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Hello!

Who am I? 
• The lady who sent you all those emails (sorry!) 
• Postdoc @UCSD with the CMS experiment 
• Former CMS machine learning group knowledge 

subgroup convener 
• Current offline software convener for the L1 Trigger

Slides inspired by.. 

• Sascha’s introduction from last year  

• Dennis’s Part II slides 

• Javier Duarte’s Machine Learning in 
Physics Course

• Today:  

• Big picture overview of what ML is  

• Intuitive understanding of how it works

melissa.quinnan@cern.ch

https://cms-ml.github.io/documentation/index.html
https://indico.physics.lbl.gov/event/3174/timetable/?view=standard#2-introduction-to-machine-lear
https://indico.physics.lbl.gov/event/3174/timetable/?view=standard#4-introduction-to-machine-lear
https://jduarte.physics.ucsd.edu/phys139_239/README.html
https://jduarte.physics.ucsd.edu/phys139_239/README.html
mailto:melissa.quinnan@cern.ch
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Data Collection
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Today’s Itinerary

1. What is Machine Learning (ML)? 

2. What is a Neural Network (NN)? 

3. How do NNs work? 

4. How are NNs trained? 

5. How do you choose which model to use? (sneak peek)
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Modeling Data

• Common question in science: 

• What is the “model” that describes that data + allows you to extrapolate

ModelData Prediction

Representation of the 
underlying function 

describing your data

x

f(x)

y = f(x)
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Detector 
hits

 Estimate particle 
momentum, 

charge, type…

→

E
px
py
pz

, q, type, ppileup, …

arXiv:2101.08578

Model

Modeling Data

https://arxiv.org/abs/2101.08578
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Time series 
data 

Reduce noise + 
identify 

gravitational waves
3

FIG. 1. Sample signal injected into real LIGO noise.
The red time-series is an example of the input to our Deep
Filtering algorithm. It contains a hidden BBH GW signal
(blue) from our test set which was superimposed in real LIGO
noise from the test set and whitened. For this injection, the opti-
mal matched-filter SNR = 7.5 (peak power of this signal is 0.65
times the power of background noise). The component masses
of the merging BHs are 57MØ and 33MØ. The presence of
this signal was detected directly from the (red) time-series in-
put with over 99% sensitivity and the source’s parameters were
estimated with a mean relative error less than 10%.

glitches, since it is well known that the PSD of LIGO is
highly non-stationary, varying widely with time. There-
fore, if Deep Filtering performs well on these test
sets, it would also perform well on data from future time
periods, without being re-trained.

Next, we superimposed different realizations of noise
randomly sampled from the training set of real LIGO
noise from the two events GW151226 and LVT151012
and injected signals over multiple iterations, thus am-
plifying the size of the training datasets. The power of
the noise was adjusted according to the desired optimal
matched-filter Signal-to-Noise Ratio (SNR [43]) for each
training round. The inputs were then whitened with the
average PSD of the real noise measured at that time-
period. We also scaled and mixed different samples of
LIGO noise together to artificially produce more training
data and various levels of Gaussian noise was also added
to augment the training process. However, the testing
results were measured using only pure LIGO noise not
used in training with true GW signals or with signals in-
jected from the unaltered test sets (see Fig. 1).

We used similar hyperparameters to our original
CNNs [39] with a slightly deeper architecture. There
were 4 convolution layers with the filter sizes to 64,
128, 256, and 512 respectively and 2 fully connected
layers with sizes 128 and 64. The standard ReLU ac-
tivation function, max(0, x), was used throughout as the
non-linearity between layers. We used kernel sizes of 16,
16, 16, and 32 for the convolutional layers and 4 for all

FIG. 2. Spectrograms of real LIGO noise test samples. We
used signals injected into real data from the LIGO detectors in
this article, ensuring that the training and testing sets did not
contain noise from the same events. These are some random
examples of real glitches that were present in our test set of
LIGO noise. The Deep Filtering method takes the 1D
strain directly as input and is able to correctly classify glitches
as noise and detect true GW signals as well as simulated GW
signals injected into these highly non-stationary non-Gaussian
data streams, with similar sensitivity compared to matched-
filtering.

the (max) pooling layers. Stride was chosen to be 1 for
all the convolution layers and 4 for all the pooling lay-
ers. We observed that using dilations [44] of 1, 2, 2, and
2 in the corresponding convolution layers improved the
performance. The final layout of our predictor CNN is
shown in Fig. 3.

