousoutput. different categories
Y YES Salary > 50 k€ NO
120000 -
CiEEpale DECLINE OFFER
100000 motivated
> YES NO
% i Freedom from DECLINE OFFER
™ schedules
60000
YES NO
40000 - International DECLINE OFFER
mobility
I 1 1 1 I X
2 4 6 8 10 VES
experience. ——» ACCEPT OFFER

Parametersinternal variablesthat are learnedfrom data(ex slope)
Hyperparameterscharacterizehe learningprocesgex numberof nodes) *°



Concesns
TRAINING, VALIDATION AND TEST DATA

Arraining DataThe portion of the dataset used to fit the model, allowing it to
learn patterns and relationships within the data

Avalidation Data:A data subset tbune modelhyperparametersnd assess
model performance during training, helping to prevenerfitting.

Arest DataThe final subset of the dataset used to evaluate the model's
performance after training and validation, providing an unbiased assessment

of its generalization to new, unseen data.

| | |
Training 6675% Validation 1520%  Test 1520%

16



CONCERS
GENERALIZATION

Theability of a modelto performwell on new, unseendata.
We want a modelthat avoidsboth underfitting (failingto capturethe data's
structure) andoverfitting (beingtoo tailored to the training data).

4 X 4 X
X X
X X X(OX
" X X X X X X X X
XX X XX X
> >
underfitting proper fitting overfitting

- Too simple model - Too complex model
- Insufficient training - Excessive training
- Poor feature selection - Too many features
- Highregularization(penalty term) - Lowregularization(penalty term)

- Incorrect model assumptions - Insufficient training data 17



CONceEDs

INTERPRETABIL&ITEXPLAINABILITY

We want to comprehenthe decisions or predictions made by a mof=luse
and-effect), and provide, for complex modelsglaar explanation for whthe

model madehem.

Expected Error = Bias® + Variance + Irreducible Error

Bias deviation from the real value introduced by
approximatinga problemwith a simplifiedmodel.

High biasimpliesthat the modelis too simple
and failsto capturethe underlyingpatternsin the
data,leadingto underfitting.

Variance deviationfrom the real valuedue to the
model's sensitivity to small fluctuations in the
trainingdata.

High variance implies that the model is too
complex and captures noise along with the
underlyingpatterns,leadingto overfitting.

error

Y H .
underfitting : overfitting

Zone

zZone

i generalization (test) #rror

L4
, -
,* variance

irreducible error

D S .

- .
- e,
-------
-----

training error

=
>

model complexity

18



CONCERS
SCORESPENALTIES

Modelsare evaluated not just on how wehey scorein making
predictions, but also on how they're penalized for errors.

Loss functiorl (g,t) : penalizes a wrong decisionguéss when the answer is(true).

. 1 <&
0-1 Loss — 0 ift;=gi Cross-Entropy = - Z tilog(g;) +
if t; # g; i=1
(1 —t;)log(l — gi)]

MSE = & 3 (t - g1)°

%)
7]
n < °c 5 Loss Functions for t=1 —
i=1 .Jﬁ Cross-Entropy 7
4 Absolute Loss / Hinge Loss ]
n C Mean Squared Error ]
]- B - N
Absolute Loss = — E it — gil 3F 3
n < C ]
. It
Hinge Loss = Z max (0,1 —¢; - g;) -
0 P

0 0.2 0.4 0.6 08 1
g, guess value



GRADIENT DESCENT

It is an optimization procedure to minimize the errorlossof machine
learning algorithms

J(Q)A
Initialize the parameters—} of the model
Compute the gradient (i.e., partial derivatives of "\/7
the loss J) with respect to each parameter) )
Update the parameters adjusting them througn AN “"'”1””’“
the learning rate/ (a fraction of the gradient) S

Onew — eold —n: VH'](H)

Iterate until the algorithm converges in a
minimum

Note that the learning raté governs the convergence:
- ifitis too small, the optimization will be too slow
- ifitis too large, it can skip the minimum




Concesns

Some examples of Gradient Descéassed algorithms:

wBatch Gradient Descent (BG[Jses the entire dataset to compute the gradient at each step.
wStochastic Gradient Descent (SGDkes one sample at a time, updating parameters more

frequently.
wMomentum; NAY | &S | OdzYdzZ | G AGBS Fdzy OlAz2Yy
wAdagrad Adadelta Adaptive learning rate depending of some parameters.

a St 20,

wRMSprop (RootMean Squard’ropagation) also adaptive, but simpler way to compute gradients.

