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Protein Folding

Anfinsen’s dogma :

e native structure is determined only by the
protein's aa sequence

e  native structure is a unique, stable and kinetically
accessible minimum of the free energy

if one could model this energy function with sufficient
accuracy, then one could predict protein structures

Issues:

e Accurate model the energy function that governs
protein folding in computationally tractable
human timsescale

e  Searching for the optimum is a difficult global
optimization task




Deep Learning

Problem: Applications:

High-throughput analysis e Processing of high-dimensional biological
e Massive set of annotated data data

(genomic, images ...) Classification

Predictive tool
Image analysis, genomics, drug discovery, ...

e Too large and too complex to be
understood by the human brain.

Omics

- ™

- ACGTCACGTACTAG - -+

\ >

Biomedical imaging

. o
Biomedical signal processing
4 g

At

-




CASP/CAPRI




CASP is a Big Deal

Reference for structure prediction . —
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What is CAPRI/CASP?

CAPRI CASP
Since 2001 Since 1994
Critical Assessment of PRedicted Interactions Critical Assessment of Structure Predictions

Joint prediction rounds since 2014:

25 Targets Round 30 CASP11 2014
10 Targets Round 37 CASP12 2016
21 Targets Round 46 CASP13 2018
12 Targets Round 50 CASP14 2020
37 Targets Round 54 CASP15 2022
30+ Targets Round 57 CASPa16 2024
Prediction rounds on a “rolling” basis Prediction season
Fits with publication schedule Intense 2 to 3 months
3 to 4 weeks per prediction round
Fixed assessor team, established metrics Varying assessors, varying metrics
Difference in targets
Mostly hetero-dimers or -trimers Mostly obligate, many homo-oligomers
Peptides, sugars, water positions Very large assemblies
Incites method development Large-scale testing of methodologies
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Metrics

RMSD(v, w) = \/ L o w?
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o  weights smaller distance errors more strongly than larger distance errors

Loareet 1S the length of the target sequence, and L is the number of residues that appear in both structures. d. is the distance between the i th pair
arget common i

of residues in the template and target structures, and d a distance scale that normalizes distances ~28.

e}

e GDT (global distance test), GDT_TS for “total score” ranging from 0 to 100
o % of 20 consecutive distance cutoffs of Calpha atoms (0.5 A, 1.0 A, 1.5, ... 10.0 A) ,,
o The conventional GDT_TS total score in CASP is the average result of cutoffs at 1, 2, 4, and 8 A.



Metrics (2)

e LDDT: Local Distance Difference Test (IDDT) measures how well the environment in

a reference structure is reproduced in a protein model (bad 0 to 100 perfect)

o “computed over all pairs of atoms in the reference structure at a distance closer than a predefined
threshold R (called inclusion radius), and not belonging to the same residue”,
o Apairis considered conserved if it is within a threshold distance (0.5A, 1A, 2 Aand 4 A)

e DockQ (Basu and Wallner 2016 Plos One)

DockQ(Frar, LRMS, iRMS , dy, d2) = (Fpar + RMS;cated(LRMS , dy ) + RMS;caieq(iRMS, d3)) /3

With: =8.5Aand d, = 1.5A
| RMS.oopos(RMS. d;) = 1 . d,=85Aandd,=15
1+ (846)



https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0161879

CAS P13 (2018)

AlphaFolda

Regular targets
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CAS P14 (2020)

Baker groups

/ CASP14

Regular targets
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AlphaFold2
CASP14
Reqgular targets

Baker groups
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Alphafold 2

A revolution ?




"AlphaFold can accurately predict 3D
models of protein structures and has the
potential to accelerate research in every

field of biology.”

"AlphaFold: a solution to a 50-year old
grand challenge in biology.”

www.nature.com > news
"It will change everything": DeepMind's Al makes gigantic leap ...

Nov 30, 2020 — DeepMind's AlphaFold 2 algorithm outperformed other teams at the CASP14
protein. Source: DeepMind. DeepMind's 2018 performance at ...

deepmind.com » blog » article » alphafold-a-solution-t... v
AlphaFold: a solution to a 50-year-old grand challenge in ...
Nov 30, 2020 — AlphaFold: The making of a scientific breakthrough - Improvements in the

median accuracy of predictions in the free modelling category for the ...
AlphaFold: Using Al for ... - AlphaFold - Computational predictions of ...

