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Transformers
Transformers Natural Languages

Biological sequence languages

inputs: words in an embedding 

inputs are large 

inputs are variable in length 

parameter sharing  

no MLPs 

connections between words (context)  
[self-attention]

(CNNs RNNs)

Transformers



Self-attention

Transformers[self-attention]

3 transformers for natural language translation

2017



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)



Transformers

Language Models (LLMs)

self-attention
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AlphaFold2[b3]
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Self-Attention

 input
 (L x D)

WQ
 

parameters    size 
dk × D 

WK
 dk × D 

WV
 dv × D 

L

DC C U U G A C G GC C G G U A

L
embedding

Xi

Attention Map

L
softmaxK

AK(i j) = 
�j’ exp(score(qi

• kj’))
exp(score(qi • kj))

score(qi
• kj) = (�d qi kj) / (�dk)

score(qi
• kj)

dd

value vi   

query qi   

key ki    

L

dK

L

dK

L

dv

AK(i j)  

Q
K

Li

j

qi = WQ Xi 

ki = WK Xi 

vi = WV Xi 



Dot product self-attention maps

1. Queries
q[L, dk] = x[L,D] ∗WQ[D, dk] + bQ[dK ], qi(d)

2. Keys
k[L, dk] = x[L,D] ∗WK [D, dk] + bK [dk], ki(d)

3. Values
v[L, dv] = x[L,D] ∗W V [D, dv] + bV [dv], vi(d)

Linear dot-product score

score(qi · kj) =
dK∑
d=1

qi(d) kj(d) /
√

(dK).

Attention between i,j is the softmax of the scores respect to the keys

Ai,j =
escore(qi·kj)∑L
l=1 e

score(qi·kl)
.



Products between vectors q[D] and k[D]
1. scalar product (q · k)[1]

q · k =

D∑
d=1

qd kd

2. element-wise product (q � k)[D]

q � k = [q1 k1, ..., qD kD]

3. outer product (q ⊗ k)[D,D]

q ⊗ k =

 q1 k1 . . . q1 kD
...

...
...

qD k1 . . . qD kD


4. cross product for D = 3, (q × k)[3]

q

k

q k q × k = ||q|| ||k|| sin(θ)n̂

=

∣∣∣∣∣∣
i j k
q1 q2 q3
k1 k2 k3

∣∣∣∣∣∣
= (q2 k3 − q3 k2,−(q1 k3 − q3 k1), q1 k2 − q2 k1)



Self-Attention (1d input)

 input
 (L x D)

WQ
 

parameters    size 
dk × D 

WK
 dk × D 

WV
 dv × D 

L

DC C U U G A C G GC C G G U A

L
embedding

Xi
ui(x)

Attention Map

L
softmaxK

AK(i j) = 
�j’ exp(score(qi

• kj’))
exp(score(qi • kj))

ui = �j AK(i j) vj

Θ( L2) time

score(qi
• kj) = (�d qi kj) / (�dk)

score(qi
• kj)

d  update
  (L x dv)

d

value vi   

query qi   

key ki    

Θ(L2) memory

L

dK

L

dK

L

dv

L

dv

AK(i j)  

Q
K

Li

j

qi = WQ Xi 

ki = WK Xi 

vi = WV Xi 



Self-Attention (code)

sequence  input = X[B,L, D]



Self Attention (matrix view)

adapted from: UDL, Prince

X[L,D]
Y[L,Dv]=A[L,L]*V[L,Dv]

Q[L,DK] = X[L,D]*WQ[D,DK]

K[L,DK] = X[L,D]*WK[D,DK]

V[L,Dv] = I[L,1]*bV[1,DV]+X[L,D]*WV[D,DV]

         A[L,L] 
softmaxk(Q[L,dK]*K

T[dK,L])

L

L

L

L

L

output

L

DK

DK

DV

DV

L

D



adapted from: UDL, Prince

X[L,D]

Q1[L,d] = X[L,D]*W1Q[D,d]

K1[L,d] = X[L,D]*W1K[D,d]