7
// SGD § —
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https://cs231n.github.io/neurahetworks3/
[arXiv:1609.04747v2]
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Concesiss

' In summary: machine learning workflow

| | |
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The trainingset consistsof inputsand corresponding labels.

REGRESSION

Thetrainingset consists of a collection of pairs ofiaput vectorx | R and
its corresponding target, or labdl(note thatx can be any input vector including
a2zy3az AYlF3ISaz SGOX0ud ¢KS 2dziLizi A a

[(xD, ¢, (x(V), ¢ M)y

4.0

0 215 0 01110 ¢ 0 0 0 9 9 0 0 O
0 0 0 4 60157236255255177 95 61 32 O 0 29
0 10 16119238 255 244 245 243 250 249255222103 10 0O
0 14170 255 255 244 254 255 253 245 255 249 253251124 1
2 98255 228 255 251 254 211 141 116 122 215 251 238 255 49
13217243255155 33226 52 2 0 10 13232255255 36
16229252254 49 12 0 © 7 7 0 70237252235 62
6141245255212 25 11 9 3 0115236243255137 O
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0 13113255255245255182 181248252242208 36 0 19
1 0 5117251255241255247255241162 17 0 7

0 0O 0 4 58251255246254253255120 11 0 1

0 0 4 97255255255248252255244255182 10 0

3.5
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+~ 2.0 o ®
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0
0
4
0 22206252 246251 241 100 24113255245255194 9 O
0111255242255158 24 © 0 6 39255232230 56 O
1.0 - 0218251250137 7 11 © 0 0 2 62255250125 3
' 0173255255101 9 20 © 13 3 13182251245 61 O
0107 251 241255230 98 55 19118217248253255 52 4
5
0
1
0

0 18146 250 255 247 255 255 255 249 255240255129 0

0.5 -

0 0 23113215255 250 248 255 255 248 248 118 14 12
0 0 6 1 0 52153233256252147 37 0 0 4
0.0 r ’ ’ ’ 00550000 01 106 6 0

0 1 2 3 4 5

w1 weight
bl bias

Our model can be of the type ywx+ Db

24



4.0

35
3.0
25
> 2.0

1.5¢

0.5

0.0

Lol

3.0

We define a space of weights and bias, which giwepredictions

2.5

2.0

— .

0.5

—os| =

-1.0

5 “10 -05 00 05 1.0

w

15 2.0

We aim to find the best model parameters by minimizing the lost function
(or cost functiont averaged lost function over all training samples)

4.0

3.5
3.0
2.5}
> 2.0t

1.5

o

1.0

0.5+

0.0

Using a MSE (Minimum Squared Ergf)y, t)
1 | N2
J(w.b) = 5 2 y
1 ( | N
= (1) )
Z wx\/ +b—t )
2N —

25



Since we usually have an input vector with multiple variables, we can use
vectorialnotation:

y(1) w!x() 4+ p
y(N) WTx(N) + b

With the cost function:

J = —Hy — t|° 07
o7 ™
We minimize the gradlenta—W = : through the learning rateé?
to extract the model parameters. (%Z)
(over all data sample)
N
wew— 120w - N0 0y 40

ow _N



Nowwe try with a new datasampleX it is not just a questionof minimization,
but to choosethe bestweightsandthe besthyperparameterof the model

lr 0—0 . L i
o 1
t t
o 3 o
ol [ 7
o

| Underfitting _ | Overfitting

0 1 0 1

xr X

Regularizationa penalty term, depending on the weights, which helps to find
the better model description (it aims to keep small the squared norm of weights):

1
R(w) = 3wl = 3w/
J

(I is anhyperparameter

The cost function becomes: A 2
%eg:j+)\7€:j+§zmﬁ
to be tuned) J



CLASSIFICATION

Thetrainingset consists of a collection of pairs ofiaput vectorx| R and
its corresponding target, or labdl(note thatx can be any input vector including
a2y 3az AYlFISaz SGOXudcleskes GF NBSUO O NA I
Classes are separated dgcision boundaries

X5

Multilabel
classification

28



Classification models:

- Logistic Regressioi\ linear model for binary classification.