We had originally optimized this CNN architecture to
deal with only Gaussian noise having a flat PSD. How-
ever, we later found that this model also obtained the
best performance with noise having the colored PSD of
LIGO, among all the models we tested. This indicates
that our architecture is robust to a wide range of noise
distributions. Furthermore, pre-training the CNNs on
Gaussian noise (transfer learning) before fine-tuning on
the limited amount of real noise prevented over-fitting,
i.e., memorizing only the training data without generaliz-
ing to new inputs. We used the Wolfram Language neural
network functionality, based on the open-source MXNet
framework [45], that uses the cuDNN library [46] for ac-
celerating the training with NVIDIA GPUs. The learning
algorithm was again set to ADAM [47] and other details
were the same as before [39].

For training, we used the curriculum learning strategy
in our first article [39] to improve the performance and
reduce training times of the CNNs while retaining perfor-
mance at very high SNR. By starting off training inputs
having high SNR (∏ 100) and then gradually increasing
the noise in each subsequent training session until a final

arXiv:1711.03121

Modeling Data

Model

https://arxiv.org/abs/1711.03121
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Image 
data

Classify neutrino 
interactions

2

1234567890

CHEP IOP Publishing

IOP Conf. Series: Journal of Physics: Conf. Series 898 (2017) 072053  doi :10.1088/1742-6596/898/7/072053

Figure 1. NOvA characteristic data events. Side views of 3x11 meter sections of the detector.

The color of the hits indicates deposited charge (measured in ADC counts). The neutrino neutral

current interactions (bottom), as well as the charged current interactions for electron (middle)

and muon (top) flavor are each the main signal on NOvA’s neutral current, ⌫e appearance and

⌫µ disappearance analyses, respectively. This makes the classification of these events the crucial

first step for these analyses.

for our first analyses[1, 2] was done in two main steps. First, reconstruction algorithms make

a geometrical separation of each particle’s contribution to the event. Then, identification

algorithms extract physics information, i.e. dE/dx and projected trajectory, from each particle’s

contribution (given as a cluster of hits) and attempt to identify the leptonic component of the

interaction
1
by using neural networks trained on these features.

2. The CVN Convolutional Neural Network

2.1. Advantages of Convolutional Neural Networks

Deep learning algorithms[7] have been successful in tasks like image recognition[6, 9]. These

networks–and in particular convolutional neural networks (CNNs)–present several advantages

with respect to the traditional identification methods described in Section 1. Not only do

traditional algorithms rely heavily on the e�ciency of the geometric separation of the compo-

nents, they are also limited in that the features they employ for identification are only those

1 As seen in Figure 1 the outgoing lepton carries the same flavor as the original neutrino by lepton conservation.

Model

arXiv:1604.01444

Modeling Data

https://arxiv.org/abs/1604.01444
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What is Machine Learning?

• Computer algorithms (models) that 
automatically learn patterns and make 
predictions from data 

•   underlying function approximators 

• Linear regression, BDTs, PCA, kNN, NNs…

→

Neural networks are universal function approximators →
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Machine Learning Example: Linear Regression
• Predict stellar radius given stellar mass
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Machine Learning Example: Linear Regression
• Predict stellar radius given stellar mass

log10(R/R⊙) = w log10(M/M⊙) + b

• Let’s try to fit a straight line: 
 

 (linear model) f(x) = wx + b
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Machine Learning Example: Linear Regression

log10(R/R⊙) = w log10(M/M⊙) + b

• Let’s try to fit a straight line: 
 

 (linear model)  

• If  = mass and  = luminosity: 
 

f(x) = wx + b

x1 x2

= w1x1 + w2x2 + b

= Σiwi ⋅ xi + b

• Predict stellar radius given stellar mass
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Machine Learning Example: Linear Regression

log10(R/R⊙) = w log10(M/M⊙) + b

Linear model:  

f(x) = wTx

• Let’s try to fit a straight line: 
 

