Machine Learning for
Particle Physics

Sean Gasiorowski (SLAC)
sgaz@slac.stanford.edu

TRISEP
June 19th-20th, 2025

Stanford s 1 U.S. DEPARTMENT OF
University ».,v EN ERGY



Machine Learning in Particle Physics
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Machine Learning in Particle Physics

Classification: Make decisions about what group things belong to (e.g. signal vs background,
particle identification/flavor tagging)
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Machine Learning in Particle Physics

Simulation: Learn surrogate model (approximate, fast) to speed up simulation.
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Machine Learning in Particle Physics

Reweighting: Learn transfer functions or density ratios to transform between distributions.
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Machine Learning in Particle Physics

Anomaly Detection: Find events that are out of the ordinary.
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Goals

Machine learning is increasingly a part of how people do science!
Aims for lectures:

* Broad overview of the field/relevant techniques

 Build some intuition for what machine learning is/does

* Give some detailed insight on what goes on “behind the scenes” for neural networks

Audience target:
e Fairly minimal assumptions, but lots of concepts!

* Please feel free to ask questions during lectures!
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QOutline

Part 1: Overview and Landscape
* What is machine learning?
* Broad ML paradigms
* Neural network introduction

* High level overview of common tools/architectures

Part 2: Nuts and bolts
e How do machines learn?

* How do we evaluate models?
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Resources

These lectures are intended as a “I've heard those words before” level of understanding!
* Highly recommend further study if things are of interest
* Focused summer schools:

* e.g. Machine Learning for Fundamental Physics @ Berkeley Lab

* Machine learning books/courses:

* Andrew Ng (free on YouTube)

* An Introduction to Statistical Learning (pdfs for free)

* Many resources online!
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http://www.apple.com
http://www.apple.com
https://www.statlearning.com/
http://www.apple.com
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What is machine learning?
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What is Machine Learning?
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What is Machine Learning?

ChatGPT v T, Share

Write me an ode to machine learning

Ode to Machine Learning

O mind of circuits, born from code and spark,
You sift the chaos, learn to see the dark;
From pixel'd eyes and tensor'd thought you rise,

To draw the truth where human vision lies.

You walk the lands of numbers, wide and deep,
Through loss and gradient, in restless sleep.
Where once we guessed, you measure, weigh, infer—

A silent oracle without a slur.



What is Machine Learning?
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What is Machine Learning?

fx, 0)

Model
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What is Machine Learning?

Inputs

f(x, 0)

Model
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What is Machine Learning?

Parameters
Inputs

fx, 0)

Model
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What is Machine Learning?

Parameters

Inputs

fx,

Model

/
6) eod>§j>@¢>é

Training
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What is Machine Learning?

Parameters
Inputs

/
f0,0) w30 21 D)

Model Training Objective
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What is Machine Learning?

D = {(xlayl)a sey (xn’yn)}

Inputs Parameters Dataset
f(x H) eoq>5[@¢>e L(f, D)
Model Training Objective

Training updates model parameters to minimize the
objective (“loss function”) on the dataset

SLAL 19



Example: Fitting a line

fx,w)=w-x 16

14 -

Model 12-




Example: Fitting a line

fx,w)=w-x
Model

2 = {(x, )’i)}?zl

Dataset

16

14 -

12 -

— w=0.1
w=1

—_— W = 3

® Observations

21



Example: Fitting a line

16

14 ~

fx,w)=w-x

10 A

o N H ()} (o]
1 1 1 1 1

2 = {(x, )’i)}?:l

1 ”X
LfP) ==, (for w) = 37
=1

Objective: Make f(x;) match y;
SLAS (“least squares” or “mean squared error”) 22



Example: Fitting a line

16

14 ~

fx,w)=w-x

10 A

o N H ()} (o]
1 1 1 1 1

2 = {(x, yi)}?zl




Example: Fitting a line

Training procedure: minimize Z

n

L(w, D) = lZ(w-xi—yl-)2

n
=1

24



Example: Fitting a line

Training procedure: minimize Z

* Here, can do analytically (take derivative, set equal to 0)

1 n
L(w, D) Z—Z(W‘Xi_)’i)z
ni=1

0L -

1
—=—22x--w-x-— ) =20
ow n = i )

25



Example: Fitting a line

Training procedure: minimize Z

* Here, can do analytically (take derivative, set equal to 0)

1 n
L(w, D) Z—Z(W‘Xi_)’i)z
ni=1

0L -

1
—=—22x--w-x-— ) =20
ow n = i )
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Example: Fitting a line

fx,w)=w-x

n
Z XY
i=1

n

2%

=1

W =

ol AR
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16

14 -

12 -

10 A

m— Fit w = 2.50
== = True w = 2.50
® Observations
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Example: Fitting a line

fx,w)=w-x

n
Z XY
i=1

n

2%

=1

W =

Note: dependence on
dataset! (“Two points
make a line”)
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16

14 -

12 -

10 A

m— Fitw = 2.29
== = True w = 2.50
® Observations
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Example: Fitting a line

f,w)=w-x )
14 1 == = True:w =2.50,b =3
12 - ® Observations
10 +
fraow)=w-x+b "
|
.
Model needs to match ?]
dataset! Need additional ° O i : :
parameter b x
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What is Machine Learning?
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Machine Learning Paradigms

What data do we have?
- Supervised learning: map from input x to output y given data with known labels (x;, y,)
- Regression: continuous valued y
« Classification: discrete/categorical valued y

* Unsupervised learning: analyze unlabeled data to learn patterns or structure

16

m—— Fit w = 2.50
141 wmm = Truew = 2.50
® Observations

12 -

10 -




ML Paradigms: Supervised Learning

L}, D) =— 2<f<x> W D=y

/A

.. Knowny value
Model Prediction (“Label”)

16

m— Fit w = 2.50
149 === Truew = 2.50
® Observations




ML Paradigms: Regression

16

14 1
121

10 A

Regression: Predict continuous
numerical values (e.g. fit a line)

o N BN (o)) [ee]
1 1 1 1 1

m— Fit w = 2.50
=== True w = 2.50
® Observations
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ML Paradigms: Regression

16

14 1
121

10 A

Regression: Predict continuous
numerical values (e.g. fit a line)

o N BN (o)) [ee]
1 1 1 1 1

m— Fit w = 2.50
=== True w = 2.50
® Observations

o1 AN

T M\

Model: f(x) = Continuous value

J)=w-x

Y

A




ML Paradigms: Regression

16

14 1
121

10 A

Regression: Predict continuous
numerical values (e.g. fit a line)

o N BN (o)) [ee]
1 1 1 1 1

m— Fit w = 2.50
=== True w = 2.50
® Observations

o1 AN

T M\

Model: f(x) = Continuous value

J)=w-x

Y

Data: Label y = Continuous value



ML Paradigms: Regression

Training: Minimize distance between f(x) and y

16 16

— w=1

14 - 14 A ® Observations

12 A 12

10_ 10_

o N & (o)) [ee]
1 1 1 1 1
o N BN ()] (0]
1 1 1 1 1

numerical values (e.g. fit a line)

. X. : 1 n
Regression: Predict continuous L D) = — ) — v.)2
(f, ) » izzl, (fOx) = »)

e.g. mean squared error, mean absolute error

ol AL 38
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ML Paradigms: Classification

Classification: Predict discrete/
categorical variables (e.g. which
experiment is this image)

wn
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ML Paradigms: Classification

Model: f(x) = Discrete value
(class prediction)

f(x) = ATLASif x > 0, else CMS

y —ATLAS 4 @ATLAS

EXPERIMENT

CMS

e.g. X = number of

Classification: Predict discrete/ toroid magnets
categorical variables (e.g. which
experiment is this image)

1 AN 40



ML Paradigms: Classification

Model: f(x) = Discrete value
(class prediction)

f(x) = ATLASif x > 0, else CMS

EXPERIMENT

X

Data: Label y = Discrete value
Classification: Predict discrete/ (class prediction)
categorical variables (e.g. which
experiment is this image)

1 AR 41



ML Paradigms: Classification

Model: f(x) = Diseretevalue
Class probability

fx)=oc(w-x+b),0(2) =

1 +e¢

p(y = ATLAS) ATLAS

SPATLAS

EXPERIMENT

CMS

X

Classification: Predict discrete/
categorical variables (e.g. which
experiment is this image)

Data: Label y = Discrete value
(class prediction)

1 A% 42



ML Paradigms: Classification

Model: f(x) = Diseretevalue
Class probability

fx)=oc(w-x+b),0(2) =

1 +e¢

p(y = ATLAS) ATLAS

Decision Threshold

SPATLAS

EXPERIMENT

CMS

X

Classification: Predict discrete/
categorical variables (e.g. which
experiment is this image)

Data: Label y = Discrete value
(class prediction)

1 AN 43



ML Paradigms: Classification

Model: f(x) = Diseretevalue
Class probability

fx)=oc(w-x+b),0(2) =

1 +e¢

p(y = ATLAS) ATLAS

Decision Threshold

SPATLAS

EXPERIMENT

CMS

X

Classification: Predict discrete/
categorical variables (e.g. which
experiment is this image)

Data: Label y = Discrete value
(class prediction)

Method: logistic regression

1 A% 44



ML Paradigms: Classification

Model: f(x) = Class probability

fx)=oc(w-x+b),0(z) = 1

+e?

