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Practice on data analysis: Hands-on session of machine
learning methods in particle physics (supervised learning)
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Outline

This tutorial will cover

=> Very brief introduction of supervised learning, gradient
boosted decision trees (BDT), and neural networks

- Practical aspects in BDT/NN training

=> Hands-on session (our major focus):

Materials shared in the group chat; also available on GitHub

ISTEP_SupervisedLearning_HandsOn.ipynb

ISTEP_SupervisedLearning_Exercise.ipynb

References:
« CMS data analysis school materials
« BDT/NN/transformers tutorials
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https://github.com/colizz/ml-tutorial/blob/v2025-08-istep/iSTEP_SupervisedLearning_HandsOn.ipynb
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Machine Learning?
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i=1 i=1

iSTEP 2025 14 August, 2025

3



TeVISRELIRIEZ HIFAAL - ISTEP 2025 B HAERS): BRI FIHEXE (FREFY)

Supervised & unsupervised learning

W & T B ESIRS:
B TR LIRS

Data in Supervised
vs. Unsupervised Learning

/M1

Unsupervised Supervised

Supervised Learning

Unsupervised Learning Unlabeled Data

Hybrid Model that Labeled Data ,i : . ' o G2
Includes Supervised i i ® Unknown

Learning Unlabeled Data
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Supervised & unsupervised learning
Regression MR i =

Classification

(99 ZE[a)H):
1%_%'Z'KRE§J\;'§)

Iyt
EERNFNERESE

FERFRAFE:
Decision trees (JRFEHY)
Neural networks (FR2 M 4&)

Today’s focus!

ZFERFT (IERKF)

([E]Y3|a) &):
FyER=. si=['3,

P FEZE(0)E, ...

Multi-task learning
(BZESF])

e.g. I ENLEEY
(foundation model for jets)

Unsupervised

Anomaly detection

(= AEm):
Autoencoder TR 52 & S5,
IR = LT IR 47,
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Generative tasks
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Typical tasks of supervised machine learning

Model with learnable parameters
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Machine learning: general pipelines

» Training dataset: S = {(x;,y),..., Xy, yn)} where x € RPandy € R
» Model / hypothesis class: f(x|w) = wix (linear models)

» Loss function: L(y,y) = (y — y)* (squared loss)

» Optimization algorithm to minimize the learning objective:

N
argmin 3 L(y, fx, | w)
Vi

» Cross validation and model selection: |1HIINNENIEEE

» Testing and deployment

Important: if a testing set is available, never use it to make decisions on the model!

BOUES
M5

(evaluation set) JRE IEMHTMERY,
(test set) B xR EPE HIEUES

Al A1
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Decision trees

Simple decision tree
can achieve 0 error

No linear model

Root node ~_ can achieve 0 error
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Decision trees

BZHROREW IR AERE, [h £ LM E

Bagging: Boosting: (S EEYIIEE )
EAEEEFE, GRS T EE o« REFHIEFTRDREN, FRNZBIRKRIRE
o« JREFEIweight{K 5T #1 B 1E ffa R
Bagging Boosting

S .. ) ‘.: , Classifier-1
i 4 . O, ... ' Classifier-2

;. 0 : ..: | Classifier-3

o Classifier-3
Parallel Sequential
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Boosted decision tree (BDT)

4 Boos‘tins, B
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Image credit: link
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https://www.dailydoseofds.com/why-bagging-is-so-ridiculously-effective-at-variance-reduction/
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Deep neural networks

Deep neural network
Input layer Multiple hidden layers Output layer

OO0

X Y = f(X) Y

| HIFLDNNES (F(X)) B EL R AR 14 -
LTSI I CE
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Deep neural networks

Input Layer

(FEFFIZEH)
x— W-x+b

X9 f(@* -2+ a?) )‘
( /\ )
[ SR Z R
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Y2

(}’1)_(W11 W12 W13). X,
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Hidden Layer Output Layer

F(& -2 +b?)
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Deep neural networks
2 R L MR 2R

Hyperbolic tangent Rectified Linear Unit (ReLU) Logistic function
8 (sigmoid)
/"’_—_—-—_1
Input Layer LT ;
5 — tanh . 0 ifx<O J 1
= tannx Yy = . —
1 Y x otherwise 1 +exp (—x)

I 2249 F F3AY ReLU TR .
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shownis SiLU(x)|- (x + 1)
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Si%
- —
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DNN optimization: gradient descent

» Set w(t = 0) to some values (e.g., w(0) = 0 or some random value)