 (linear model)  

• If  = mass and  = luminosity: 
 

f(x) = wx + b

x1 x2

= w1x1 + w2x2 + b

= Σiwi ⋅ xi + b

• Predict stellar radius given stellar mass

~ w0
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Machine Learning Example: Linear Regression
• How do we select best fit parameters (weights) ?w

• We want  

• Squared loss:  
 

 minimize distance between 
predicted   and true  to find 
best fit parameters  

set the derivative/gradient 
equal to  and solve

yi ≈ f(xi)

L(y, y′￼) = (y − y′￼)2

→
y′￼ y

w

→
0

yi

y′￼i
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Building from Linear Models

Linear model:  

f(x) = wTx

• What if we replaced our input 
vector  with some features/
embedding of : ?

x
x ϕ(x)
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Building from Linear Models

• More expressive!

• What if we replaced our input 
vector  with some features/
embedding of : ?

x
x ϕ(x)

Linear model:  

f(x) = wTx

• Ex: choose embedding   

•
ϕ(x) = (x2, x,1)

→ f(x) = w1x2 + w2x + b

f(x) = wTϕ(x)
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Building from Linear Models

• Linear models on top of good 
features can yield excellent results! 

• Neural networks = automatic 
featurizers with linear models as 
their basic building blocks

→

• Ex: choose embedding   

•
ϕ(x) = (x2, x,1)

→

• More expressive!

• Nonlinear transformation of : 

•    

• Still linear in 

x
x → ϕ(x)

w

f(x) = w1x2 + w2x + b

f(x) = wTϕ(x)
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Visualizing Neural Networks colah.github.io/posts/2014-03-NN-Manifolds-Topology/

Data

Goal: Separate red 
and blue classes

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Visualizing Neural Networks colah.github.io/posts/2014-03-NN-Manifolds-Topology/

Data

Goal: Separate red 
and blue classes

Linear Classifier

f(x) = w⊺x

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Visualizing Neural Networks colah.github.io/posts/2014-03-NN-Manifolds-Topology/

Data

Goal: Separate red 
and blue classes

Linear Classifier Simple Neural Network

Raw inputs

x
f(x) = w⊺x f(x) = w⊺

2ϕ(w⊺
1x)

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Visualizing Neural Networks colah.github.io/posts/2014-03-NN-Manifolds-Topology/

Data

Goal: Separate red 
and blue classes

Linear Classifier Simple Neural Network

Transformed inputs

ϕ(x)
f(x) = w⊺x f(x) = w⊺

2ϕ(w⊺
1x)

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Visualizing Neural Networks colah.github.io/posts/2014-03-NN-Manifolds-Topology/

Transformations 
learned during 

training:

Learns linear 
separation of 

transformed inputs

→

https://colah.github.io/posts/2014-03-NN-Manifolds-Topology/
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Understanding Activation Functions
• Linear models on top of good features can 

yield excellent results! 

• Neural networks = automatic featurizers with 
linear models as their basic building blocks 

• What does this really mean?

→

f(x) = wTϕ(x)
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Understanding Activation Functions

• Common choice: ReLU (“Rectified Linear Unit”)  

• Nonlinear 

• Easy to compute 

• Simple derivative

• Linear models on top of good features can 
yield excellent results! 

• Neural networks = automatic featurizers with 
linear models as their basic building blocks 

• What does this really mean?

→

More on this in next lecture!

f(x) = wTϕ(x)
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Understanding Activation Functions

• Can combine weighted 
ReLUs to approximate 
target function!
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Understanding Activation Functions

• NN ~ a stacking and 
combining of weighted 
linear combinations of 
inputs passed through 
nonlinear activation 
functions 

• During training you learn 
the optimal weights

Source

https://www.reddit.com/r/dataisbeautiful/comments/mysyuz/oc_neural_network_learning_to_approximate/
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Building Neural Networks
• Starting from the linear model…

b

Σ

= w1x1 + w2x2 + b
f(x) = Σiwi ⋅ xi + b

1

x1

x2

w1

w2

f(x) = wTx

~ w0
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Building Neural Networks

ϕ(x)

