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•Convolutional Layers

•Classification

•Pre-trained models

•Unsupervised Methods

•Best practices

•Hot topics in ML research
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C O N V O L U T I O N A L  N E U R A L  N E T W O R K S

Feature Extraction Latent Space Task



Input Filter Feature Map
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M A X  P O O L I N G
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max pool with 2x2 filters

and stride 2
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C H R I S T I A N  S Z E G E D Y  E T.  A L .  G O I N G  D E E P E R  W I T H  C O N V O L U T I O N S .

 “GoogLeNet network with all the bells and whistles” 
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Feature Extraction Latent Space Task
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Application 2: Can we use machine learning to accurately

classify events in detectors?

Metrics
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Application: Can we use machine learning to accurately

classify events in detectors?



A C T I V E - TA R G E T  T I M E  P R O J E C T I O N  C H A M B E R  ( AT- T P C )
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E X P E R I M E N TA L  D ATA

AT-TPC HALL B



V G G 1 6  A R C H I T E C T U R E

P R E - T R A I N E D  O N  I M A G E N E T  D ATA !



Experiment Precision Recall F1
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Precision Recall F1
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Experimental
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AT-TPC HALL B

Precision Recall F1
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6x faster!
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C O N V O L U T I O N A L  N E U R A L  N E T W O R K S

Feature Extraction Latent Space Task



C L U S T E R I N G  —  K M E A N S

Goal: minimize pairwise distances between points in same cluster

Goal: maximize pairwise distances between points in different clusters

min
k

∑
i=1

1
2N

N

∑
x,y,x≠y

( ⃗x − ⃗y)2
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Input Output
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Input A1 A2 A3 Output

10000000 0.9911 0.9869 0.0093 10000000

01000000 0.9892 0.0095 0.0124 01000000

00100000 0.0094 0.0283 0.0122 00100000
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00001000 0.0139 0.9904 0.0186 00001000

00000100 0.0128 0.9805 0.9868 00000100
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G E N E R AT I V E  M O D E L S

M I C H E L L E  K U C H E R A 
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D E C O D E R

How do we know that 
we are providing a 
latent vector that 

represents those seen 
in training?

Variational Autoencoder
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mean stdev
Encode to 

two outputs 
for each 

latent 
dimension:

mean and 

stdev

Sample 
similar points 

in latent 
space, 

decode, and 
compare with 
regularization



https://blog.keras.io/building-autoencoders-in-keras.html
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S E L E C T  H O T  T O P I C S

 - Transformers


 - Normalizing Flows


 - Zero shot learning


 - Ethics
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T R A N S F O R M E R S

 - large language models


- “attention”
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T R A N S F O R M E R S

AlphaCode
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Z E R O  S H O T  L E A R N I N G



E T H I C S

Large, pertained models 


           — power (cost and authority)


          — bias


 image models


 language models




L A R G E  M O D E L S

Largest jumps in ability currently due to extremely 
large models being trained on our data


Leads to ethical considerations




N E W  R E S E A R C H

Conference papers


NeurIPS: Neural Information Processing Systems


ICML: International Conference on Machine Learning


IJCAI: International Joint Conference on Artificial 
Intelligence


FAccT: Fairness, Accountability, and Transparency
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D ATA

NORMALIZATION


•Puts each feature on same scale 


•Allows default hyperparamters to be a good 

starting point


     - learning rate, initialization of weights, etc.


•Options depend on data distribution


•Standardization: mean: 0 stdev: 1


•Min-max: [0,1]
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D ATA

ENCODING


•Non-numeric data


•Class-based features:


• One-hot encoding: 2  [0 1]


• When classes do not have sequential 

meaning: ✅ cars vs dogs vs plants ❌ months


→

Feature 
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Feature
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Feature
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Example 
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2
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A C T I V I T Y  D E S C R I P T I O N

•Simulating e+p collisions


•Predicting particle-level 

invariant mass (regression)


•Advanced: try a 

generative model (e.g. 

autoencoders)



A C T I V I T Y  D E S C R I P T I O N

•Sigmoid activation for 

hidden layer and linear for 

output (regression model)


•How many “trainable 

parameters” in our model?

L =
I

∑
i=i

wixi + b

N =
1

1 + e−(∑I
i=1 xiwi+b)

px

py

pz

E

q

m

m2 = E2 − ∥p∥2



C O M M U N I T Y

•Each of you arrived here with your own backgrounds, specialty, and path in 

life


•Your experience and expertise are valuable here, no matter what it is


•If the activity is within your background, help others!


•If you are totally (or a little) lost, ask for help!


•It is our shared goal to have each of us leave with some new skill/

knowledge/understanding



G E T T I N G  S TA R T E D

•Navigate to https://github.com/alpha-davidson/ICTP-Citizen-Science-2023


•If you have access to a google login, click “open in collar”


•Otherwise, download and open in Deepnote or download onto your 

personal computer (with appropriate dependencies)

https://github.com/alpha-davidson/ICTP-Citizen-Science-2023

