block b3



block b3




block b3

Transformers



block b3
Transformers
Protein Folding-AlphaFold?2



Transformers
Transformers — Natural Languages
inputs: words in an embedding
inputs are large
inputs are variable in length | no MLPs

parameter sharing
(CNNs RNNs)

connections between words (context)
[self-attention]

Transformers —» Biological sequence languages



Self-attention

[self-attention] —— Transformers
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Language Models (LLMs)



[b4] Language Models (LLMs)

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

L

P(AUG,AUG) =0.0001

LM i -
) P(ct,...xL) P(AUG,stop-codon) = 0.0000001

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

embedding

LMs are generative models

can sample new examples (synthetic biology)

LMs usually autoregressive ( which is exact, not an approximation)
x1 ~ P(x1)
x2 ~ P(x2 | x1)
x3 ~ P(x3 | x1,x2)
x4 ~ P(x4 | x1,x2,x3)



[b3] self-attention

\ . transformer

[b3] Transformers °

\ Inpu
L p—

= . =% [b3] AlphaFold2

recycling

[b4] Language Models (LLMs)



parameters size

we  dxD
WK d >xD
wY d,xD

embedding

Self-Attention
L

Attention Map
d, o L
/query‘ﬁ ~. L i K L
- ' score(C kl) Dsoftmax, || )
L
dK
i} score(q] E Gz, K ) (vd,)
key k;
) exp score(a E)
¢ AYi))= (ocore(Gy )
3 exp(score(q k. ))



Dot product self-attention maps

1. Queries

gL, di) = =[L, D]« WO[D, di] + b9[dk], qi(d)
2. Keys

k[L,dy] = x[L, D] * WE[D,d},] + b5[d}], ki(d)
3. Values

v[L,d,] = 2[L, D] * WV [D,d,] + bV [d,], wvi(d)

Linear dot-product score
score(q; - k; qu \/dK

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

escore(qz"k‘j)

A= )
J Zlel eScore(q;-ky)



Products between vectors ¢[D] and k[D]
. scalar product (q - k)[1] D
q-k= Z qa kq
d=1

. element-wise product (¢ © k)[D]

qO©k=[qki,..,qpkp]
. outer product (¢ ® k)[D, D]
aikr ... @kp
QR k= : :
gpki ... gpkp
. cross product for D = 3, (¢ x k)[3]
wxc qx k= |lgll [I4]] sin(6)n
i j ok
i =191 Q92 g3
0 ki ke ks

= (g2 ks — g3 ko, —(q1 ks — g3 k1), q1 k2 — g2 k1)



parameters size

we  dxD
W< d,xD
W' d,xD

embedding

Self-Attention (1d input)

d, o
W{quwlﬁL score(?i-E,) ot | A1 L
dK
i AK( ) = RerG)

T
valueV,

Attention Map

35 exp(score(?i- Ej,))

score(Cr Rj) = (3, I?? kdj) / (Vd,)

O( L2) time
©(L2) memory

L
—s d
6(x)
=5 A
update
(Lxdv)




Self-Attention (code)

# Simple self-attention
class SelfAttention(nn.Module):

def

def

__init__(self, d_model):
super().__init__()
self.d_model = d_model

# uses all dimensions equal to d_model

self.q_proj = nn.Linear(d_model, d_model)
self.k_proj = nn.Linear(d_model, d_model)
self.v_proj = nn.Linear(d_model, d_model)

forward(self, x):
# x: (B, alen, d_model)
B, L, D = x.shape

q[B, L, d_model]
k[B, L, d_model]
v[B, L, d_model]
= self.q_proj(x)
= self.k_proj(x)
= self.v_proj(x)

< xOo % H %

q [B, L, d_model]

k.transpose(-2,-1) [B, d_model, L]

attn[B, L, L]

v [B, L, d_model]

out[ B, L, d_model]

softmax wrt the L dimension comming from the keys

attn = torch.softmax(q @ k.transpose(-2, -1) / (self.d_model *x 0.5), dim=-1)
out = attn @ v # (B, L, d_model)

#
#
#
#
#
#

return out

sequence input = X[B,L, D]




Self Attention (matrix view)
- : ™

D,

3

Queries,
Q[L,D,] = X[L,D]*W,[D,D,]

L L =
A[L,L]
softmax, (Q[L,d,]*K*[d,,L])

