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Overview

* Introduction
* What can Generative Models do?
* What are Generative Models?
* Generative models and representation learning

» Generative Models: Concepts and Recent Frontiers
* Variational Autoencoders (VAE)
* Diffusion models

* Embedded Ethics



Overview

* Introduction
* What can Generative Models do?
* What are Generative Models?
* Generative models and representation learning



The “GenAl” Era

Chatbot and natural language conversation,

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new
instances that are similar to the original data but not identical to any specific

training exa @

@ Message ChatGPT




The “GenAl” Era

Class-to-image generation, 2019

Generated by BigGAN



The “GenAl” Era

Text-to-image generation, 2022

’A street sign that reads "A zombie in the "A shirt with the inscription:
“Latent Diffusion” ’ style of Picasso’

—_
(" LATENT )
DIFFUSION

“I love generative models!

Generative
Models!

Generated by Latent Diffusion



The “GenAl” Era

Text-to-image generation, 2024

Generated by Stable Diffusion 3 Medium.
Prompt: teddy bear teaching a course, with "generative models” written on blackboard



The “GenAl” Era

Text-to-image generation, 2025

Generated by GPT 40



The “GenAl” Era

Text-to-video generation, 2024

i

Generated by Sora



The “GenAl” Era

Al assistant for code generation

GITHUB COPILOT: CHAT @ parse_expenses.py X addresses.rb ® sentiments.ts
GitHub Copilot import datetime

Hi @monalisa, how can | help you?

I'm powered by Al, so surprises and mistakes are possible. Make sure

to verify any generated code or suggestions, and share feedback so
that we can learn and improve.

a question or type /' for commands




The “GenAl” Era

Protein design and generation

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023



The “GenAl” Era

Weather forecasting

DGMR

Skilful precipitation nowcasting using deep generative models of radar, Nature 2021




Generative Models before the “GenAl” Era

2020, image GPT: Fill bottom part of the image

Chen et al. “Generative Pretraining from Pixels”, ICML 2020



Generative Models before the “GenAl” Era

2016, Context Encoder: Fill center part of the image

Pathak, et al., “Context Encoders: Feature Learning by Inpainting”, CVPR 2016



Generative Models before the “GenAl” Era

2009, PatchMatch: Photoshop’s Content-aware Fill

PatchMatch: A Randomized Correspondence Algorithm for Structural Image Editing, SIGGRAPH 2009



Generative Models before the “GenAl” Era

1999, the Efros-Leung algorithm for texture synthesis

lIIIIIII=IIIIIIIL non-parametric ===
. .

sampling
-l
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Input image

Synthesizing a pixel

Texture Synthesis by Non-parametric Sampling, ICCV 1999



Generative Models before the “GenAl” Era

1999, the Efros-Leung algorithm for texture synthesis

In today’s word: this is an Autoregressive model

exempla
r

Texture Synthesis by Non-parametric Sampling, ICCV 1999



What are Generative Models?



What do these scenarios have in common?

Image generation

Chatbot

Video generation
Protein generation
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What do these scenarios have in common?

* There are multiple or infinite predictions to
one input.

* Some predictions are more “plausible”
than some others.

Image generation

Chatbot

* Training data may contain no exact
solution.

* Predictions may be more complex, more
informative, and higher-dimensional than o 4
input. Video generation

Protein generation



Discriminative vs. Generative models

discriminative discriminative

* “sample” x = “label” y

e one desired output




Discriminative vs. Generative models

discriminative

“sample” x = “label” y
one desired output

generative

“label” y = “sample” x

many possible outputs

discriminative

generative




Discriminative vs. Generative models

discriminativep(y|z)




Discriminative vs. Generative models

discriminativep(y|z) generative p(z|y)

p(zly = 0)

p(zly =1)




Formulating Real-world Problems as Generative Models

* Generative models are about  p(z|y)
* Many problems can be formulated as generative models

* The research of generative models is all about accurately modeling  p(z|y)



What do we mean by modeling p(x|y)

In a discriminative model, we care about modeling

ply|x)
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observing the data (x|



What do we mean by modeling p(x|y)

In a discriminative model, we care about modeling

ply|x)

this is called the posterior — i.e., a probability distribution that
represents what we believe about some unknown quantity after
observing the data (x|

typically, we care about finding the most likely value for y given the
data x. This is called maximum a posteriori estimation

argmax p(y|x)



What do we mean by modeling p(x|y)

In a generative model, we care about modeling

pix]y)



What do we mean by modeling p(x|y)

In a generative model, we care about modeling

pix]y)

this is called the likelihood — i.e., the probability that we observe some
data (x) given a different set of parameters/labels (y).



