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Midterm Exam
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Median: 82

Max: 107 (x2)
Median: 82
Mean: 81.5



Midterm Exam in Context
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Canvas: put your midterm exam in context
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Use Canvas’s grades tool to calculate your potential overall grade.

Everyone gets 8

Max is 25

https://canvas.wisc.edu/courses/479352/grades


Course Schedule / Calendar
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Your Feedback
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• Please fill out our anonymous Google Form

https://docs.google.com/forms/d/e/1FAIpQLSef-Dm8v_qAG1DjZJOafg2VgOCF-D7crmB_vKJZXxi6AHFnZg/viewform?usp=dialog


Generative Models



Where we’re going: Deep Generative Models
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Discriminative Model (what we’ve seen so far)

Cat or dog?

Generative Model (what we’re going to see)



Where we’re going: Deep Generative Models
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NVIDIA is 
now valued 
at >$4.5T



A Linear Intro to Generative Models



Generative and Discriminative Models
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• Generative:
• Models the joint distribution P(𝑋, 𝑌).

• Discriminative:
• Models the conditional distribution P(𝑌|𝑋).

X

Y

P(X,Y)

P(Y|X=x) P(Y|X=x)



Two paths to P(Y|X)
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• Discriminative:

• Learn P 𝑋 𝑌 , P Y
• Calculate 𝑃 𝑋 = ׬

𝑌
𝑃 𝑋, 𝑌 𝑑𝑌 

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

Learn P Y XObserve X, Y

• Generative:



Two paths to classification
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• Discriminative:

• Learn P 𝑋 𝑌 , P Y
• Calculate 𝑃 𝑋 = ׬

𝑌
𝑃 𝑋, 𝑌 𝑑𝑌

Observe X, Y

Observe X, Y

• Generative:

෠𝑌 = argmaxYP Y X

෠𝑌 = argmaxYP X Y P(Y)



Example Discriminative Model: Logistic Regression

Ben Lengerich © University of Wisconsin-Madison 2025

Observe X, Y

• Parameterize:

• 𝑃 𝑌 = 1 𝑋 = 𝜎(𝜃𝑇𝑋) , where 𝜎 𝑧 =
1

1+𝑒−𝑧 is the sigmoid function.

• 𝑃 𝑌 = 0 𝑋 = 1 − 𝑃(𝑌 = 1|𝑋)

• Recall: Why this parameterization?

𝐥𝐨𝐠
𝑷(𝒀 = 𝟏|𝑿)

𝑷(𝒀 = 𝟎|𝑿)
= log

𝜎(𝜃𝑇𝑋)

1 − 𝜎(𝜃𝑇𝑋)

= log

1

1+𝑒−𝜃𝑇𝑋

1 −
1

1+𝑒−𝜃𝑇𝑋

= log

1

1+𝑒−𝜃𝑇𝑋

(1+𝑒−𝜃𝑇𝑋)− 1

1+𝑒−𝜃𝑇𝑋

= log

1

1+𝑒−𝜃𝑇𝑋

𝑒−𝜃𝑇𝑋

1+𝑒−𝜃𝑇𝑋

 

=  log
1

𝑒−𝜃𝑇𝑋
= log 𝑒𝜃𝑇𝑋 = 𝜽𝑻𝑿

Learn P Y X

• Discriminative:



Example Discriminative Model: Logistic Regression
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Observe X, Y

• Parameterize:

• 𝑃 𝑌 = 1 𝑋 = 𝜎(𝜃𝑇𝑋) , where 𝜎 𝑧 =
1

1+𝑒−𝑧 is the sigmoid function.

• 𝑃 𝑌 = 0 𝑋 = 1 − 𝑃(𝑌 = 1|𝑋)

• Estimate መ𝜃 from observations:
• ෠𝜃 = argmax𝜃 ς𝑖 𝑃(𝑌𝑖|𝑋𝑖; 𝜃)

       = argmax𝜃 σ𝑖[𝑌𝑖 log 𝜎 𝜃𝑇𝑋𝑖 + 1 − 𝑌𝑖 log(1 − 𝜎(𝜃𝑇𝑋𝑖))]

• Calculate 𝑃 𝑌 = 1 𝑋 = 𝜎(𝜃𝑇𝑋)

Learn P Y X

• Discriminative:



Example Generative Model: Naïve Bayes
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• Parameterize:

• Assume 𝑃 𝑋 𝑌 = ς𝑗=1
𝑑 𝑃 𝑋𝑗 𝑌 ,   𝑃 𝑌 = 𝑘 =

# 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑤𝑖𝑡ℎ 𝑌=𝑘

𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 

• 𝑃 𝑋𝑗 𝑌 = 𝑁(𝜇𝑗𝑘, 𝜎𝑗𝑘
2 ) 

Learn P 𝑋 𝑌 , P Y

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

Conditional independences of features X | Y
Frequency of labels

Y

𝑋1 … 𝑋𝑑



Example Generative Model: Naïve Bayes
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• Parameterize:

• Assume 𝑃 𝑋 𝑌 = ς𝑗=1
𝑑 𝑃 𝑋𝑗 𝑌 ,  𝑃 𝑌 = 𝑘 =

# 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑤𝑖𝑡ℎ 𝑌=𝑘

𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 

Learn P 𝑋 𝑌 , P Y

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

• Estimate:
• Ƹ𝜇, ො𝜎 = argmax𝜇,𝜎𝑃(𝑋|𝑌)

• Calculate 𝑃 𝑌 = 1 𝑋 =
ς𝑗=1

𝑑 𝑃 𝑋𝑗 𝑌 = 1 𝑃 𝑌=1

𝑃 𝑋



Summary
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• Discriminative:

• Learn P 𝑋 𝑌 , P Y
• Calculate 𝑃 𝑋 = ׬

𝑌
𝑃 𝑋, 𝑌 𝑑𝑌 

Observe X, Y P Y X =
P X Y P(Y)

𝑃(𝑋)

Learn P Y XObserve X, Y

• Generative:



What about MAP / Regularization?
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Observe X, Y

• Parameterize:

• 𝑃 𝑌 = 1 𝑋 = 𝜎(𝜃𝑇𝑋) , where 𝜎 𝑧 =
1

1+𝑒−𝑧 is the sigmoid function.

