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Transformers

              Language Models (LLMs)

self-attention

L

D

  Input
embedding

 output
embedding

D

Ltransformer

self-attention



Probabilistic/Generative
Models



Language Models (LLMs)[b4]
LM outputs are probability distributions over sequences P(x1,...,xL)

embedding

D

L

P(x1,...,xL)P(x1,...,xL)

P(AUG,AUG)            = 0.0001
P(AUG,stop-codon) = 0.0000001

P(AUG,codon1,...,codonn.stop-codon) = 0.1

LMs are generative models 

LM

LMs usually autoregressive ( which is exact, not an approximation) 

can sample new examples (synthetic biology)

x1 ~ P(x1)

x2 ~ P(x2 | x1)
x3 ~ P(x3 | x1,x2)
x4 ~ P(x4 | x1,x2,x3)



Language Models for biological sequences

(1999)

The structure of a gene 
revealed by linguistic analysis

Noam Chomsky hierarchy of
Natural Languages



Grammar-based Languages

A language of 0’s and 1’s

This is the Grammar

S→ 0S | 1S | ε

These are “sentences” the grammar can produce

S⇒ 1S⇒ 11S⇒ 110S⇒ 110ε

S⇒ 1S⇒ 10S⇒ 100S⇒ 1000S⇒ ...



Grammer-based Biological
Languages

Hidden Markov Models
(regular grammars) 

S -> H  |  L   

To identify GC righ regions in a genome

H -> {g,c} H  |  {g,c} L  | Є 
L -> {a,t}  L   |  {a,t} H  | Є 

H L

S => gH=> ggH=> ggcH=> ggcgH
    => ggcgaL=>ggcgaaL=>ggcgaagH=>ggcgaagЄ    

g,c a,t

1-p
p

1-q

q

0.5 0.5 0.5 0.5



Grammer-based Biological
Languages

SCFGs for RNA structure 

S -> a S b | a S | S a | SS | Є 

S => g      S       c
   => g a   S    u c
   => g a  S S  u c
   => g a  u    S   a          S        u c
   => g a  u c S g a         S        u c
   => g a  u c Є g a         S        u c
   => g a  u c Є g a   u    S   a   u c
   => g a  u c Є g a   u c S ga   u c
   => g a  u c Є g a   u c Є ga   u c 
   



Grammer-based Biological
Languages

Hierarchy of Grammar-based Languages

extensively used for 
protein/DNA homolgy

extensively used for 
    RNA structure

Hidden Markov Models

Stochastic Context-Free Grammars



Language Models = Probabilistic
Models

Pdata that the LM tries to approximate
by a probability distribution Pθ

The LM gives a parametric representation of the data



Generative models

The language or messenger RNA sequences that code for proteins

data = { many mRNA sequences }

start-codon codon1 codon2 .... codonL stop-codon
AUG NNN NNN ... NNN UAA

The LM produces a probability distribution
Pθ(RNA sequences)

such that you may expect...

Pθ(AUG NNN NNN ... NNN UAA) = 0.01

Pθ( UG NNN NNN ... NNN UAA) = 0.0000001 a deletion in the start codon AUG -¿ UG

Pθ(AUG NNN NNN ... NNN UUA) = 0.00001 a mutation in the stop codon UAA-¿UUA

Pθ(AUG NN NNN ... N UAA) = 0.001 a frameshift



Generative models
Learning

find θ?

so that

Pθ? ≈ Pdata.



Generative models
Learning Objectives

Pθ? ≈ Pdata
I What data to use as representative for the language we are trying to

model?
need large dataset, overfitting

I What objective function to use to compare the data and the
parametric probability distributions?
The loss



Generative models
Inference

Given
Pθ? ≈ Pdata

Now for a new data example x
Pθ?(x)

gives us the probability that x belongs to
the language



Generative models
Sampling

Given
Pθ? ≈ Pdata

We can use
Pθ?

to generate novel data by sampling from
the model distribution

xnew ∼ Pθ?



