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Question 3: Monte Carlo Sampling Pseudocode



Question 3: Monte Carlo Sampling Pseudocode
b) MC Error: keep BOTH function evaluations and 
function evaluations squared. Here: unit function 
(If point is inside the shaded area).

c) The Monte Carlo error behaves as 

 . 

With 10 times more samples,  

Thus  

ϵMC ∼
Var
M

M2 = 10 ⋅ M1

ϵMC2
∼

ϵMC1

10



Notebook 9 - to the lab!



Theory Recap: NN1



Enter AI…

Source: Nature

Source: DeepMind

“There is no reason and no way that a human mind can  
keep up with an artificial intelligence machine by 2035.” 

                                                                    -Gray Scott

Source: https://www.theguardian.com/commentisfree/2020/sep/08/robot-wrote-this-article-gpt-3

https://www.cse-lab.ethz.ch/research/projects/reinforcement-learning/

Source: Progressive Growing of GANs for Improved Quality,  
Stability, and Variation (Karras et al.  2017).

https://generated.photos/faces

- Games: AlphaZero (2017) 

- Natural Language Processing (NLP) - GANs 

- Fluid mechanics!



Architectures
https://towardsdatascience.com/the-mostly-

complete-chart-of-neural-networks-
explained-3fb6f2367464

Many types of network exist 
• Fully Connected Neural Networks 
• Convolutional Neural Networks (CNN) 
• Recurrent Neural Networks (RNN)

y = F(x, w), ℝn0 → ℝnL

InputOutput
Weight 

All have the same general structure:

Given enough neurons in a layer and 
sufficient data, an multi layer ANN can 
approximate any function from  to x y
Cybenko 1989, Hornik1991

They are universal function approximators:



For each layer 
1. Input  is weighted by  
2. Summed 
3. Activation function  is applied

xi wi

φ

Architecture: 2-layer network

Map Input to First Layer 

     and a1
j =

n0

∑
i=0

w1
jixi z1

j = φ1 (a1
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Map First to Second layer / Output 

     and a2
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w2
jiz

1
i yj = z2

j = φ2 (a2
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Compact Notation 
    y(x; w) = φ2 (W2φ1 (W1x))



Architecture: L-layer network

Same Idea as before, giving y(x; w) = φL (WLφL−1 (WL−1φL−2 (⋯W2φ2 (W1x))))



Activation Functions



Training
Goal: update the weights  such that the output  given an input  matches a target  
Given: dataset 

w yn xn ŷn
d = {xn, ŷn}

Forward Pass

Backward Pass

Steps: 
1. Build a model , initialize the weights 

 
2. Perform the forward pass, i.e. produce the output  

for all  in the dataset 
3. Compute the loss with respect to the target 

 

4. Perform the backward pass, i.e. update the weights 
5. Repeat until you reach a minimum.

y(xn, w)
w = {W1, W2, …, WL}

yn
xn

E(w) =
1
2

N

∑
n=1

(ŷn − y(xn, w))2 =
N

∑
n=1

En



We update weights using gradient descent (GD): 

    w(k+1) = w(k) − η∇wE (w(k))

Gradient Descent / Backpropagation
error

weight

x

w(1)

x

w(2)

E(w(1))
∂w

Rewrite the gradient in terms of  : 

    

Thus, we can use information ( ) from the forward pass

aj = ∑
k

wjkzk

∂En
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zi

 In the written exercise you are asked to explore this in more detail→

Check out 3Blue1Brown Deep Learning Series

https://www.youtube.com/playlist?list=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi
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