1b

Σ

• Add a nonlinear transformation ϕ(x)

f(x) = ϕ(Σiwi ⋅ xi + b)
1

x1

x2

w1

w2

f(x) = wTϕ(x)
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Building Neural Networks

ϕ(x)

1

x1

x2

b

w1

w2
Σ

• Define a node h(x)

h(x) = ϕ(Σiwi ⋅ xi + b)

1

f(x) = ϕ(Σiwi ⋅ xi + b)
= h(x)

f(x) = h(x) = wTϕ(x)
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Building Neural Networks

1b

• Define a node h(x)

h(x)

1

x1

x2

w1

w2
f(x) = h(x)

f(x) = h(x) = wTϕ(x)

h(x) = ϕ(Σiwi ⋅ xi + b)
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Building Neural Networks

1b

• Let’s add complexity: additional transformations for even more expressiveness!

x1

x2

h1(x)

1

Let’s add another transformation…
1

w1

w2

h1(x) = ϕ(Σiwi ⋅ xi + b)
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Building Neural Networks

b

• Let’s add complexity: additional transformations for even more expressiveness!

1

x1

x2

h1(x)

h2(x)
1

Let’s combine these into a single output…

w1

w2

v1

v2

h1(x) = ϕ(Σiwi ⋅ xi + b)

h2(x) = ϕ(Σivi ⋅ xi + b)
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Building Neural Networks

b

• Let’s add complexity: additional transformations for even more expressiveness!

h1(x) = ϕ(Σiwi ⋅ xi + b)

1

x1

x2

h1(x)

h2(x)
1

h2(x) = ϕ(Σivi ⋅ xi + b)w1

w2

v1

v2
u1

u2
f(x) = uT

1 h1(x) + uT
2 h2(x)

Σ
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Building Neural Networks
• Linear algebra makes things simpler: Replace everything with matrices!

x2

b

x1
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Building Neural Networks

x2

b

x1

X =

x1
x2
⋮
xD

input layer

• Linear algebra makes things simpler: Replace everything with matrices!

X
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Building Neural Networks

X

x2

b

x1

input layer

• Linear algebra makes things simpler: Replace everything with matrices!

1

1

w11 W =

w11 w12 ⋯ w1D
w21 w22 ⋯ w2D
⋮ ⋮ ⋱ ⋮

wK1 wK2 ⋯ wKD

hidden layer

H(1)

w12

w21

w22

H(1) = ϕ(W(1)X + b(1))

W(1)

H(L) = ϕ(W(L)H(L−1) + b(L))
or with L hidden layers:

h1(x)

h2(x)
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Building Neural Networks

X

x2

b

x1

input layer

• Linear algebra makes things simpler: Replace everything with matrices!

1

1

w11

hidden layer

w12

w21

w22

output layer

Y

Y = W(2)H(1) + b(2)

W(1)

u1

u2

W(2)

H(1)
or with L hidden layers:

Y = W(L)H(L−1) + b(L)

h1(x)

h2(x)
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NN Architecture

• Neural networks: linear models 
after inputs are mapped to 
learned features through 
nonlinear transformations 

• Architecture defines nature of 
nonlinear transformation 

• Do not explicitly design nonlinear 
features! 
• Optimize how to weight and 

combine them during training

Count the 
hidden layers!

NN-SVG

https://alexlenail.me/NN-SVG/index.html
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How to train your neural network
• What we have so far: 

• Training dataset: input and target* data  

• Model that is a weighted series of nonlinear transformations of the inputs 

• Learning objective: minimize loss function  to find optimal weights  

• (eg. minimize distance from modeled output to target data)

S = {(x1, y1), . . . , (xN, yN)}

L(Y, Y′￼)

H(L) = ϕ(W(L)H(L−1) + b(L)) Y = W(L)H(L−1) + b(L)H(1) = ϕ(W(1)X + b(1))
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How to train your neural network
• What we have so far: 

• Training dataset: input and target* data  

• Model that is a weighted series of nonlinear transformations of the inputs 

• Learning objective: minimize loss function  to find optimal weights  

• (eg. minimize distance from modeled output to target data)

S = {(x1, y1), . . . , (xN, yN)}

L(Y, Y′￼)