Generative models
Unsupervised learning

Because we are estimating the whole probability of the
totality of the data x

Pθ?(x)

May be able to learn features of the data
(not used in training)

For instance,
monocistronic/polycistronic mRNA

the genetic code and variants



Generative vs Discriminative Models

Discriminative models: you give me one data point x,
I will give you info about its labels.

P (label|x)

Generative models: information about all data points and their
labels

P (x, label)

sometimes just the marginal
P (x) =

∑
label P (x, label)



Generative (probabilistic) Models
Grammar-based

1. Hidden Markov Model

2. Stochastic Context-Free Grammars

Deep Learning

1. Transformer-based autoregressive language models (block 4)

2. Variational Autoencoders (block 5)

3. Denoising Diffusion Models (block 6)



Transformers

              Language Models (LLMs)

self-attention

L

D

  Input
embedding

 output
embedding

D

Ltransformer

self-attention



Language Models (LLMs)[b4]
LM outputs are probability distributions over sequences P(x1,...,xL)

embedding

D

L

P(x1,...,xL)P(x1,...,xL)

P(AUG,AUG)            = 0.0001
P(AUG,stop-codon) = 0.0000001

P(AUG,codon1,...,codonn.stop-codon) = 0.1

LMs are generative models 

LM

LMs usually autoregressive ( which is exact, not an approximation) 

can sample new examples (synthetic biology)

x1 ~ P(x1)

x2 ~ P(x2 | x1)
x3 ~ P(x3 | x1,x2)
x4 ~ P(x4 | x1,x2,x3)





Three types of Transformer-based LLMs

I Decoders
predict next token in a sentence.
GPT3

I Encoders
transform an input into an output.
BERT

I Encoder-Decoders
sequence-to-sequence tasks.
“attention is all you need”



Three types of Transformer-based LLMs

I Decoders
predict next token in a sentence.
are sentence generators.
GPT3

I Encoders
transform an input into an output.
are text classifiers (labeled tasks).
BERT

I Encoder-Decoders
sequence-to-sequence tasks.
text translators.
“attention is all you need”



Decoders are autoregressive

Instead of calculating the joint p(x1...xL)
it calculates the next token

conditional on the previous one
p(x2 | x1)
p(x3 | x1x2)
p(x4 | x1x2x3)
...

p(xi | x1x2x3...xi−1)



Decoders are autoregressive

L

D

  Input
embedding

WMLP[D,dff]

X[L,D] (per L)
LayerNorm[D]

x1[D]

xL[D] MLP
(per L)

LayerNorm[D]
(per L)

(x K)

Transformer block

masked attention

A

LinearLayer

softmax

p(x2|x1)

A
G
C
G
T

A C G T

p(x3|x1x2)
p(x4|x1x2x3)
p(x5|x1x2x3x4)
p(x6|x1x2x3x4x5)

N

probability
 per token

L

MaskA(i>j)  

Q
K

Li

j

MaskA(i<j) = 0  

<start>

p(next|x1x2x3x4x5x6x7)
p(x7|x1x2x3x4x5x6)

(from D to |V|-voc size)
next residue

adapted from: UDL, Prince

WMLP[dff,D]

1

2

prediction



Decoder use self-masked attention

L

D

  Input
embedding

WMLP[D,dff]

X[L,D] (per L)
LayerNorm[D]

x1[D]

xL[D] MLP
(per L)

LayerNorm[D]
(per L)

(x K)

Transformer block

masked attention

A
A
G
C
G
T

L

MaskA(i>j)  

Q
K

Li

j

MaskA(i<j) = 0  

<start>

adapted from: UDL, Prince

WMLP[dff,D]

1

2

MaskAtt (i<j) = 0 
MaskAtt (i>j) = softmax(score(qi   kj)) 



decoder loss
Decoder uses cross-entropy loss

L

D

  Input
embedding

X[L,D]

(x K)
A

LinearLayer

softmax

p(x2|x1)

A
G
C
G
T

A C G T

p(x3|x1x2)
p(x4|x1x2x3)
p(x5|x1x2x3x4)
p(x6|x1x2x3x4x5)