Categorical Data

@® Observations

Category 1 A G

Category 0 1 CEENNNNNNNNND




ML Paradigms: Classification

Model: f(x) = Class probability

1 Fitted params:
= o(w - x+b),0(2) = '
f(x) G(W X+ ) J(Z) 1 4 ¢—2 o = 32,b - — 80

Categorical Data

3
0.6 A (
(d

=1)

p(y
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
Qd.

0.4 1

1

1

I

I

1

Category 0 | I 0.2 |
I

1

0.0 1 '

® Observations 1.0 1 ===~ Decision Threshold
® Observations
0.8 A
Category 1 A pr—

ol AR
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ML Paradigms: Classification

Model: f(x) = Class probability

fx)=oc(w-x+b),0(z) = 1

+e?

Categorical Data

: ] [ True Category 1
® Observations 30 - [ True Category 0
25 A
Category 1 4 .
20 A
15 +
10 +
Category 0 - CEENNNNNNNNNNNNNNND
5 .
0 _|_|—'_'_'_'_'_'—'—;
3 J i :13 ) : 0.0 0.2 0.4 0.6 0.8 1.0
p(y=1)
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ML Paradigms: Classification

by Frr T T T T T T T
S oss ATLAS — HHggF, k=1
2 ok F=13Tev, 139fb"  ——— HHggF, =10 [
R —_ - ¢ osf Lowmassregion Single H
Model: f(x) = Class probability wiel |
é E ¢ Data 3
g 02— =
ok 1 ATLAS bbyy
fxX)=ocw-x+b),0(2) = g
— H i
+ e < 0.05? J-LL"'-r | LE
00 02 03 04 05 06 07 08 08 1
BDT Score
Categorical Data
] [ True Category 1
@® Observations 30 A a9y
[ True Category 0
25 A
Category 1 4 . )
20 A
15 4
10 4
Category 0 - CEENNNNNNNNNNNNNNND
5_
_|_|—| 1 : 1 r—'_l_
O T T I T
(') i é :_'3 "1 é 0.0 0.2 0.4 0.6 0.8 1.0
N p(y=1)
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ML Paradigms: Classification

Training: Model gives a probability estimate p(y| 0, x) (0 = {w, b})

1.0 9 ——- Decision Threshold
® Observa tions
0.8 A
@
_. 0.6 1 [ J
— [ J
T $
s ®
0.4 1 o)
@
@ !
I
I
0.2 !
I
I
I
0.0 !
0 1 2 3 4 5

For measurements {(x;, y;) }'_,, we can then evaluate a likelihood

L©) = | | pGil . 0)
i=1

el Ay
=y SO 49



ML Paradigms: Classification

For two categories (y € {0,1}), think of this as
Categorical Data an uneven coin-flip (Bernoulli distribution)

® Observations

Model:
y;=pQy;=1]|x;,0)

Category 1 A C_____________________________/

Two possible categories:
p(y;=0]x,0) =1-3,

Category 0 1 CHENNNNNNNNNNNNNNNNNNND

' . : Combined:
X p(yllxp 9) — Aiyi . (1 _j}l)l_yl

o1 A
s iy TN 50



ML Paradigms: Classification

For n observations:

Lo =[5 a -
i=1

Maximizing likelihood <=> Minimizing negative log-likelihood (NLL):

n

<0, D) =— 2 ()’i -logy, + (1 —y,) - log(1 _)A’i))
i=1

Binary cross-entropy loss

ol AR
= Ty o A
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Supervised Learning: Summary

Supervised learning: map from input x to output y given data with known labels (x;, y,)

Regression (continuous, numeric) Classification (categorical, discrete)
y p(y = ATLAS) ATLAS & @ATL AS
|| DecisionThreshold
CMS @
X X
fxX)=w-x+b fx)=0ow-x+0b),0(z) =
l +e¢
e.g. linear regression e.g. logistic regression

Loss: Mean squared error Loss: (Binary) cross-entropy

o1 A
s iy TN 52



ML Paradigms: Unsupervised Learning

Unsupervised learning has no explicit training labels

wn
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ML Paradigms: Unsupervised Learning

Unsupervised learning has no explicit training labels

 Often the goal is to find some clustering or lower dimensional representation of
the data

«
9



ML Paradigms: Unsupervised Learning

Clustering: e.g. k-means

f(x) = c; (cluster assignment)
¢; based on closest match to
means {1},

Training: adjust {,ui}f.‘=1 to minimize:

LAY () = D= sl

j=1

Closest cluster idx

el Ay
=y SO 55



ML Paradigms: Unsupervised Learning

ol AR
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ML Paradigms: Unsupervised Learning

Representations, e.g. autoencoders

fon(X) = z (encoder)

<1

1 A 57



ML Paradigms: Unsupervised Learning

Representations, e.g. autoencoders

fon(X) = z (encoder)

<1

Latent space
Yo (Learned representation) 58



ML Paradigms: Unsupervised Learning

Representations, e.g. autoencoders

fon(X) = z (encoder)
J40.(z) = X (decoder)

Latent space
O (Learned representation) 59



ML Paradigms: Unsupervised Learning

Representations, e.g. autoencoders

fon(X) = z (encoder)
J40.(z) = X (decoder)

Learn parametersoff, .andf,,.
(usually neural networks) to minimize

LU foner Freed» (51 = ) 1l = %17

- =

Latent space
Yo (Learned representation) 60




Machine Learning Paradigms

What do we want to do?

- Discriminative modeling: map x to label y (~ learns p(y | x)) (e.g. classification, logistic
regression) — see above!

- Generative modeling: learn data distribution (p(x) or p(x, y)), in order to generate new
samples

1 AN 61



ML Paradigms: Generative Modeling

Generative models aim to learn the probabilistic distribution of a dataset

» Often the goal is to then sample from that dataset to generate realistic (data-like) outputs

Prior (latent) distribution Generative distribution
p(2) p(x|z)

Easy to sample from (e.g. Paao(X) hard to sample from.

standard normal) Model trained to match data

distribution, given sampled 7



Classic Methodology




(Some) “Classic” Methodology You Should Know

Excitement these days is around neural networks

10 A

 But! Some “classic” methods can work as well (or 81

better!), depending on context

e Advantages: 2-
 Simplicity
* Interpretability 14

» Better for small datasets

* If linear regression will work, use linear R}
regression.

D MNS

12

== Linear Fit o
® Observations

/ @ Observations

o N B [o)] (0]
1 1 1 1 1

NN Fit %

901 parameters

0 1 2 3 4 5
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Some) “Classic” Methodology You Should Know

Very easy to run many classic methods with packages like scikit-learn

‘Wn, Install User Guide APl Examples Community More ¥ Q O 1.7.0 (stable) ¥
| | | | '
S c 1 k 1 t —1 e a r' n « Simple and efficient tools for predictive data analysis

» Accessible to everybody, and reusable in various contexts

Machine Learning m Python  Built on NumPy, SciPy, and matplotlib

* Open source, commercially usable - BSD license

Classification Regression Clustering
Identifying which category an object belongs to. Predicting a continuous-valued attribute associated Automatic grouping of similar objects into sets.
L. L . with an object. L . )
Applications: Spam detection, image recognition. Applications: Customer segmentation, grouping
Algorithms: Gradient boosting, nearest neighbors, Applications: Drug response, stock prices. experiment outcomes.
random forest, logistic regression, and more... Algorithms: Gradient boosting, nearest neighbors, Algorithms: k-Means, HDBSCAN, hierarchical
random forest, ridge, and more... clustering, and more...