H(L) = ϕ(W(L)H(L−1) + b(L)) Y = W(L)H(L−1) + b(L)H(1) = ϕ(W(1)X + b(1))

What optimization 
algorithm do we use?
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Gradient Descent
• We want to minimize the loss  to find 

the optimal weights : 

• At iteration : 

• Compute the gradient : direction 
of steepest increase of  at  

• Take a small step in the opposite direction: 

• Continue until max  or stopping condition

L(Y, Y′￼)
w

t

∇wL(w(t))
L(w) w(t)

t

w(t + 1) = w(t) − η∇wL(w(t))

Step size / learning rate

Medium article

yi

y′￼i

https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c/
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Gradient Descent

tutorial example

• Linear model example: 

https://www.startertutorials.com/blog/gradient-descent-and-cost-function-in-python.html
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How to train your neural network

X

Start with initialized 
weights, compute 

model output

Y

W
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How to train your neural network

X
Compute Loss  

(ex. difference between 
predictions and target)

Y

W
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How to train your neural network

X
Compute gradient of loss 

function ∇wL(w(t))

Y

W
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How to train your neural network

X
Update model weights

w(t + 1) = w(t) − η∇wL(w(t))

Y

W
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How to train your neural network

X

Compute model output 
with updated weights

Y

W
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How to train your neural network

X Y

W

Compute updated Loss 
(ex. difference between 
predictions and target)
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How to train your neural network

X Y

W

Repeat loop (model output prediction, 
loss computation, gradient, weight 

update) until max t or stopping condition
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How to train your neural network

X Y

W

Evaluate final performance, 
model is trained!
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How to train your neural network

X Y

W

Inference: make predictions 
with trained neural network. 

Weights are finalized.
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Model Choices
• Architecture: depth/complexity 

• Activation functions: ReLU, …? (next lecture) 

• Loss function: pick to suit learning objective! 

• Types of data: images, tabular, multi-modal… 

• Data management (preprocessing, batching etc) 

• Types of machine learning? 

• Supervised vs. unsupervised (next slide) 

• Classification vs. regression (next slide) 

• Should you even use a NN? Pick the model that best suits your task→

more in the rest of 
the school

→
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Classification vs. Regression
Predict a continuous value  

Regression→
Predict a discrete class  

Classification→

• Ex: Estimate particle 
momentum from detector hits 

• Ex: Classify neutrino interactions

→

E
px
py
pz

, q, type, ppileup, …

2

1234567890

CHEP IOP Publishing

IOP Conf. Series: Journal of Physics: Conf. Series 898 (2017) 072053  doi :10.1088/1742-6596/898/7/072053

Figure 1. NOvA characteristic data events. Side views of 3x11 meter sections of the detector.

The color of the hits indicates deposited charge (measured in ADC counts). The neutrino neutral

current interactions (bottom), as well as the charged current interactions for electron (middle)

and muon (top) flavor are each the main signal on NOvA’s neutral current, ⌫e appearance and

⌫µ disappearance analyses, respectively. This makes the classification of these events the crucial

first step for these analyses.

for our first analyses[1, 2] was done in two main steps. First, reconstruction algorithms make

a geometrical separation of each particle’s contribution to the event. Then, identification

algorithms extract physics information, i.e. dE/dx and projected trajectory, from each particle’s

contribution (given as a cluster of hits) and attempt to identify the leptonic component of the

interaction
1
by using neural networks trained on these features.

2. The CVN Convolutional Neural Network

2.1. Advantages of Convolutional Neural Networks

Deep learning algorithms[7] have been successful in tasks like image recognition[6, 9]. These

networks–and in particular convolutional neural networks (CNNs)–present several advantages

with respect to the traditional identification methods described in Section 1. Not only do

traditional algorithms rely heavily on the e�ciency of the geometric separation of the compo-

nents, they are also limited in that the features they employ for identification are only those

1 As seen in Figure 1 the outgoing lepton carries the same flavor as the original neutrino by lepton conservation.
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Classification vs. Regression
Predict a continuous value  

Regression→

• Output layer   
• Loss ex. Mean Squared Error 
• Ex: Estimate particle momentum from 

detector hits 

y = f(x)

→

E
px
py
pz

, q, type, ppileup, …

y = f(x)