Keys,

X[L,D] K[L,D,] = X[L,D]*W,[D,D,] output

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

L

Values,
k V[L,D,] = I[L,1]*b,[1,D,]+X[L,D]*W,[D,D,]

adapted from: UDL, Prince




D = d_model

L
EH
queries
QL[L,d] = X[L,D]*W1,[D,d] Egﬁ
L Al[L,L]
softmax, (91 (L, d] *K1*[d, L])

keys
K1[L,d] = X[L,D]*W1,[D,d]

L

=¢ ﬁ
outputl
Y1[L,d]=

AL[L,L]*V1([L,d]

L=

values
V1[L,d] = I[L,1]*b1,[1,d]+X[L,D]*W1,[D,d]

inputs
X[L,D]

L

queries
Q2[L,D,] = X[L,D]*W2,[D,d|

i

&

keys
K2[L,d] = X[L,D]*W2,[D,d]

L

A2(1,L]
softmax, (Q2[L,d] *K27[d,L])
L

H = n_heads = 2

= d_head = d_model/n_heads

2d

o[L,2d] =
yIL,2d]*W,[2d,2d]

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

f—>d
output2
¥2[L,d]=
A2[L,L]*V2([L,d]

FH
manna]

values
V2[L,d] = I[L,1]*b2,[1,d]+X[L,D]*W2,[D,d]

adapted from: UDL, Prince




# multi-head sefl-attention
class MultiHeadAttention(nn.Module):
def __init__(self, d_model, num_heads):

def

super().__init__()

assert d_model % num_heads ==
self.d_model =
self.num_heads |
self.d_head = self.d_model // self.num_heads # H = D/n_heads

# uses all dimensions equal to d_model

self.q_proj = nn.Linear(d_model, d_model)
self.k_proj = nn.Linear(d_model, d_model)
self.v_proj = nn.Linear(d_model, d_model)
self.o_proj = nn.Linear(d_model, d_model)

forward(self, x):
# x: (B, alen, d_model)
B, L, D = x.shape

H x d_head = d_model

#

#

# qlB, H, L, d_head]

# k[B, H, L, d_head]

# vIB, H, L, d_head]

q = self.q_proj(x).reshape(B, L, self.num_heads, self.d_head).transpose(1, 2)
k = self.k_proj(x).reshape(B, L, self.num_heads, self.d_head).transpose(1, 2)
v = self.v_proj(x).reshape(B, L, self.num_heads, self.d_head).transpose(1, 2)

# qlB, H, L, d_head]

# k.transpose(-2,-1) [B, H, d_head, L]

# attn[B, H, L, L]

#v [B, H, L, d_head]

# out [B, H, L, d_head]

attn = torch.softmax(q @ k.transpose(-2, -1) / (self.d_head * 0.5), di
out = attn @ v # (B, heads, L, d_head)

# concatenate all heads together

# out.transpose(1, 2)[B, L, H, d_head]

# out[B, L, Hxd_head]

out = out.transpose(1, 2).reshape(B, L, D)

# apply one last FC layer
out = self.o_proj(out)

return out




Input
embedding
W.[4,D]
X[L,D]

Transformer Block

Residual connection

Multi-head
self-attention

Residual connection

E[D!é 3
107

Parallel neural

networks (x L)
W,,,[D,df£] WZ, [dfE,D]

LayerNorm[D]
(per L)

L
D
LayerNoxm|[D. l‘ output
(per L) | embedding
)

adapted from: UDL, Prince

# simple Transformer block = attention -> MLP
class SimpleTransformerBlock(nn.Module):

def __init_ (self, d_model, d_ff):

super().__init_ ()
self.attn = SelfAttention(d_model)

self.mlp = nn.Sequential(
nn.Linear(d_model, d_ff),
nn.RelU(),
nn.Linear(d_ff, d_model),
)

self.norm_att
self.norm_ff

nn.LayerNorm(d_model)
nn.LayerNorm(d_model)

def forward(self, x):

x = x + self.attn(x)

x = x + self.mlp(self.norm_att(x))
x = self.norm_ff(x)

return x




Layer Normalization

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

1. the mean
_1~xD _d
Mi = 5 2 de1 T

2. the variance
D
Vi = % Zd:l(xlii —m;)?

3. Then, the values get updated as
z;[D] +— m\i[/l()]:r;“y + 6, v and 4 are trained by the model.

After the normalization layer, each x;[D] vector has mean § and standard
deviation 7.