N

probability
 per token

A C G T N

 input
 token cross-entropy Loss

Loss  = -log p(x2=A)
Loss += -log p(x3=A | x2=A) 
Loss += -log p(x4=G | x2x3=AA)
Loss += -log p(x5=C | x2x3x4=AAG)
Loss += -log p(x6=G | x2x3x4x5=AAGC)
Loss += -log p(x7=T | x2x3x4x5x6=AAGCG)

<start>

p(next|x1x2x3x4x5x6x7)
p(x7|x1x2x3x4x5x6)

(from D to |V|-voc size)
next residue prediction

adapted from: UDL, Prince

transformer
   block

Find parameters that maximize the probability of the data

max
∏
i

Pθ(xi | x1...xi−1)

= max

(∑
i

logPθ(xi | x1...xi−1)

)

= min

(
−
∑
i

logPθ(xi | x1...xi−1)

)
Loss to minimize is then

Loss = −
∑
i logPθ(xi | x1...xi−1)



decoder loss
Decoder uses cross-entropy loss

LinearLayer

softmax

p(x2|x1)

A C G T

p(x3|x1x2)
p(x4|x1x2x3)
p(x5|x1x2x3x4)
p(x6|x1x2x3x4x5)

N

probability
 per token

A C G T N

 input
 token cross-entropy Loss

Loss  = -log p(x2=A)
Loss += -log p(x3=A | x2=A) 
Loss += -log p(x4=G | x2x3=AA)
Loss += -log p(x5=C | x2x3x4=AAG)
Loss += -log p(x6=G | x2x3x4x5=AAGC)
Loss += -log p(x7=T | x2x3x4x5x6=AAGCG)

p(next|x1x2x3x4x5x6x7)
p(x7|x1x2x3x4x5x6)

(from D to |V|-voc size)

next residue prediction

adapted from: UDL, Prince



Decoder loss
Find parameters that maximize the probability of the data

Loss = −
∑

i logPθ(xi | x1...xi−1)

Is a reformulation of cross-entropy

For the one-hot distribution of the true tokens
q(ai | a1...ai−1) = δ(a1 = x1) . . . δ(ai = xi)

for ai ∈ V .

Cross-entropy loss

CELoss = −
∑
i

∑
a1:aI

q(ai | a1...ai−1) logPθ(ai | a1...ai−1)

= −
∑
i

logPθ(xi | x1...xi−1)



GPT3 is a LLM that apply the decoder mechanism on a massive
scale.

vocabulary V 50,257 tokens
embedding D 12,288
Transformer layers K 96
Transformer heads per layer h 96
query, key, value dimension per head Dh 128
FF hidden dimension dff 49,152
max length of input Lmax 2,048 tokens
training words 300 billion tokens



Decoder

L

D

  Input
embedding

WMLP[D,dff]

X[L,D] (per L)
LayerNorm[D]

x1[D]

xL[D] MLP
(per L)

LayerNorm[D]
(per L)

(x K)

Transformer block

masked attention

A

LinearLayer

softmax

p(x2|x1)

A
G
C
G
T

A C G T

p(x3|x1x2)
p(x4|x1x2x3)
p(x5|x1x2x3x4)
p(x6|x1x2x3x4x5)

N

probability
 per token

L

MaskA(i>j)  

Q
K

Li

j

MaskA(i<j) = 0  

A C G T N

 input
 tokens cross-entropy Loss

Loss  = -log p(x2=A)
Loss += -log p(x3=A | x2=A) 
Loss += -log p(x4=G | x2x3=AA)
Loss += -log p(x5=C | x2x3x4=AAG)
Loss += -log p(x6=G | x2x3x4x5=AAGC)
Loss += -log p(x7=T | x2x3x4x5x6=AAGCG)

<start>

p(next|x1x2x3x4x5x6x7)
p(x7|x1x2x3x4x5x6)

(from D to |V|-voc size)
next residue prediction

adapted from: UDL, Prince

WMLP[dff,D]