» At iterationt,

» Compute the gradient V [(w(¢)): direction of steepest increase of /(w) at
w(t)

» Take a small step in the opposite direction:

w(t+ 1) = w(t) —n 'V, [(w))
[(w)

Step size / learning rate

WO
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Loss functions

E5451

- EXME y = 0(FE)

» For classification: Use cross-entropy

pi = p(yi = 1x;) = o (h(xi)) W& 2521585 0.2
L = —1n(0.8)

Lw,U)==> yln(p)+(1—g)In(1-p;) .HEFZy=1052)
: 2848 2 {FE SIS D 0.9
L = —1n(0.9)

- For regression: Use squared error or something similar

1
Liw, U)=2 ) (i —h(x:))® . @ritasLaaTms
i FIEE 8 A1 75 2 loss?
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Classification with cross-entropy loss

-> Optimize cross-entropy (32 X }#) loss for classification tasks

class 2
class 1 Po(X)

p1(X)

Input space

>

O results in
An input sample = > Thnee(t)vsg:];al < class2 81:8 ... =pi(Xp) i paXg) T ...
-0 < lItisadirect estimation of p
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DNN optimization

-> An intuitive example!

O Epoch Learning rate
>l
000,000 0.03

DATA FEATURES ar
Which dataset do Which properties do
you want to use? you want to feed in? +
4 neurons
%
X1 + 4
X, 4
Ratio of training to
test data: 50% ‘
—. X 4
Noise: 0 w
° X, 4
Fi
Batch size: 10 XX, \ This is the output
—e from one neuron.
Hover to see it
larger.
REGENERATE in(X,)
sin(X,)

Regularization

None

2 HIDDEN LAYERS

+ -

2 neurons

7
\\

* The outputs are
mixed with varying
weights, shown by
the thickness of
the lines.

4
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Regularization rate Problem type

0 v Classification v

OUTPUT

Test loss 0.529
Training loss 0.506

Colors shows

data, neuron and ! |
-

weight values.

[J sShowtestdata  [[] Discretize output

https://playground.tensorflow.org/

ZFERFT (IERKF)
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https://playground.tensorflow.org/
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DNN optimization: input engineering

> N T{ETDNNUM, TEHITEIETNIE:
< shift+scaling > I8, FMAZT=DMimEIEN0, HEN]
) . log(|x|+1) IR SO S EII D n

o KED (e.g. jetpr), BT log(|x

-> flattened 1D vector & tokenized input?

Layer 0 Layer 1 Layer 2
C S o 0
0 0 A
[ [ [
« RFF791D vector % A\ DNN . MIEBERIEAN (B Mepton / jet ZHobject H—

input node / token) > BEHIBEARNE
. AE A RXRIAMA GNN / Transformer 301

1 hands-on 345!
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DNN optimization: hyperparameter tuning

> Z 3] (learning rate) o
oo |earning rate ZEEE_-_E-E' gﬂ’j i % z: hﬁf@f&gifﬁf.aiif:?olm}r/‘

Learning rate WAY
too large (exploding
0ss

1.75 4

RBZNE— T RIS E BT o i
%5& o] ABATE 2N 9 8 B 1T -

i fE PR IG R IE o] BRI — W2
> ﬁﬁ %E’\J?ﬁ%)ﬁk (decay rate)
N N ey = N = Training 300 epochs, LR=0.1
< FIXRABAMENRE? B R o
B, BB, RZEXER, £ ‘
ERT= FRBEMNAE

“ NTEMAIHENGE, EIFERIM
(EFANEl R &E/)EJZEUEJ —_ -

——Cosine annealing cycles -+« Schedule decay ---Exponential
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DNN optimization: overfitting

TeVEHBE

> JHE
< FKI: loss FEIZGHEFAR _LIBZTEFE, (EEIR
epoch SGREENMNFER L ETLKIMAHFTR
EHFLEF

train (epoch) () = : eval (epoch) () ® I3 0:0
>
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IIZRER £ loss »
0.8 o & 0.8 o
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o7 07 TR R
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%
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>
>
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e Class 1
e Class 2

f, B

|8 [X] -
BRENZITE R, BRZBNRSE
WEHRNERER]), TEXIFREH
ZNZHAITIINEG (f% L, NNEE
BDT St RFEE Z1F7)

UHA

BVERIRST (As D EE. B NVE
REIAR/N)

A0 dropout: —#iJllZREI5, b
SRR BB AL PR — 24522 oo
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Let’s begin our hands-on session
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