Positional encoding

vbins = [—32, —31, ey 32}
dij =J —1
pij = Linear Layer(onehot(dij, vbins))



Why Self-attention on
multiple sequence alignments (MSAs)?



Why Self-attention on
multiple sequence alignments (MSAs)?
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Why Self-attention on
multiple sequence alignments (MSAs)?

RNA secondary structures
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Why Self-attention on
multiple sequence alignments (MSAs)?

RNA secondary structures

structural Tontbed
information
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RNA alignments
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information ce. .ca
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CA. UGA



Why Self-attention on
multiple sequence alignments (MSAs)?

RNA secondary structures
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A(slsl)

exp(score(as, . RS,.))
S neplscore(d, K,,)
Ry =3, AV, esxt?)

self-attention by column
L

- /
A(sls’) = __exp(score(dKy)
3 exp(score(d K,))

Cy=3,A(slsT) T, o(Lxs?)

i parameters  size ib input, size =D

MSA attention by row/column TR e T e ey g

w Dxd, E, =%, W< key, size=d

self-attention by row W' Dxd, 7% W value, she s,
L

# Row attention =
# attention across residues for each sequence (MSA row)
# thus: row([s] is fixed, L and D move
class RowAttention(nn.Module):
def _init_ (self, d_model, num_heads):
super().__init__()
self.attn = MultiHeadAttention(d_model, num_heads)

def forward(self, x|
x: (B, S, L, d_model)

B, S, L, D = x.shape
.reshape(B % S, L, D)
self.attn(x)
return x.reshape(B, S, L, D)

# Column attention =

# attention across MSA sequences at each residue (MSA column)
# L is fixed, we move on S and D.

# Thus we need to put S, D as the last two dimentsion
class ColumnAttention(nn.Module):

def _init_(self, d_model, nun_heads):
super().__init__()
self.attn = MultiHeadAttention(d_model, num_heads)

def forward(self, x):
#x: (B, S, alen, d_model)
B, S, L, D = x.shape

X = x.transpose(1, 2).reshape(B x L, S, D)
x = self.attn(x)

return x.reshape(B, L, S, D).transpose(1, 2)




query vectors

peaneiers sze Alignment Self-Attention
W< Dxd,
W' Dxd,

attention map

2 SxL
/ s K
dk o o SxL
score(0, ) = (2,0 k) / (V) Oopms P(y1 Q)
key vectors ®
S
° b _ exp(score(T, - K,))
(1 “)-zmexp(score(mfm))
Attention by row

query vectors

key vectors

SxL
attention map

tied row Attention

query vectors

exp(score(T, - F,)

Key vectors
i w==zzssscaalinni
5 i <l
& | [ LS
: L - - A
3. score(T,¢ k)
l softmax,
Q |
K
. o _ oxp(3,seoreid, K,)

)= i K

" 5 explscore(d,: Ky

il

3 exp(E score(T,- )

L
attention map

Attention by column
auery vectors

attention map
L
i

exp(score(q,, - K,))

tied column Attention

query vectors |

3y exp(score(

ke

=+ S
Gl attention map
KQ‘ s
s % s00re(l o) O s
key vectors
S e score(,, - K,
[* ‘l P(,10,) = (3, score(, - Ky)

Sy exp(¥ score(T,- Kyy)




Tied row attention

lass Tieuutetention(on Hodele}
it_(self, o_model, num_heads, tie_node:
)

per (7 init_
self.nun_heads = nun_head:
Selnead din - d.model 7/ num_heads

self.tie_node = tiemode # "mean” or "sum’

# shared projections across
self.apro) = . Linear(d nodel,d odel)
e = Linear (d_nodel, d_nodel)

. Linear (d_nodel, d_nodel)
. Linear (d_nodel, d_nodel)

prttet]

ef forvard(self, x)
B, 5, L, 0= x.shape

# flateen rows o projections are tied
x_flat = x.reshape(8+5, L, D)

# queries, keys, values (845, L, D]
]
K
v

selt v proj G_flat)
key vectors

# nulti-head split
s # queries, keys, values (845, L, H, DH] (reshape)
# queries, keys, values [B+5, H, L, O] (transpose 1,2)
K, Q = Q.reshape(84s, L, self.nun_heads, self.head_din).transpose(1, 2)
K = K.reshape(B4S, L, self.nun_heads, self.head_din).transpose(1, 2)
V = V.reshape(B4S, L, self.nun_heads, self.head_din).transpose(1, 2)

