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Admin
• Lab 8 due April 18 (one week from today
– Sorelle office hours TODAY 4-5pm in H110

• Midterm April 25 in class

• Project presentations: last week of classes

• Writeup due by the end of finals period
– May 11 for seniors
– May 17 for non-seniors



Outline for April 11

• Transfomers big picture + positional encodings

• CNNs for image segmentation

• Generative Adversarial Networks (GANs)
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Machine Translation Transformer Architecture

“Attention is all you need”



Positional Encodings
• Problem: multi-head attention is a weighted average

• Since word order is important, need to explicitly encode it

• Can learn the positional encodings with enough data

• However it is often easier to use fixed positional encodings

• Idea: sine/cosine functions!  (relative and absolute positions)



Positional Encodings

Phillipe Lippe

Position 5



Positional Encodings

Phillipe Lippe

Pair exercise: if pos=0 and dmodel = 10, 
what are the positional encodings?



Phillipe Lippe

Positional Encodings

• Positional encodings are added to the embedding
• This creates the input to the transformer



Transformer big-picture
Full tutorial:

https://highdimensionalgrace.com/posts/big_transformer/

Credit: Grace Proebsting

https://highdimensionalgrace.com/posts/big_transformer/


Transformer workflow for text generation

Credit: Grace Proebsting

Notation used throughout
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Transformer workflow for text generation
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Input steps



Transformer workflow for text generation

Credit: Grace Proebsting

Input steps



Transformer workflow for text generation

Credit: Grace Proebsting

Input steps



Transformer workflow for text generation

Credit: Grace Proebsting

Input steps



Transformer workflow for text generation
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Transformer workflow for text generation
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Transformer workflow for text generation

Credit: Grace Proebsting



Outline for April 11

• Transfomers big picture + positional encodings

• CNNs for image segmentation

• Generative Adversarial Networks (GANs)
Next time!
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GAN progress over time

StyleGAN. Karras et al. (2019) 



GAN painting

Sold for almost half 
a million dollars
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GANs have been very successful in other domains
pg-gan

https://arxiv.org/pdf/1710.10916v3.pdf



Sara Mathieson

pg-gan

Centre de Estudios Borjanos/AFP/Getty Images

Which is “real” and 
which is “fake”?

Idea behind GANs (Generative Adversarial Networks)
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pg-gan

Which is “real” and 
which is “fake”?

Idea behind GANs (Generative Adversarial Networks)

https://webartacademy.com/fake-picasso
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pg-gan

Which is “real” and 
which is “fake”?

Idea behind GANs (Generative Adversarial Networks)

Photo: Courtesy International Foundation for Art Research (IFAR).
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pg-gan

(Source: Lost in the Louvre)People Images / Getty Images

Typical architecture of an image GAN

GAN diagram: Adapted from Kevin McGuinness

Latent random variable

Generator
Real 
world 
images

RealFake

SampleSample

D
iscrim

inator
Loss

https://lostinthelouvre.wordpress.com/2013/03/08/famous-fake-friday-tom-keating/
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pg-gan

(Source: Lost in the Louvre)People Images / Getty Images

Typical architecture of an image GAN

GAN diagram: Adapted from Kevin McGuinness

Latent random variable

Generator
Real 
world 
images

RealFake

SampleSample

D
iscrim

inator
Loss

Generator (“forger”) 
tries to create

realistic artwork 

https://lostinthelouvre.wordpress.com/2013/03/08/famous-fake-friday-tom-keating/
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pg-gan

(Source: Lost in the Louvre)People Images / Getty Images

Discriminator (“art critic”) 
tries to identify real vs. fake

Typical architecture of an image GAN

GAN diagram: Adapted from Kevin McGuinness

Latent random variable

Generator
Real 
world 
images

RealFake

SampleSample

D
iscrim

inator
Loss

Generator (“forger”) 
tries to create

realistic artwork 

https://lostinthelouvre.wordpress.com/2013/03/08/famous-fake-friday-tom-keating/
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pg-gan

GAN diagram: Adapted from Kevin McGuinness

Latent random variable

Generator
Real 
world 
images

RealFake

SampleSample

D
iscrim

inator
Loss

Want 

Typical architecture of an image GAN

For images: generator 
is often a CNN

Discriminator is also 
often a CNN

(Note: goal is 50% accuracy)



Another GAN architecture for Fashion MNIST

Geron, Chap 17
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GAN for biology
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High-quality synthetic data is crucial in population genetics

Real identity-
by-descent 

lengths

Simulated 
identity-by-

descent lengths

ABC simulations ・ Compare methods ・ Develop intuition ・ Training data for ML methods

Amish from Lancaster, PA
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YRI: Yoruba in Ibadan, Nigeria

sireal (YRI)
simulated

Number of SNPs for simulated/real datasets

# SNPs per region

High-quality synthetic data is crucial in population genetics

Real identity-
by-descent 

lengths

Simulated 
identity-by-

descent lengths

ABC simulations ・ Compare methods ・ Develop intuition ・ Training data for ML methods