1

2

1. The autoregressive task uses all the data

2. The autoregressive task uses only context to the left

3. Many techniques to improve samples: don’t just take the token with
highest prob.



Language Models (LLMs)
LM outputs are probability distributions over sequences P(x1,...,xL)

embedding

D

L

P(x1,...,xL)P(x1,...,xL)

P(AUG,AUG)            = 0.0001
P(AUG,stop-codon) = 0.0000001

P(AUG,codon1,...,codonn.stop-codon) = 0.1

LMs are generative models 

LM

LMs usually autoregressive ( which is exact, not an approximation) 

can sample new examples (synthetic biology)

x1 ~ P(x1)

x2 ~ P(x2 | x1)
x3 ~ P(x3 | x1,x2)
x4 ~ P(x4 | x1,x2,x3)

P(x1,x2,x3,x4) = P(x1) P(x2 | x1) P(x3 | x1,x2) P(x4 | x1,x2,x3) 

LMs use unsupervised learning (no labels) 





Three types of Transformer-based LLMs

I Decoders
predict next token in a sentence
sentence generators
GPT3

I Encoders
transform an input embedding into an output embedding
classifiers for downstream labeled tasks
BERT

I Encoder-Decoders
sequence-to-sequence tasks
text translators
“attention is all you need”



Transformer Decoder
Decoders are autoregressive

L

D

  Input
embedding

WMLP[D,dff]

X[L,D] (per L)
LayerNorm[D]

x1[D]

xL[D] MLP
(per L)

LayerNorm[D]
(per L)

(x K)

Transformer block

masked attention

A

LinearLayer

softmax

p(x2|x1)

A
G
C
G
T

A C G T

p(x3|x1x2)
p(x4|x1x2x3)
p(x5|x1x2x3x4)
p(x6|x1x2x3x4x5)

N

probability
 per token

L

MaskA(i>j)  

Q
K

Li

j

MaskA(i<j) = 0  

<start>

p(next|x1x2x3x4x5x6x7)
p(x7|x1x2x3x4x5x6)

(from D to |V|-voc size)
next residue

adapted from: UDL, Prince

WMLP[dff,D]

1

2

prediction



Code



decoder loss
Decoder uses cross-entropy loss

LinearLayer

softmax

p(x2|x1)

A C G T

p(x3|x1x2)
p(x4|x1x2x3)
p(x5|x1x2x3x4)
p(x6|x1x2x3x4x5)

N

probability
 per token

A C G T N

 input
 token cross-entropy Loss

Loss  = -log p(x2=A)
Loss += -log p(x3=A | x2=A) 
Loss += -log p(x4=G | x2x3=AA)
Loss += -log p(x5=C | x2x3x4=AAG)
Loss += -log p(x6=G | x2x3x4x5=AAGC)
Loss += -log p(x7=T | x2x3x4x5x6=AAGCG)

p(next|x1x2x3x4x5x6x7)
p(x7|x1x2x3x4x5x6)

(from D to |V|-voc size)

next residue prediction

adapted from: UDL, Prince



MSA Decoder

MHAMHA
Masked

FF
A
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msa embedding
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mask: (n, >i) & (>n) mask: (i, >n) & (>i)
Arow[L,L,S]
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Acol[i, n, m>n] = 0



Encoders - BERT

DNABERT
ProteinBERT



Encoder

(per L)
LayerNorm[D] LayerNorm[D]

(per L)

(x K)

Transformer block

self-attention
LinearLayer

softmax

<mask>
A C G T N

 probability
masked tokens

LA(i,j)  

Q
K

Li

j

softmax A C G T N

A C G T N

A C G T N

   labels
masked tokens

adapted from: UDL, Prince

p(<mask>1|x1x3x4x6)

p(<mask>2|x1x3x4x6)

Loss  = -log p(x2=A|x1=A x3=G x4=C x6=T)

Loss += -log p(x5=G|x1=A x3=G x4=C x6=T)

cross-entropy Loss

L

D

  Input
embedding

X[L,D]

