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Categories of Learning (Rep.)

no supervision, but 
a reward function

Learning

Unsupervised 
Learning

Supervised 
Learning

Reinforcement 
Learning

clustering, density 
estimation

learning from a training 
data set, inference on 

the test data
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Regression Classification

target set        
is discrete, e.g.

Y = [1, . . . , C]

target set        
is continuous, e.g.

Y = R
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Visualisation
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Linear 
Regression

Principle: 
• Minimise loss function during training 
• Use the found parameters for prediction
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Linear 
Regression

Bayesian Linear 
Regression

Principle: 
• Minimise loss function during training 
• Use the found parameters for prediction

Principle: 
• Compute parameter posterior  

from training data 
• During inference, compute the predictive  

distribution

p(w | x, t)
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p(t⇤ | x⇤,x, t)
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Advantages: 
• Less tendency of overfitting 
• Probabilistic interpretation,  

uncertainty estimation
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Linear 
Regression

Logistic 
Regression

Bayesian Linear 
Regression

probabilistic reasoning 

from regression to 
classification
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Logistic Regression

To convert the regression problem into a classification 
problem, we use a sigmoid function σ(), e.g.: 

This can be interpreted as a classification 
probability
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�(a) =
1

1 + exp(�a)
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To convert the regression problem into a classification 
problem, we use a sigmoid function σ() 

We still use our linear prediction model  

but now we use the sigmoid function to model a 
foreground class probability 

Thus, we consider a two-class problem (binary 
classification).
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f(x,w) = wT�(x)
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yi = �(wT�(xi)) i = 1, . . . , N
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Again, we formulate a model of the likelihood of 
the training data:  

But now, we use the Bernoulli distribution: 

And again, we aim to maximise the (log)-likelihood 
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p(t | x,w) =
NY

i=1

p(ti | xi,w)
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argmax
w

p(t | x,w)
<latexit sha1_base64="76Zxil2sjvyNsEUXnwoHhRoMC9s="></latexit><latexit sha1_base64="76Zxil2sjvyNsEUXnwoHhRoMC9s="></latexit><latexit sha1_base64="76Zxil2sjvyNsEUXnwoHhRoMC9s="></latexit><latexit sha1_base64="76Zxil2sjvyNsEUXnwoHhRoMC9s="></latexit>

ti 2 {0, 1}
<latexit sha1_base64="PLaWGIxTBAFU5Ove+Cmu9IWgicI="></latexit><latexit sha1_base64="PLaWGIxTBAFU5Ove+Cmu9IWgicI="></latexit><latexit sha1_base64="PLaWGIxTBAFU5Ove+Cmu9IWgicI="></latexit><latexit sha1_base64="PLaWGIxTBAFU5Ove+Cmu9IWgicI="></latexit>

p(ti | xi,w) = ytii (1� yi)
(1�ti)
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We minimise the negative log-likelihood:
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E(w) = � log p(t1, . . . , tN | x,w)
<latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit><latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit><latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit><latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit>



PD Dr. Rudolph Triebel 
Computer Vision Group

Machine Learning for 
Computer Vision

Logistic Regression

We minimise the negative log-likelihood:
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E(w) = � log p(t1, . . . , tN | x,w)
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“Cross entropy”

= �
NX

i=1

(ti log yi + (1� ti) log(1� yi))
<latexit sha1_base64="1kP1wNNWB0QGTjlaIdnKwUtCdrQ="></latexit><latexit sha1_base64="1kP1wNNWB0QGTjlaIdnKwUtCdrQ="></latexit><latexit sha1_base64="1kP1wNNWB0QGTjlaIdnKwUtCdrQ="></latexit><latexit sha1_base64="1kP1wNNWB0QGTjlaIdnKwUtCdrQ="></latexit>



PD Dr. Rudolph Triebel 
Computer Vision Group

Machine Learning for 
Computer Vision

Logistic Regression

We minimise the negative log-likelihood:
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E(w) = � log p(t1, . . . , tN | x,w)
<latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit><latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit><latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit><latexit sha1_base64="xXBmZmCsVMqMjJvpIpvGIXT52D0="></latexit>

“Cross entropy”

= �
NX

i=1

(ti log yi + (1� ti) log(1� yi))
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rE(w) =
NX

i=1

(yi � ti)�(xi)
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Problem: The error equation can not be solved in 
closed form 

Instead, we need to apply an iterative approach, 
e.g. Newton-Raphson
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rE(w) =
NX

i=1

(�(wT�(xi))� ti)�(xi)
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wnew = wold �H
�1rE(w)
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wold
<latexit sha1_base64="tx2xNg/OiXF3mKX4AC5stW97xX8="></latexit><latexit sha1_base64="tx2xNg/OiXF3mKX4AC5stW97xX8="></latexit><latexit sha1_base64="tx2xNg/OiXF3mKX4AC5stW97xX8="></latexit><latexit sha1_base64="tx2xNg/OiXF3mKX4AC5stW97xX8="></latexit>

rE(w)
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Hessian Matrix
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The update rule for the logistic regression 
methods is then: 

Where the weighting metric R depends also on 
the weights w
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wnew = wold � (�TR�)�1�T (y � t)
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Linear 
Regression

Logistic 
Regression

Bayesian 
Logistic Regression

Bayesian Linear 
Regression
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Bayesian Logistic Regression

• We can also use the Bayesian formulation to do 
classification 

• Idea: formulate a prior distribution over w 

• Problem: The likelihood is not Gaussian, 
therefore we won’t have a closed form solution 
for the posterior 

• Therefore: We approximate the posterior using 
Laplace approximation
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