What do we mean by modeling p(x|y)

In a generative model, we care about modeling

pix]y)

this is called the likelihood — i.e., the probability that we observe some
data (x) given a different set of parameters/labels (y).

for a generative model, we typical want to synthesize or sample the
data x following p(x|y).



What do we mean by modeling p(x|y)

In a generative model, we care about modeling

pix]y)

this is called the likelihood — i.e., the probability that we observe some

data (x) given a different set of parameters/labels (y).

models that can estimate p(x|y) are called “explicit generative models”

models that can only sample from p(x|y) are called “implicit generative
models”




Bayes’ Rule

We can model the posterior given the likelihood as

p(z | y)p(y)
p(x)

p(y | z)|=
2




Bayes’ Rule

We can model the posterior given the likelihood as

p(z | y)p(y)
p(x)

p(y | z)|=

posterior



Bayes’ Rule

We can model the posterior given the likelihood as
2

p(@ | »)pw)
p(x)

p(y | z) =

posterior



Bayes’ Rule
We can model the posterior given the likelihood as
likelihood

p(z | y)p(y)
p(x)

p(y | z) =

posterior



Bayes’ Rule

We can model the posterior given the likelihood as

likelihoo

p(z | y)p(y) 2
p(x)

p(ylz)=

posterior



Bayes’ Rule

We can model the posterior given the likelihood as

likelihoo

(z | y)|p(y)| prier
p(x)

ply | z) =2

posterior

a prior could encode, e.g., how common each class label is




Bayes’ Rule

We can model the posterior given the likelihood as
likelihood

p(z | y) p(y) prior

p(z)

posterior 2

p(ylz)=




Bayes’ Rule

We can model the posterior given the likelihood as

likelihood
p(z | y) p(y) prior
ply|xr)=
wl=) p(x)
posterior marginal likelihood/data distribution
p\T | Y)ply
p(y | 2) =L P

o |y)p(y)dy

marginal likelihood/
data distribution




Bayes’ Rule

We can model the posterior given the likelihood as

likelihood
p(z | y) p(y) prior
ply | z) =
| p(z)
posterior marginal likelihood/data distribution

can explicit generative models be made discriminative?



Why is it hard?

* Explicit generative models can be discriminative: Bayes' rule
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Why is it hard?

* Explicit generative models can be discriminative: Bayes' rule

_Pam W)
p(ylz) =B Iy)p(x)

discriminative generative

* Can discriminative models be generative?

p(z) 4

@)

generative discriminative

. assuming known prior

on label y

constant for given x

still need to model prior
distribution of data x

constant for given y



Why is it hard?

* Explicit generative models can be discriminative: Bayes' rule

p(y) . assuming known prior
p(y|x) = plEly)—— on label y
(o) = B

discriminative generative .
constant for given x

* Can discriminative models be generative?

still need to model prior
p(xly) = p(y|x) @ - distribution of data x

p(y)

generative discriminative .
constant for given y

* The challenge is about modeling data distributions



Formulating Real-world Problems
as Generative Modeling



Formulating Real-world Problems as Generative Models

* Generative models perform (or describe) the synthesis of data

* In other words, generative models are about ~ P(Z|Y)

What can be y? What can be x?

e condition e “data”

* constraint * samples

e labels * oObservations

e attributes * measurements

* more abstract * more concrete

* lessinformative * more informative




Case study: Formulating problems as p(x|y)

* Natural language conversation

What are deep generative models?

Deep generative models are a class of machine learning models that are capable

of generating new data samples that resemble a given dataset. They learn the

underlying distribution of the data and use this knowledge to create new

instances that are similar to the original data but not identical to any specific ?

training exa @

@ Message ChatGPT




Case study: Formulating problems as p(x|y)
* Natural language conversation
y: prompt

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new

instances that are similar to the original data but not identical to any specific X: reS p O n Se Of th e C h at bOt

training exa @

@ Message ChatGPT




Case study: Formulating problems as p(x|y)

* Text-to-image/video generation

Prompt: teddy bear teaching a course, with
"generative models" written on blackboard

