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Outline (lecture 2)

€ More on overﬁtting and generalization
2 Bias-variance trade-off
?Regularization

€ More on models

2 Decision lrees

&¥ Boosting, random forest, bagging
2 Neural Networks
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Retferences

& Lectures:

2 M. Kagan: CERN Summer Student Lecture (2024) and TRISEP school (2024)
2 F Fleuret: Deep Learning Course (2018-now, EPFL and University of Geneva)

2 T Sculac: CERN Thematic School of Computing on Machine Learning (2024)

2 F Vaselli: CERN Thematic School of Computing on Machine Learning (2024)
2 D. Noll: MLPF Berkley school (2024)

2 L. Moneta: Machine Learning for Fundamental Physics school (2025)

€ Books:
2 Deep Learning (I. Goodfellow, V. Bengio, A. Courville)
2 The Elements of Statistical Learning (7. Hastie, R. Tibshirani, J. Friedman)

2 Pattern Recognition and Machine learning (C. Bishop)
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https://indico.cern.ch/event/1392500/
https://indico.snolab.ca/event/2/contributions/11/
https://fleuret.org/dlc/#lectures
https://indico.cern.ch/event/1407896/timetable/
https://indico.cern.ch/event/1407896/timetable/
https://indico.physics.lbl.gov/event/2850/contributions/9265/attachments/4703/6478/240812_noll-hep_ml_intro_2.pdf
https://indico.cern.ch/event/1488532/timetable/#20250626

More on underfitting, overfitting, generalization...

¢ Suppose we want to model the following data:

= = Truth

O Observed data
1.0 -

0.5 -
t

0.0 -

—0.5

—1.0 -

—1.5 1
0.0 0.2 0.4 0.6 0.8 1.0
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More on underfitting, overfitting, generahzation...

= Truth — Model fit (degree 1) O Observed data
Underfitting Good fit Overfitting
M=3 M=9
O O
—1.5 - | | | | | | | | | | | | | | | | | |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
X X X
Jx|w) =wy+ wx f(x|W)=w0+w1x+w2x2+w3x3 f(x\w)=w0+w1x+...+w9x9
Large bias Large variance
T'’he model does not T’he model represents
reproduce well the data the training data too well
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Bias-variance trade-oft

¢ Simple model under-fit:

2 High bias, low variance

Underfitting Overfitting

1.5 1

2 Fails to capture underlying structure (too

<
I
O

1.0 1

¢ Complex model over-fit: ”

0.0 1

2 Low bias, high variance 05

-1.0 4

2 Learns statistical fluctuations

_1.5 .
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0

¢ Bias: systematic error
2 How far predictions are, on average, from the true function
€ Variance: sensitivity of the dataset

2 How much predictions change with different training samples
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Bias-variance trade-oft

¢ Simple model under-fit:
2 High bias, low variance

Underfitting

Overfitting

1.5

2 Fails to capturg

@ o
el  More data lowers the variance,

S o /lowing for more complex models
2 Learns statisti&

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2

¢ Bias: systematic error
2 How far predictions are, on average, from the true function
€ Variance: sensitivity of the dataset

2 How much predictions change with different training samples
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Regularization

¢ Idea: control model complexity by penalizing parameters

2 Strategy: modify the loss function adding a penalty term on the weights
¢ Example for regression:

2 Regularized square loss function:

N
Z(W) = % Z} (v = f(X3; W))* + AQ(W)

& Common choices:

2 1.2 norm (Ridge): Qw) = ||w]]* = Z Wi2
¥ Keeps weights small i
2 L1 norm (Lasso): Q(w) = [|w]|] = Z | w; |

l

&Y Promotes sparsity (many weights = 0)
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L2: Q(w) = lw|[*

Ridge coefficients as a function of the regularization

200

100

weights

-100 }

102 100 104 10° 10° 107 10 107 100
alpha
Less regularization >

¢ Shrinks all weights smoothly

& No exact zeroes

L(w) = 5y — Xw)

>+ aQ(w)

coefficients

Ll: Qw)=[w]

Lasso and Elastic-Net Paths

25

20

15+

10

-10H — lasso ) - - - -
- - Elastic-Net
-1.5 -1.0 -0.5 0.0 0.5
-Log(alpha)
Less regularization >