- Decision Treedt splits the feature space into regions by making a series of
decisions.

- GradientBoosting Machines (GBMd): buildsdecision trees sequentially.

- Support Vector Machines (SVME finds the hyperplane that best separates
the classes.

- k-Nearest Neighbors @NN). A nonparametric method that classifies instances
based on the majority class among thad&arest neighbors.

- Naive BayesA probabilistic classifier based on applying Bayes' theorem with
strong independence assumptions between the features.

- Neural Networks Models inspired by the human brain, particularly powerful in
handling complex classification tasks.

- Random ForestsAn ensemble method using multiple decision trees to improve
classification accuracy.

29



K-Nearest Neighbors (NN)it is a nonparametric method:

Given a vectox to classify

We need to findhe nearest input vectoto x in the training set and copigs label

Hx(a) _ X(b)H: —

d

\ Z(XJ'(Q) B Xj(b))2

Jj=1

e ¥
o+ Vv
00

>
X1

v
*

Small k gives fine tuning but can cause overfitting
Large k implies coarse tuning but can leditalerfitting

30



Decision tree modelanake predictions by recursively splitting different
attributes according to a tree structure.

One can combine multiple models or

? decision trees in aensemble
Is it red ? Bootstrapping:creation of multiple data
subsetdoy randomly sampling with
NO S
/ \YES replacementdrom the original dataset
Has Rounded e
EEEes shape? Random Splitsdivision ofdata randomly

into different parts or subsets.

YES NO / \j(ES _ |
NO Bagging (Bootstrap Aggregating

multiple models are trained independently

Q * ‘ ' on differentbootstrapped data subsets.

- Internalnodestest the attributes
- Attribute values are separated lipyanches
- Leafnodes are output values

Random forests: bagging + random splits



sulverviseclClearning
Predicted
A
Metrics forClassification: ) _Posiive_ Negaive
. . ) Positive T’:.e n:azlast:; .
Several figures of merit are defined Actual | postive | negative |
. . . f Y ™
according to theconfusion matrix \ooaie|  False | True
cgative positive negative
L - AN J/

Accuracy ACC = % Overall effectiveness of a classifier
Error rate ERR = % Classification error
. TP Class agreement of the data labels with the positive
Precision PRC = 1pipp labels given by the classifier
Sensitivity SNS = % Effectiveness of a classifier to identify positive labels
Specificity SPC = Tgw How effectively a classifier identifies negative labels
ROC ROC — VSNSZ1SPC2 Combined metric based on the Receiver Operating
o V2 Characteristic (ROC) space
PRC-SNS Combination of precision (PRC) and sensitivity
b1 score F1 = 2preons (SNS) in a single metric

Geometric Mean

GM = v/SNS-SPC

Combination of sensitivity (SNS) and specificity
(SPC) in a single metric

[DOL 10.3390/518061803]




TheROC figure of meris typically quantified using therea Under the ROC
Curve (AURROCY ¢ KA OK 3IAGSa | aAay3atsS aoltl
overall ability to discriminate between positive and negative classes.

NJ

ROC '.( ‘urve ROC 'o( ‘urve
rd
s
P L - o~ ROC Curve » -
= AuC = 100% g 2 = =
= . = = =
s 2 7 P2 s X .
- ’ "y "y ' S e §
o L’ S2"Chance” line o = AuC = 50% = AuC = 0%
b= ’ = = =
% AuC = 75% ROC Curve o

FPR (1 - Specificity)

FPR (1 - Specificity)

FPR (1 - Specificity)

No Separabality

>

Problematic

Overlap = How well the model separates Negatives and Positives

it
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Unsupervisecloleaening

The training sample is not labelled, the model has to find the latent
structure underlying the data

CLUSTERING
Meaningful grouping of data according to their similarities.