——————

—

—

Image generated by Stable Diffusion 3 Medium



Case study: Formulating problems as p(x|y)

* Text-to-image/video generation

Prompt: teddy bear teaching a course, with y: text prompt
"generative models" written on blackboard

X: generated visual
content

Image generated by Stable Diffusion 3 Medium



Case study: Formulating problems as p(x|y)

* Text-to-3D structure generation

¥ B h

“motorcycle” “mech suit” “ghost lantern” “furry fox head” ?
- \‘/ - \((\
-~
“r ‘ —
s \ ' B
“dresser” “swivel chair” “astronaut” “mushroom house”

Figure credit: Tang, et al. LGM: Large Multi-View Gaussian Model for High-Resolution 3D Content Creation. ECCV 2024



Case study: Formulating problems as p(x|y)

* Text-to-3D structure generation

¥ B h

“motorcycle” “mech suit” “ghost lantern” “furry fox head” y: text p rom pt

_’ X: generated

J 3D structures
o

Dl \/-\Q‘
~r

“r -—

s \ ' B
“dresser” “swivel chair” “astronaut” “mushroom house”

Figure credit: Tang, et al. LGM: Large Multi-View Gaussian Model for High-Resolution 3D Content Creation. ECCV 2024



Case study: Formulating problems as p(x|y)

* Protein structure generation

X="?
y=?

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023



Case study: Formulating problems as p(x|y)

* Protein structure generation

X: generated
protein
structures

y:
condition/constraint
(e.g., symmetry)

Watson, et al. De novo design of protein structure and function with RFdiffusion, Nature 2023



Case study: Formulating problems as p(x|y)

* Class-conditional image generation

“red fox” ?

Image generated by: Li, et al. Autoregressive Image Generation without Vector Quantization, 2024



Case study: Formulating problems as p(x|y)

* Class-conditional image generation

“red fox” y: class label

X: generated image

Image generated by: Li, et al. Autoregressive Image Generation without Vector Quantization, 2024



Case study: Formulating problems as p(x|y)

* “Unconditional” image generation

Images generated by: Karras, et al. Elucidating the Design Space of Diffusion-Based Generative Models, NeurIPS 2022



Case study: Formulating problems as p(x|y)

* “Unconditional” image generation

y: an implicit condition
“images following CIFAR10
distribution”

x: generated CIFAR10-like
images

* p(x]y): images ~ CIFAR10
* p(x): all images

Images generated by: Karras, et al. Elucidating the Design Space of Diffusion-Based Generative Models, NeurIPS 2022



Case study: Formulating problems as p(x|y)

* Classification (a generative perspective)

X: ?
| cat
] bird
[ | horse

| dog




Case study: Formulating problems as p(x|y)

* Classification (a generative perspective)

X: probability of classes

y: an image as the “condition” o
conditioned on the

image
| cat
] bird
[ | horse

| dog




Case study: Formulating problems as p(x|y)

* Policy Learning in Robotics

X:?

y:?

R
o’

O

Chi, et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion, RSS 2023



Case study: Formulating problems as p(x|y)

* Policy Learning in Robotics

x: policies
(probability of actions)

y: visual and other
sensory observations

N .

O

Chi, et al. Diffusion Policy: Visuomotor Policy Learning via Action Diffusion, RSS 2023



Generative Models
and
Representation Learning



Generative Models and Representation Learning

* Representation learning:

* Learning to represent data instances

* map data to feature: T —> f(a:)

* minimize objective:

sl Loss(f(x))

Data

Encoder

Representation



Generative Models and Representation Learning

* Representation learning: Data Representation

* Learning to represent data instances

* map data to feature: T —> f(x)

* minimize objective: | MinLoss(/ () Encoder

* Generative models:

Data

« Learning to represent probability distributions ~ Simple Distribution
* map a simple distribution to a complex one

* minimize loss, so that p(g(2))~p(x) :

min Loss(x, g(z))
g




Learning to represent probability distributions

* How to sample complex data distributions p(x) 2

* Learn the mapping from simple to complex distributions!

to approximate

g(Z) ~ Pz

Simple Distribution

simple T
distribution data distribution Py



Learning to represent probability distributions

* How do we “learn” this mapping? What is the loss2

to approximate

g(Z) ~ Pz

Simple Distribution

simple T
distribution data distribution Py



Overview

» Generative Models: Concepts and Recent Frontiers
* Variational Autoencoders (VAE)
* Diffusion models



