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Discriminative Approach

Ex: Logistic regression,
multinoulli regression

Estimate P(Y|X) directly

(Or a discriminant function: e.g., a
linear classifier or support vector
machine) A

Xy

Prediction (mode):
y=PY =y|X =x)

Generative Approach
Ex: Naive Bayes

Estimate P(Y) and P(X|Y)

Prediction (mode):
y = argmax, P(Y = y)P(X = x|Y =y)



Discriminative Approach

Ex: Logistic regression,
multinoulli regression

Estimate P(Y|X) directly

(Or a discriminant function: e.g., a
linear classifier or support vector
machine)

Prediction (mode):
y=PY =y|X =x)

Generative Approach
Ex: Naive Bayes

Estimate P(Y) and P(X|Y)
This is coming up soon...

Prediction (mode):
y = argmax, P(Y = y)P(X = x|Y =y)



Multinoulli (Softmax) Regression
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Also known as:
Categorical regression def softmax(X):
Maximum entropy (classifier)

exps = np.exp(X)

return exps / np.sum{exps)

Note: Full generalization of logistic regression to handle Categorical distributions (over discrete categories/classes)



Binary Logistic Regression
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1Dl Binary versus multinomial logistic regression. Binary logistic regression uses a
single weight vector w, and has a scalar output ¥. In multinomial logistic regression we have
K separate weight vectors corresponding to the K classes, all packed into a single weight
matrix W, and a vector output §.

(Daniel Jurafsky &
James H. Martin 2021)



Multinoulli: Connection to Logistic Regression

1) Derivation of 2-Class multinoulli regressor in terms of
logistic regression!

2) Derivation of the multinoulli (log) likelihood in terms
of Bernoulli (log) likelihood!




Multinoulli (Softmax) Regression
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Multinoulli (Softmax) Regression
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Multinoulli (Softmax) Regression
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Multinoulli Regressor: Architecture
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Multinoulli Regressor: Architecture

We will learn parameters by minimizing the negative log likelihood of our model’s predictive posterior.
[f we say that p is our model’s vector of normalized output probabilities, we define the negative log

loss (cost) as follows:

Recall: what is this
term known as?
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Decision boundary - Heatmap
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Notice that the data is
linearly separable!
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Could We Do Even Better?

* Yes, if we revisit artificial features / basis functions...

* Generalize these to the notion of infinite-dimensional feature spaces
(leading to the “kernel’ trick)

* Incorporate the concept of “support vectors” and max-margin optimization
* We get support vector machines (SVMs; not treated in this course)

* Probabilistic graphical models (PGMs)

* We introduce domain knowledge to craft graphs/relationships of variables
with probability arcs/tables

* Deep learning
* Through artificial neural networks or chains of nonlinear processing
* We will get to this later



A Cautionary Example

Image classification of tanks. Autofire when an enemy tank is spotted.
Input data: Photos of own and enemy tanks.

Worked really good with the training set used.

In reality, it failed completely. Why?


http://w1.500.telia.com/~u50015076/strv_104.html
http://w1.500.telia.com/~u50015076/strv_121.html
http://w1.500.telia.com/~u50015076/strv_103.html
http://w1.500.telia.com/~u50015076/strv_122.html

A Cautionary Example

—

Image classification of tanks. Autofire when an enemy tank is spotted.
Input data: Photos of own and enemy tanks.

Worked really good with the training set used.

In reality, it failed completely.

Reason: All enemy tank photos taken in the morning. All tanks in data shown at dawn
The classifier could NOT recognize dusk from dawn!!!!


http://w1.500.telia.com/~u50015076/strv_104.html
http://w1.500.telia.com/~u50015076/strv_121.html
http://w1.500.telia.com/~u50015076/strv_103.html
http://w1.500.telia.com/~u50015076/strv_122.html

Cross-Validation: Measuring Generalization
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SUPERVISED
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Getting Back to Bayes
Thinking

Bayes Theorem Revisited!
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