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MOTIVATION

Physical interactions

(@]
O
(@]

Computational intractability
Context dependence
Not sufficiently accurate

Evolutionary history
Bioinformatics analysis
Far short of experimental accuracy

@)
@)

Without Al, it takes hundreds of thousands
of dollars to determine protein 3D
structures
o Costs $100,000~1M per structure
o  Determination of 3D structure by
X-ray crystallography takes as much
as three to five years
AlphaFold2
o Near experimental accuracyina
majority of cases
o Evenin cases in which no similar
structure is known.
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THE PERFORMANCE OF ALPHAFOLD
ON THE CASP14 DATASET

e AlphaFold2 can produce
O very accurate domain structures
o  highly accurate side chains
o scalable to very long proteins

N terminus

AlphaFold Experiment

AlphaFold Experiment
r.m.s.d.o; = 0.8 A; TM-score = 0.93

AlphaFold Experiment
r.m.s.d. = 0.59 A within 8 A of Zn r.m.s.d.gs = 2.2 A; TM-score = 0.96



THE ALPHAFOLD NETWORK

Grereee

Input sequence

Genetic
database
search

Structure
database
search

Templates
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representahon
(s.rse)

PeT414

Pair
representation
(rre)
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Evoformer
(48 blocks)

'
R

" I 1414
Pair

(r,r.c)

\ /

representation  ———p

Structure
module
(8 blocks)

High
confidence

3D structure

< Recycling (three times)




MULTIPLE SEQUENCE ALIGNMENT
(MSA)

® If two amino acids are in close contact, mutations in one of them will be closely
followed by mutations of the other, in order to preserve the structure.

K E
K E
K E
W v contact in 3D
W Vv
t }

coevolution
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TRANSFORMER

An encoder-decoder model that can Q.0.0,Q.Q
manipulate pairwise connections e

5000

Self-attention

within and between sequences.

Transformers are great with
sequences that have pairwise
connections.

QVO

<‘>,44)




EVOFORMER BLOCK

Updates the MSA with axial attention, using the info from pair representation

®
® Updates the pair representation from updated MSA, using outer product mean block
® Applies triangle inequalities to the updated pair representation to enforce consistency

48 blocks (no shared weights)

=

g MSA Tran- g MSA
D sl attention sition TR LSRR 0N
’”/\\5 i) with pair 1 @ (s.rc)
bias
Triangle Triangle Tnar:fgie
Pair update update attseiti-on Tran- Pair
representation using using 57 —»  representation
(r.r,c) outgoing incoming aron{nd arognd Stion (r,r,c)
edges edges starting ending
node node /
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VISUALIZATIONS OF THE ATTENTION
MAPS

MSA Columnwise Attention: CASP14 target T1082

a residue index = 40 residue index = 60 residue index = 80 mean over residue indices d Predicted CA-CA distances
5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 5 10 15 20 25 30 40 60 80
0 % 7 0125 Oof 0
recycle = 0, ° 0100 57 ’ 5
layer = 0, 10 > . 10
head =7 g . 4 154 ‘
0.050 5]
' | 0.025 251
q i 0.000 30 1EETEEY i
b residue index = 40 residue index = 60 residue index = 80 mean over residue indices
5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 5 10 15 20 25 30
0 0
recycle = 3, 2 g : . 2 - 2
layer = 0, 10
head =7 5 . : :
C residue index = 40 residue index = 60 residue index = 80 mean over residue indices e Hamming Distance
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30

0 0
recycle = 0, 2 : 2 A 2
layer = 6, 10 ¥
head =6 5 ’ s
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INPUT FEATURE EMBEDDINGS

extra MSA

\
» | representation
o (e rf) \

(Ses s C,)

Extra

relpos — (I, T, C )
MSA
Stack - ™N

pair
Linearf — cz)—C outer sum )—@—» representation | —( : -+ —> —>

(I', r Cz) A

residue_index (r)

Main
Evoformer
Stack

Linear f — cn)—Ctile > (s, T cme —
MSA
representation
O— [ RO (R — [ ——(eorea)——>

@\ target_feat (r, f) |

msa_feat
(sc’ h fc) ‘

Qi

Linear f,~ c,

—{ embed — (r,1r,c)) J—

template_angle_feat
(sprf,)

template_pair_feat
(sprrfy)



PAIR REPRESENTATION

b Pair representation Corresponding edges
(r,r,c) in a graph
i j k

ji
] SEo " ,%j}
J (k) | i e
k | ik Wk/

|




TRIANGLE MULTIPLICATIVE UPDATE
AND TRIANGLE SELF-ATTENTION.
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STRUCTURE
MODULE

How does AlphaFold2 “translates’ output of Evoformer to 3D
coordinates of atoms?