S ——— 6

5L
a4l

3}

»

-2

6 -2

The goal: to find the clustetbat minimize or maximize ambjective function

35



K-means algorithm:

The data belongs to K classespatterns, in the way that the variance within them
Is as small as possible.

X5

A ®

We have to find cluster centers (m) or
centroidand make assignmentg for
each data point ®

nefo1y ) n"=1
k

o
o—"
® e
\o/. \.
- assign an initial cluster to each data
o
* [ ]
o o . ® o

Recomputethe cluster center *
according to the gravity centes



K-means algorithm:

3

— .
~~3

7|y — x| 2

ME
B

Optimization: min J({m}, {r}) =

{m}.{r} {m}.{r}

=
==

=1

n—=

Initialization

https://code-specialist.com/python/kmeansalgorithm

37



Unsuperviseelleaening

DBSCAN (Densigased Spatial Clustering of Applications with Noise)

It groupsdata points based on thedensity. It allow to identify outliers/noise points
that do not fit any cluster (good for anomadgtection).

DBSCAN

k-means

https://github.com/NSHipster/DBSCAN

As compare toneans, it isnot needed to specify a number of clusters.

DBSCAN can discowtusters ofany arbitrary shape. .



Data points are searched for intense regionsnd

separated bynot-so-dense regions. ’__~M|nP0|nt$3
/ ’——5
- . L / :: \
wCore PointAt leastMinPtspoints in its / O \ outller
. . . | O I
neighborhood, definedby aradiuss. \ Ogo ( \
. : . ! I
uBorder Pointlts neighborhood contains less e © )( o O /
than MinPtsdata points, oit is withine-distance ~~==="_3<. _.* border
from a core point.
cOutlier Point:It isnot a core point, and is not (O O © core
close enough to be reachable from a core point. O o
O

Algorithm procedure:

Arbitrarily pickup a point in the dataset (until all points have been visited).

If there are at leasMinPtspoints within a radiust( to the point then we
consider all these points to be part of the saniester.

Theclusters are then expanded by recursively repeating the neighborhood
calculation for each neighborimmpint.




UnsupeEnviseelleariing

-

Grouping is usually made by using the Euclidé&atance(p, g) = q D (i — @)’
i=1

S o
s}
&
o,
E
&8
]
[#]
. sf*:%g
*EPQ}&
’ Foggg
epsilon =100 o ¥ ot &8 &
minPoints = 4 &

https://www.kdnuggets.com/2020/04/dbscaulusteringalgorithmmachinelearning.html






Neunral NeETWorKs

There are approximately00billion neuronsin a mature human brain, each
of them connected and communicating with other 10K neurons.

The basic computational unit in a neural network is tieeiron

. . Acti tential
impulses carried 0 B ot
toward cell body Na* ions in
branches sl \3
dendrites of axon - . o 8 !
2 o =,
% £ B K ions out
4 =3
| axon 4 Q 9
nucleus termi 2
erminals = Failed
55 —nreshold initiations e
3 - Resting state
impulses carried =10 ;t'lf']q'lj";;f ---------------------------
away from cell body 5]
cell body @ [4)
Hyperpolarization
0 1 2 3 B 5
Time (ms)

Neurons receivelectric inputsignals and accumulatsltage, firing spiking

responses after some threshold.
42
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PERCEPTRON

It is amathematical model of a biological neuron. While in actual neurons the
dendrite receives electrical signals from the axons of other neurons, in the perceptrc
these electrical signals are representednasnerical values

X, output
output weights bias Wi l
\
' Vo |
Yy = ¢ (W X + b)
[N
\
\
activation function inputs b activation
T function
input

Theactivation functionis responsible for making the nodes 'firt'processes the input
signal (data features) through a mathematical transformation, checks if the value of tl
weighted sum of inputs crosses a threshold, and if it does, provides an output,



Activation functions:

/ Rectified Linear Unit \
Linear (ReLU) Soft RelLU
y : . y , y : :