V1[L,d] = I[L,1]*b1V[1,d]+X[L,D]*W1V[D,d]

         A1[L,L] 
softmaxk(Q1[L,d]*K1

T[d,L])

L

L

L

L

L

output1

L

d

d

d

d

L

D

Q2[L,DK] = X[L,D]*W2Q[D,d]

K2[L,d] = X[L,D]*W2K[D,d]

V2[L,d] = I[L,1]*b2V[1,d]+X[L,D]*W2V[D,d]

         A2[L,L] 
softmaxk(Q2[L,d]*K2

T[d,L])

L

L

L

L

L

d

d

d

L

d

L

d

L

d

output2

   Y1[L,d]=
A1[L,L]*V1[L,d]

   Y2[L,d]=
A2[L,L]*V2[L,d]

inputs

queries

keys

values

queries

values

keys

        y[L,2d] = 
concat(y1[L,d],y2[L,d])

L

2d

        O[L,2d] = 
     y[L,2d]*WO[2d,2d] 

d = d_head = d_model/n_heads

H = n_heads = 2

D = d_model







Layer Normalization
For an input embedding x[L,D], the LayerNorm, calculates:

1. the mean
mi =

1
D

∑D
d=1 x

d
i

2. the variance
vi =

1
D

∑D
d=1(x

d
i −mi)

2

3. Then, the values get updated as
xi[D]←− xi[D]−mi√

(vi+ε)
γ + δ, γ and δ are trained by the model.

After the normalization layer, each xi[D] vector has mean δ and standard
deviation γ.



Positional encoding

vbins = [−32,−31, ..., 32]
dij = j − i

pij = LinearLayer(onehot(dij, vbins))
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multiple sequence alignments (MSAs)?
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GGGCCCAUAGCUCAGU-GGU-AGAGUGCCUCCUUUGCAAGGAGGAUGC-CCUG-GGUUCGAAUCCCAGUGGGUCCA
CAUUAGAUGACUGAA--AG--CAAGUACUGGUCUCUUAAACCAUUUAA-UAGUAAAUUAGCACUUACUUCUAAUGA
GCGCCCGUAGCUCAAUUGGAUAGAGCGUUUGACUACGGAUCAAAAGGU-UAGG-GGUUCGACUCCUCUCGGGCGCG
GGGCCUGUAGCUCAGCUGGUUAGAGCGCACGCCUGAUAAGCGUGAGGU-CGGU-GGUUCGAGUCCACUCAGGCCCA
AGGGGCAUAGUUUAAC-GGU-AGAACAGAGGUCUCCAAAACCUCCGG--UGUG-GGUUCGAUUCCUACUGCCCCUG
AGGGGCGUAGUUCAAUUGGU-AGAGCACCGGUCUCCAAAACCGGGUGU-UGGG-AGUUCGAGUCUCUCCGCCCCUG
GCUGAUAUGGCUCAGUUGGU-AGAGCGCACCCUUGGUAAGGGUGAGGU-CCCC-AGUUCGACUCUGGGUAUCAGCA
UGGGGCGUGGCCAAGU-GGU-AAGGCAGCGGGUUUUGGUCCCGUUACU-CGGA-GGUUCGAAUCCUUCCGUCCCAG
GCCCUUUUAACUCAGU-GGU-AGAGUAAUGCCAUGGUAAGGCAUAAGU-CAUC-GGUUCAAAUCCGAUAAAGGGCU
GCGUCCAUUGUCUAAU-GGAUAGGACAGAGGUCUUCUAAACCUUUGG--UAUA-GGUUCAAAUCCUAUUGGACGCA
GCAUCCAUGGCUGAAU-GGUUAAAGCGCCCAACUCAUAAUUGGUAAAUUUGCG-GGUUCAAUUCCUGCUGGAUGCA
AGUAAGGUCAGCUAA--UU--AAGCUAUCGGGCCCAUACCCCGAAAA--CGUU-GGUUUAAAUCCUUCCCGUACUA
AAGAUAUUAGUAAAAU-CA--AUUACAUAACUUUGUCAAAGUUAAAU--UAUA-GAUCAAUAAUCUAUAUAUCUUA
GUUUCUGUAGUUGAA--UU--ACAACGAUGAUUUUUCAUGUCAUUGG--UCGC-AGUUGAAUGCUGUGUAGAAAUA
GGUCUUAAGGUGAUA------UUCAUGUCGAAUUGCAAAUUCGAAGG--UGUA-GAGAAAU-CUCUACUAAGACUU
ACUCCCUUAGUAUAA--UU--AAUAUAACUGACUUCCAAUUAGUAGA--UUCU-GAAUAAAC-CCAGAAGAGAGUA
UAGAUUGAAGCCAGUA-AU--AGGGUAUUUAGCUGUUAACUAAAUUUU-CGUA-GGUUUAAUUCCUGCCAAUCUAG
CACUAUGAAGCUA--------AGAGCGUUAACCUUUUAAGUUAAAGUU-AGAG-ACCUUAAA-AUCUCCAUAGUGA
GUUAAUGUAGCUUAAUAAC--AAAGCAAAGCACUGAAAAUGCUUAGA--UGGA-U-AAUUGU--AUCCCAUAAACA
ACUUUUAUAGGAUAAU-AGU-AAUCCAUUGGUCUUAGGAACCAAAAA--CCUU-GGUGCAAAUCCAAAUAAAAGUA
GGGCCUAUAGCUCAGCUGGUUAGAGUGCACCCCUGAUAAGGGUGAGGU-CACA-AGUUCAAGUCUUGUUAGGCCCA
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Why Self-attention on
multiple sequence alignments (MSAs)?
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GCGCCCGUAGCUCAAUUGGAUAGAGCGUUUGACUACGGAUCAAAAGGU-UAGG-GGUUCGACUCCUCUCGGGCGCG
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ACUCCCUUAGUAUAA--UU--AAUAUAACUGACUUCCAAUUAGUAGA--UUCU-GAAUAAAC-CCAGAAGAGAGUA
UAGAUUGAAGCCAGUA-AU--AGGGUAUUUAGCUGUUAACUAAAUUUU-CGUA-GGUUUAAUUCCUGCCAAUCUAG
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Alignment Self-Attention
query vectors