Input: Output:

Evoformer’s single representation
d P A global 3D coordinate for each

{s;:nmal} with S}Lmnal c R¢s residue

Rglobal € R3

Evoformer’s pair representation
{zi;} withz;; € R% and 4, j € {1, ..., Nes}

Backbone frames
Rotations (r, 3x3) and translation vector (z, 3)

N\ J N /

WHAT ARE THE INPUT AND
OUTPUT OF THE STRUCTURE
MODULE

(=)



Pair
representation
(r,r,C)

‘f}‘ Single repr. (r,c)

o%f‘
9, &
Wﬂ‘l

1

Backbone frames
(r, 3x3) and (r,3)
(initially all at the origin)

/ | 8 blocks (shared weights) ] \
Predict X angles
and compute all

atom positions
), J‘ 4
IPA o mm l
module | \F ) » () |Single repr. (r,c) |
Predict relative
rotations and
translations
Wy
/4 y
Backbone frames
(r, 3x3) and (r,3) )

e




Pseudo-algorithm

® For each layer

Sequence transition

Update backbone

Predict side chain and
backbone torsion
angles

Compute Auxiliary loss
in every iteration (FAPE
+ torsion angle loss)

Compute final
coordinates

Compute final
loss

Predict model
confidence



Local Frames

e Protein backbone = gas of 3-D rigid bodies e Coordinates measured in local Frame are
(chain is learned!) invariant to choice of global frame

e Rigid body orientation defines local coordinate frame
along chain

Xglobal = 15 © Xiocal
= RiXjocal + ti .



def StructureModule ({si“i’i“’}, {2ij}, Mayer = 8,¢ =128, sinidal ¢ Res

1

(TSY, (TS, (), (g, (), () ¢

initial initial
sinitial ¢ TayerNorm(siritia!)

2: 2;; ¢ LayerNorm(z;;)

3:

22:
23:
24:
25:

#
26:
27

28:

s; = Linear(s{t') s; € R®

T; = (1,0) 1€ R¥>3,0 € R?
: foralll € [1,..., Ny do # shared weights

{si} += InvariantPointAttention({s;}, {zi;},{T:})

s; « LayerNorm(Dropoutg ;(s;))

Transition.

s; < s; + Linear(relu(Linear(relu(Linear(s;))))) all intermediate activations € R
s; < LayerNorm(Dropout ; (s;))

Update backbone.

T; + T; o BackboneUpdate(s;)

Predict side chain and backbone torsion angles w, ¢,1, X1, X2, X3, X4

a; = Linear(s;) + Linear(siniti!) a; € R®
a; < a; + Linear(relu(Linear(relu(a;)))) all intermediate activations € R®
a; < a; + Linear(relu(Linear(relu(a;)))) all intermediate activations € R®
&{ = Linear(relu(a;)) d’{ € R2, f € Storsion names
Auxiliary losses in every iteration.

(Rit) =T

2C

o
o=

A
Lhy, = ((computeFAPE({T:}, {%C2}, {Te}, (R}, e = 10712)

+ torsionAngleLoss({&if}, {Ex’:.'m‘f}, {a lmll"f}))

b

No rotation
if | < Njyyer then .
T, + (stopgrad(R;), t;)
end if
end for
Lawx = meany ({Lhu})
Tzf

T/  concat(T;, TY)

to stabilize training.

,X¢ = computeAllAtomCoordinates(T5, 62{ ) @ € Syom names

Final loss on all atom coordinates.
{Ti"“’! }, {%**“} + renameSymmetricGround TruthAtoms(

(T}, (R} AT Y AT Ty, {=e0), (= 0))
Liap = computeFAPE({T/}, (%2}, {T{"*/}, (2"}, e = 107)

# Predict model confidence.

29:

30:

31:

{rime LDDTY — perResidueLDDT_Ca({X¢}, {X})
{rfLDDT}, Lcons = predictPerResidueLDDT_Ca({s;}, {ri¢PPT})

return {X{}, {wam}, LrapE, Leont, Laux

~
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Algorithm 22 Invariant point attention (IPA)
def InvariantPointAttention({s;}, {2}, {Ti}, Nheaa = 12, ¢ = 16, Nuery points = 4, Npoint values = 8) :

SRR M AP W

1: " k! v = LinearNoBias(s;) ab kb vl e R, he{l,..., Npeaa}
2: G, k" = LinearNoBias(s;) G, k" € R3, p € {1,..., Nquery points}, units: nanometres
3 \'i:"’ = LinearNoBias(s;) PR3, pel,.. Nioint values }» URIts: nanometres