K-means clustering on the digits dataset (PCA-reduced data)
C

Predicted average energy transfer during the week entroids are marked with white cross

Normaiizea energy transrer

—— recorded average
—— max_iter=5
— max_iter=50

ol AR Dimensionality reduction Model selection Preprocessing
o b M\
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https://scikit-learn.org/stable/index.html
https://scikit-learn.org/stable/index.html

“Classic” Methodology: Linear and Logistic Regression

Yy p(y = ATLAS) ATLAS @ ATLAS
Lo ] Decision Threshold | g8 S
CMS ®
X X
X)=w-x+b>b xX)=ocw-x+b),0(z) =
f) f —
Linear regression Logistic regression

Loss: Mean squared error Loss: (Binary) cross-entropy

1
D M 66



“Classic” Methodology: Kernel Functions

A kernel function K(x, x’) describes the similarity between two data points

 Similarity calculated in a high dimensional feature space, but no explicit map to that feature

space

 All we need is the inner product between high dimensional vectors: easily computable

function of the original inputs

K(x,x") = (¢p(x), p(x))

© o
o 0O © () \ S Decision surface
0o EEm "o .—;-
oo E"Ea -'O- kernel LT llx — x/||2
°o N mfa'm —> | N "aghEgs = exp| — RBF Kernel
o ogmg =" %o 262
D © o 02 0020 90 %% 0
o o © (o Re) 8 ~9 OO 0 o OO 00008 .
o °oo %8 OOW _ (}/XTX’ n C)d Polynomial
°,° 2 Kernel
Source
SLAS See also: Support vector machines (SVMs) 67


https://medium.com/@zxr.nju/what-is-the-kernel-trick-why-is-it-important-98a98db0961d
https://medium.com/@zxr.nju/what-is-the-kernel-trick-why-is-it-important-98a98db0961d

“Classic” Methodology: Gaussian Processes

Gaussian processes are Bayesian models defined by a mean function 1(x) a kernel function
K(x, x"). They define a distribution over functions (=> uncertainty estimation)

« For points {xi, ..., x,}, we have f(x) ~ J (u(x), K(x,x")), where K(x, x") defines an
n X n covariance matrix

* Given observations, we may use Bayes’ rule to update our model

3

, lx — x'||2 2
K(x,x") = exp| — v
202 11 A
RBF Kernel - NI SN
-1 \ / \\ //
“Points near each other impact
. =29 —— Prior Mean \\\, ’
each other, points far away Prior 20 band
don’'t” 31 mrereompie
=== Prior Sample 2
oy AR -4

D MNS
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“Classic” Methodology: Gaussian Processes

—————

71 —— Prior Mean Seo”
Prior 20 band
Prior Sample 0

——== Prior Sample 1

——= Prior Sample 2

-6 -4 -2 0 2 4
X

Prior:

p(f)

Model with no observations.
Structure from kernel, mean
function choice.

Measurements

3 Confident near
measu rements
2_
1_
0_
_1_

—— Posterior Mean

—2 7 Posterior 20 Band

® Measured Data
Posterior Sample 0

Uncertain away from

_3 -
—-—- Posterior Sample 1 measurements
——=- Posterior Sample 2 |
-4 T T T T T 1
-6 —4 -2 0 2 4 6

X

Posterior:

p(f1D)

Update of prior given observed data
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“Classic” Methodology: Decision Trees

» Based on binary splits of input variables

e thresholds on continuous variables (e.g.
X1 > 4)

- categorical variable values (A or B)

* Tree is a sequence of decisions => multi-
dimensional

* End “leaf” nodes contain predictions (regression
prediction, classification label)

* Training: greedily choose splits starting from the
base node, recursively move through

P AN 70



“Classic” Methodology: Random Forests

Random forests: train several trees

Random Forest Algorithm o
(an ensemble) on in Machine Learning

* Randomly sampled subsets of ) { Training Data J

input data (bagging)
* With a random selection of B gt y

features for each split .
* Final result: Average (regression) x Y& v 299 )

. .ps . )
or highest vote (classification) . h {
across trees S ‘ Bagging (voting majority) ]
Testing 9
A4
¥ { Prediction output
Class A Source

o1 AN
NS 71


https://www.geeksforgeeks.org/machine-learning/random-forest-algorithm-in-machine-learning/
https://www.geeksforgeeks.org/machine-learning/random-forest-algorithm-in-machine-learning/

“Classic” Methodology: Boosted Decision Trees (BDTs)

Very classic in HEP
e Train many shallow (only a few T 53, . W.... Thighs
decisions) trees sequentially TN X % % DO X
gb\& z&é LN

e Each tree tries to correct errors of ‘ ‘
previous trees by ;‘: ;‘; ;‘; / ;‘;

Decision Tree K

* Focusing on incorrectly predicted ® ® @ - »
ecision iree ecision lree ecision lree
(Weak classifier) (Weak classifier) (Weak classifier) (Weak classifier)

data (AdaBoost) 2
\\\“fﬂ"dfcz/o,, \\‘?%7 \&O?’/ o
- L ] L ~_~\ \fb’ ’I ‘9:‘,¢
* Predicting residuals (gradient T N A
"""" Ny

boosting) *

Ensemble Prediction
(Strong classifier)

* Final prediction is a (weighted) sum of
Source

trees
72

See e.g. XGBoost


https://www.researchgate.net/figure/The-architecture-of-Gradient-Boosting-Decision-Tree_fig2_356698772
https://www.researchgate.net/figure/The-architecture-of-Gradient-Boosting-Decision-Tree_fig2_356698772
https://xgboost.readthedocs.io/en/stable/
https://xgboost.readthedocs.io/en/stable/

Intro to Neural Networks
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Introduction to Neural Networks

Neural networks are the backbone of modern machine learning

Image Generation

G chatGPT

&
Large L anguage Models )
a
44 N terminus
<
8
3 37
a
€
8 2+
c
S
bl
s
) I
05 T 000N NO00OOTNMDO AlphaFold  Experiment AlphaFold Experiment AlphaFold Experiment
313 %%%%%%33%%%%5 r.m.s.d.e5 = 0.8A; TM-score = 0.93 r.m.s.d. = 0.59 A within 8 A of Zn r.m.s.d.q; = 2.2 A; TM-score = 0.96
5
<
€ — (Grrrrit) trrpey Tpeacy — igh
n D e confidence
o g glnlemr. c —»
S ]s (251111] o3 it -~
4 database % (Shchy % || confidence
search AR SRR
MSA
Grereos Evoformer SiEtD
module
(48 blocks)
(8 blocks)

Input sequence

hi

g |
Semantic Segmentation = Il =1 ke
L

= s . .
Ik M\ P rote I n FO | d I n g « Recycling (three times) ]

Pair
representation
{tro)

3D structure

_—



https://www.nature.com/articles/s41586-021-03819-2
https://www.nature.com/articles/s41586-021-03819-2
https://openai.com/index/chatgpt/
https://openai.com/index/chatgpt/
https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-2/
https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-2/
https://thegradient.pub/semantic-segmentation/
https://thegradient.pub/semantic-segmentation/

Introduction to Neural Networks

Our focus:

* Build up multi-layer perceptrons (fully
connected networks) in detalil

 Broadly highlight other network architectures/
why they’re useful

P
1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

input - Output
Pooling Pooling Pooling —
A Horse
o Zebra
. Dog
: SoftMax
Convolution Convolution  Convolution — ’;ﬁt‘]‘g;‘t’g‘“
Kernel ReLU ReLU ReLU Fﬂ:;f,"
- Fully
Feature Maps ‘—CO{‘:;C:E"Q
K Source
Feature Extraction Classification Bﬁgﬁf’ﬂt‘f;ﬁ
75


https://developersbreach.com/convolution-neural-network-deep-learning/
https://developersbreach.com/convolution-neural-network-deep-learning/

Introduction to Neural Networks

“Fully connected neural
X Y NN(x) = Wx+ b network with linear
/ \ activation function in 1d”

Weights Biases

o1 A
s iy TN 76



Introduction to

Neural Networks

wn

NN(x) = Wx+ b

Weights

Biases

“Fully connected neural
network with linear
activation function in 1d”

Home Insert Page Layout Formulas Data Design Format Q Tell me what you want to do
. p— p—
1% *%* | B SR |
dd Chart Quick = Change Switch Row/ Select =~ Change ~ Move
lement ~ Layout~ Colors ~ - Column  Data Chart Type Chart
Chart Layouts Chart Style Data Type Location Sort

Chart 2 fe

A B & D E F G
7 1989 10.30 $183,200
8 1990 10.10 $174,900
9 1991 9.30 $173,500 +
10 1992 8.40 $172,900 Chart Title
11 1993 7.30 $173,200 X &

$350,000
2 1994 8.40 $173,200 . y= -23409x + 293349 T
13 1995 7.90 $169,700 $300,000 . RZ=0 18“ ‘
4 1996 7.60 $174,500 = b
5 1997 7.60 $177,900 3
6 1998 6.90 $188,100 @
n7z 1999 7.40 $203,200 < $200,000
s | 2000 8.10 $230,200
9| 2001 7.00 $258,200 S150.000
RO 2002 6.50 $309,800
$100,000
1 2003 5.80 $329,800 5.00 6.00 7.00 8.00 9.00 10.00 11.00
Average 7.75 $180,550 | Axis Title
O
Interest rates and home prices | Transit demand | (&) _ O —
- -
cc o | =] [

How to do a linear regression on excel

Mona Schraer @ y 76K GR /> Share L Download ¢ clip [J save

2.35K subscribers
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Introduction to Neural Networks

W =W NN(x) = Wx+b

b= (b))

“Fully connected neural
network with linear
activation functionin 1d”

78



Introduction to Neural Networks

W= (W) NN(x) = ¢(Wx + b) “Fully connected neural
/ network with activation
function ¢ in 1d”
b= (b) |
Activation
Function

)

SLAL 79



Introduction to Neural Networks

NN(X) — Cb(WX + b) Activation functions introduce non-

linearity — increases expressivity of
neural networks

y
Xp !