€ Drives some weights exactly to 0

& Performs feature selection
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From concepts to models

& We now introduce concrete models:

2 Decision Trees
2 Neural Networks (MLPs)

¢ Key question:

2 How each model control complexity?
¢ Each model:
2 Has its own inductive bias

2 Has its own regularization mechanisms
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Decision lrees

€ Model based on recursive partitioning of the feature space

& At each node:

2 Apply a binary split (e.g. x; < 1)
¢ Final prediction:

2 Constant value per region (leaf)

bs_ pb.b
bs s°7b b
s b
s b sz
b,
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Decision lrees Classification

€ Model based on recursive partitioning of the feature space

& At each node:

2 Apply a binary split (e.g. x; < 1)
¢ Final prediction:
2 Constant value per region (leaf)

X2A X2A

node 1
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Decision lrees Classification

€ Model based on recursive partitioning of the feature space

& At each node:

2 Apply a binary split (e.g. x; < 1)
¢ Final prediction:
2 Constant value per region (leaf)

X2t X 4 X2 1

node 1
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Decision lrees Classification

€ Model based on recursive partitioning of the feature space

& At each node:

2 Apply a binary split (e.g. x; < 1)

¢ Final prediction:

2 Constant value per region (leaf)

X2A X2A
X S
Ss b bs_ b.b
1.0 b® s°b b 10 b* s57b b
Sb S Sssbb S
b |\, S b |, S S
1.0 1.51.7 X1 1.0 1.5 x:
X2 4 X241

node 1
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Decision lrees

€ Model based on recursive partitioning of the feature space

€ At each node:
2 Apply a binary split (e.o. x. < ¢ x2>1.0
pply y spht (e.g. x; < 1) P \
¢ Final prediction: X1 > 1.5 X1 > 1.7

Y\ Y\

%Constant value per region (leaf) x1>1.0 (3,00 x;>12  (0,3)

Y N TN

(3,1) (0,3) (1,2) (4,1)

———

F.L. Souza de Almeida - Machine-Learning Fundamentals - 4th COMCGCHA School - 08/04/2026

1.0

1.2



Decision lrees Classification

€ Model based on recursive partitioning of the feature space

€ At each node:
,. Root node % 1
2 Apply a binary split (e.g. x; < 1) x2>1.0
Br?hes ‘Branfﬁ ) ss e
¢ Final prediction: oSS ey 0 bl s°'b b
- - s 3 S
2 Constant value per region (leaf) 4 \ v \ b E ¢S
x1>1.0 x1> 1.2 »

/ \ Leaf (node) Leaf(node) 1.0 1.5 X1
1.2 1.7
31| .3) m (@,1)
Leaf (node) Leaf (node) eat (hode eaf (node
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Decision lrees Classification

€ Model based on recursive partitioning of the feature space

€ At each node:
2 Apply a binary split (e.g. X; < t)
x> > 1.0
€ Final prediction: v \
x1> 1.5 x1> 1.7

2 Constant value per region (leaf)
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y

yA
value for each new data point x .
O
o
¢ Now we need to predict a continuous value instead o od% ¢
00 © 0 o° o
.0 ONG) ©
O ¢
OO0 »
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y

yA
value for each new data point x o
O
) . . . “‘. ® O
¢ Now we need to predict a continuous value instead o % 0
%9 © o ... O
‘0 o
O
o
o O R
2.0 X1
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y

yA
value for each new data point x o
/ . . . 0%° %o o
¢ Now we need to predict a continuous value instead o %0 0
%0 © 0 .’. O
o O Co
O
o
o O R
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y y1t
value for each new data point x o
0o o

¢ Now we need to predict a continuous value instead ° oJ% %4

00 @ o %0 ‘.