4 b% = LinearNoBias(z;;)

s we = /o

6: wy, = %

. ah = 3 1L hTph h haw
7: a;; = softmax; '”L(quc' ki + b _1_2_6_2’|

Togr - 10k|)
8: 5'.' = 23' a:‘jz,-j
% of = ¥, aljvy
10: 6’?” =T oL, ab (T, 0‘7;}}’)
11: §; = Linear (concath (60,0l 6 "P ||"hP“))

12: return {§;}

ATy -
fas a

rh



pair values

(rr.e,)

\/

Modulation by
pair
representation

pair ‘

—_—

;‘ pair bias

\_Linear C —.h\;

P!

ntation
(rre,) '

/-( Linear c_—(h,c) }
/'( Linear ¢_—(h,c) )

Standard attention
on abstract
features

" (ror,.h) ﬁ

- keys (r,hc) |.|

Linear ¢ _—(h,p,3)

|query pts. (rh,p,3) [[‘

IPA

backbone frames

coordinates in
local frames

\-(Linear cm—+(h.p,3)>—br key pts. (r,h,p,3) [l' -
%inear ¢, —(h,p',3)—> value pts. (r,h.p'.3)[l| i

Y

dot-product
affinities
)

A

&

&=
)
2 squared
= distance /
2 affinities

§- (rgr,sh)

o

key pts. (r,h,p3) ||

— G ——

(ryr,h)

— values (r,h,c)

attention
weights
(rr,h)

welghts
(reroh

P value pts. (r‘,h,p'.slll

.

coordinates in the global frame

-
: 12
attention - -
weiohiag Y10
i

j

Y
SR crmerprurgy PR W
{

Linear (h,p',3)—C

coordinates in
local frames

invert

| out pts. (r_,h,p",3) [r‘
©
| outpts. (rh,p'3) [r'

' (r,3x3) and (rS)'
- > 4



LOSS

Attaching individual loss to each
model component

Frame Aligned Point Error (FAPE)
Auxiliary loss

Distogram loss

MSA loss

Confidence loss

Violation loss

()



Algorithm 28 Compute the Frame aligned point error

def computeFAPE({T}}, {%;}, {Ti™}, {7}, Z = 10A, detamp = 104, € = 10~4A%) :

E’flﬂitrue c (]R,3X3,IR3)

%;, % € R?,

1€ {17 --"Nframes}aj € {1: ~~1Natoms}
D Xy =T; 0%, X;; € R®

. otrue _ mtrue—1  true ctrue 3
P Xy =T; o X; Xij €R
v s = T . — gtrue||2

 dij = 3[R — Z5e? + e

: LEAPE = %meani,j (minimum(dciamp, di;))

dijEIR

: return ACFAPE

- Final FAPE loss: score all atoms in backbone and
sidechain
- Auxiliary: score only Ca atoms in backbone frames

Frame aligned

point exror
(FAPE) loss

Scoring predicted atom coordinates
under predicted Jocal frames

against

corresponding ground truth
coordinates and Jocal frames

©
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AlphaFold

N terminus

AlphaFold Experiment
r.m.s.d.qs = 0.8A; TM-score = 0.93

y i

AlphaFold Experiment
r.m.s.d. = 0.59 A within 8 A of Zn

AlphaFold Experiment
r.m.s.d.g5 = 2.2 A; TM-score = 0.96
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Input sequence
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Genetic  |—p
database

search

database
search

Templates

|
R
RD

srand T2 S

MSA
representation, —9
(s.rse)

b b o s 5 o

Pair
representation —p
(rr.c)

)

Evoformer
(48 blocks)

y
R

JL.Y P

—>

Ergereprie) —

Pair
representation ——p
(r.r,c)

v

T

RECALL OVERALL ARCHITECTURE

Structure
module
(8 blocks)

High
confidence

< Recycling (three times)




PERFORMANCE TRAJECTORY

b 100-
80
B
o 60-Y /
< 't
E 40- M
()]
M — T1024 D1
20 —— T1024 D2
—— T1064 D1
0
0 48 96 144 192

Evoformer block

©



41586_2021_3819 MOESM3_ESM.mp4

T1024 - easy folding

Recycling iteration 0, block 01
Secondary structure assigned from the finakprediction


https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-021-03819-2/MediaObjects/41586_2021_3819_MOESM3_ESM.mp4

41586_2021_3819 MOESM4_ESM.mp4

T1044 - some domain folds quickly, others take longer

Recycling iteration 0, block 01
Secondary structure assigned from the final prediction

L


https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-021-03819-2/MediaObjects/41586_2021_3819_MOESM4_ESM.mp4

41586_2021_3819_MOESMS5_ESM.mp4

T1064 - hard one that takes entire training depth to fold

Recycling iteration 0, block 01
Secondary structure assigned from the final prediction


https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-021-03819-2/MediaObjects/41586_2021_3819_MOESM5_ESM.mp4