@ y RelLU

x x>0 7

¢<x>=ReLu<x>={O NSO

“Rectified Linear Unit” -4 -2 0 2 4



Introduction to Neural Networks

RelLU SiLU (Swish)
> > 1.00 -
41 x x>0 “1 SiLlU(x) = x - o(x) "
RELU(X) = 0.50
3 0 x S 0 37 1 0.25 -
= G(X) — X 0.00-
hASH i —X s
21 ? 1 Te -0.25 1
1 ~0.50 1
1_
-0.75 -
0] —— . 01 e ———————————— ~1.00 4 I
ST S S— B S e
X X

Choice of activation function has an impact on network output/structure )

* ReLU most common (simple, sparse activation), SiLU smooths out o1

RelLU 06"
* Tanh is bounded/zero centered, sigmoid good for probabilistic "
interpretation 02

SLAL —4 -2 0 2 81 1



Introduction to Neural Networks

NN(x) = ¢p(Wx + b) In practice, W is some m X n matrix

W=W11 Wi W) b= (bl) « Each node is then a weighted sum
of its inputs, + bias, passed through
an activation function

X
L 4B m  Shape of weight matrix comes from
) input/output dimensions
XZ le ¢((Zwli°'xi) +b1> y

* Neural networks: matrix
W13 multiplications, bias vectors, and
x3 non-linearities

SLAG 82
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Introduction to Neural Networks

by We can further add complexity
by introducing hidden layers

0 0 0

wo — Wi Wi Wiz X
— 0 0 0
Wrr Wi Wp3

 Intermediate computations
between inputs and outputs

* Neural networks:
y composition of matrix
multiplications, bias
vectors, and non-linearities




Neural Networks: Width and Complexity

| | | |
o o £ N o N ES o
L L L L L L L

| | | |
oo o S N o N £ o
L L L L L L

Linear (0 hidden layers)

1 = Predicted

2 params

= True Function

0 2 4 6 8 10

1 hidden layer, d=5, RelLU

1 = Predicted

16 params

= True Function

| | | |
o o IS N o N IS o
L L L L L L L

| | | |
® o [N N o N IS o
L L L L L L

-101

-0

1 hidden layer, d=1, RelLU

e

1 hidden layer, d=2, RelLU

‘.
N
N
o]
1 4 params -1 7/ params
Predicted \/ 61 = Predicted
= True Function s/ = True Function

0 2 4 6 8

1 hidden layer, d=10, RelLU

10

0 2 4 6 8 10

1 hidden layer, d=100, RelLU

6
4]
24
0
—2
|31 params -+1301 params
| == Predicted —61 == Predicted
= True Function P R True Function

0 2 4 6 8

10

0 2 4 6 8 10

Wider neural networks =>
more hidden features =>
more complexity

* More independent
terms enter the final
sum

(X wh-a)+0!)
j=1
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Neural Networks: Depth and Complexity

Deeper neural networks => composition of features => more complexity

* E.g. internal coarse => fine featurization

Linear (0 hidden layers)

| 2 params

] == Predicted

- True Function

0 2 4 6 8 10

NN(x) = ¢go(W'x + b°)

wn

1 hidden layers, d=5, RelLU

| 16 params

1 === Predicted

- True Function

0 2 4 6 8 10

NN(x) = ¢y (W' - ¢po(WOx + b°) + b1)

2 hidden layers, d=5, RelLU

| 46 params

1 == Predicted

- True Function

0 2 4 6 8 10

NN@) = (W2 - (W' - po(WOx +b°) + b)) + b?)

3 hidden layers, d=5, RelLU

| 76 params

] == Predicted

- True Function

0 2 4 6 8 10

85




Neural Network Architectures
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Structured NNs and Inductive Biases

Multi-layer perceptrons (MLPs) or fully connected networks are great for vector inputs/outputs

* But, sometimes our data has structure we want to encode

* Putting assumptions into our model architectures and training can help with learning and
generalization — this is called inductive bias

possible models possible
(hypothesis space) predictions

Training
data
{X. Y}

Unseen
data

X'}

I~ Yo Source g7
Ik M\


https://medium.com/data-science/the-inductive-bias-of-ml-models-and-why-you-should-care-about-it-979fe02a1a56
https://medium.com/data-science/the-inductive-bias-of-ml-models-and-why-you-should-care-about-it-979fe02a1a56

Convolutional Neural Networks

Kernel
1 1
( > 1
0 1
1/1/1,0]|0(1
ol1|/1|of1]1 . o o | 3 _
olol1lolol Convolution > oAb Pooling
olof[1[1][1]0 )3244 )3
110111111 2 | 2 [B5HES
oOjo|1|0]|1]1
Convolve with a 3x3 Max pool with a 2x2 filter
M kernel and stride 1 and stride 2
Input - Output
Pooling Pooling Pooling -
:/ Bl ECCE T __Horse
— Zebra
:\ N ~Dog
: SoftMg)x
Convolution Convolution Convolution — l;fltr']‘git(')?]n
Kernel Re+LU R;LU RJLU Flatten
Layer
Feature Maps
| | .
Feature Extraction Classification g’l‘s’tl:?tﬁllt'ls;':

Source

ndul

3

indul

A translation

» invariant

model

A model

> sensitive to

translation

‘ STE]

 Introduce learned filter (kernel) matrices and
4 convolution operations that slide the filter over
the input, + pooling to spatially downsample

* Encodes multi-scale, translationally invariant
nature of images!

Convolutional Neural Networks (CNNs) are a classic
example for images (e.g. in neutrino physics)
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https://www.researchgate.net/figure/Schematic-representation-of-a-convolution-and-pooling-layer-in-a-CNN_fig2_331874666
https://www.researchgate.net/figure/Schematic-representation-of-a-convolution-and-pooling-layer-in-a-CNN_fig2_331874666
https://developersbreach.com/convolution-neural-network-deep-learning/
https://developersbreach.com/convolution-neural-network-deep-learning/
https://arxiv.org/abs/1903.05663
https://arxiv.org/abs/1903.05663
https://samiraabnar.github.io/articles/2020-05/indist
https://samiraabnar.github.io/articles/2020-05/indist

Graph Neural Networks

@ Collision event observables b Event representations

Graph neural networks (GNNs) encode ‘ -
structured data by representing information
via node and edge features

* Learning respects neighborhood
structure and graph topology

Event graph

 Information flows along graph
edges

Graph neural networks at the
* Features are aggregated from Large Hadron Collider

neighboring nodes
7i3

1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
1 AR from neighbors using aggregated information 89

Source


https://blogs.nvidia.com/blog/what-are-graph-neural-networks/
https://blogs.nvidia.com/blog/what-are-graph-neural-networks/
https://www.nature.com/articles/s42254-023-00569-0
https://www.nature.com/articles/s42254-023-00569-0
https://www.nature.com/articles/s42254-023-00569-0
https://www.nature.com/articles/s42254-023-00569-0

Deep Sets

Particle physics problem: can have a Particles Observable
variable number of particles in an event Per-partcle Represetation Brent Representation
. . - I_EJ.U..UJ Latent Space
 Historically: treat as a sequence and / -1l
use a recurrent neural network (e.g. 27 Fevap]
RNNIP) ’

 Arbitrary length, but requires
Imposing an ordering

\

:

Oy 12
7

3

:

* Deep sets use a permutation/length
invariant summing operation to
overcome this problem (e.g. DIPS)

* Operate on a variable length set of
particles, not a sequence

™
1 AR Azimuthal Angle ¢ 90

Deep Sets for Particle Jets



https://cds.cern.ch/record/2255226?ln=en
https://cds.cern.ch/record/2718948?ln=en
https://cds.cern.ch/record/2255226?ln=en
https://cds.cern.ch/record/2718948?ln=en
https://arxiv.org/abs/1810.05165
https://arxiv.org/abs/1810.05165

Transformers

Transformers are the architecture behind a lot
of the current Al hype (e.g. most large
language models)

» Excellent at sequence modeling (e.g.
language)...and more (including flavor

tagging)!

