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This Lecture: Advanced Machine Learning  

ÅRegression Approaches 

ü Linear Regression  

ü Regularization (Ridge, Lasso)  

ü Gaussian Processes 
 

ÅLearning with Latent Variables  

ü Prob. Distributions  & Approx. Inference  

ü Mixture Models  

ü EM and Generalizations  
 

ÅDeep Learning  

ü Linear Discriminants  

ü Neural Networks  

ü Backpropagation  

ü CNNs, RNNs, RBMs, etc. 
B. Leibe 
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ÅOne output node per class  

 

 

 

 

 

ÅOutputs  

ü Linear outputs           With output nonlinearity  

 

 

 

Ý Can be used to do multidimensional linear regression or 

multiclass classification . 

Recap: Perceptrons  

3 
B. Leibe Slide adapted from Stefan Roth  

Input layer  

Weights  

Output layer  
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ÅStraightforward generalization  

 

 

 

 

 

 

 

ÅOutputs  

ü Linear outputs           with output nonlinearity  

 

 

Recap: Non-Linear Basis Functions  

4 
B. Leibe 

Feature layer  

Weights  

Output layer  

Input layer  

Mapping (fixed)  
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ÅStraightforward generalization  

 

 

 

 

 

 

 

ÅRemarks 

ü Perceptrons  are generalized linear discriminants!  

ü Everything we know about the latter can also be applied here.  

ü Note: feature functions Á(x ) are kept fixed, not learned!  

 

 

Recap: Non-Linear Basis Functions  

5 
B. Leibe 

Feature layer  

Weights  

Output layer  

Input layer  

Mapping (fixed)  
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Recap: Perceptron Learning  

ÅProcess the training cases in some permutation  

ü If the output unit is correct, leave the weights alone.  

ü If the output unit incorrectly outputs a zero , add the input 

vector to the weight vector.  

ü If the output unit incorrectly outputs a one, subtract the input 

vector from the weight vector.  
 

ÅTranslation  

 

 

ü This is the Delta rule  a.k.a. LMS rule!  

Ý Perceptron Learning corresponds to 1 st-order (stochastic) 

Gradient Descent of a quadratic error function!  

6 
B. Leibe Slide adapted from Geoff Hinton  

w
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Recap: Loss Functions  

ÅWe can now also apply other loss functions  
 

ü L2 loss 

 
 

ü L1 loss: 

 
 

ü Cross-entropy loss  

 
 

ü Hinge loss 

 
 

ü Softmax loss 

7 
B. Leibe 

Ý Logistic regression  

Ý Least-squares regression  

Ý Median regression  

L (t; y(x)) = ¡
P

n

P
k

n
I (tn = k) ln

exp(yk (x ))P
j exp(y j (x ))

o

Ý SVM classification  

Ý Multi -class probabilistic classification  



P
e
rc

e
p
tu

a
l 
a

n
d

 S
e
n

s
o
ry

 A
u

g
m

e
n

te
d
 C

o
m

p
u

ti
n

g
 

A
d

v
a
n

c
e
d

 M
a
c
h

in
e
 L

e
a
rn

in
g

 W
i
n
t
e
r
ô
1
5

 

Recap: Multi -Layer Perceptrons  

ÅAdding more layers  

 

 

 

 

 

 

 

ÅOutput  

8 
B. Leibe 

Hidden layer  

Output layer  

Input layer  

Slide adapted from Stefan Roth  
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Topics of This Lecture  

ÅLearning with Hidden Units  
 

ÅObtaining the Gradients  
ü Naive analytical differentiation  

ü Numeric differentiation  

ü Backpropagation  

ü Computational graphs  

ü Automatic differentiation  
 

ÅPractical Issues  
ü Nonlinearities  

ü Sigmoid outputs and the L 2 loss  

ü Implementing Softmax correctly  

9 
B. Leibe 
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Learning with Hidden Units  

ÅHow can we train multi -layer networks efficiently?  

ü Need an efficient way of adapting all  weights, not just the last 

layer.  

 

ÅIdea: Gradient Descent  

ü Set up an error function  

 

 

with a loss L (¢) and a regularizer  W(¢).  
 

