
Convolutional neural 
networks 

Lecture 11 of ML for physicists



Convolutional layers
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Convolutional filter
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Pooling layers
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Convolutional 
architectures



Flatten 
2D->1D









Correction on 
attention layer 
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Modus Operandi of 
Deep Learning 

Lecture 13

 of ML for physicists



Text
F1

F2
F3

Input data

labels

Hierarchy of features



You create more!

What do you do when do not have 
enough data?
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Data augmentation

Changing the pixels without changing the label
Train on transformed data
Widely used

Figure credit: E. Gavves 121 / 167
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Data augmentation

Horizontal �ips
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Data augmentation

Random crops/scales
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Data augmentation

Color jitter

randomly jitter color, brightness, contrast, etc.
other more complex alternatives exist (PCA-jittering)

125 / 167
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Data augmentation

Various techniques can be mixed
Domain knowledge helps in �nding new data augmentation
techniques
Very useful for small datasets

126 / 167



Transfer Learning 



Transfer Learning 



?



Overparametrization

Larger is better 



• More compute (GPUs), larger datasets, more trainable 
parameters. 


• Scaling-laws are the key drive of current AI industry. 

Kaplan et al.’20

Scaling drives AI forward … 

… but related cost pulls AI back!



Scaling brings more questions ….

•  Performance follows scaling laws.


➡Can we derive the exponents? 


• Capabilities emerge with scale. 


➡ Is this a phase transition? 


• The curse of dimensionality = training neural networks is NP-hard (Blum, Rivest’89). 


➡Can we characterize when hardness can be avoided? 

Wei et al.’22

Kaplan et al.’20



OVERFITTING



Saxe, Advani’17



Parity-MNIST, 5 layers, FCN,	
 hinge loss, no regularisation

zero training 	
error

P
#Pa

[Geiger et al. ’18]

DOUBLE-DESCENT



DOUBLE-DESCENT

Belkin, Hsu, Ma, Mandal’19



➡ State-of-the-art neural networks are able to fit random labels. 

➡ Classical bounds on the generalisation error (VC, Rademacher) 
are void, as they rely on not being able to fit random labels.









Adversarial examples 



Adversarial examples 



ADVERSARIAL EXAMPLES

What does this mean? 



TRAINING NEURAL NETWORKS

Empirical risk minimisation = minimisation of a loss

minw[ 1
n

n

∑
μ=1

ℓ(yμ, fw(Xμ)) + λ∥w∥2
2]

• square loss: ,  

• logistic loss:  

• cross-entropy loss for K-class classification: 

ℓ(y, z) = (y − z)2

ℓ(y, z) = log2(1 + e−yz)

ℓ(y, z(X)) = −
K

∑
a=1

ya log
eza(X)

∑b ezb(X) pa(X) =
eza(X)

∑b ezb(X)

cross-entropy scores



DEEP NETS TYPICALLY OVERCONFIDENT

Observation: SOTA deep nets are over-parametrized.  

Over-parametrization leads to zero training loss. 

Cross-entropy is zero only if the scores  put all probability 
to one class.   

Early stopping usually prevent cross-entropy to go to zero, 
but still gives a large score to the most probable class. 

pa

over-parametrised = scores overconfident



DEEP NETS NEED TO BE CALIBRATED



WHAT IS CALIBRATION? 

For times where we predict 25% of rain it should rain 25% of the time.



TEMPERATURE SCALING

Choose T so as to minimise the validation loss. 

Model predicts non-calibrated  pa(X)

pa(X, T ) ≡
e

1
T za(X)

∑b e 1
T zb(X)

ℒ({Xμ, yμ}nval
μ=1) = −

1
nval

nval

∑
μ=1

K

∑
a=1

yμ,a log pa(Xμ, T )

Define: 



UQ IN NEURAL NETS

Bayesian Deep Learning (Gal, Ghahramani’15, Wilson, Hu, 
Salakhutdinov, Xing’16) 

Deep Ensembles (Lakshminarayanan, Pritzel, Blundell’16) 

Temperature Scaling (Guo, Pless, Sun, Weinberger’17) 

Bootstrap, Jacknife, Conformal prediction.  

Many many more … 

Yet ChatGPT still hallucinates!! 