* Have (mostly) replaced recurrent
neural networks

* NB:

* Deep sets still useful: permutation
invariance

* GNNSs still useful: explicit graph
structure

Output
Probabilities

( )
[ Add & Norm |
Feed
Forward
4 | ~\ I Add & Norm z
ALole) NS Multi-Head
Feed Attention
Forward 7 7 Nx
— |
Nix Add & Norm
f—>| Add & Norm | YRR
Multi-Head Multi-Head
Attention Attention
At At
1 J . —
Positional @_@ ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Attention Is All You Need
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https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2505.19689
https://arxiv.org/abs/2505.19689
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2505.19689
https://arxiv.org/abs/2505.19689
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762

Transformers

Transformers take in full sequence of
input tokens at once

. OK"
Attention(Q, K, V) = softmax( y )V
vV 4k

* Key piece: attention mechanism T
that learns relationships between E E @Q
n tokens in a sequence
tOkenS j for each token:
X1 XoX3 X Keys Sl other Ke e
Linear transformation ¢
»%% — E Query
~ - ¢02TK
Embedding X — Softmax( El:FE
vector ||
[~ || Values [ T | Attention weights a
booked | —> E n —> | Key B
: i - ngmgmg% ‘N
: —>» || Value
Source
SLAC 92


https://epichka.com/blog/2023/qkv-transformer/
https://epichka.com/blog/2023/qkv-transformer/

Inductive Biases and Regularization

Network architectures aren’t the
only way to encode
assumptions st

* We can add regularization
terms to our loss functions

* Pushes training towards
e.g. sparsity (L1/Lasso),

9| el
Stablllty (L2/R|dge), Sparsity Compromise...
inducing Two parameters ...
smoothness (e.g. total
variation/gradient) L1 Nom L2 Norm Li+l2Nom g oo

1 n
Zw, D) = n 2 1 (flx, w) = 3) +/11 ' z : |W]| +/12 . Z Wit = Regularization strength
1= j

1 AN ] 93
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https://medium.com/data-science/from-linear-regression-to-ridge-regression-the-lasso-and-the-elastic-net-4eaecaf5f7e6
https://medium.com/data-science/from-linear-regression-to-ridge-regression-the-lasso-and-the-elastic-net-4eaecaf5f7e6

Generative Model Architectures
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Reminder: Generative Modeling

Generative models aim to learn the probabilistic distribution of a dataset

» Often the goal is to then sample from that dataset to generate realistic (data-like) outputs

Prior (latent) distribution Generative distribution
p(2) p(x|z)

Easy to sample from (e.g. Paao(X) hard to sample from.

standard normal) Model trained to match data

distribution, given sampled 7



Generative Modeling Comments

Generative models can make use of above architectures!

* e.g. transformers used for GPT models (next token prediction)

* Much development here for image data but applications in e.g music, physics simulation

Fully connected
I

Real 256 Real downsampled 643 Fake 2563 ayer

Fully connected
Encoder network
¢ \ Ti

_ M M TTokenizer i
s! Arn N bOdV simulations o


https://magenta.tensorflow.org/
https://magenta.tensorflow.org/
https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder
https://magazine.sebastianraschka.com/p/understanding-encoder-and-decoder
https://comp-astrophys-cosmol.springeropen.com/articles/10.1186/s40668-019-0032-1
https://comp-astrophys-cosmol.springeropen.com/articles/10.1186/s40668-019-0032-1

Generative Models: GANs

Generative adversarial networks
learn by “fighting” two neural
networks

* Generator produces fake data
from latent samples

 Discriminator tries to distinguish
real data from fake data Low
Dimensional
* Trained generator then used to ;Ztae:;

produce high quality data

* NB: High quality samples, but
harder to train than some others

o1 AL
OGN

F

Dimensional
Sample

High

Space

[

Real
Images

Network

»

G

_{
4[

Generated
Fake Images

N
J/

Real

Discriminative
Network

D

Fake

Source
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https://www.xenonstack.com/blog/gans-for-image-synthesis
https://www.xenonstack.com/blog/gans-for-image-synthesis

Generative Models: Variational Autoencoders

Variational autoencoders are a probabilistic version of autoencoders

* Trained in a similar way (reproduce inputs), but (1) introduce stochastic latent variables
(sampling) (2) add an additional KL divergence term to the loss to make the latent
distribution close to a standard prior (see variational inference, evidence lower bound)

 Latent space => interpretability

Minimize 1:(x — X)?

1L
Encoder z Decoder
X e | +—>
e

Z=U00Oe

&

N, 1) -2"Pes g

1AL

oL Minimize 2: %Z?’zl(exp(oi) — (140;) + ;%) source
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https://medium.com/geekculture/variational-autoencoder-vae-9b8ce5475f68
https://medium.com/geekculture/variational-autoencoder-vae-9b8ce5475f68

Generative Models: Diffusion

Diffusion models: based on forward/reverse noising process. E.g. denoising diffusion probabilistic models
(DDPM)

- During training: run forward diffusion with a random time step 7 to get a noisy image (known noise).
Model predicts noise added to the noisy image at ¢

* During inference: sample noise and run reverse diffusion

* Also score-function based approaches with slightly different procedure.

Data Destructing da

a by adding noise ——> Noise
7 Gz & BE

:*'.’

00O

NB: State-of-the-
art, but slow to

00O sample.

G
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https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2011.13456
https://encord.com/blog/diffusion-models/
https://encord.com/blog/diffusion-models/

Generative Models: Normalizing Flows

Normalizing flows: learn invertible sequence of transformations between simple (easy to sample) and
complex distribution

* e.g. parameterized by “shifts and scales” (affine transformations) as in RealNVP

* Training: transform data to latent distribution, minimize NLL

* Exact likelihoods, and fast! But less expressive than, e.g. diffusion. Check out conditional flow matching
for a method somewhere between the two!

fl(ZO) fz Z;_ 1 .fz—i—l(zz)

/ \ / \
/ \ / AY
, | J\/\ \ '/\’\If\/\\
| 1 1

I I \ I
) A . =
\ /
\ /
7/
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https://arxiv.org/abs/1605.08803
https://mlg.eng.cam.ac.uk/blog/2024/01/20/flow-matching.html
https://arxiv.org/abs/1605.08803
https://mlg.eng.cam.ac.uk/blog/2024/01/20/flow-matching.html
https://ankurdhuriya.medium.com/what-are-normalizing-flows-ce7ccd222ee7
https://ankurdhuriya.medium.com/what-are-normalizing-flows-ce7ccd222ee7

How do machines learn?
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How do machines learn?

When we train a neural network, what’s happening?

Input Data—

x““" Lavers Activation Function

hOx) = pO(wlx + b)

T

SLAT Weights Biases
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How do machines learn?

When we train a neural network, what’s happening?

uuuuuu

Hidden Layers Activation Function N\ 8 |
/ NN weights and biases are adjusted to
(i) — 4D (T minimize a loss function using an
h (X) T ¢ (W X+ b) optimizer

T

e an . Biases
TS Weights 103


https://www.ruder.io/optimizing-gradient-descent/
https://www.ruder.io/optimizing-gradient-descent/

Breaking down an optimizer

E.g. supervised learning:
- Data with labels: {(x;, y)} Y,
- Model: i(x;; w) (parameters w)

* Element-wise loss (e.g. squared error, cross-entropy):

Z(w) = Z(y;, h(x;; W)
| &
Gradient descent: Minimize total loss £ (w) = ~ Z ZL(W). At
i=1

iteration ¢:
. Compute gradient V , Z(w®)

- Update model weights as: w/tD = w — . vV £(w®), where
is a learning rate controlling the size of the gradient step.

* Negative gradient gives (local) direction of steepest descent

ol AR
= Ty o A

L(w),

Starting

/ Point

v

Iteration 3

Iteration 4

Convergence

I'min(‘M)

[ |
IR )

I N N |
L
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Breaking down an optimizer

Gradient descent is the foundation of most common optimizers
* In practice: stochastic/mini-batch gradient descent is used

« Cost of full gradient descent scales with the number of samples:

1 N
Vo Z W) = — D Vi Zw)
i=1

* Instead, compute each update over a randomly sampled data point/batch of points
* Unbiased estimator of full gradient: on average moves in the right direction
» Benefits: less costly to compute/faster, randomness may help break out of local minima

« Common extensions: momentum, Adam, RMSProp, ...

==

‘_'_ ° f
=y O Batch gradient descent Stochastic gradient descent
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Why gradients?

Gradient-based optimizers have been used to train
models with (at least) O(1012) parameters

« => works well for high dimensional optimization
* Batch methods/SGD => scalable with dataset size

» Gradients are easy to compute

Parameter count of ML systems through time

e Domain
1.0e+13 O Games
[ Language
0 Other
1.0e+12 O 2 avision
a

MODE CONNECTIVITY

1.0e+11

1.0e+10

- 5 3 —o e https://arxiv.org/abs/1802.10026
1.0e+8 ul X '-’;ﬂ m‘@_ _:&:4}_\ = §
1.0e+7 0h L+ I LY A

Parameters
L]
\
i1 |
\
1
\
\
\
J
\
[
o
\
1
1
\
L
L]
(@)
1
\
\
1
1
1
1
]
)

B Details of Model Training

1.00+1 To train all versions of GPT-3, we use Adam with 8; = 0.9, 8 = 0.95, and € = 10~8

1.0e+0
2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Publication date Link https://arxiv.org/abs/2005.14165
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https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/1802.10026
https://arxiv.org/abs/1802.10026
https://towardsdatascience.com/parameter-counts-in-machine-learning-a312dc4753d0
https://towardsdatascience.com/parameter-counts-in-machine-learning-a312dc4753d0

How to Compute Gradients

Popularity of gradient-based methods => good toolkits for computing gradients!