# per-row attention scores
# R_scores[8+5, H, L, L] = 0[Bs5, H, L, DHIKT[855, K, OH, L]

Ruscores = torch.astaul(0, K.transpose(—2, ~) /. (seis.nesd_oin +¢.0.5)
# R_scores(B. 5, H, L,

R Scares - R scores.rishape(s, S, self.mun_heads, L, 1

# tie at the attention-weight level
# TR_scores(8, 1, H, L, L
Rlscores.mean(din=1, keepdin=True) # (8, 1, H, L, L)

exp(X score(dy K, scores
L ®1Q) _ oo(E ooy Ky) s

3 exp(Escore(q, k) gsoftmec AFTER tying
] al6, 1, L U
! TK_attn tur(h.su'tmaxltksmres, dim=-1)  # (B, 1, H, L, L)

# expand tied attention to all rows
h # TR.attnlB, S, H, L, L]
attention map TR_attn = TR attn.repeat(1, 5, 1, 1, 1) #(8, S, H L L

# print TR attn
Drin(ATicdrou attention (TR_attn) saps dinensions (5, 5, H, L, L") TR_attn.shape)

# reshape V back to (8, S, H, L, DH] (from [BsS, H, L, OHI)
V.reshape(8, S, self.nunheads, L, self.head_din)

# outls, s, H, L, OH] = TR attn[8, S, H, L, L] + VIB, S, H, L, DH]
ot = orch mama TR_aem vy (L S, Lo

# nerge heads
# outls, 5, H, L, OH]

£ outls, 5. L W OH] (transposed 2,2)

# outls, ged all hea

ot = it iransposet, 3 -reshape(d, 5, L 0)

# project
out = self.o_proj (out]

return out




tied column Attention

query vectors |
\

\

)

]

\
\
\
key vectors_; )
7

S

\
\
1
) 3 soore({l )
a

attention map
k@

Tied column attention

€lass TicdColummttention(nn.Module) s
def _init_(self, d_nodel, nua_heads, tie modes"nean

per()._init_()
SEF o eads = num_heads
Self head_din = d_model // nus_heads

Self.tie_sade = tie_sode - s

# shared projections across all rous
Self.q_proj = nn.Linear(_sodel, d_mocel)

Self.0_proj = nn.Linear(d_sodel, d_mocel)

et foruard(self, x):
£ (8,5, L, D)
8,5, L, 0= x.shape

# transpose
# xts, > x(8, L, 5, 0]
e

# flatten rous so projections are tied
x_flat = x. reshape (8L, S, D)

# queries, keys, values (8L, 5, D)

V= self.v_proj (x_flat)

# multichead splst
# queries, keys, values (8L, S, H, DH) (reshape)

# queries, keys, values [BeL, , 5, OH (transpose 1,2)

Q= Q.reshae(BiL, S, self.num_heads, self.head_din).transpose(1, 2)
K= KerestapelBet, 5, selfum hests, sel.head din) transposel, 2
V= Vireshape(@iL, S, self.numh. et head_dim) transpose(, 2)

[0, W, S, DHITIBAL, H, DK, 5]
Cscores o sarchmara 0, K-sromsposel-2, 113 7 (seLt nesddin n 0.5)

L, self.nus hesds, S, S)

S exp(3score(T Ky )

softmax, s
# pr-colm sttention scoes
+ Cacoreatont, #, 5, 51
] =
Is exp(3,score(@, ) scores(s, L, K, 5, 51
I P(K,10,) o [=
|

# tie at the attention-weight level
#TC_scores(s, 1, W, 5, 5]
Te_scores = C_scores.mean(dinel, keepdin=True) # (8, 1, H, 5, 5)

#s0ftaax AFTER tying
#TCattn(a, 1, H, S, 5]
T attn = torch.softeax(TC scores, dins-1) % (8, 1, #, 5, 5)

4 9and tied attention to all rous
#TCattn(s, L, 4, 5, 5)
B T s LW, S

#p _attn shape
print("\ntied-column attention (TC_attn) saps dinensions (8, L, H, S, 51,

# reshape v to 5, DM (from (B4L, H, S, DHI}
SV reinapeis, L, et nim hads, 5, SelF.nead dia)

#outls, L, W, 5, DA = TCattals, L, ¥, S, S| + VI, L, M, S, O]
out = torchusatul (TC_attn, V) # (8, L, K, 5, O}
2z

o, 5, o0
PEmt i p—
#outls, L, S, D] (serged all heads)
out = out.transpose(2, 3).reshape(s, L, 5, D)