• MSE ~average squared 
distance between your 
predictions and the true 
values
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Classification vs. Regression
Predict a discrete class  

Classification→
• Output layer  

• Binary  between (1,0) 

• Multi-class softmax  vector 
of probabilities summing to 1 

• Loss ex. Cross-entropy 
• Ex: Classify neutrino interactions

y = ϕ( f(x))
y = σ( f(x)) →

y = ( f(x)) →

2

1234567890

CHEP IOP Publishing

IOP Conf. Series: Journal of Physics: Conf. Series 898 (2017) 072053  doi :10.1088/1742-6596/898/7/072053

Figure 1. NOvA characteristic data events. Side views of 3x11 meter sections of the detector.

The color of the hits indicates deposited charge (measured in ADC counts). The neutrino neutral

current interactions (bottom), as well as the charged current interactions for electron (middle)

and muon (top) flavor are each the main signal on NOvA’s neutral current, ⌫e appearance and

⌫µ disappearance analyses, respectively. This makes the classification of these events the crucial

first step for these analyses.

for our first analyses[1, 2] was done in two main steps. First, reconstruction algorithms make

a geometrical separation of each particle’s contribution to the event. Then, identification

algorithms extract physics information, i.e. dE/dx and projected trajectory, from each particle’s

contribution (given as a cluster of hits) and attempt to identify the leptonic component of the

interaction
1
by using neural networks trained on these features.

2. The CVN Convolutional Neural Network

2.1. Advantages of Convolutional Neural Networks

Deep learning algorithms[7] have been successful in tasks like image recognition[6, 9]. These

networks–and in particular convolutional neural networks (CNNs)–present several advantages

with respect to the traditional identification methods described in Section 1. Not only do

traditional algorithms rely heavily on the e�ciency of the geometric separation of the compo-

nents, they are also limited in that the features they employ for identification are only those

1 As seen in Figure 1 the outgoing lepton carries the same flavor as the original neutrino by lepton conservation.

• Cross entropy~how surprised you 
are by the true answer given your 
predicted probability

y = σ( f(x))
softmax  y = ( f(x))σ( f(x))
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Supervised vs. Unsupervised Learning

Supervised 
Learning

Labeled 
Data

Compare 
prediction vs truth

Unsupervised 
Learning

Unlabeled 
Data

Find structure or 
patterns in the data

Reinforcement 
Learning

Unlabeled 
Data

Maximize reward 
signal over time
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Takeaways + Conclusion
• Machine Learning: computer algorithms that 

automatically learn to approximate unknown 
functions from data 

• Neural Networks are universal function 
approximators 

• Linear models after inputs are mapped to 
learned features through nonlinear 
transformations 

• Optimize how to weight and combine 
features during training 

• Pick the model that best suits your task

→
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Thank you!
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Recap

ModelData Prediction

Representation of the 
underlying function 

describing your data

x

f(x)

y = f(x)

• Neural networks are universal function approximators→

Deep neural networks trained to 
represent extremely complex, 

nonlinear functions
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Building Neural Networks

b

• Let’s add complexity: additional transformations for even more expressiveness!

1

x1

x2

h1(x)

h2(x)
1

w1

w2

v1

v2

f(x) = ϕ(uT
1 h1(x) + uT

2 h2(x))

u1

u2

Can transform output as well!

ϕ(x)Σ

ϕ

h1(x) = ϕ(Σiwi ⋅ xi + b)

h2(x) = ϕ(Σivi ⋅ xi + b)
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Sidenote: Boosted Decision Trees
• ~Flowchart of binary cuts on multiple variables 

• Boosting: combine many trees:  

• When a tree misclassifies events, the next 
tree is trained with those misclassified 
events given higher weight 

• The final score is a weighted vote across all 
trees. 

• Interpretable, easy to train 

• Excellent results for appropriate problems!

scikit-learn.org
Pick the model that suits your task→

BDT tutorial

https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
https://datahacker.rs/011-machine-learning-decision-three/
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Common Loss Functions
• Mean Squared Error (MSE) 

• ~average squared distance between your predictions and the true values

• Cross-entropy 

• ~how surprised you are by the true answer given your predicted probability

2 classes c classes