* Fundamental component of common ML libraries
* All use a common technique: automatic differentiation

* a.k.a. backpropagation (for neural networks), autodiff, autograd, AD
Learning representations
by back-propagating errors : P —|— h
David E. Rumelhart*, Geoffrey E. Hinton? y O rC

& Ronald J. Williams*

L

* Institute for Cognitive Science, C-015, University of California,

San Diego, La Jolla, California 92093, USA y /
t Department of Computer Science, Carnegie-Mellon University, y / ‘ TensorFI OW
Pittsburgh, Philadelphia 15213, USA '
Y 'V / / 4
.
We describe a new learning procedure, back-propagation, for

networks of neurone-like units. The procedure repeatedly adjusts

Nature 323,533-536 (1986)
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http://www.apple.com
http://www.apple.com

How does it work: Automatic Differentiation
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Neural Networks are Code

Example of a neural network in PyTorch

# Multi-layer perceptron

mlp = MLP(n_hidden=n_hidden, hidden_dim=hidden_dim)

# Optimizer

optimizer = torch.optim.Adam(mlp.parameters(), lr=1r)

# Mean squared error
loss_fn = torch.nn.MSELoss()

losses = []

for _

wn

[

in range(n_epochs):

# Shuffle data
idxs = np.random.permutation(len(norm_x))

# Make predictions
out = mlp(norm_x[idxs])

# Calculate loss
loss = loss_fn(out, norm_y[idxs])

# Zero out gradients
optimizer.zero_grad()

# Compute gradients
loss.backward()

# Update parameters
optimizer.step()

A 7>

N>

mlp(norm_x[0:1])

tensor([[-1.6607]1], grad_fn=<AddmmBackward@>)

 list(mlp.parameters())

. [Parameter containing:
tensor([[ 0.5748],

[ 0.4250],
[ 0.6559],
[ 0.0270],
[ 0.2925],
0.0268],

[

[-o
[-0
[-o
[o
[-o
[0
[0
[o
[-o
[-1
[0
[o
[

[-0.6879]], requires_grad=True),
Parameter containing:
tensor([-0.3643, ©0.5639, 1.0288, -0.5873, 0.5042, -0.5881, 0.3506, 0.5615,

0.6442, -0.9721, 0.0830,

-0.2152, 0.6729, -0.1408,

0.3054, -0.7737, -0.5471, 0.8950, -0.8749,
0.9366], requires_grad=True),
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Neural Networks are Code

Example of a neural network in PyTorch

# Multi-layer perceptron
mlp = MLP(n_hidden=n_hidden, hidden_dim=hidden_dim) mlp(norm_x[0:1])

# Optimizer —
optimizer = torch.optim.Adam(mlp.parameters(), lr=1r) tensor([[-1.6607]1, grad_fn=<AddmmBackwa rde>)

# Mean squared error
loss_fn = torch.nn.MSELoss()

 list(mlp.parameters())

IOSSES.— [] . [Parameter containing:
for _ in range(n_epochs): tensor([[ 0.5748],
[ 0.4250],
[ 0.65591,
# Shuffle data [ 0.0270],
idxs = np.random.permutation(len(norm_x)) o oaea)”
94131,
89231,
67831,
35211,

# Make predictions
out = mlp(norm_x[idxs])

# Calculate loss

[

[

[

[

[

[

[

[

[

loss = loss_fn(out, norm_y[idxs]) E
[
[
[

0.
-0.
-0.
-0.

0.
-0.

0.70821,

0.

0.
-0.
-1.

0.

0.

# Zero out gradients

optimizer.zero_grad() [ 0.0636],
[-0.6879]], requires_grad=True),
Parameter containing:

# Compute gradients ! 1 tensor([-0.3643, 0.5639, 1.0288, -0.5873, 0.5042, -0.5881, 0.3506, 0.5615,
loss. backward() 4_ What S happenlng When we 0.6442, -0.9721, 0.0830, 0.3054, —-0.7737, -0.5471, 0.8950, —0.8749,

-0.2152, 0.6729, -0.1408, 0.9366], ires_grad=True),
call loss.backward () ? S
# Update parameters

optimizer.step()

LAS 1o

(A,



Neural Networks are Code

Example of a neural network in PyTorch What is this grad f£n?
# Multi-layer perceptron
mlp = MLP(n_hidden=n_hidden, hidden_dim=hidden_dim) mlp(norm_x[0:1]) l

# Optimizer —
optimizer = torch.optim.Adam(mlp.parameters(), lr=1r) tensor([[-1.6607]1, grad_fn=<AddmmBackwa rde>)

# Mean squared error
loss_fn = torch.nn.MSELoss()

 list(mlp.parameters())

IOSSES.— [] . [Parameter containing:
for _ in range(n_epochs): tensor([[ 0.5748],
[ 0.4250],
[ 0.65591,
# Shuffle data [ 0.0270],
idxs = np.random.permutation(len(norm_x)) o oaea)”
94131,
89231,
67831,
35211,

# Make predictions
out = mlp(norm_x[idxs])

# Calculate loss

[

[

[

[

[

[

[

[

[

loss = loss_fn(out, norm_y[idxs]) E
[
[
[

0.
-0.
-0.
-0.

0.
-0.

0.7082],

2.

0.
-0.
-1.

0.

0.

# Zero out gradients

optimizer.zero_grad() [ 0.0636],
[-0.6879]], requires_grad=True),
Parameter containing:

# Compute gradients ! 1 tensor([-0.3643, 0.5639, 1.0288, -0.5873, 0.5042, -0.5881, 0.3506, 0.5615,
loss. backward() 4_ What S happenlng When we 0.6442, -0.9721, 0.0830, 0.3054, —-0.7737, -0.5471, 0.8950, —0.8749,

-0.2152, 0.6729, -0.1408, 0.9366], ires_grad=True),
call loss.backward () ? S
# Update parameters

optimizer.step()

1 A

(A,
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Neural Networks are Code

Example of a neural network in PyTorch What is this grad f£n?
# Multi-layer perceptron
mlp = MLP(n_hidden=n_hidden, hidden_dim=hidden_dim) mlp(norm_x[0:1]) l

# Optimizer —
optimizer = torch.optim.Adam(mlp.parameters(), lr=1lr) tensor([[-1.6607]1], grad_fn=<AddmmBackward@>)

# Mean squared error
loss_fn = torch.nn.MSELoss()

 list(mlp.parameters())

losses = [] . [Parameter containing:

for _ in range(n_epochs): tensor([[ 0.5748],
[ 0.4250],
[ 0.6559],
# Shuffle data [ 0.0270],
idxs = np.random.permutation(len(norm_x)) {&;%gk
[-0.9413], And
# Make predictions [-0.89231],
[-0.67831, . _
out = mlp(norm_x[idxs]) [ o.3521], regquires grad—True?
-0.37011, -
[ 0.7082],
# Calculate loss [ 0.8256],
loss = loss_fn(out, norm_y[idxs]) sy
[-1.0628],
: [ 0.33961],
# Zero out gradients [ 0.3656]"

optimizer.zero_grad() [ 0.0636],
[-0.6879]], requires_grad=True),
Parameter containing:

# Compute gradients ! 1 tensor([-0.3643, 0.5639, 1.0288, -0.5873, 0.5042, -0.5881, 0.3506, 0.5615,
loss. backward() 4_ What S happenlng When we 0.6442, -0.9721, 0.0830, 0.3054, —-0.7737, -0.5471, 0.8950, —0.8749,

-0.2152, 0.6729, -0.1408, 0.9366], ires_grad=True),
call loss.backward () ? S
# Update parameters

optimizer.step()

1 AR

wn
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Ways to Compute Derivatives of Code

Section modified from
M. Kagan

Baydin, Pearlmutter, Radul,
Siskind. 2018. “Automatic
Differentiation in Machine
Learning: a Survey.” Journal of
Machine Learning Research
(JMLR)

wn

11:1'

Iu+l = 4111(1 - l")

f(z) = lg = 64z(1 —)(1 —22)*(1 — 8z + 822)?

Coding

Manual
Differentiation

f(z) = 128z(1 — z)(—8 + 16z)(1 — 2z)*(1 —
8z +8x2)+64(1 —x)(1 —2x)%(1 — 8z +8z%)% —
64z(1 — 22)?(1 — 8z + 8z2)% — 256z(1 — z) (1 —
2z)(1 — 8z + 8z2)?