key vectorsL

L

dk

dk

S

S

attention map

S x L

S x L

softmaxK

Attention by column

qai
S

S x L

Attention by row

S

S

S x L

L

L

L

kbi

score(qai
• kbi) 

tied column Attention

qai

kbi

tied row Attention

query vectors

key vectors

query vectors

query vectors

key vectors

key vectors

attention map attention map

S

S

S

S

L

SS

LL

L L

l

qai kaj

attention map attention map

query vectors key vectors

SS

LL
qai kaj

softmaxk

score(qai
• kbj) = (�d qai kbj) / (�dk)

dd

WQ
 

parameters    size 
D x dk  

WK
 D x dk  

WV
 D x dv  

�b’j’ exp(score(qai
• kb’j’))

exp(score(qai • kbj))

a  

i  

i  

b  
P(Kb | Qai) = 

�b’ exp(score(qai
• kb’i))

exp(score(qai • kbi))

Q ai  

K
bj  

Q

P(Kbj | Qai) = 

K

softmaxk

softmaxksoftmaxk

ai  

b  
∑ i score(qai

• kbi) 

P(Kb |Qa) = 
�b’ exp(∑iscore(qai

• kb’i))
exp(∑i score(qai • kbi))

K
b  

Qa  

b  

a  

i  

i  j  

score(qai
• kaj) 

a  

i  

a  

j  

P(Kj | Qai) = 
�j’ exp(score(qai

• kaj’))
exp(score(qai • kaj))

Q
K

ai  

j  j  

Q i  

K

P(Kj | Qi) = 
�j’ exp(∑ascore(qai

• kaj’))
exp(∑ascore(qai • kaj))