Autoencoder

* Recall Autoencoder in representation learning
* We have a compact “representation space”

* We have a decoder that maps a representation to data

Data Representation Data

Reconstruction Loss



Autoencoder

* Recall Autoencoder in representation learning
* We have a compact “representation space”
* We have a decoder that maps a representation to data

* Problem: we still cannot sample this representation

Data Representation Data

Reconstruction Loss



Autoencoder

* Recall Autoencoder in representation learning
* We have a compact “representation space”
* We have a decoder that maps a representation to data

* Problem: we still cannot sample this representation

Representation
distribution

Reconstructed data
distribution
J

data distribution

\

Y

Reconstruction Loss



Variational Autoencoder

* Almost the same as Autoencoder

* Need to regularize the representation distribution, so that it follows a “samplable”
distribution, e.g., Gaussian.

AGoussion

R~ Regularization Loss

\DHA_\@/

Representation

R Reconstructed data
distribution distribution

Y

Reconstruction Loss

data distribution

\




Variational Autoencoder

Gaussian

A
D (g5 (2|7) [p()) A \D"‘AZW q ,»

EXG m p | e. GO u SSiO n p rio r data distribution Representation Reconstructed
distribution
o let p(z)=N(z|01)

data distribution

* model ¢r(z|7) by Gaussian: N(z| u,0)



Variational Autoencoder

'}
Dxw (q5(2]2)[|lp(2)) A\ \D,__,AZ“I:Q @] ;»

EXG m p | e. GG u SSiO n p rio r data distribution Representation Reconstructed
distribution data distribution
o let p(z)=N(z|01)

* model ¢r(z|7) by Gaussian: N(z| u,0)

network estimates
* map X by encoder net: fo(z) = p,o distribution’s
parameters




Variational Autoencoder

'}
D (g5 (2|7) [p()) A \D"‘AZW q ,»

EXG m p | e. GO u SSiO n p rio r data distribution Representation Reconstructed

distribution data distribution

let  p(2) =N(2]0,1I)
model ¢7(z|7) by Gaussian: N (z | u,0)

f ( _ network estimates
map X by encoder net: #(2) = g0 distribution’s
parameters

compute loss analytically: DKL(N(z |, 0) [| N(z | O,I))



Variational Autoencoder

A
Dict (a5 (21) [p(2)) ‘A A j A

EXGmplei GOUSSiQn pl’iOl’ data distribution Representation Reconstructed
distribution data distribution
o let p(z)=N(2]0T)
* model ¢r(z|7) by Gaussian: N(z| u,0)
network estimates
* map X by encoder net: [ fo(z) = p,o ] distribution’s

compute loss analytically: DKL(/\/(Z | 1, 0) || N (2 | O’I)) parameters

fixed variance 0 = 1 = L2 losson 1

Dxw (g5 (2]2)[[p(2) = [lull*



Variational Autoencoder

~Eqg; (a0 [log po(z | 2)] A \Df-*AZ'xL\Q] _~

data distribution



Variational Autoencoder |
A,

Funlienic ] o e A
\D,_-; ”_

EXG mple: Assume p(x | Z) data distribution epresentation

distribution

Reconstructed
data distribution

to be Gaussian



Variational Autoencoder

A
Enlosnt ] e A
D e (o

Example: Assume p(x| z) e dstibuton Representation S
. distribution
to be Gaussian

data distribution

* we approximate the expectation with a single sample drawn from q¢(z| x)



Variational Autoencoder

Gaussian

p(2)
~Eq; (zl0) [ log po( | 2)] A \D"‘AZ@ g “

EXG m p | €. ASSU me p (X | Z) data distribution Repres'enttation Reconstructed
to be GG U SSiG n distribution data distribution

* we approximate the expectation with a single sample drawn from q¢(z| x)

» model each pixel as independent with its own mean and constant variance



Variational Autoencoder

Gaussian

p(2)
SRR YA

EXG m p | €. ASSU me p (X | Z) data distribution Repres'ent?tion Reconstructed
to be GO U SSlG n distribution data distribution

* we approximate the expectation with a single sample drawn from q¢(z| x)
» model each pixel as independent with its own mean and constant variance

* then the reconstruction loss reduces to simple L2 loss

|z — p(2)113



Variational Autoencoder

y A o

data distribution Re;?res'ent?tlon Reconstructed
distribution data distribution

L(g, ;%) = = Eq; (a1 [log 0y (x | 2)] + Drcrfar(2 [ %) [ p(2))

TV Vv
reconstruction term regularization term

you'll derive and implement in your homework!



