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Lecture 6: Representation Learning
& Generative Models

CMSC 475/675 Neural Networks

Some VAE slides are from Ranjay Krishna



Machine Learning Problems



SUPERVISED LEARNING

‣ setting : ‣ setting :

• Training time
‣ data :

{x(t), y(t)}

• Test time
‣ data :

{x(t), y(t)}

x(t), y(t) ⇠ p(x, y) x(t), y(t) ⇠ p(x, y)

Example

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼: 𝑥𝑥(𝑡𝑡) is an image

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂: 𝑦𝑦(𝑡𝑡) is an image 
category



MULTITASK LEARNING

• Training time
‣ data :

‣ setting :

• Test time
‣ data :

‣ setting :

{x(t), y(t), . . . , y(t)}
1 M

{x(t), y(t), . . . , y(t)}
1 M

1x(t), y(t), . . . , y(t) ⇠M

p(x, y1, . . . , yM )
1x(t), y(t), . . . , y(t) ⇠M

p(x, y1, . . . , yM )

Example

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼: 𝑥𝑥(𝑡𝑡) is an image
𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂: 

• 𝑦𝑦1
(𝑡𝑡): image category

• 𝑦𝑦1
(𝑡𝑡): object detection

• 𝑦𝑦1
(𝑡𝑡): depth estimation

• 𝑦𝑦1
(𝑡𝑡): semantic 

segmentation 

• …



MULTITASK LEARNING
Topics: multitask learning

...x1 xd...xj

......

......

h(1)(x)

h(2)(x)

W(1)

W(2)

y3
...

y1
...

y2
...



DOMAIN ADAPTATION
9

• Test time
‣ data :

• Training time
‣ data :

{x(t), y(t)}

• Example
‣ classify sentiment 

(positive vs negative)

‣ in reviews of different 
products

‣ training onAmazon 
Reviews but testing on 
Yelp Reviews

‣ setting :

x(t) ⇠ p(x)

y(t) ⇠ p(y|x(t))

{x̄ (t), y(t)}

‣ setting :

x̄ ( t ) ⇠ q(x)

y(t) ⇠ p(y|x̄(t))

{x̄ (t0 )}

x̄ (t) ⇠ q(x)⇡ p(x)



ONE-SHOT LEARNING
11

• Training time
‣ data :

{x(t), y(t)}

• Test time
‣ data :

{x(t), y(t)}

• Example
‣ recognizing a person 

based on a single 
picture of him/her

subject to y(t) 2 {1,. .., C} subject to y(t) 2 {C + 1,. .., C + M }
‣ side information :

- a single labeled example from 
each of the M new classes

‣ setting :

x(t), y(t) ⇠ p(x, y)

‣ setting :

x(t), y(t) ⇠ p(x, y)



ZERO-SHOT LEARNING
13

• Training time
‣ data :

{x(t), y(t)}

• Test time
‣ data :

{x(t), y(t)}

• Example
‣ recognizing an object 

based on a worded 
description of it

subject to y(t) 2 {1,. .., C}
‣ side information :

- description vector zc of each of 
the C classes

subject to y(t) 2 {C + 1,. .., C + M }
‣ side information :

- description vector zc of each of 
the new M classes

‣ setting :

x(t), y(t) ⇠ p(x, y)

‣ setting :

x(t), y(t) ⇠ p(x, y)



SEMI-SUPERVISED LEARNING

‣ setting : ‣ setting :

• Test time
‣ data :

{x(t), y(t)}

• Training time
‣ data :

{x(t), y(t)}

{x ( t )}

x(t), y(t) ⇠ p(x, y)

x(t) ⇠ p(x)

x(t), y(t) ⇠ p(x, y)



UNSUPERVISED LEARNING

‣ setting : ‣ setting :

• Test time
‣ data :

{x ( t )}

• Training time
‣ data :

{x ( t )}

x(t) ⇠ p(x) x(t) ⇠ p(x)



How can we train models “unsupervised”?



How can we train models “unsupervised”?

This is the focus of representation learning



How can we train models “unsupervised”?

This is the focus of representation learning

There’s an entire conference on Representation Learning

ICLR has become one of the top 
CS and Engineering (not just AI) 
publication although it just started 
in 2013.

In fact top-10 in ALL OF SCIENCE



How can we train models “unsupervised”?

This is the focus of representation learning

There’s an entire conference on Representation Learning

ICLR has become one of the top 
CS and Engineering (not just AI) 
publication although it just started 
in 2013.

In fact top-10 in ALL OF SCIENCE



Warning

I might use the terms “latent”, “embedding”, 
“representation”, “feature” interchangeably.



