
Mock Exam – WS 25/26

Thang Vu
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Supervised Learning

• Supervised learning: predict target y from input x
– Training data x is given with its corresponding label, y
– Regression: y is a real-valued number
– Classification: y represents a category or class
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RNN

• Input data: 
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RNN

• Input data: 
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RNN

• Input data: 

9

x2

Wi

Wo

x1, x2, x3,..., xn[ ]

Wh

Copy

1

2

0  a1 a2

Memory
a2 =σ (Wix2 +Wha1)

y2 = softmax(Woa2 )



RNN

• Input data: 
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Elman Network & Jordan Network
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Challenges

• Challenge 1: What if the input is a matrix?
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Challenges

• Challenge 1: What if the input is a matrix?
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Challenges

• Challenge 1: What if the input is a matrix?

• #parameters
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Challenges

• Challenge 1: What if the input is a matrix?

• Don‘t want to blow up the number of parameters
– If possible, reduce the number of parameters
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Challenges

• Challenge 2: What if the input is shifted?
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Challenges

• Challenge 2: What if the input is shifted?
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• Language processing:

• Input 1: „I am happy 
today“
• Input 2: „Today I am 
happy“ 



Challenges

• Challenge 2: What if the input is shifted?
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Challenges

• Challenge 2: What if the input is shifted?

• Wish to recognize patterns
– Position independent
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CNN for Speech Emotion Recognition [Neumann, Vu, 2017]

• Extract emotion from speech
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Which emotion? (happy, anger, sad or neutral)



CNN for Speech Emotion Recognition [Neumann, Vu, 2017]

• Extract emotion from speech

25

happy,
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CNN for Natural Language Processing
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Gradient Computation for CNN
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• Gradient of the convolution is
a sum over all gradients of the
shared parameters

• Gradient of the max pooling
layer depends on the indices of
the largest value
– Need to store the indices of the

largest value



Task 4

29



Task 5

30



Sequence to sequence (Seq2seq)

• The first paper:
Sequence to sequence learning with neural networks – 
Sutskever, Vinyals, Le - 2014 
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Sequence to sequence (Seq2seq)

• Sequence-to-sequence tasks are everywhere:
– Speech Recognition
– Machine translation
– Text summarization
– Conversational modeling
– Image captioning
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Bahdanau et al 2014
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https://lena-
voita.github.io/nlp_course/se
q2seq_and_attention.html



Luong et al 2015
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Self-Attention in Details
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https://lena-
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Self Attention in Details

• Step 2: Calculate scores for each word with others
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scoring function

trick to have more stable gradients

normalization step

http://jalammar.github.io/illustrated-transformer/



Self Attention in Details

• Step 3: Compute the values and the output
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http://jalammar.github.io/illustrated-transformer/

compute all the values

sum up the weighted value vectors
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Stochastic Gradient Descent

• Gradient Descent:

– In which

• Stochastic Gradient Descent:
– Pick an example xr
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θi ←θi−1 −η∇C
r (θi−1)

θi ←θi−1 −η∇C(θi−1)

∇C(θi−1) =
1
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Stochastic Gradient Descent

• What is an epoch?
• Training data: 
• When using the stochastic gradient descent:
– Starting with
– Pick 

43

(x1, y1), (x2, y2 ),..., (xR, yR )

θ1←θ0 −η∇C
1(θ0 )

θ0

θ2 ←θ1 −η∇C
2 (θ1)

(x1, y1)
(x2, y2 )

θR ←θR−1 −η∇C
R (θR−1)(xR, yR )

(x1, y1) θR+1←θR −η∇C
R+1(θR )

Seen all the
training data
One epoch



Stochastic Gradient Descent

• Mini-batch Gradient Descent:
– Pick B examples as a batch b
– B is the batch size

• Mini-batch Gradient Descent is faster than Stochastic
Gradient Descent
– Less updates
– Better parallelization

• Important: Shuffle the data after each epoch
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θi ←θi−1 −η
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Challenges of Gradient Descent

• Depending on the initialization points, we will obtain
different models and, therefore different results
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Uniform or Normal Distribution

• Uniform
– Values are drawn from a uniform distribution U(a,b)
– a is lower bound, e.g. 0 and 

b is the upper bound, e.g. 1

• Normal 
– Values are drawn from a normal distribution 

N(mean, std2)
– mean is the mean value, e.g. 0 

and std is the standard deviation, e.g. 1
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Xavier or Glorot Methods

• Understanding the difficulty of training deep 
feedforward neural networks, Xavier Glorot and Yoshua 
Bengio, 2010

• Uniform:
– Values are drawn from a uniform distribution U(-a,a)

𝑎 = 𝑔𝑎𝑖𝑛 .
6

𝑓𝑎𝑛!" + 𝑓𝑎𝑛#$%
• Normal:
– Values are drawn from a normal distribution N(0, std2)

𝑠𝑡𝑑 = 𝑔𝑎𝑖𝑛 .
2

𝑓𝑎𝑛!" + 𝑓𝑎𝑛#$%
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Kaiming or He Methods

• Delving Deep into Rectifiers:
Surpassing Human-Level Performance on ImageNet
Classification, Kaiming He et al 2015

• Uniform:
– Values are drawn from a uniform distribution U(-b,b)

b = 𝑔𝑎𝑖𝑛 .
3

𝑓𝑎𝑛&#'(
• Normal:
– Values are drawn from a normal distribution N(0, std2)

𝑠𝑡𝑑 = 𝑔𝑎𝑖𝑛 .
2

𝑓𝑎𝑛&#'(
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mode could be 
either in or out
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Weight Decay

• It is also well known as ‚Regularization‘ (L2)
• New cost function to be minimized

Regularization term

• Original cost to minimize
(e.g. cross entropy)
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C '(θ ) =C(θ )+λ 1
2
θ

2

θ =W 1,W 2,...



Weight Decay

• It is also well known as ‚Regularization‘ (L2)
• New cost function to be minimized

Gradient:      

• Update: 

smaller and smaller
52

C '(θ ) =C(θ )+λ 1
2
θ

2 ∂C '
∂w

=
∂C
∂w

+λw

wt+1← wt −η
∂C '
∂w

= wt −η(∂C
∂w

+λwt )

= (1−ηλ)wt −η
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Dropout

• In each iteration: Each neuron has p% to dropout
during training
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Dropout: A Simple Way to Prevent Neural
Networks from Overfitting, 2014



Dropout

• In each iteration: Each neuron has p% to dropout
during training, i.e. network structure is changed

• Only update the existing networks
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Dropout

• In each iteration: Each neuron has p% to dropout
during training, i.e. network structure is changed

• Only update the existing networks
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Dropout

• No dropout during testing: Scale the weight with
1-p% if the dropout weight is p% during training
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Thanks for listening!
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