41586_2021_3819 MOESM6_ESM.mp4

T1091 - very hard, explored “unphysical configurations”

Recycling iteration 0, block 01
Secondary structure assigned from the final prediction


https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-021-03819-2/MediaObjects/41586_2021_3819_MOESM6_ESM.mp4

TRAINING DATASET

Supervised:

Protein Database (PDB) data with
known structure

High performance

Unsupervised

1. Masked MSA
2. Self-distillation
Uniclust30 sequence only

High “confidence” subset are
taken as a new dataset for training

L)



With self-distillation training |

b=

Baseline - T %

$
%

No templates ol

No auxiliary distogram head |

&
%

No raw MSA | -
(use MSA pairwise frequencies)

No IPA (use direct projection) -

(5 =nll)
=
No auxiliary masked MSA head - == sl =
No recycling ==
= =

No triangles, biasing or gating |
(use axial attention)

No end-to-end structure gradients &
(keep auxiliary heads) | —= 7

——i ——

No IPA and no recycling - ——=—, b o

T T T T T T T
-20 -10 0 -4 -2 0 2

GDT difference compared IDDT-Co. difference
with baseline compared with baseline
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SUMMARY
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IMPRESSIVE PERFORMANCE *NOVEL* ARCHITECTURE *SOLVED* A LONG-STANDING
PROBLEM, PROVIDE A HUGE
RESERVOIR OF PREDICTED
STRUCTURES (AFDB)
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DOES ALPHAFOLD2 UNDERSTAND

TTAATETYZ TY\TY/N\TTITITAT TI1/AA\AT T\

— Computational structure prediction is typically underspecified
o Oligomeric state, ligands, DNA-binding, experimental conditions, multiple conformations etc.

—>  Our network is tolerant to missing context

— AlphaFold is just as good at membrane proteins or novel folds as more typical PDB structures

T1056 (zinc binding) T1080 (trimer)

AlphaFold / Experiment AlphaFold (monomer prediction x3) Experimental structure

TBM-hard, 98.2 GDT FM/TBM, 85.9 GDT



STRUCTURAL MODULE

Pair
representation
w (r,r,c)

\

d / | 8 blocks (shared weights)

Predict X angles
and compute all
atom positions

S @ I e | IPA
@ 'Single repr. (r,c) il

Predict relative
rotations and

translations
Yy
A \?/ \ ad *A _;
%k S
Backbone frames oo M S
(r, 3x3) and (r,3)
(initially all at the origin) K (r, 3x3) and (r,3) )

L)






GRAPHICAL OUTLINE

e G T s il i O (D TeT4T4 A High
o - .
» MsA @ (Snglereprii) —> confidence
Genetic representation —» *g Low
y database (s,re) @
search %
@ P94 T4 Eloformer Structure
(48 blocks) iiande
Input sequence (8 blocks)
TPTAT4 TPTAT4
Pair Pair .
representation. —- representation ——p> 3D structure
(r,r.c) (r.r.c)
Structure
database S
Templates
\/ v

A
\:{ < Recycling (three times) ]

Figure 1(e)
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IDDT-Co

§50= d 1.0+
80- | 100 0.8
60 o 0.6

o

(s}

A P

90— s
404 = 0.4
20 0.2

80
80 100
0 T T T T 1 0 T T T T 1
0 20 40 60 80 100 0 0.2 0.4 0.6 0.8 1.0

Average pLDDT on the resolved region pTM on the resolved region



a Test set of CASP14 domains Test set of PDB chains
With self-distillation training = T %,
Baseline - e - %
No templates -
No auxiliary distogram head - 5% - oyl
No raw MSA | o |
(use MSA pairwise frequencies) F
No IPA (use direct projection) — = - o
No auxiliary masked MSA head - = - =N
No recycling = - roi /8
No triangles, biasing or gating e | &
(use axial attention) | == e
No end-to-end structure gradients & e
(keep auxiliary heads) | == N g
No IPA and no recycling - ——=s—_, - ™
T T T T T T T
=20 -10 0 -4 -2 0 2
GDT difference compared IDDT-Co. difference
with baseline compared with baseline

Domain GDT

100
80 -
60 -
40

— T1024 D1

20 —— T1024 D2

—— T1064 D1

0 T T T !

0 48 96 144 192

Evoformer block

@



IDDT-Co

100

80
60 :
40 -:

20 -

1

—— Coverage < 0.3
—— Coverage > 0.6

o_ﬁ_mmﬁ_m

0° 10! 102 108 10
Median per-residue N for the chain

AlphaFold Experiment