Motivation (kind of): Compression

• The idea is similar to compression (signal processing) or hashing (data structures):
o encode an image into a smaller vector s.t. you can decode it back to its original form

‒ Example:  images, audio, video are stored in a compressed form on your computer using compression 
algorithms like JPEG, MP3, MPEG etc.  The computer has software to decode it back so that you can 
view it (everytime you “open” a JPEG file to view an image, the decoder runs and converts code to RGB)



Motivation (kind of): Compression
• The idea is similar to compression (signal processing) or hashing (information theory):

o encode an image into a smaller vector s.t. you can decode it back to its original form
‒ Example:  images, audio, video are stored in a compressed form on your computer using compression algorithms 

like JPEG, MP3, MPEG etc.  The computer has software to decode it back so that you can view it (everytime you 
“open” a JPEG file to view an image, the decoder runs and converts code to RGB)

• Representation Learning 
∼ convert inputs automatically into “codes” (called representations/embeddings / features) 
s.t. the representations are:
o Useful for downstream tasks (e.g. classification, regression, …)
o “explain the data” and are “meaningful”

• Main difference:   “meaningful” representation spaces to do “tasks”

(The goal for compression is only efficient storage — not data classification/clustering etc.) 



Representation Learning Paradigm

Raw Data
(e.g. text, image, audio, 

video, …)

Representation 
Learning

(Encoding)

Do tasks / actions 
with these 

representations



Typical Goals for Representations

Source:  Pankaj Gupta (LMU Munich)

Similar representations for similar concepts



Typical Goals for Representations

Source:  Pankaj Gupta (LMU Munich)

A Semblance of “Context” should be encoded …

If you know the answer, 
don’t share it with the class yet.

People from lands between Greece and India 
might know the answer …



Typical Goals for Representations

Source:  Pankaj Gupta (LMU Munich)

A Semblance of “Context” should be encoded …



Typical Goals for Representations
A Semblance of “Context” should be encoded …

food



Typical Goals for Representations
A Semblance of “Context” should be encoded …

food

If you speak Marathi, this word has two meanings depending on context

Halwa (1):  a food item    derived from: Farsi
Halwa (2): (an instruction to) move (something) derived from: Sanskrit



Typical Goals for Representations

Source:  Pankaj Gupta (LMU Munich)

A Semblance of “Context” should be encoded …



Typical Goals for Representations

Source:  Pankaj Gupta (LMU Munich)

A Semblance of “Context” should be encoded …

dessert



Typical Goals for Representations

Source:  Pankaj Gupta (LMU Munich)

A Semblance of “Context” should be encoded …

sugary
dessert

Oh no! I forgot to put sugar in the 





Typical Goals for Representations

• “bird” has  “wing”, “beak”, “feathers”

• “bird” can  “fly”

• “bird” is under category  “animal”

• “bird” has subcategories “eagle”, “peacock”, “sparrow”, “seagull”, “pigeon”

Source:  Pankaj Gupta (LMU Munich)

Parts, properties, attributes, ontology ?



Representation Learning is a Philosophy for Learning

Parallel Work in Cog.Sci.
Key assumptions in this philosophy:

• You can convert a high-dimensional input space 
into a low-dimensional representation space
o Example:  RGB images  100 dim vectors

• A good representation space will have a 
“structure”
o Example: Similarity, Symmetry, Relations will be 

easy to understand

o Why?  So that we can do arithmetic in 
representation space to do tasks

• Representations can be learned from data

• Representations can be leveraged for doing 
tasks



Representation Learning is a Philosophy for Learning

Key assumptions in this philosophy:

• You can convert a high-dimensional input space 
into a low-dimensional representation space
o Example:  RGB images  100 dim vectors

• A good representation space will have a 
“structure”
o Example: Similarity, Symmetry, Relations will be 

easy to understand

o Why?  So that we can do arithmetic in 
representation space to do tasks

• Representations can be learned from data

• Representations can be leveraged for doing 
tasks

Parallel Work in Cog.Sci.



Tell us how it works …



Types of Modeling (Probabilistic Interpretation)

 Data: x; Label: y

    Density Function: 𝑝𝑝 𝑥𝑥

 ∫𝑋𝑋 𝑝𝑝 𝑥𝑥  𝑑𝑑𝑑𝑑 = 1

(probabilities of all inputs sum to 1)

“cat”

Discriminative Model
 

Learn Prob. Dist. 𝑃𝑃(𝑦𝑦|𝑥𝑥)

∀𝑥𝑥, ∑𝑐𝑐 𝑃𝑃 𝑦𝑦 = 𝑐𝑐 𝑥𝑥 = 1  

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7

Cat Horse Tiger

P(y|x=     )

0

0.2

0.4

0.6

0.8

1

Cat Horse Tiger

P(y|x=     )



Types of Modeling (Probabilistic Interpretation)

 Data: x; Label: y

    Density Function: 𝑝𝑝 𝑥𝑥

 ∫𝑋𝑋 𝑝𝑝 𝑥𝑥  𝑑𝑑𝑑𝑑 = 1

(probabilities of all inputs sum to 1)

“cat”

Generative Model
 

Learn Marginal Prob. Dist. 𝑃𝑃(𝑥𝑥)