A

G
C

T

<start>

<mask>

WMLP[D,dff]

x1[D]

xL[D] MLP
(per L)

LinearLayer
(from D to arbitrary
 output embedding dim)

(from D to |V|-alphabet size)

(x K)

Encoder pre-training

Encoder fine-tuning (after pre-training)

other tasks

WMLP[dff,D]
2

11



Encoder fine-tuning (after pre-training)

encoder
    LM

Pre-training
   dataset

encoder
    LM

input    output
embedding

NN
      output 
(classification)

fine-tuning
   trainset

Tr1 Tr2

Tr2-labels

Testset
X

X
data leakage

seft-supervised

+



Attention is all you need
Encoder-Decoder

Vaswani et al., 2017



linear
softmax

    Encoder-Decoder training
 [I am the boss      Yo soy la jefa]

source sequence target sequence

MHA

MHAMHA
Masked

FF

FF
A

N
&

A

N
&

A

N
&

A

N
&

A

N
&Q
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V
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V

Q

word embedding

word embedding

<s>
I

am
<mask>

boss

<s>
Yo
soy
la

jefa

p(<mask>|I am boss) Loss = -log p(<mask>=the | I am boss)

p(x2|<s>,I am the boss) Loss   = -log p(x2 = Yo  | <s>,I am the boss)
p(x3|<s> Yo,I am the boss) Loss  += -log p(x3 = soy | <s> yo,I am the boss)
p(x4|<s> Yo soy,I am the boss) Loss  += -log p(x3 = la  | <s> yo soy,I am the boss)
p(x4|<s> Yo soy la,I am the boss) Loss  += -log p(x3 = jefa| <> yo soy la,I am the boss)

cross-entropy loss

cross-entropy loss

linear
softmax



1

Encoder-Decoder inference (translation)
                     [I am the boss      ??]
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MHAMHA
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probability dist
 for next token



1 2

Encoder-Decoder inference (translation)
                     [I am the boss      ??]
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Encoder-Decoder inference (translation)
                     [I am the boss      ??]
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Encoder-Decoder inference (translation)
                     [I am the boss      ??]
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Transformer-based Language Models:
Decoders vs Encoders
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adapted from: UDL, Prince
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Decoders vs Encoders

Outputs

Decoder:

Encoder:

Encoder
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adapted from: UDL, Prince
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adapted from: UDL, Prince
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Decoders vs Encoders

Training

Decoder:

Encoder:

predicts next token in training seqs

predicts masked tokens in training seqs 
self-supervised

Encoder
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adapted from: UDL, Prince
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adapted from: UDL, Prince
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Decoders vs Encoders

Training

Decoder:

Encoder:

predicts next token in training seqs

predicts masked tokens in training seqs 
self-supervised

Encoder

(per L)
LayerNorm[D] LayerNorm[D]
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(x K)

Transformer block

self-attention
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<mask>
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adapted from: UDL, Prince
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Decoders vs Encoders

Usage

Decoder:

Encoder:

feeds last predicted token to input
generates next token
keeps going until END token reached

use the output embeddings for 
any  number of classification tasks

Encoder

(per L)
LayerNorm[D] LayerNorm[D]
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Transformer block

self-attention
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Decoder

adapted from: UDL, Prince
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adapted from: UDL, Prince
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Decoders vs Encoders

Usage

Decoder:

Encoder:

generates next token
feed last predicted token to input
keeps generating until END token is found

use the output embeddings for 
any  number of classification tasks
new labeled training set used for the 
classification model

Outputs

Decoder:

Encoder: Produces an informative embedding
of whole input 

Training

Decoder:

Encoder:

predicts next token in training seqs

predicts masked tokens in training seqs 
self-supervised

Generates the joint prob of  
       input by autoregression
Generates next token 



Is an ENCODER (BERT)

a Language Model?

BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding



Is an ENCODER (BERT)

a Language Model?

not really



Decoders vs Encoders

Usage

Decoder:

Encoder:

generates next token
feed last predicted token to input
keeps generating until END token is found

use the output embeddings for 
any  number of classification tasks
new labeled training set used for the 
classification model

Outputs

Decoder:

Encoder: Produces an informative embedding
of whole input 

Training

Decoder:

Encoder:

predicts next token in training seqs

predicts masked tokens in training seqs 
self-supervised

Generates the joint prob of  
       input by autoregression
Generates next token 

both tasks are probabilistic and Language Model’s “objectives” 



DNABERT = a DNA ENCODER
BERT: Bidirectional Encoder Representations from Transformers 

Pre-training Tasks: 
    Mask LM 
    Next Sentence Prediction (NSP)
                   [this taks requires labels]  

Fine tuning tasks: 
       sentence pairs in paraphrasing
       hypothesis-premise pairs
      question/answer pairs
all parameters are re-trained 



DNABERT = a DNA ENCODER
DNABERT 

Transfomer block
           x 12

In
pu
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m
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dd
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g
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ng

Task1: sequence classifier Task2: token classifier

adapted from Figure 1b Ji et al., Bioinformatics, 2021.



DNABERT Tokenization
DNABERT tokenization 

In
pu

t e
m

be
dd

in
g

alphabet size: V = 4k  + 5 extra tokens
K-mers 

>CLS>    classification token
>PAD>    padding token
>UNK>    unknown token
>SEP>     separation token
>MASK> masked token



DNABERT Tokenization
DNABERT tokenization 



DNABERT fine-tuning classification tasks

1. The prediction of transcription factors binding sites.
DNABERT-TF

2. The prediction of proximal and core promoter regions.
DNABERT-Prom-300 (trained on TATA box human promoters)
DNABERT-Prom-scan (trained on non-TATA box human promoters)

3. Recognition of canonical (GT-AG) and non-canonical splice sites.
DNABERT-Splice

4. DNABERT-viz of attention maps



DNABERT importance of pre-training

DNABERT ablation 

from Figure 6f from Ji et al, 2021

DNABERT-prom



BERT / DNABERT comparison



ESM-1b (2020)
Transformer for proteins trained by sequence masking

“Biological structure and function emerge from scaling unsupervised
learning to 250 million protein sequences”

1b

250 million sequences
650 million parameters

Transformer

ESM-1b Transformer
downstream tasks

remote homology

alignments of protein families

prediction of 2D and 3D structure

biological variations
    (aromatic, polar, hydrophobic)



ESM-1b (2020)
ESM-1b Transformer

downstream tasks
biological variations  (aromatic, polar, hydrophobic)



ESM-1b (2020)
ESM-1b Transformer

downstream task



ESM-1b (2020)
ESM-1b Transformer

downstream task
alignment information

aligned pairsun-aligned 
pairs



ESM2 (2023)
“Evolutionary-scale prediction of atomic-level protein structure with a

language model”
AF2 vs ESM-2 



ESM-2 vs AF2
ESM-2 vs AF2 



Atomic-resolution structure emerges in language models trained on
protein sequences

Encoder language models trained on  sequences only
                                            vs
                          models using alignments 
 

150 million parameters
65 million unique sequences.

AF2

90–100 million parameters



Decoders

ProGen2 - to sample protein sequences
EVO - to sample genomic sequences



ProGen2
Exploring the boundaries of protein language models

ProGen2 = “Causal LLMs in the form of
autoregressive decoders for the modeling of proteins”
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adapted from: UDL, Prince
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ProGen2

adapted from Figure 1A,1E Nijkamp et al., 2023, Cell Systems .