Slide Courtesy: Marc F. Lensink

DeepMind > feseach > Aphafoid

Alphakold

2dict 3D models of
he potential to
field of biology.

olution to a 50-year-old grand challenge in biology

NeepMind > > AlphaFold:as

ooooooooo

AlphaFold: a solution to
a 50-year-old grand
challenge in biology

sss
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solution to this grand challenge by the organisers of the biennial Critical A:
ion (CASP). This ! the impact Al can have on

y and its to prog in some of the most

fundamental fields that explain and shape our world.
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So how well did they really do?

‘So, either this group is close to solving the
folding problem or they cheated somehow.

Nick Grishin

Slide Courtesy: Marc F. Lensink 15



CASP 14

Novembre 2020, DeepMind
indisputably won the CASP14
competition.

We add to wait until summer of 2021 to
access to:

e Thearticle (Jumperetal.2021
Nature) and its 60+ pages of SI
e The github code page

25
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https://github.com/deepmind/alphafold
https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorRaw=Simpkin%2C+Adam+J

CASP 14

STRUCTURE SOLVER

DeepMind’s AlphaFold 2 algorithm significantly
outperformed other teams at the CASP14 protein-
folding contest — and its previous version’s
performance at the last CASP.
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AlphaFold 2
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Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A. and Bridgland,
A., 2021. Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), pp.583-589.
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AlphaFold 2 Architecture
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Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A. and Bridgland,
A., 2021. Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), pp.583-589.

19



AlphaFold 2 Architecture
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Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A. and Bridgland,
A., 2021. Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), pp.583-589.
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MSA Basic Principles

“protein structures are three to
ten times more conserved than
the amino acid sequence”

Sousounis, et al. Hum.
Genomics 6, 10 (2012)

PDB # - Function

RMSD - % Identity

Images from PyMOL and Cn3D

Example 1

- 2GTL_Chain A: Lumbricus terrestris
(annelide) hemoglobin part of a
3.6million Dalton protein. Transports
oxygen.

- 1H97_Chain A: Paramphistomum
epiclitum (trematode) monomeric
hemoglobin. High affinity to oxygen.

RMSD: 2.3
Identity: 12.1%

Example 2

- 2GNW_Chain B: Found in plants. Its
role is not yet determined. Oryza
sativa.

- 2W31_Chain A: detects oxygen and
transmits signal. Geobacter
sulfurreducens.

RMSD: 3.2
Identity: 13.4%

Example 3

- 2GLN_Chain A: nitric oxide
scavenging. Mycobacterium
tuberculosis.

- 2ZS1_Chain A: extracellular giant
Hb. Cooperative oxygen binding via
inorganic cations. Oligobrachia
mashikoi.

RMSD: 2.4
Identity: 6.7%

Example 4

- 1KN1_Chain A: allophycocyanin,
absorbs light, part of phycobilisomes
and phycobilisome structural family.
Pyropia yezoensis.

- 2BNL_Chain C: Non heme, regulates
s factor after environmental stress.
Bacillus subtilis

RMSD: 2.9
Identity:11.4%

Example 5
- 2VEB_Chain A: Found in archae, role
is not yet determined.
Methanosarcina acetivorans.
- 10J6_Chain A: A neuroglobin found
in human brain. Binds to oxygen.
Homo sapiens.

RMSD: 2.9
Identity: 12.7%




MSA Basic Principles

Contacts in proteins are evolutionarily conserved and encoded in a
MSA (Multiple Sequence Alignment) due to

5 YIYITIT
e LYY |

>
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.22
Credit: Hetu Kamisetty, Sergei Ovchlnnlﬁov
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Contacts in proteins are evolutionarily conserved and encoded in a
MSA (Multiple Sequence Alignment) due to
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Multiple Sequence Alignment

The principle is not new (90s) ! Similar approach for all CASP14 participant.

Query the AA sequence in several DB:

BED,

MGnify,

PDB70,

PDB (structures in the mmCIF format),
PDB segres - only for AlphaFold-Multimer,
Uniclust30,

UniProt - only for AlphaFold-Multimer,
UniRef90.

| Big size~2.2TB

MSA: N__ xN_array (N_ , number of sequences; N _, number of residues)
seq res seq res

24


https://bfd.mmseqs.com/
https://www.ebi.ac.uk/metagenomics/
http://wwwuser.gwdg.de/~compbiol/data/hhsuite/databases/hhsuite_dbs/
https://www.rcsb.org/
https://www.rcsb.org/
https://uniclust.mmseqs.com/
https://www.uniprot.org/uniprot/
https://www.uniprot.org/help/uniref

Templates

- Similar structure to the input sequence are scan in the PDB
- Gives initial representation of the structure or “pair
representation”
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AlphaFold 2 Architecture
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Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A. and Bridgland,
A., 2021. Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), pp.583-589.