 

Conditional Generative Model
 

Learn conditional probability 𝑃𝑃(𝑥𝑥|𝑦𝑦)

0
0.05
0.1

0.15
0.2

0.25
0.3

0.35
0.4

0.45

P(       )P(      ) P(       )



Types of Modeling (Probabilistic Interpretation)

 Data: x; Label: y

    Density Function: 𝑝𝑝 𝑥𝑥

 ∫𝑋𝑋 𝑝𝑝 𝑥𝑥  𝑑𝑑𝑑𝑑 = 1

(probabilities of all inputs sum to 1)

“cat”

• Discriminative Model

Learn Prob. Dist. 𝑃𝑃(𝑦𝑦|𝑥𝑥)

• Generative Model

 

Learn Marginal Prob. Dist. 𝑃𝑃 𝑥𝑥

• Conditional Generative Model

 

Learn conditional probability 𝑃𝑃(𝑥𝑥|𝑦𝑦)



Types of Modeling (Probabilistic Interpretation)

• Discriminative Model

Learn Prob. Dist. 𝑃𝑃(𝑦𝑦|𝑥𝑥)

• Generative Model

 

Learn Marginal Prob. Dist. 𝑃𝑃 𝑥𝑥

• Conditional Generative Model

 

Learn conditional probability 𝑃𝑃(𝑥𝑥|𝑦𝑦)

APPLICATIONS

Classification, Regression, 
Representation Learning 

(with labels)



Types of Modeling (Probabilistic Interpretation)

• Discriminative Model

Learn Prob. Dist. 𝑃𝑃(𝑦𝑦|𝑥𝑥)

• Generative Model

 

Learn Marginal Prob. Dist. 𝑃𝑃 𝑥𝑥

• Conditional Generative Model

 

Learn conditional probability 𝑃𝑃(𝑥𝑥|𝑦𝑦)

APPLICATIONS

Data Generation
Outlier Detection

Representation Learning 
(without labels)



Types of Modeling (Probabilistic Interpretation)

• Discriminative Model

Learn Prob. Dist. 𝑃𝑃(𝑦𝑦|𝑥𝑥)

• Generative Model

 

Learn Marginal Prob. Dist. 𝑃𝑃 𝑥𝑥

• Conditional Generative Model

 

Learn conditional probability 𝑃𝑃(𝑥𝑥|𝑦𝑦)

APPLICATIONS

Machine Translation
Text-to-image generation

(pretty much every “GenAI” 
product you see is a 

conditional generative model)



Generative Models   

• What’s a Generative Model?
o A model for the probability distribution of data 𝑥𝑥  P(x)

o A model that can be used to “generate” data  marketing term “genAI”

• Generative Models can be learned
o You are given some observed data X   (e.g. face images)

o You choose a function (e.g. neural network) to model 𝑃𝑃(𝑥𝑥; 𝜃𝜃) using parameters 𝜃𝜃
o You estimate 𝜃𝜃 s.t. 𝑃𝑃 𝑥𝑥; 𝜃𝜃  best fits the observations X

“Generative 
Model”

Seed x



Generative Models
• Generative Models can be learned

o You estimate 𝜃𝜃 s.t. 𝑃𝑃 𝑥𝑥; 𝜃𝜃  best fits the observations X

• “Best fit” in what sense?
o Maximum Likelihood   𝜃𝜃∗ =  argmax

𝜃𝜃
 𝑃𝑃(𝑥𝑥; 𝜃𝜃)

• How to model the distribution of high dimensional data?

𝑃𝑃 𝑥𝑥 = �
𝑧𝑧
𝑃𝑃 𝑥𝑥, 𝑧𝑧  𝑑𝑑𝑑𝑑 =  �

𝑧𝑧
𝑃𝑃 𝑧𝑧 𝑃𝑃(𝑥𝑥|𝑧𝑧) 

o 𝑃𝑃𝜃𝜃(𝑧𝑧) and 𝑃𝑃𝜃𝜃(𝑥𝑥|𝑧𝑧) can be factorized 

𝑃𝑃𝜃𝜃 𝑥𝑥 𝑧𝑧 = 𝑃𝑃𝜃𝜃 𝑥𝑥1  … , 𝑥𝑥𝐷𝐷 𝑧𝑧) =  �
𝑖𝑖

𝑃𝑃𝜃𝜃(𝑥𝑥𝑖𝑖|𝑧𝑧)

𝜃𝜃∗ =  argmax
𝜃𝜃

𝑃𝑃𝜃𝜃 𝑥𝑥 =  argmax
𝜃𝜃

�
𝑖𝑖

𝑃𝑃𝜃𝜃(𝑥𝑥𝑖𝑖|𝑧𝑧) = argmax
𝜃𝜃

 log�
𝑖𝑖

𝑃𝑃𝜃𝜃(𝑥𝑥𝑖𝑖|𝑧𝑧)
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