Variational Autoencoder

Inference (generation):
* sample z from: N(0,I)

* map z by decoder net

z ~N(0,I)

A

decoder



Variational Autoencoder

Inference (generation):
* sample z from: N(0,I)

* map z by decoder net



Variational Autoencoder

Inference (generation):
* sample z from: N(0,I)

* map z by decoder net

ZNN(O,I) 6@

E} decoder



Variational Autoencoder

Inference (generation):
* sample z from: N(0,I)

* map z by decoder net

N(0,1)

A_ decoder

Decoder is a deterministic mapping from one distribution to another.



Example: 2D latent space on MNIST
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2D latent space on MNIST

Example
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Example: 2D latent space on MNIST

round 1: train in latent space

O 0 NO U WNHO




2D latent space on MNIST

Example




Overview

* Diffusion models



Diffusion Models... in a nutshell

Forward process
* add noise to data

Reverse process
* learn to denoise

Training objective
* Denoising reconstruction loss



Diffusion Models... in a nutshell

Forward process
* add noise to data

Reverse process you'll derive these equations in your homework!

* learn to denoise

Training objective
* Denoising reconstruction loss



Diffusion Models... in a nutshell

o B
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noise

Forward process: add noise



Diffusion Models... in a nutshell

noise

N — A A A T —

xr is just standard normal distribution!

Forward process: add noise



Diffusion Models... in a nutshell

noise

_— A _— A

X is also standard normal with zero variance
xr is just standard normal distribution! and mean equal to the image pixel values!

Forward process: add noise



Diffusion Models... in a nutshell
noise data

_— A _— A

Xo is also standard normal with zero variance

xt is just standard normal distribution! and mean equal to the image pixel values!

Forward process: add noise

so we can just add noise to the input image to find
x; for any value of !




Diffusion Models... in a nutshell
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D— - — @) — ) —

noise

Reverse process: denoise



Diffusion Models... in a nutshell

noise

Reverse process: denoise

reversing is a little bit harder — but we can show that if you know x; and xg
you can find an expression for x,.; (i.e., the “slightly denoised image”) analytically




Diffusion Models... in a nutshell
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noise
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Diffusion Models... in a nutshell

noise

A A A A —

[Denoising Network}
g

in practice the denoising network predicts
the noise that was added — not the image _ .
you'll show this in your homework! min [|g(xc) = %ol




Example: Unconditional Generation on CIFAR-10
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[Ho et al, 2020]



Overview

* Embedded Ethics



Warm-up activity

Samples from CelebA-HQ Dataset

https://www.cs.toronto.edu/~lindell/teaching/420/slides/celebahq.html

114



Warm-up activity

Small group discussions
* What groups are not represented in this dataset?

https://www.cs.toronto.edu/~lindell/teaching/420/slides/celebahq.html
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Warm-up activity

Small group discussions
* What groups are not represented in this dataset?
* What is this dataset not useful for?

https://www.cs.toronto.edu/~lindell/teaching/420/slides/celebahq.html

116



Warm-up activity

Small group discussions

* What groups are not represented in this dataset?
* What is this dataset not useful for?

* What is this dataset useful for?

https://www.cs.toronto.edu/~lindell/teaching/420/slides/celebahq.html

117



Image stylization with CelebA-HQ

source images

reference stylized images

[Choi et al. *20]



Projecting images onto CelebA-HQ models

‘(

) [Esser et al. ‘20]



image generation in 2024



= DALLE > G
® vou
Make me an image of a cartoon nerd
without eyeglasses

Here are two images of a cartoon nerd
without eyeglasses. Let me know if
there’s anything else you need!

reddit u/nwerdnerd

121



= DALLE > G
® vou

Make me an image of a cartoon nerd
without eyeglasses

Here are two images of a cartoon nerd
without eyeglasses. Let me know if
there’s anything else you need!

reddit u/nwerdnerd

® You

They both have eyeglasses on them ,
can you do them without eyeglasses

Here are two images of a cartoon
nerd, created with the specific
instruction to exclude eyeglasses. If
you have any more requests or need
further adjustments, feel free to let
me know!
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= DALLE > G
@ You ® You ® vou

Make me an image of a cartoon nerd They both have eyeglasses on them, 0k, do you know what eyeglasses
without eyeglasses can you do them without eyeglasses are?