• 𝑃 𝑌 = 0 𝑋 = 1 − 𝑃(𝑌 = 1|𝑋)

• Estimate መ𝜃 from observations:
• ෠𝜃 = argmax𝜃 ς𝑖 𝑃 𝑌𝑖 𝑋𝑖; 𝜃

       = argmax𝜃 σ𝑖 𝑌𝑖 log 𝜎 𝜃𝑇𝑋𝑖 + 1 − 𝑌𝑖 log(1 − 𝜎(𝜃𝑇𝑋𝑖))

• Calculate 𝑃 𝑌 𝑋

Learn P Y X; 𝜃

Prior P(𝜃)

𝑃(𝜃)

−𝑅(𝜃)

Logistic Regression:



Discriminative vs Generative Models
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• Discriminative models optimize the conditional likelihood:

෣𝜃𝑑𝑖𝑠𝑐 =  argmax𝜃𝑃 𝑌 𝑋; 𝜃  

• Generative models optimize the joint likelihood:
෣𝜃𝑔𝑒𝑛 =  argmax𝜃𝑃 𝑋, 𝑌; 𝜃  

Are these the same optimization?



Discriminative vs Generative Models
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• Discriminative models optimize the conditional likelihood:

෣𝜃𝑑𝑖𝑠𝑐 =  argmax𝜃𝑃 𝑌 𝑋; 𝜃  

• Generative models optimize the joint likelihood:
෣𝜃𝑔𝑒𝑛 =  argmax𝜃𝑃 𝑋, 𝑌; 𝜃

Are these the same optimization?

= argmax𝜃

𝑃 𝑋 𝑌; 𝜃 𝑃(𝑌; 𝜃)

𝑃(𝑋; 𝜃)

= argmax𝜃𝑃 𝑋 𝑌; 𝜃 𝑃 𝑌; 𝜃

Same optimization when 𝑷(𝑿; 𝜽) is invariant to 𝜽



Logistic Regression vs Naïve Bayes
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Logistic Regression Naïve Bayes

Discriminative Generative

Defines 𝑃 𝑌 𝑋; 𝜃 Defines 𝑃 𝑋, 𝑌; 𝜃

Estimates ෢𝜃𝑙𝑟 = argmax𝜃𝑃 𝑌 𝑋; 𝜃 Estimates ෢𝜃𝑛𝑏 = argmax𝜃𝑃 𝑋, 𝑌, 𝜃

Lower asymptotic error on classification Higher asymptotic error on classification

Slower convergence in terms of samples Faster convergence in terms of samples



Discriminative vs Generative: A Proposition
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• “While discriminative learning has lower asymptotic error, a generative 
classifier may also approach its (higher) asymptotic error much faster.”

LR
NB

Ng & Jordan 2001

Why?



Discriminative vs Generative: A Proposition
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• “While discriminative learning has lower asymptotic error, a generative 
classifier may also approach its (higher) asymptotic error much faster.”

• Underlying assumption of this statement:
• Generative models of the form 𝑷 𝑿, 𝒀, 𝜽  make more simplifying assumptions 

than do discriminative models of the form 𝑷 𝒀|𝑿, 𝜽 .

• Not always true

• “So far there is no theoretically correct, general criterion for choosing between the 
discriminative and the generative approaches to classification of an 
observation x into a class y; the choice depends on the relative confidence we have 
in the correctness of the specification of either p(y|x) or p(x, y) for the data.”

Xue & Tittering 2008

https://link.springer.com/article/10.1007/s11063-008-9088-7
https://link.springer.com/article/10.1007/s11063-008-9088-7


Modern Deep Generative Models (DGMs)
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• Goal: Generative models of the form 𝑷 𝑿, 𝒀, 𝜽  without strong 
simplifying assumptions.

• Hidden structure 𝑧 that explains high-dim. 𝑥

• Fundamental challenge: We never observe 𝑧

• This makes two core computations difficult:

• Marginal likelihood: 𝑝𝜃 𝑥 = ׬ 𝑝𝜃 𝑥, 𝑧 𝑑𝑧 

• Posterior inference: 𝑝𝜃 𝑧 ∣ 𝑥 ∝ 𝑝𝜃 𝑥 ∣ 𝑧 𝑝(𝑧) 

• Each type of DGM makes a tradeoff



Coming up…
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Coming up…

Ben Lengerich © University of Wisconsin-Madison 2025

Vaswani, A., Shazeer, N., Parmar, N., 
Uszkoreit, J., Jones, L., Gomez, A.N., 
Kaiser, L. and Polosukhin, I., 2017. 
Attention Is All You Need.
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Coming up…
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Coming up…

Ben Lengerich © University of Wisconsin-Madison 2025

https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised

https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://cameronrwolfe.substack.com/p/understanding-and-using-supervised


Coming up…
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Coming up…
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Source: AIML.com Research



Questions?
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