0© Oo ©

o 9
OO
12 20 25 X1
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y

yA
value for each new data point x
00 o
, . . . ‘..‘ o O @)
¢ Now we need to predict a continuous value instead o °, o
9 0 0 :’ o
O Co
o O
0 o{ X
0.6 1.2 2.0 2.5 X1
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y
value for each new data point x

<
>

¢ Now we need to predict a continuous value instead
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Decision lree Regression

€ From a 2D training dataset (x,y) we want to predict the y
value for each new data point x

<
>

¢ Now we need to predict a continuous value instead

€ Average in each region gives you the prediction

Root node

x>2.0
Br?hes' "Branrﬁ
Internal node Internal node
x>1.2 x> 2.5

v O\ Y\

x> 0.6 x> 3.5

/ \ Leaf (node)  Leaf (node)

N

Leaf (nod Le2af (nod
Leaf (node) Leaf (node) eaf (node) exaf (node)
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Neural Networks

& Trees:

' l 1 Input layer Hidden layer Output layer
2 Piecewise constant predictions put fay y put lay

€ What if we want:
2 Smoother functions?

2 Continuous approximations?

¢ Multilayer Perceptron (MLP):

2 Composition of layers

h® = 5( WORD 4 D
2 Each layer: 6( )

P¥ Linear transformation

¥ Non-linear activation function
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Neural Networks

& Trees:

' l 1 Input layer Hidden layer Output layer
2 Piecewise constant predictions put fay y put lay

& What if we want:

\
2 Smoother func . . \
Stack simple transformations to »

2 Continuous ap o o
build complex functions!

¢ Multilayer Percept

2 Composition of layers

h( = 6(WOh(-D 4+ hO)

2 Each layer:

P¥ Linear transformation

¥ Non-linear activation function
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Why non-linearity matters?

¢ Without non-linearity:

2 Multiple layers colapse into a single linear model
€ With non-linearity:

2 Model can approximate highly complex functions
¢ Universal approximation:

2 MLPs can approximate any continuous function (with enough capacity)!
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MLP complexity and regularization

¢ MLP complexity:
2 Number of layers

2 Number of neurons

2 Weight decay

21D ropout

2 Early stopping
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MLP complexity and regularization

€ MLP complexity:
2 Number of layers
2 Number of ne

Ll  VMLPs are flexible and powerful,

¢ Regularization BUT require tuning
bWeight decay

2 Dropout

2 Early stopping
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Thank you!

F.L. Souza de Almeida




Backup
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Reinforcement learning

Reinforcement Learning

( )

Agent
state (s[t]) [ | Policy m: S—A
action (a[t])
reward (r[t+1]) ( -
LEnvnronment]< [Ravikumar]

Models for agents that take actions depending on current state

Actions incur rewards, and affect future states (“feedback”)

Learn to make the best sequence of decisions to achieve a given
goal when feedback is often delayed until you reach the goal

[M. Kagan]
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(NNNs for calornmeters

¢ Inspired by Belle IT: GNN reconstruction [Comput Software Big Sci 7, 13 (2013)]

2 GNN;s do not require the same concessions to handle irregular geometries

2 Clusters represented as graphs: cells as nodes, edges describing relationships among
cells (e.g. spatial distance), and global teatures tfor the cluster (e.g. total energy)
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1'he message passing algorithm

€ Nodes, edges, and globals are updated through ageregation and MLPs

BLULE updated by BLACGK (not utiizing GREY)

(a) Edge update

Update edges using

connected nodes and globals
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1'he message passing algorithm

€ Nodes, edges, and globals are updated through ageregation and MLPs

BLULE updated by BLACGK (not utiizing GREY)

OO Gt ©

(a) Edge update (b) Node update

Update edges using s[iilpd&ts I;()e((ifses
connected nodes and globals using (new) edg
and globals
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1'he message passing algorithm

€ Nodes, edges, and globals are updated through ageregation and MLPs

BLUE updated by BLACK (not utilizing GREY)

(a) Edge update (b) Node update (c) Global update

Update edges usin Update nodes Update globals
Conne(ied nodegs and lgobals using (new) edges using (new) nodes
> and globals and (new) edges
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1'he message passing algorithm

€ Nodes, edges, and globals are updated through ageregation and MLPs

BLUE updated by BLACK (not utilizing GREY)

(a) Edge update (b) Node update (c) Global update
. lobal
Update edges using Update nodes Update olobals
using (new) edges using (new) nodes

connected nodes and globals

- andglobals ~ and (new) edges

- 1'his process can be repeated many times |
 Fach 1iteration can have a unique set of NN
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Workflow