£f(x):
v=x
fori=1to3
v =4*xvx(1-v)
return v

or, in closed-form,

f(x):
return 64*x* (1-x)* ((1-2%x)"2)

*(1-8*x+8*x*x) "2

Coding

Symbolic
Differentiation

of the Closed-form

Automatic
Differentiation

Numerical
Differentiation

f2(x):
(v,dv) = (x,1)
fori=1to3
(v,dv) = (4*v*(1-v), 4=xdv-8*v*dv)
return (v,dv)

T (x.;) _/’"(:.I'ujl

Exact

NG INE

return 128*x* (1 - x)*(-8 + 16*x)
*((1 - 2%x) "2) *(1 - 8%*x + 8*x*x)
+64*%(1 - x)*((1 - 2*x)"2)*((1
- 8%x + 8*x#*x)"2) - (64*x*(1 -
2%x) "2)*(1 - 8%x + 8*x*x) "2 -
256%x* (1 - x)*(1 - 2*x) *(1 - 8*x
+ 8*x*x) "2

£’ (x0) = f'(z0)

Exact

f£i(x):
h =0.000001
return (f(x+h) -£(x)) /h

£ (x0) =~ f'(z0)

Approximate
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Ways to Compute Derivatives of Code

Manual differentiation:
* Derive expression by hand, then code it up

* Can be useful, but also labor intensive, case-by-case

N’ \—— ——————————— .
Use it

Novel model Derive gradient in a standard
optimization procedure

SLAZ ta



Ways to Compute Derivatives of Code

Symbolic differentiation:

* e.g. Mathematica, SymPy

» Gets messy/costly with number of terms

* Only applicable to closed form expressions (no control flow)

Logisticmap /1 = 4lp(1 — Ip). }; = x

n 1, %l" T(i-l" (Simplified form)
1. 1 1
2 4z(1 —x) 41 —z) — 4x 4 — 8z

3 16z(1-z)(1-22)%> 16(1—=z)(1 —2z)% —162(1 —2z)% —
64z(1 — z)(1 — 2x)

4 64z(1-z)(1—22)%> 128z(1—z)(—8+16x)(1 —2x)3(1 —
(1 — 8z + 822%)2 8x+82%)+64(1—x)(1—2z)%(1—-8z+
812)? —64x(1—27)%(1—-8x+8z2)2 -

256z(1 — z)(1 — 2z)(1 — 8z + 8z2)?

16(1 — 10z + 2422 — 1623)

64(1 — 42z + 504x% — 264023 +
7040z* — 998425 + 71682° — 204827)

D[x*2, Xx]

2 X

Number of terms
600 —

500 —
400 —
300 —
200 —

100 —
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Ways to Compute Derivatives of Code

Numerical differentiation (finite differences):

o) f(x+he) —f(x)
© ox h

l

O<hx1

- Blows up with input dimensionality (one function eval per basis vector €;)

« Approximation errors from choices of &

/
Truncagion error
(19f11i11a11t

W;‘w , 4

dominant

= ——  Forward difference
— — - C(Center difference

Error
1012 101° 10 10° 10* 102 10°

I | | I ' | | |
107 10" 10" 10" 107 107 100 107

h
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Ways to Compute Derivatives of Code

Automatic differentiation:

* Principle: break down arbitrary computer program into a graph of fundamental operations with known
derivatives

* Exact gradient calculation, broadly applicable
* Scales well! Gradient cost ~ original code cost

- e.g. neural networks (f : R" — R), forward + backward pass (gradients) ~2x cost of just forward (no

gradients)
d
f(a: b) . C m
c=a*hb
% 1o - d
d = log(c) \\E/
return d b

SLAZ 7



Automatic Differentiation: The Chain Rule in Disguise

f(aa b) = log(a - b) Example: log(a - b)

* Represent as a computational graph showing all

Vf(a,b) = <l, l) operations, dependencies
a b
\ d
f(a, b): C ~
c=a*hb
% 1 - d
d = log(c) \:E/

return d
b
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Automatic Differentiation: The Chain Rule in Disguise

Normal (forward) evaluation of the code for values of a, b results in a set of intermediate values (primals) at
each stage of the computation

2
f(a, b) | ;
d, . C 1.791
c=a*b * (1o8) - d
d = log(c) _/
return d

£(2, 3) = 1.791

“Primals”: intermediate function values

1 A
D M 119



Automatic Differentiation: The Chain Rule in Disguise

The final result is a composition of the primal
operations. The derivative of the final result is a

product of the derivatives of each operation (via Derivatives
the chain rule). /
2 dc —h=3
3~ da 6
f(a, b): C 1 791
c=a%*hb . /l;\ g
> g >
d = log(c) _/
return d
b~ dc 94 _1_ 0166
o =a=2 dc ¢
3 db
(2, 3) = 1.791
df(2,3) = [6.5, ©.333 p
( ’ ) [ ’ ] Chain Rule: gz = gi ga = 0.166 *3 = 0.5
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Automatic Differentiation: The Chain Rule in Disguise

Different modes of automatic differentiation <=> different order of evaluation of terms in the chain rule

* Forward mode AD: Inner (inputs) to outer (end result)

f(a, b):
c=a*hb
d = log(c)
return d

f(2, 3) = 1.791
df(2,3) = [0.5, ©.333]

o1 AL
OGN

od 1
b~ dc —=—=0.166
ETA a=2 dc ¢

3
Chain Rule: 2% =229 _ 11663 = 0.5
Jda dc da

Outer<— Inner
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Automatic Differentiation: The Chain Rule in Disguise

Different modes of automatic differentiation <=> different order of evaluation of terms in the chain rule

* Reverse mode AD (cf. backprop): Outer (end result) to inner (inputs)

2 X,y
f(a, b) ° N i
a, : C 1.791
c=a*b * * =I/1C:g\< - d
d = log(c) —/
return d ad 1
b - — =2=0.166
=a=2 dc C
L
f(2, 3) = 1.791
df(2,3) = [0.5, ©.333 c
(2,3) [ ? ] Chain Rule: Zz=gi§a=0.166*3=0.5

1AL

S-S Outer——"> Inner
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Automatic Differentiation: Forward vs Reverse Mode

Forward mode:
Compute primals and derivatives on single
forward pass: follow the evaluation flow.

Additional sweep needed for each
independent variable (e.g. b vs a)

o1 AL
OGN

Reverse mode:
Compute and store primals on forward
pass, compute and accumulate derivatives

on backward pass

Additional sweep for needed for each
dependent variable (e.g. multiple outputs)123



Automatic Differentiation: Forward vs Reverse Mode

Neural networks usually have large number of

inputs, small number of outputs (e.g. scalar loss —=b=3 ¢
function) d N
C
<

* => backpropagation <=> reverse mode AD

more efficient \(ig/

Reverse mode:

Compute and store primals on forward
pass, compute and accumulate derivatives
on backward pass

Additional sweep for needed for each
SLAC dependent variable (e.g. multiple outputs)24



How to compute efficiently?

f(x): RY - RM

Forward mode (single
df(x) evaluation):
= Derivatives of all M outputs
dx w.r.t. one input => column of
Jacobian matrix
Reverse mode (single
df(x) evaluation):
=1 : Derivatives of one output
dx oy, oy, w.r.t. N inputs => row of
" oo T Jacobian matrix
\ 1 N )

D MNS

125



How to compute efficiently?

f(x): RY - RM

ﬂ )
df(x) o
dx of,
a,
0]
- 0]
-
(@]

Forward mode (single
evaluation):

Derivatives of all M outputs
w.r.t. one input => column of
Jacobian matrix

Relevant column can be extracted by multiplying by an
appropriate basis vector:

Forward mode AD <=> Jacobian-vector product (JVP)

126



How to compute efficiently?

Reverse mode (single

df(X) evaluation):
— Derivatives of one output w.r.t.
dx oy, oy, N inPuts => row of Jacobian
_ case — matrix
\ 0x; 0Xy )

..-. Relevant row can be extracted by multiplying by an

[ [ | pElol1/ol [ | | | appropriate basis vector:

Reverse mode AD <=> vector-Jacobian product (VJP)

SLAZ 127



How to compute efficiently?
Chain Rule: Jacobian matrix of function composition is product of Jacobian matrices of constituent functions
e €.0.: Jfog(x) = Jf(g(X)) . Jg(X)

 Vector-Jacobian/Jacobian-vector product for elementary operations + composition => gradient computation

» See e.g. https://theoryandpractice.org/stats-ds-book/autodiff-tutorial.html for explicit examples

Ci Co Mel' - M3M2Mlel

SLAC Video: L. Heinrich 128


https://theoryandpractice.org/stats-ds-book/autodiff-tutorial.html
https://theoryandpractice.org/stats-ds-book/autodiff-tutorial.html

Neural Networks are Code

Example of a neural network in PyTorch

Whatis thisgrad fn?
Node in computational graph

# Multi-layer perceptron
mlp = MLP(n_hidden=n_hidden, hidden_dim=hidden_dim) mlp(norm_x[0:1])

# Optimizer —
optimizer = torch.optim.Adam(mlp.parameters(), lr=1lr) tensor([[-1.6607]] ’ grad_fn‘<AddmmBaCkwa rdo>)

# Mean squared error
loss_fn = torch.nn.MSELoss()

 list(mlp.parameters())

losses = [] . [Parameter containing:

for _ in range(n_epochs): tensor([[ 0.5748],

[ 0.4250],
[ 0.6559],

# Shuffle data [ 0.0270], A d

idxs = np.random.permutation(len(norm_x)) i g;gégi n
[-0.9413], : — ?