ProGen2 

next residue 
  prediction

autoregressive
    decoding



Types of Learning

Learning

Few-shot learning:

Fine-tuning:
needs task-specific data 

encoders = masked LMs 

decoders = autoregressive LMs 
give a few examples at
              inference time 

(training)

(no-training)

weights are updated 

no weights are updated 

Zero-shot learning:

uses pre-trained weights 

give some specs, but 
no examples  



Perplexity
Capturing the distribution of observed proteins

perplexity



Sequences adopt natural folds with
sequence divergence

ProGen2 sequences: known folds with high seq diversity 



Progen2 zero-shot fitness predictions
ProGen2 zero-shot fitness

“To improve model performance we must carefully 
consider the alignment of the pretraining dataset 
and the downstream task”



EVO: a decoder for genomic sequences 



EVO
EVO: 
Sequence modeling and design from molecular to genome scale

7 billion paramers.

a context length of 131 kilobases at single-nucleotide resolution.

Trained on 2.7 million prokaryotic and phage genomes

zero-shot function prediction across DNA, RNA, and protein modalities 

StripedHyena architecture





The stripedHyena architecture 
  * LayerNorm

  * Striped Self-attention 

  * Hyena gated block, which includes:

    * LayerNorm
        input x          # (B, L, d_model)
        residual = x
        x = LayerNorm(x)

    * Two x projections: d_model = 2*hidden_dim
        u, v # (B, L, hidden_dim)

    * One long convolution on u:
        u_cov = cov1d(u)   #(B, L, hidden_dim)

  It is called long convolution because the filter spans most of the length of the sequence. 
  The hope is that such long convolution will help learn long-distance interaction in sequences.

    * gating with v:
         gate = torch.sigmoid(v)           # (B, L, hidden_dim)
         h = gate * u_conv                 # (B, L, hidden_dim)

    * non-linearity (RELU or GELU) and projection
          h = F.gelu(h)                    # (B, L, hidden_dim)
      h = self.out_proj(h)             # (B, L, d_model)    

    * residual connection
           return residual + h





EVO: zero-shot protein fitness prediction 



EVO: zero-shot RNA fitness prediction 



EVO: a decoder for genomic sequences 

how to find the specific:
RNA language,

mRNA language,
regulatory DNA language,...

b4 homework!





Unsupervised Learning



Unsupervised Learning

Variational Inference



Unsupervised Learning
Learning from data without labels

Pdata ≈ Pθ

Such that

1. inference given x, Pθ(x)

2. samplex ∼ Pθ
3. learn meaningfull things about data

assuption: dataset is a representative sample of Pdata.
because: we are goig to achieve Pdata ≈ Pθ by

min
θ
DKL(Pdata||Pθ) = min

θ

∑
xi in dataset

log
Pdata(xi)

Pθ(xi)



Variational Inference
Minimizing the DKL divergence between Pdata and Pθ

is equivalent to

max
θ

∑
xi∈dataset

logPθ(xi)

How do we calculate

logPθ(x)??

In unsupervised learning, Pθ(x) usually utilizes a latent variable z

Pθ(x) =
∑
z

Pθ(x, z)dz =
∑
z

Pθ(x | z)P (z)dz



Variational Inference
What you could do but it is usually too hard is

Take samples z(i) ∼ P (z) and then calculate

logPθ(x) = log

[∫
z

Pθ(x | z)P (z) dz
]
≈ log

[
1

N

N∑
i=1

Pθ(x | z(i))

]

Monte Carlo sampling



Variational Inference
What you do is relying on an auxiliary (variational) distribution qλ(z)

easy to manipulate

logPθ(x) = log

[∫
z

Pθ(x z) dz

]
= log

[∫
z

qλ(z)

qλ(z)
Pθ(x z) dz

]
≥
∫
z

qλ(z) log

[
Pθ(x z)

qλ(z)

]
dz Jensen’s inequality

= Eqλ log

[
Pθ(x z)

qλ(z)

]
= ELBO(λ, θ, x)

ELBO = Evidence Lower Bound
One optimizes the ELBO



Optimizing the ELBO is tractable

ELBO(λ, θ, x) = Eqλ log

[
Pθ(x z)

qλ(z)

]
Using a Monte Carlo sampling z(i) ∼ qλ(z),

ELBO(λ, θ, x) ≈ 1

N

N∑
i=1

log

[
Pθ(x

(i))

qλ(z(i))

]