∑ascore(qai
• kaj) 

a  

i  

a  

j  

P(Kbj | Qai) 

a  

b  

i  

j  

qai

kaj



L

L

tied row Attention

attention map

query vectors key vectors

SS

LL
qai kaj

softmaxk

j  

Q i  

K

P(Kj | Qi) = 
�j’ exp(∑ascore(qai

• kaj’))
exp(∑ascore(qai • kaj))

∑ascore(qai
• kaj) 

a  

i  

a  

j  

Tied row attention



S

S

tied column Attention

qai

kbi

query vectors

key vectors

attention map
S

S

L

softmaxk

∑ i score(qai
• kbi) 

P(Kb |Qa) = 
�b’ exp(∑iscore(qai

• kb’i))
exp(∑i score(qai • kbi))

K
b  

Qa  

b  

a  

i  

i  j  

Tied column attention



MSA self-attention
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2024 Nobel in Chemistry 
Jumper, Hassabis, Baker





AlphaFold2 Summary (Figure 1)



AF2 Embedding Module

    input
sequence

input
MSA 

 
 
 
s
e
q
 
D
B

h
o
m
o
l
o
g
y
 
s
e
a
r
c
h

ftarget

fmsa

ftarget

fmsa

from seq to pair rep by “outer-sum”

r

f r

r

r

r

cz

cz

cz
sequence

pair representation

Linear(f,Cz)

Linear(f,Cz)

aic

bjc

zijc = aicbjc

o
u
t
e
r
-
s
u
m

j

i
c

c

Z[r,r,Cz]

a[r,Cz]

b[r,Cz]

ftarget[r,f]

ImputEmbedding(ftarget,fmsa):

ai   = Linear(f
target)

bi   = Linear(f
target)
i

i

zij  = ai + bj (outer sum)

msi  = Linear(f
msa)+Linear(ftarget)
si i

return {msi},{zij}

ai[Cz], bi[Cz]  Cz= 128

zij[Cz]

msi[Cm]  Cm= 256



AF2 Evoformer Module

m[s,r,cm]

z[r,r,cz]

om[s,r,cm]

oz[r,r,cz]

MSA stack

Pair stack

msa transition

     msa/pair
communication

MSA stack
RowAttentionBias(m,z):

qsi,ksi,vsi = Linear(msi)
bij = Linear(LayerNorm(zij))
asij = softmaxK(qsiksj + bij)

osi = gsi sumj(asijvsj)

omsi= Linear(concath(osi))

h h h

h h h

hhh

h

h

msj = LayerNorm(msj)

T
[s,r,r]

gsi = sigmoid(Linear(msi))
h

ColAttention(m,z):

qsi,ksi,vsi = Linear(msi)

asti = softmaxK(qsikti)

osi = gsi sumt(astivti)
omsi= Linear(concath(osi))

h h h

h hh

h h h

msj = LayerNorm(msj)

h

T
[s,s,r]

gsi = sigmoid(Linear(msi))
h



AF2 Evoformer Module

m[s,r,cm]

z[r,r,cz]

om[s,r,cm]

oz[r,r,cz]

MSA stack

Pair stack

msa transition

     msa/pair
communication

Pair stack
triangle updates triangle attentions 

i j

k

i j

k
i j

k

i j

k

aik bjk

zij

bkj
aki

zij
qij qij

vik,kik vki,kki
bjk bkj

aij,bij = sig(Linear(zij))Linear(zij)

ozij = Linear(sumk(aikbjk))

bij = Linear(zij)
 qij,kij,vij = Linear(zij)

oij = Linear(sumk(akibkj))

outgoing ingoing
starting ending

aijk = softmaxK(qijkik+bjk)

oij = gij sumk(aijkvik)

ozij= Linear(concath(oij))

h hh

h h h

h

h

T

a[r,r,r]

h aijk = softmaxK(qijkki+bkj)

oij = gij sumk(aijkvki)

ozij= Linear(concath(oij))

h hh

h h h

h

h

T h

(parameters not shared)(parameters not shared)
h h h

h



AF2 Evoformer Module

m[s,r,cm]

z[r,r,cz]

om[s,r,cm]

oz[r,r,cz]

MSA stack

Pair stack

msa transition

     msa/pair
communication

communicationmsa transition