Problem definition,
Input data preselection
& graph representation

Data preprocessing &
feature engineering

——| GNN model design \

-
——————'—
-

———— Optimizer & loss function

—
—
———————--—
— — -
-
-
-

o’ Model training

Model
evaluation

s ™
: Optimization &

| hyperparameter tuning

v . y

Deploy model
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Our approach

¢ Training sample

2 Single photons in the particle-collision conditions

expected for LHCb Run 5
20.5 < E; <5 GeV photons

& Preselection

2 Photons produced within 100 mm of interaction

point

2 Clusters with seed in the central innermost region of

the ECAL

2 5x5 modules around the seed module, reduced to 25

central cells

cell y [mm]

—-50 -

—100 -

I
=
wn
o

—200 A

—250 -

—300 -

—350 -

% Signal entry point
B Seed cell center

—

e O O 0090+ 00 00000000
® o & o+ o+ s @ .'.;.&..6
@ ¢ * e ® o 0 o
° "' oo -0 -0 0oy
.... ¢« o c o 0000y
C - 90 ¢+ 0000
O s} Q 'EEEEERNRY
'. e e "' YTEEEX XX |
® o o O O o "cbo ® o o
e00ce_oo
® ¢ o o ® o
= ® o *- a

-800 -750 -700 -650 -600 -=550 -=500
cell x [mm]
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Our approach

¢ Training sample

2 Single photons in the particle-collision conditions

expected for LHCb Run 5
20.5 < E; <5 GeV photons
¢ Preselection

2 Photons produced within 100 mm of interaction
point

2 Clusters with seed in the central innermost region of

the ECAL

2 5x5 modules around the seed module, reduced to 25
central cells

cell y [mm]

—-50 -

—100 -

I
=
wn
o

I
N
o
o

—250 A
—300 -

-350 L/

% Signal entry point
B Seed cell center

@ eliilllit%s:02%

-800 -750 -700 -650 -600 -=550 -=500
cell x [mm]

25 Closet cells
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~
S

e _ | ' ' ' ' | ' ' ' ' | ' ' ' v " 1 —T T T T T ] T T T T ] T T T
O — - N = . . . -
5 012 Single photon and min. bias clusters - > RN Single photon and min. bias clusters.
% O 3x3 clustering - ) I ‘ 3x3 clustering -
= 0.1F GNN model - =~ 30 , —=— Opt. cluster shapes -
o UL ] 1) i . _
= - - Y - «——— GNN model -
SO008F Simulation — = | \ . -
S h 1 Luminosity 1.5x10%cm2s"! . 0" 5o L Unofficial -
- i - —— _
0.06 — a/, : — i _
- }% Unofficial - - 'y -
- 7% - N T _
A I S
002 |- Vi : _ e T
i ) ///l ] - .

0 B - ////{‘_'{’_.’l_’hul—...m--.___ _ O N T B B R

0.5 0 0.5 1 1.5 1 I 3 4 5
AE/E E; [GeV]
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Higher-granulanty alternative

& The GNN achieves better

r_‘30"|""|""|""|""
>, T Single photon and min. bias clusters performance thap the standard .
o o Baseline, Opt. cluster shapds approach even with lower granularity
E -+ —=— HG, Opt. cluster shapes - . .
< 20F ', ——— Baseline, GNN model - € Not much improvement observed in
5 = —— HG, GNN model ] the GNN with higher transverse
F O Unofficial - granularity configuration
- e i
- - e — | :
10r e TR - ¢ But it further demonstrates that the
- = - GNN can handle irregular geometries
oL P R B ¢ Further improvements might be
1 2 3 4 S achievable with geometry-aware
Er [GeV] features
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Conclusions

& We successtully developed novel GNN architectures tfor PicoCal reconstruction S @éga @Q);@

SR

2 Challenging yet highly promising development ﬁg%‘%o
OO/VD ED &'

2 The approach already outperforms standard reconstruction methods

2 Active ongolng research %%g@ aSalle
o, g o

¢ Flexible PyTorch implementation

2 UNIVERSITATos

%Currenﬂy being tested for LHCb Runs 3&4 @ BARCELONA

2 Further development required for real-time deployment — Check Uzziel’s talk!
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https://indico.ific.uv.es/event/8035/contributions/28769/

Further improvements

N
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GNN model
—s=—— (NN model with time
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High-granularity single-sided configuration

¢ Designed to keep # of channels ~constant

2 Reduce overal occupancy

300 ¢ Shash 12x12 cm? 300 Shash 6 x 6 cm?
m Shashé6x6cm? T Shash 4 x 4 cm?
_ m Shash4x4 cm?  FEEEEECEECEECERD SpaCal Pb 3 x 3 cm?
200 SpaCal Pb 3x3 2 200 5
- N paCa X5 Cm SpaCal W-Poly 2 X 2 cm
m SpaCal W 1.5x1.5 cm? SpaCal W-GAGG 1.5 x 1.5 cm?