» DALLE
Yes, | understand what eyeglasses
are. They are frames bearing lenses
worn in front of the eyes, typically for
vision correction or eye protection. |
apologize for the oversight in the
images provided. If you need an image
without eyeglasses, | can certainly
without eyeglasses. Let me know if Here are two images of a cartoon create one that meets your
there's anything else you need! nerd, created with the specific specifications.
instruction to exclude eyeglasses. If
you have any more requests or need
further adjustments, feel free to let
me know!

Here are two images of a cartoon nerd

® vou

Make me an image of only eyeglasses

reddit u/nwerdnerd
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make me an image of a cartoon nerd without eyeglasses

Here's your cartoon nerd without eyeglasses! Let me know if you'd like any tweaks.
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®

ENSURE

EYEGLASSES
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no, it still has eyeglasses. please make the nerd without
any kind of eye glasses. you do know what eyeglasses
are, right?

Here you go—this nerd has no eyeglasses at all! Let me know if you'd like any

adjustments.
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Ethics of Bias & Discrimination



Mitigation Strategies



Collect Better Datasets?

» All datasets are finite attempts at sampling a distribution
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Collect Better Datasets?

» All datasets are finite attempts at sampling a distribution

» Deep learning models used to obtain SOTA results on standard

benchmarks are typically trained on hundreds of thousands to
billions of training examples
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Collect Better Datasets?

» All datasets are finite attempts at sampling a distribution

» Deep learning models used to obtain SOTA results on standard
benchmarks are typically trained on hundreds of thousands to
billions of training examples

» |tis not always practical to collect representative examples of this
size from various populations to include in the training data
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Gender Shades: Intersectional Accuracy Disparities in
Commercial Gender Classification*

Joy Buolamwini JOYAB@MIT.EDU
MIT Media Lab 75 Amherst St. Cambridge, MA 02139
Timnit Gebru

Microsoft Research 641 Avenue of the Americas, New York, NY 10011

TIMNIT.GEBRU@MICROSOFT.COM

Editors: Sorelle A. Friedler and Christo Wilson

4.1.

Key Findings on Evaluated
Classifiers

All classifiers perform better on male faces
than female faces (8.1% — 20.6% difference
in error rate)

All classifiers perform better on lighter faces
than darker faces (11.8% — 19.2% difference
in error rate)

All classifiers perform worst on darker female
faces (20.8% — 34.7% error rate)

Microsoft and IBM classifiers perform best
on lighter male faces (error rates of 0.0% and
0.3% respectively)

Face++ classifiers perform best on darker
male faces (0.7% error rate)

The maximum difference in error rate be-
tween the best and worst classified groups is
34.4%



Other mitigation strategies

* Train on balanced dataset,
finetune on biased dataset to
reduce chances of overfitting

Train teacher model
with labeled data

Data augmentation
Dropout —

Stochastic depth /

Infer pseudo-labels
on unlabeled data

Train equal-or-

larger student model

with combined data
and noise injected

Make the student a
new teacher

ResNet-50 Billion-scale [93] 26M 81.2% 96.0%
ResNeXt-101 Billion-scale [93] 193M " . 84.8% -

ResNeXt-101 WSL [55] 820M 3.5B images labeled with tags 85.4% 97.6%
FixRes ResNeXt-101 WSL [86] 829M 86.4% 98.0%
Big Transfer (BiT-L) [43] ‘ 928M 300M weakly labeled images from JFT ‘ 87.5% 98.5%
Noisy Student Training (EfficientNet-L2) ‘ 480M 300M unlabeled images from JFT ‘ 88.4% 98.7%
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Other mitigation strategies

* Train on balanced dataset,
finetune on biased dataset to
reduce chances of overfitting

» Leverage labeled and unlabeled
data to reduce sampling bias,
increase size of dataset

steel arch bridge canoe

e

Train teacher model
with labeled data

Infer pseudo-labels
on unlabeled data

Data augmentation Train equal-or-
Dropout larger student model Make the student a
P with combined data new teacher
Stochastic depth and noise injected
ResNet-50 Billion-scale [93] 26M 81.2% 96.0%
ResNeXt-101 Billion-scale [93] 193M . ) 84.8% E
ResNeXt-101 WSL [55] 820M 3.5B images labeled with tags 85.4% 97.6%
FixRes ResNeXt-101 WSL [86] 829M 86.4% 98.0%
Big Transfer (BiT-L) [43] ‘ 928M 300M weakly labeled images from JFT ‘ 87.5% 98.5%
Noisy Student Training (EfficientNet-L2) ‘ 480M 300M unlabeled images from JFT ‘ 88.4% 98.7%
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Other mitigation strategies sieclach bridge - canoe