T S S T 2 3 Za A - - zz [ S S S T 3 3 ] p
\ y=2z y = max(0, z) y =logl+ e” /
/ Hard Threshold Logistic Hyperbolic Tangent (tanm

y ' y y i :
1 ifz>0 1 eZ — g%




Neurall NeTWarks

The purpose of theactivation functionis to introduce nodinearities enabling the
network to learn and model complgatterns:

&y @_U

Nonlinear = yeast + dough

1r 1ir ® [N
@ B .o e
Xl Xl . ® ’r-’.’;.t .\..o. o{::‘?::’. 2
osp 0sf ’&:..‘o’ t ”o’.:‘ ° {'
. % />
)
asf 08 'j_>'
>
07t 07t 3
3.
o6 f 06F <
-,
0S| oSk
MO X2 D'du 1 X2




The purpose of theactivation functionis to introduce noHinearities enabling the
network to learn and model complgatterns:

oy, 8 ®..M\

Linear = coffee + sugar Nonlinear = yeast + dough

Ridge FunctionsLinear transformations followed by namearity (ex: SigmoidReLLl).
Radial FunctionsSymmetric functions based on distance from a center.
Fold FunctionsNonlinear mappings with sharp transitioex: Step function).

They can baaturating or non-saturating
xl—l>r_foo ¢(x) = finite value im ¢(x) = +o0
lim ¢(z) = —oo or finite value

rT——00 46



Neurons are groupetbgetherinto layers:

15t hidden layer 2"d hidden layer
Input layer output layer

Oe®
O =D
ONvaTar

connections

. >
NN depth
Thisgivesa feedforward neuralnetwork (FFNN).

If allinput units are connected to all outpuinits: fully connected=CNN
(multilayer perceptroh



N eulal NeETWarks

Backpropagationin the training period try tdind the network
weightsw, that achieve the loweslioss by using the gradient descent

1 , * We want to
hi = o(z) L= > Z(Yk — tk) minimizedL/dw
wiy ) wyy) w'? ‘ new _ 01d _ OL
Wy o) )12 w; - = 778
b(ll) by Wi
\ \ t h?' learning rate
L1—>27 >h1 »1/1 i DN | |

Lo—2 2—>h 2——»?)2

m/ T (z)/ T & ol X ﬁ
b2 @) 03 . :
(1) qu (2) Way 0.3 ]
Wao Wao 04" 1
Z (1) Xj + b (1) o0 -500 0 Sﬂdo 1000 1500 2000

W,

Z w2 hi + b oL Oh;
ow; (i = 1) 0z;

':B?:



Neural Newarks

i P [arXiv:2105.04026v2] > o

N} 7

Ex 2D projectionof the losslandscapef 4 layersNNwith a ReLUactivationfunction
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Optimizers w, are the weights at time step fj the learning ratep andg represent

the gradient,b, and b, are decay rate coefficients argla protection parameter:
RMSProp

Momentum

Stochastic Gradient
Descent (SGD

ADAM AMSGrad

my = B1-mu_1+ (1 —P1) - g

vi = Bo v 1+ (1 — Bs) - g?
v = Pa v+ (1 — B2) - g7 t : ( ) 9

A mt ~ Ut

5. — @t = max(ﬁt_l, ’Ut)
"1

W1 — Wt —




Neural Newarks

Types of neural networks:

Deep Feed Forward (DFF) Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU)
- 9, . i a
NG 9,9 9,9 9,9
0y, CRALRE IR REAAA

Deep Convolutional Network (DCN) Support Vector Machine (SyM) ~ Generative Adversarial Network (GAN)

N NN N
AT
A YAVAV VWS

 am  InputCell . Recurrent Cell

O Backfed Input Cell @ Merory cel
Spiking Neural Network Liquid State Machine (LSM) /A Noisy Input Cell &
o Different Memory Cell
Hidden Cell
%F\ P //7‘ . . Output Cell
\J o/ © rrobablistic Hidden Cell

© watch input Output Cell

@ spiking Hidden Cell .
Q© Convolution or Pool

" Kernel

[10.20944/preprints202309.1149]



A successful (high impact!)
example atLHCb

A fast FNN implementeg

on GPUs (30MHz rate
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