100 Hprt 100

y [cm]
o

y [cm]
o

—100 +t —100

—200 A —200

—300 A —300

300 -200  —100 0 100 200 300 -300 -200 —100 0 100 200 300
x [cm] x [cm]

Baseline HG
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Our approach

Shash 12x12 cm?
Shash 6x6 cm? 0
Shash 4x4 cm? ST T EEEEEEE
SpaCal Pb 3x3 cm?

SpaCal W 1.5x1.5 cm?

300 H

& Nodes & 1.0ss

u

1 B
200 H

- W

O

2 Deposited energy (front, back) 2 MSE

100 4

2 Cell index in module & Target E
2 Cell position (x, y) 2 True energy N
2 Distance to seed cell & Preselection o iiflidiaaaniiiiidi ~
¥ Edges 2 Photons produced within 100 mm of /T e T

, Interaction point
2 AE, Ax, Ay, total distance b

$ Glohals 2 Clusters with seed in SpaCal-Pb region

2 3x3 modules around the seed module,

2 Total energy reduced to 25 central cells

2 Seed cell position (x, y)
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How to evaluate the performance?

¢ Asymmetric distributions due to pile-up: long

right tails SWFEEEEE T g
— < Clusters 8 605— r ~ O _
. ) . S . . §400; {| -DCBfit ] P 50;_ 1[ —Gaussianfit_é
> Defining the ‘resolution’ 1s not straightforward 2™ - 5 ol
I é 30;
. . 200 AR
2 We define the resolution (o,4) as the halt-width - £ |
0/ : g 10}
of the central 68% interval , NI
-04 -02 0 02 04 5.5
AE/E

& Fits to the AE/E distributions

§ | Slinglgle Iph(|)t01ll anld nllini biéls cllusltersl | 80 _I Slinlgie Iplll()ltc;nlallldl nlliil.lbials clhllséei‘sl | I_:
S [ 05<E;<14GeV 70F 05<E; <14 GeV =
7 N : - i = Clusters C R ]
(Generate toys from the p.d.t., recompute metric 2, en e * :
- 1t -
E 50f
O
>
aa

2 (Gaussian fit to distribution of metric to extract
mean and width (uncertainty)

(Y]
-

200

(\®
-

Pseudo-experiments / ( 0.096 )
N
-)

[
o O
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GarNet

¢ A lightweight, attention-enhanced variant GNN architecture

2 Introduced for real-time particle reconstruction at CMS by liyama et al. (Eur. Phys.

" 1.C 79, 608 (2019); Front. Big Data 3, 598927 (2021)

2 Explicit edges are replaced by learnable aggregators connecting nodes through
latent vertices

&2 This reduces the number of mathematical operations, decreasing training and
inference time

[ GarNet has a know ONNX implementation for FPGA deployment
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(GarNet results

¢ GarNet has similar performance, but is 6-7x faster!
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Ongoing studies

¢ Comparison for performance in and out of boundary regions
€ Alternative strategies for connecting nodes in the full GNNMP
¢ Spatial symmetries
€ Node-level targets
¢ Curriculum learning
¢ GarNet:

2 Distillation, quantization-aware training, post quantization

2 FPGA implementation, GPU parallelization
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Multitarget regression

€ Simultaneous regression of energy, time, and position

2 Each target contribution must be properly
welghted 1n the loss

2 Uncertainty-aware losses can help the
model dynamically balance target
contributions

B However, regularization may be needed to
prevent degenerate minima and stabilize
training

2 Strategies range from simple weighted MSE
to multivariate Gaussian NLL with tfull
covariance and Gholesky decomposition
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Heteroscedastic (diagonal) )
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l include target correlations

-

Multivariate Gaussian NLL
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