# Make predictions 7080031 requires_grad=True:

out = mlp(norm_x[idxs]) [ 0.3521],
[-0.3701],

PR ph) Tells PyTorch that we

0.82561, N o

loss = loss_fn(out, norm_y[idxs]) sy want a gradient with
[-1.0628], H

# Zero out gradients o5l respect to this tensor out

optimizer.zero_grad() [ 0.0636],

P =9 [—g.gggg]], requires_grad=True), Of loss ® baCkward ( )

Parameter containing:

# Compute gradients ! 1 tensor([-0.3643, 0.5639, 1.0288, -0.5873, 0.5042, -0.5881, 0.3506, 0.5615,
loss. backward() 4_ What S happenlng When we 0.6442, -0.9721, 0.0830, 0.3054, —-0.7737, -0.5471, 0.8950, —0.8749,

-0.2152, 0.6729, -0.1408, 0.9366], ires_grad=True),
call loss.backward () ? S
# Update parameters

optimizer.step()

Backpropagation (reverse
1 An mode AD)

e /NS

wn
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Practical Tips
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Training, Validation, and Test Datasets

In the real world, we have limited data

 Training set: Dataset used for model
training

* Should always keep two other datasets
separate

* Validation set: Use to check overfitting,
tune model hyperparameters (e.g.
number of layers, etc). Some methods
here (e.g. cross-validation)

* Test set: Only touch this at the very very
end — this is what you use to report
(unbiased) results

ol AR
= Ty o A

A Values AValues . AValues »
........................ N . ,:
..... - i i
Timz Timz “ Tim;
Source
Underfitted Good Fit/Robust Overfitted
Underfitting Overfitting
Loss
training
. Epochs
early stopping \J PO Source
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https://scikit-learn.org/stable/modules/cross_validation.html
https://scikit-learn.org/stable/modules/cross_validation.html
https://www.kaggle.com/code/ryanholbrook/overfitting-and-underfitting
https://www.kaggle.com/code/ryanholbrook/overfitting-and-underfitting
https://medium.com/swlh/machine-learning-how-to-prevent-overfitting-fdf759cc00a9
https://medium.com/swlh/machine-learning-how-to-prevent-overfitting-fdf759cc00a9

Normalization

Generally a good idea to normalize your data
* Mismatch in feature sizes => model training will pay more attention to larger features, less to small

* True for both inputs and outputs

{(xl.l, e X)L

j— ) —
. Xt —
] - =
l,norm 0] S

BN
%

“Standard” Normalization:
Normalize each feature by feature
mean and standard deviation
across training dataset
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https://www.jeremyjordan.me/batch-normalization/
https://www.jeremyjordan.me/batch-normalization/

Regression Metrics

Good prediction
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For regression tasks, often useful to include
parity plots with mean absolute error (smaller is
better) and R2 (close to 1 is better)
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Classification Metrics: Binary Classification

In classification, either the model
gets a prediction right (given x;) or
gets it wrong

Predicted

* We can represent this with a
confusion matrix

0 True Negative False Positive * For binary classification one
class is negative, one is

positive

Actual

1 False Negative True Positive * If we get it right, it’s true (e.g.

true negative) if not it’s false
(e.g. false positive)

o1 AL
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Classification Metrics: Binary Classification

Predicted Precision = il
TP+ FP

0 1 Out of all positive predictions, how
many are actually positive? Higher
is better (fewer false positives)

0] True Negative False Positive

TP
I'P+ FN

How many actual positives did we
get right? Higher is better (more
actual positives recovered)

Recall =

Actual

1 False Negative True Positive
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Classification Metrics: Binary Classification

Recall: we need to define a decision threshold to assign events to a category

* The choice of this threshold will impact our precision and recall!
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Classification Metrics: Binary Classification

In particle physics, we often look more at ROC curves (receiver operating characteristic)

TP Positives we got right
TP + FN All actual positives

True positive rate (=Recall) =

. FP Negatives we got wrong
False positive rate = .
FP+ TN All actual negatives
— 1 True Category 1 1.0 R
301 1 True Category 0 //
55 0.8 - L
201 £ 06 gl
15 - g o gl
10 = ///
s ; s 02
5 5 5 5
‘—l_._‘ — ,—l—' 0ol L7 —— AUC: 1.0
el A O . — N - - - - : :
D M\ 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

p(y=1) False Positive Rate
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True Positive Rate

Classification Metrics: Binary Classification

True positive rate 4

Perfect model
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https://www.evidentlyai.com/classification-metrics/explain-roc-curve
https://www.evidentlyai.com/classification-metrics/explain-roc-curve

Classification Metrics: Binary Classification

Background rejection

Ratio to DL1d
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b-jet efficiency

ATLAS GN2

This is also a ROC curve!

- b-jet efficiency = true positive rate (number of b-jets
we got right out of total b-jets)

« Background rejection = 1/false positive rate

* FPR: fraction of background jets we incorrectly
classify as b-jets (accept)

* 1/FPR: how many background jets we correctly
reject for each one we incorrectly accept

True positive rate

Perfect model

Better quality

»

False positive rate 139


https://arxiv.org/abs/2505.19689
https://arxiv.org/abs/2505.19689

Summary

Machine learning is an expansive field, and is part of the way we do science!
» Can be as simple as linear regression in Excel

* Many different types of machine learning models, suitable for different types of data and
different goals

* Each encode some inductive bias that guides their predictions

 Gradient-based optimization underpins much of machine learning, and we have efficient
tools to compute gradients

» Parameters change, but all of them need optimizing!
* [f something interested you, give it a try! Easy to find examples online

e + tutorials next week!
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Bonus
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Neural networks are just code

Machine learning libraries are able to efficiently calculate
gradients with respect to neural network parameters

* Neural networks are just differentiable functions
* Why stop at neural networks?

 Differentiable programming: use ML libraries to write
code (neural networks, but also e.g. exact physics
simulators)

* The same techniques that enable neural network
training can be used to calculate gradients with
respect to code parameters

(% Kyle Cranmer
&>

This is the way

. Machine Learning: Science and Technology

Great new work by Daniel Ratner @SeanGaz @codingkazu et al @SLAClab
@Stanford @APC_Laboratory @univ_paris_cite @CNRS -'Differentiable
#simulation of a liquid #argon time projection
chamber'-iopscience.iop.org/article/10.108... #machinelearning #HEP
#particlephysics #Al #neutrinos @DUNEScience

10P Publishing Mach. Learn.: Sci. Technol. 5 (2024) 025012 it 10i.0rg/10.1088/2¢
PAPER
@ CrossMark
Differentiable simulation of a liquid argon time projection
OPEN ACCESS
chamber
RECEIVED
4 October 2023 Sean Gasiorowski~* 7, Yifan Chen' ), Youssef Nashed' (, Pierre Granger (', Camelia Mironov' ),
''''''' Ka Vang Tsang' (0, Daniel Ratner' 0 and Kazuhiro Terao
19 January 2024
P p—— x SLAC National Accelerator Laboratory, Menlo Park, CA 94025, United States of America
20 February 2024 © Université Paris Cité, CNRS, Astroparticule et Cosmologie, F-75013 Paris, France

Author to whom any correspondence should be addressed.
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Why do we care?

Simulators are very important to HEP, but we often
only use inputs and outputs

« Differentiable simulators can be directly used in
ML pipelines — explicitly use physics, rather
than relying on examples!

» Gradient information can be used to augment
simulator output

* Fits of simulation to data can be used to
understand and adjust underlying processes (e.g.
detector conditions/calibration)

Analysis workflows feature many parameters (cuts,
binning) that are often painstakingly tuned

« Differentiable programming can make optimizing
these many parameters possible

True Inputs

Simulated
Outputs

Differentiable
Programming

Analysis
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Differentiable Programming: Applications
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Climate Forecasting
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https://iopscience.iop.org/article/10.1088/2632-2153/ad2cf0
https://iopscience.iop.org/article/10.1088/2632-2153/ad2cf0
https://iopscience.iop.org/article/10.1088/1742-6596/2438/1/012137
https://iopscience.iop.org/article/10.1088/1742-6596/2438/1/012137
https://iopscience.iop.org/article/10.1088/1742-6596/2438/1/012105
https://iopscience.iop.org/article/10.1088/1742-6596/2438/1/012105
https://www.nature.com/articles/s41586-024-07744-y
https://www.nature.com/articles/s41586-024-07744-y
https://arxiv.org/abs/2105.05859v3
https://arxiv.org/abs/2105.05859v3
https://arxiv.org/abs/2310.12804
https://arxiv.org/abs/2310.12804