2outls, s, L 0] < outls, L5, 0)
out = out. transpose(l,

# project
out = selt.o_projaut)

TC_attn. shape)




MSA selt-attention

MSA Transfomer, Rao et al, 2021 MSA tranSformer

# MSA Transformer block = row attention - column attention - MLP
Feed class MSATransformerBlock(nn.Module):
Forward def __init__(self, d_model, num_heads, d_ff):

super().__init_ ()
[ LayerNorm J

self.row_attn = RowAttention (d_model, num_heads)
self.col_attn = ColumnAttention(d_model, num_heads)

self.mlp = nn.Sequential(

Column nn.Linear(d_model, d_ff),
) nn.ReLU(),
Attention nn.Linear(d_ff, d_model),

)

( LayerNorm )
self.norm_row = nn.LayerNorm(d_model)

] self.norm_col = nn.LayerNorm(d_model)
self.norm_ff = nn.LayerNorm(d_model)

Row def forward(self, x):
Attention x = x + self.row_attn(self.norm_row(x))
x = x + self.col_attn(self.norm_col(x))

) x = x + self.mlp(self.norm_ff(x))

( LayerNorm / return x
\ 7y ),




AlphaFold?2

Highly accurate protein structure prediction
with AlphaFold
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AlphaFold2 Summary (Figure 1)

embedding module  evoformer module structural module

—— (@11t [ AR RE - -
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input search SARRE;
MSA
Structure
Grerecs — Evoformer modulo
Input sequence (1ebiocks) (8 blocks)
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———— (¥ | representation —» —» | representation| —»- 3D structure
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[sw _B -
database — —
search
Templates
[ « Recycling (three times)

recycling



No o s~ w

AlphaFold2 (self-reported) Key

Innovations

evoformer Join embedding of alignments and pair prepresentations
“Direct reasoning between the spatial and evolutionary relationships”

structural module Residue gas: a new representation of 3D structure
as a collection of rotation and translation for each amino acid.

structural module Equivariant attention
training End-to-end structure prediction
training Use of intermediate losses
training Masked msa loss

training Distillation: learning from unlabelled sequences
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AF2 Embedding Module
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AF2 Embedding Module

residue_index (r)
5 input
4 sequence 1
o Frarget
]
a . l
o' o
o 0
"3
£ input def relpos({fresidueindery oo = [-32,-31,...,32]) :
< idue_ind idue_ind
MffaA 1: dij — f{esl ue_index __ f]l_'esl ue_index

2: p;; = Linear(one_hot(d;j, Vpins))

3: return {p;;}

WI[65,C ]
1[2[3T4]5]6] —p —_— —L
r
one-hot H
65 linear c,
[r,r,65] [r,r,C]

This inductive bias de-emphasizes primary sequence distances.

Compared to the more traditional approach of encoding positions in the frequency space,
this relative encoding scheme empirically allows the network to be evaluated without quality
degradation on much longer sequences than it was trained on.
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AF2 Evoformer Module
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AF2 Evoformer Module
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AF2 Evoformer Module
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amino acid backbone reference frame

é= norm(ﬂ)

e=éxe,
é1
side-chain R=|§,| t=C,
1 Reference frame: N-CG-C &

1 backbone torsion angle y to determine O T=(R, 1)
4 side-chain torsion angles




amino acid chain = sequence of reference frames
b _> D

Image: Dcrjsr, vectorised Adam Redzikowski (CC BY 3.8, Wikipedia)
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Algorithm 22 Invariant point attention (IPA)

def InvariantPointAttention({s;}, {Zi;}, {T:}, Nhead = 12, ¢ = 16, Nguery points = 4, Npoint values = 8) :

1:

2: q

KHITS

10: o

11:

12:

ql, k!, vl = LinearNoBias(s;) QKb vl e Re, he {1,..., Ny}
hp k hp — = LinearNoBias(s;) q’Q‘P ,l-(.:L P eR3 pe{l,... + Nyuery points }» Units: nanometres
"hp = LinearNoBias(s;) \’r‘?p €R3, pe{l,..., Npointvalues }, Units: nanometres

: b;‘j = LinearNoBias(z;;)

) _ 2
WG =/ SN ery poms”

wi=y/} | . |
single rep pair rep geometric rep

Tog” -1, 01?2"’”2))

<!