ü E.g.,  

 

 
 

Ý Update each weight          in the direction of  the gradient             

 

 

 

 

10 
B. Leibe 

L2 loss  

L2 regularizer  

(òweight decayó)  
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Gradient Descent  

ÅTwo main steps  

1. Computing the gradients for each weight  
 

2. Adjusting the weights in the direction of  

the gradient  

11 
B. Leibe 

today  

Thursday  
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Topics of This Lecture  

ÅLearning with Hidden Units  
 

ÅObtaining the Gradients  
ü Naive analytical differentiation  

ü Numeric differentiation  

ü Backpropagation  

ü Computational graphs  

ü Automatic differentiation  
 

ÅPractical Issues  
ü Nonlinearities  

ü Sigmoid outputs and the L 2 loss  

ü Implementing Softmax correctly  

12 
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Obtaining the Gradients  

ÅApproach 1: Naive Analytical Differentiation  

 

 

 

 

 

 

 

ü Compute the gradients for each variable analytically.  
 

ü What is the problem when doing this?  

13 
B. Leibe 
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Excursion: Chain Rule of Differentiation  

ÅOne-dimensional case: Scalar functions  

14 
B. Leibe 
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Excursion: Chain Rule of Differentiation  

ÅMulti -dimensional case: Total derivative  

 

 

 

 

 

 

 

 

Ý Need to sum over all paths that lead to the target 
variable x.  

15 
B. Leibe 
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Obtaining the Gradients  

ÅApproach 1: Naive Analytical Differentiation  

 

 

 

 

 

 

 

ü Compute the gradients for each variable analytically.  
 

ü What is the problem when doing this?  

Ý With increasing depth, there will be exponentially many paths!  

Ý Infeasible to compute this way.  

16 
B. Leibe 
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Topics of This Lecture  

ÅLearning with Hidden Units  
 

ÅObtaining the Gradients  
ü Naive analytical differentiation  

ü Numerical differentiation  

ü Backpropagation  

ü Computational graphs  

ü Automatic differentiation  
 

ÅPractical Issues  
ü Nonlinearities  

ü Sigmoid outputs and the L 2 loss  

ü Implementing Softmax correctly  

17 
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Obtaining the Gradients  

ÅApproach 2: Numerical Differentiation  

 

 

 

 

 

 

 

ü Given the current state W (¿), we can evaluate E(W (¿)).  

ü Idea: Make small changes to W (¿) and accept those that improve 

E(W (¿)).  

Ý Horribly inefficient! Need several forward passes for each 

weight. Each forward pass is one run over the entire dataset!  
18 

B. Leibe 
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Topics of This Lecture  

ÅLearning with Hidden Units  
 

ÅObtaining the Gradients  
ü Naive analytical differentiation  

ü Numerical differentiation  

ü Backpropagation  

ü Computational graphs  

ü Automatic differentiation  
 

ÅPractical Issues  
ü Nonlinearities  

ü Sigmoid outputs and the L 2 loss  

ü Implementing Softmax correctly  

19 
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Obtaining the Gradients  

ÅApproach 3: Incremental Analytical Differentiation  

 

 

 

 

 

 

 

ü Idea: Compute the gradients layer by layer.  

ü Each layer below builds upon the results of the layer above.  

Ý The gradient is propagated backwards through the layers.  

Ý Backpropagation  algorithm  

20 
B. Leibe 
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Backpropagation Algorithm  

ÅCore steps 

1. Convert the discrepancy  

between each output and its  

target value into an error  

derivate.  

 
 

2. Compute error derivatives in  

each hidden layer from error  

derivatives in the layer above.  

 
 

3. Use error derivatives w.r.t.  

activities to get error derivatives  

w.r.t.  the incoming weights  

21 
B. Leibe Slide adapted from Geoff Hinton  
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ÅNotation  

ü yj  Output of layer j     Connections:  

ü zj  Input of layer j    

Backpropagation Algorithm  

22 
B. Leibe Slide adapted from Geoff Hinton  

E.g. with sigmoid output nonlinearity  
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ÅNotation  

ü yj  Output of layer j     Connections:  

ü zj  Input of layer j    

Backpropagation Algorithm  

23 
B. Leibe Slide adapted from Geoff Hinton  
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ÅNotation  

ü yj  Output of layer j     Connections:  

ü zj  Input of layer j    

Backpropagation Algorithm  

24 
B. Leibe Slide adapted from Geoff Hinton  