Amish from Lancaster, PA
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pg-gan algorithm overview

Generated Data
(nxSx2 matrices)

Real Data
(nxSx2 matrices)

Binary classification: synthetic or real

Generate (G) parameters for an 
evolutionary model (e.g. N1, N2, N3)

Discriminator (D)

up
da

te
 m

od
el

update 
m

odel

Simulator (i.e. msprime)

N1

0 0 1 0 1 0 1
1 1 0 1 1 0 0
0 1 0 0 0 1 0

0 1 0 0 1 1 0
1 0 0 1 0 1 0
1 1 1 0 1 0 1

N2
N3

pg-gan Wang, Wang, Kourakos, Hoang, Lee, Mathieson, Mathieson.
“Automatic Inference of Demographic Parameters Using GANs”.
MER, 2021 https://github.com/mathiesonlab/pg-gan

https://github.com/mathiesonlab/pg-gan
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pg-gan loss functions (dual optimization problem)

LG(⇥) = � 1

M

MX

m=1

logD(z(m))

<latexit sha1_base64="mEngm1G0DCVG8JBvucZhl4NZoF0="></latexit>

LD(⇥, X) = � 1

M

MX

m=1

h
logD(x(m)) + log(1�D(z(m)))

i

<latexit sha1_base64="S7PTC/SKcN6Cha4z3vwCJ0+TMnk="></latexit>

X = {x(1), · · · , x(M)}

<latexit sha1_base64="PECH1XwMxgBS330BsPulf2Ras/k=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0VooZREKroRim7cCBXsA5pYJpNJO3TyYGYilpCtG3/FjQtF3PoH7vwbJ20W2nrgwuGce7n3HidiVEjD+NYKS8srq2vF9dLG5tb2jr671xFhzDFp45CFvOcgQRgNSFtSyUgv4gT5DiNdZ3yZ+d17wgUNg1s5iYjto2FAPYqRVNJAhz14Dq3k4S6pmNW0Bi3shlLUYCZcV1MrHehlo25MAReJmZMyyNEa6F+WG+LYJ4HEDAnRN41I2gnikmJG0pIVCxIhPEZD0lc0QD4RdjL9JIVHSnGhF3JVgYRT9fdEgnwhJr6jOn0kR2Ley8T/vH4svTM7oUEUSxLg2SIvZlCGMIsFupQTLNlEEYQ5VbdCPEIcYanCK6kQzPmXF0nnuG426ic3jXLzIo+jCA7AIagAE5yCJrgCLdAGGDyCZ/AK3rQn7UV71z5mrQUtn9kHf6B9/gBmGJhF</latexit>

Z = {z(1), · · · , z(M)}

<latexit sha1_base64="6z4Qye5JBVu8pKx7caazAUXqJ3k=">AAACCXicbVDLSsNAFJ34rPUVdelmsAgtlJJIRTdC0Y0boYJ9YBPLZDJph04ezEyEGrJ146+4caGIW//AnX/jpM1CWw9cOJxzL/fe40SMCmkY39rC4tLyymphrbi+sbm1re/stkUYc0xaOGQh7zpIEEYD0pJUMtKNOEG+w0jHGV1kfueecEHD4EaOI2L7aBBQj2IkldTX4S08g1bycJeUzUpahRZ2QymqMBOuKqmV9vWSUTMmgPPEzEkJ5Gj29S/LDXHsk0BihoTomUYk7QRxSTEjadGKBYkQHqEB6SkaIJ8IO5l8ksJDpbjQC7mqQMKJ+nsiQb4QY99RnT6SQzHrZeJ/Xi+W3qmd0CCKJQnwdJEXMyhDmMUCXcoJlmysCMKcqlshHiKOsFThFVUI5uzL86R9VDPrtePreqlxnsdRAPvgAJSBCU5AA1yCJmgBDB7BM3gFb9qT9qK9ax/T1gUtn9kDf6B9/gBvsJhL</latexit>

Generator Loss

Discriminator Loss

Regions of simulated data Regions of real data

Predict fake data as real

Predict real data as real Predict fake data as fake

pg-gan

Pair exercise: how does 
this relate to binary 
cross entropy loss?
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Example of failed GAN training
pg-gan

Generator cannot 
learn and reduce lossDiscriminator classifies 

everything as real 

training iteration
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pg-gan

minor allele count (SFS) distance between SNPs

Tajima’s D number of haplotypespairwise heterozygosity (𝜋)

inter-SNP distances
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Example of successful GAN training
pg-gan

Generator not 
fooling discriminator

Discriminator easily 
able to tell training 

from simulated

Generator and 
discriminator are balanced

Discriminator is 
often confused

training iteration
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pg-gan
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Hudson’s Fst

Example of successful GAN training
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1000 Genomes populations from Africa, Europe, and East Asia
pg-gan

CEU

YRI

CHB
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  CHB: 1-param model    CHB: 5:param model
pg-gan
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pg-gan
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YRI/CEU summary statistics
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Out-of-Africa 3 (OOA3) summary statistics
pg-gan