T h
al. = softmax; (wL (%c q* k;-” +b§; -3e Zp‘

§; = Linear (concath,p(ﬁf‘,o 3 H"hp ”))

return {S;}




IPA
s[r,C ] — > update[r,C ]

After IPA.....
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AF2 training

Labels: xyz coordenates of all heavy atoms in the 3D structure
The Protein Data Bank

Search v Visualize + Analyze  Download ~ Leam ~ About ~ Careers
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RCSB Protein Data Bank (RCSB PDB) enables breakthroughs in science and education March Molecule of the Month

by providing access and tools for exploration, visualization, and analysis of:

u Experimentally-determined 3D structures from the Protein Data Bank (PDB) archive
# Deposit
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Q Search Computed Structure Models (CSM) from AlphaFold DB and ModelArchive

Gl Visualize

PDB-101
Explore Training
Resources

Integrative
Structures

Lenacapavir



PDB §

PDB entry: 6V2F

I SPDEB foouw

SNAe

g°rg=gageng=

N

B T T T T

SESSEESPEREEREE

6V2F.mmcif

0
300

3.70516
4.88439

PPEPPEPPPEPEEEEPPEEEEEEEERRRRS

SEESEESPEREEREE

£=388°°2%g338°"9=888°"8




AF2 Training data (2024)
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AF2 Training data

PDB proteins PDB RNAs
175k 807,737 chains 21,005 chains
9,080 chains< 32 nts
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AF2 losses

1. evoformer losses
1.1 Distograms
1.2 MSA loss

2. structural losses

2.1 FAPE = Frame aligned position error
2.2 Torsion angles loss
2.3 Model confidence prediction (pLDDT) local distance difference test



Distogram loss

To associate the pair representation for the structural model

supervised training
Pair representation z;; + zj;

one-hot 64 distance bins covering 2-22 Amstrongs
pij = softmax(one — hot(z;; + zj;, 64bins))

y;; = softmax(one — hot(distance;;, 64bins))

64
1
Lossg; :——E b 1oo p?.
dist r2 - Yi; 108 Dij



MSA loss

To encourage inter-sequence and phylogenetic relationships

self-supervised training
Mg [Cm] — psi[23]

where 23 = 20aa + unknown + gap + mask

Ysi[23] are the one-hot ground-truth values in the msa.

LosSpmsq = — Z Z Ys; log p;

masked s, i€mark c=1



FAPE loss (Frame aligned point error)
Structural loss

predicted coordenates of a atom Z; under a predicted local frame T;

Tflﬂ?j = Ri_l(i‘j — fz)

(2

compared to the true ones

t —1:t
(T rue)i xjrue

dij = Hjji_li‘j _ (Ttrue)i—ljérueHQ



AF2 Losses
_ 0.5LpapPE + 0.5Laux + 0.3L4ist + 2.0Lmsa + 0.01Lconf training
B 0.5LrapE + 0.5 Laux + 0.3 Lgist + 2.0Lmsa + 0.01Lconf + 0.01Lexp resolved + 1.0Lyjo1  fine-tuning




Training tricks
Recycling (3 times)
lterative refinement using the whole network

Self-distillation



Training tricks

Iterative refinement using the whole network
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Training tricks

self-destillation
training with labeled and unlabeled data

» Train AF2 supervised on proteins with PDB structures

» Predict structures of proteins without known structures

> Retrain model from scratch on
(proteins with known PDB structures) +
(proteins with high-confidence predictions)

effective use of the unlabelled sequence data
considerably improves the accuracy of the resulting network



AlphaFold2 ablation results

With self-distillation training |
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Some important characteristics of AlphaFold2 are

Directly predicts the 3D coordinates of all heavy atoms from the
amino acid sequence using aligned sequences of homologs as inputs.
Uses alignments m[r,s] and pair representations z[r,r] with
different attention mechanisms for each of them, but treated jointly
such that they exchange information with each other.

trained end-to-end: all parameters are updated in the one single
gradient descent optimization routine

Uses many different loss functions some used at intermediate
stages, and a final global loss function used to optimize all parameters
of the model at once.

Uses self-distillation to learn from unlabeled proteins.
Self-distillation uses predictions of the model for further training.

» It is able to estimate accuracy
» Introduces a new formalism for protein 3D structure prediction:

a rotation and translation to identify the location of each amino acid

in a protein molecule. All residues are trivially initialized at the same

location which evolves with training into an accurate description of all
atoms of the amino acid chain.



