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Outline

This tutorial will cover

-> Very brief introduction of BDT/DNN basics
—> Practical aspects in BDT/DNN training

=> Hands-on session:
https://github.com/colizz/ml-tutorial/tree/v2025-01-cc3

References:

1. CMS DAS material
https://indico.cern.ch/event/1462056/contributions/6155284/attachments/2936806/5276739/ml_das_13_01_25_intro.pdf
https://indico.cern.ch/event/966368/contributions/4172531/attachments/2168986/3662057/CMSDAS2021_ML_WrapUp_11Jan2021.pdf

2. Early Winter Camp materials

3. Introduction to Transformers (w/ hands-on practices on ParT/ParticleNet): https://github.com/colizz/ml-tutorial/tree/v2025-01-nku
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Machine Learning?
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Typical tasks of machine learning

Model with learnable parameters

X Y = f(X) Y
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Machine learning: general pipelines

» Training dataset: S = {(x, ), ..., (xy, yv)} where x € RPandy e R
» Model / hypothesis class: f(x|w) = wix (linear models)

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

» Optimization algorithm to minimize the learning objective:

N
arg min Z L(y;, f(x;|w))

i=1
» Cross validation and model selection: IR

» Testing and deployment

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

Simple decision tree
can achieve 0 error

No linear model
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Boosted decision trees (BDT)
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BDT: a visualization example
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Deep neural networks

Deep neural network
Input layer Multiple hidden layers Output layer
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X Y = f(X) Y
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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@) —nV, I(w@))

[(w)

Step size / learning rate

= — ‘"..-.' ‘(1)
w
WO
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Statistical principle behind DNN training

> Why optimizing cross-entropy (3 X [id) loss for classification tasks?

class 2

Input space

>

¢ Ideal classifier network

"'...;;T:?c:loass : results in
o o g1:8:...=p1(Xg) i pr(Xg) ;...
' = e optima T L
An input sample eitiek niclass2 o |tis adirect estimation of p

O “* The network capacity decides

how close the estimation is
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Statistical principle behind DNN training

- Why optimizing MSE / MAE (385 Z/F4EXJ1RZE, or L2/L1) loss for regression tasks?
A
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Regression
output space

f(Xp; 0)

.
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X € )
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¢ ldeal regression network results in:
O A
. inpu“.amp[e e optimal prediction % MSEloss:0 = Ey_sx.9 0 (mean!)
l network ’;.-;‘..?"a'“eg * MAE loss: @ = median

-1 E=EHE CMS £98 19 January, 2025 12



FE=[FEHPECMS &LE

DNN input engineering
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DNN hyperparameter tuning
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DNN: overfitting
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Let’s begin our hands-on session
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Resources: “deep-learning” deep learning

> ITEVMSIRE:
< UMich EECS 498: Deep Learning for Computer Vision [¢&Youtube]
[&bilibili]
> ZKHENEFIERTI:

< Bilibili: IRZFRZFAI [&link]
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https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/
https://www.youtube.com/playlist?list=PL5-TkQAfAZFbzxjBHtzdVCWE0Zbhomg7r
https://www.bilibili.com/video/BV1Yp4y1q7ms
https://space.bilibili.com/1567748478/video
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Resources within CMS

-> CMS ML Group (https://twiki.cern.ch/twiki/bin/viewauth/CMS/
CMSMachinelearning)

% Hosts the bi-weekly CMS ML Forum: https://indico.cern.ch/category/12412/

% Journal club: https://cms-ml-journalclub.web.cern.ch/

—> CERN Inter-Experiment LHC Machine Learning Working Group (https://
iml.web.cern.ch/)

R/

% HEP ML Resources: https://github.com/iml-wg/HEP-ML-Resources

R/

% HEP ML Living Review: https://github.com/iml-wg/HEPML-LivingReview
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