« Train on balanced dataset, ﬁ

finetune on biased dataset to m
.. with labeled data
reduce chances of overfitting

* Leverage labeled and unlabeled Data augmentation [1 Train equal-or- ]

s
_—

Infer pseudo-labels
on unlabeled data

. . rger student model Make the student a
data to reduce sampling bias, gkl sifh gorabitied s ey tsecher
increase size of dataset RIDEhasUpepin

and noise injected

« Data augmentation, re-balancing

ResNet-50 Billion-scale [93] 26M 81.2% 96.0%
ResNeXt-101 Billion-scale [93] 193M " . 84.8% -

ResNeXt-101 WSL [55] 820M 3.5B images labeled with tags 85.4% 97.6%
FixRes ResNeXt-101 WSL [86] 829M 86.4% 98.0%
Big Transfer (BiT-L) [43] ‘ 928M 300M weakly labeled images from JFT ‘ 87.5% 98.5%
Noisy Student Training (EfficientNet-L2) ‘ 480M 300M unlabeled images from JFT ‘ 88.4% 98.7%
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Other mitigation strategies

* Train on balanced dataset,
finetune on biased dataset to
reduce chances of overfitting

» Leverage labeled and unlabeled
data to reduce sampling bias,
increase size of dataset

« Data augmentation, re-balancing

« Evaluate on multiple datasets,
balanced test sets

steel arch bridge canoe

Qg

Train teacher model
with labeled data

Data augmentation

Dropout [l
Stochastic depth /

=]

Infer pseudo-labels
on unlabeled data

Train equal-or-
arger student model
with combined data
and noise injected

new teacher

Make the student a]

ResNet-50 Billion-scale [93] 26M 81.2% 96.0%
ResNeXt-101 Billion-scale [93] 193M " . 84.8% -

ResNeXt-101 WSL [55] 820M 3.5B images labeled with tags 85.4% 97.6%
FixRes ResNeXt-101 WSL [86] 829M 86.4% 98.0%
Big Transfer (BiT-L) [43] ‘ 928M 300M weakly labeled images from JFT ‘ 87.5% 98.5%
Noisy Student Training (EfficientNet-L2) ‘ 480M 300M unlabeled images from JFT ‘ 88.4% 98.7%
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Other mitigation strategies

* Train on balanced dataset,
finetune on biased dataset to
reduce chances of overfitting

» Leverage labeled and unlabeled
data to reduce sampling bias,
increase size of dataset

« Data augmentation, re-balancing

« Evaluate on multiple datasets,
balanced test sets

... (potentially many others!)

steel arch bridge canoe

Qg

Train teacher model
with labeled data

Data augmentation

Dropout [l
Stochastic depth /

=]

Infer pseudo-labels
on unlabeled data

Train equal-or-
arger student model
with combined data
and noise injected

new teacher

Make the student a]

ResNet-50 Billion-scale [93] 26M 81.2% 96.0%

ResNeXt-101 Billion-scale [93] 193M " . 84.8% -

ResNeXt-101 WSL [55] 820M 3.5B images labeled with tags 85.4% 97.6%

FixRes ResNeXt-101 WSL [86] 829M 86.4% 98.0%

Big Transfer (BiT-L) [43] ‘ 928M 300M weakly labeled images from JFT ‘ 87.5% 98.5%

Noisy Student Training (EfficientNet-L2) ‘ 480M 300M unlabeled images from JFT ‘ 88.4% 98.7%
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Takeaways

 dataset bias & mitigations still
active research areal

* not only algorithmic performance,
there are ethical implications

» depends both on data, but model
architecture and even hyperparameter
choices can all play a role

Study: Some language reward models
exhibit political bias
Research from the MIT Center for Constructive

Communication finds this effect occurs even when reward
models are trained on factual data.

Ellen Hoffman | Center for Constructive Communication
December 10, 2024

Political Bias in Truthful Reward Models
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Next time: Digital Photography
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