26



Evoformer, an evolutionary transformer?

- Transformer Wikipedia definition:

- Atransformer is a deep learning model that adopts the
mechanism of self-attention, differentially weighting the
significance of each part of the input data.

- Two transformers run parallely and

communicating together:
- AMSA transformer
- A Structure transformer (pair representation)

27


https://en.wikipedia.org/wiki/Deep_learning
https://en.wikipedia.org/wiki/Attention_(machine_learning)

Transformers

® Intrc
(Atte
2017
e “The - e
. A woman is throwing a frisbee in a park, A dog is standing on a hardwood floor. A stop sign is on a road with a
WhIC mountain in the background.
impc

netw
e But:

- e

- - 24 .
A Iittle girl sitting on a bed with A group of geogle sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water, trees in the background.

Kelvin Xu et al. (2016)
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Evoformer, an evolutionary transformer?

- Transformer Wikipedia definition:

Atransformer is a deep learning model that adopts the mechanism of self-attention, i) MSA
differentially weighting the significance of each part of the input data. q:; },an
- Two transformers run parallely and communicating together: _5 src,) _

A MSA transformer Ay
A Structure transformer (pair representation), encode information about
the relation between the residues

- Pair representation is both the product and an intermediate layer pair 1
representation

(new). (rre,)

- At every cycle (48), hypothesis based on MSA and PR are tested to
improve MSA and PR.

- Both representation MSA and PR exchange until network reach
solid inference.

29


https://en.wikipedia.org/wiki/Deep_learning
https://en.wikipedia.org/wiki/Attention_(machine_learning)
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Evoformer, an evolutionary transformer:

- Transformer Wikipedia definition:

A transformer is a deep learning model that adopts the mechanism of self-attention,
differentially weighting the significance of each part of the input data.

- Two transformers run parallely and communicating together:
A MSA transformer
A Structure transformer (pair representation)

- Pair representation is both the product and an intermediate layer
(new).

- At every cycle (48), hypothesis based on MSA and PR are tested to
improve MSA and PR.

- Both representation MSA and PR exchange until network reach
solid inference.
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https://en.wikipedia.org/wiki/Deep_learning
https://en.wikipedia.org/wiki/Attention_(machine_learning)
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AlphaFold 2 Architecture
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Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A. and Bridgland,

A., 2021. Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), pp.583-589.
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The structure Module
After 48 iteration AF has build:

- MSA ~ sequence variation . O
1 M M ) M H M 1'. . -w - v z
- “pairs representation”, ~ residues interaction map k) ..
7 Jd
Need to translate to a 3D protein structure £
Q o
Cp b W T e Y ..-.,h
L J ’v ‘ \
Structure Module considers the protein as a “residue gas” g .

Each aa is modelled as a triangle, representing the three atoms of
the backbone (C , N, C)
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The structure Module

e The 3D backbone structure is represented asN__
independent rotations and translations

e |Initialized in a trivial state:
o  rotations set to identity
o  positions set to origin

e Breaking the chain structure to allow simultaneous
local refinement of all parts of the structure

e AlphaFold 2’s attention mechanism is much simpler
than the equivariant transformer that underlies
RoseTTAFold

e Eventually model side chains.

S

Recycle

a, Qp a;||%,
Ay Gy Ay |Gy
Gy Q3 Ay |Gy
L 00 R

Image taken from BrainVoyager.
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https://static-content.springer.com/esm/art%3A10.1038%2Fs41586-021-03819-2/MediaObjects/41586_2021_3819_MOESM6_ESM.mp4
https://www.brainvoyager.com/bv/doc/UsersGuide/CoordsAndTransforms/SpatialTransformationMatrices.html

The structure Module

“Conversely, the peptide bond geometry is completely unconstrained and the network is
observed to frequently violate the chain constraint during the application of the structure
module as breaking this constraint enables the local refinement of all parts of the chain
without solving complex loop closure problems. Satisfaction of the peptide bond
geometry is encouraged during fine-tuning by a violation loss term. Exact enforcement
of peptide bond geometry is only achieved in the post-prediction relaxation of the
structure by gradient descent in the Amber force field. Empirically, this final relaxation
does not improve the accuracy of the model as measured by the global distance test
(GDT) or IDDT-Ca but does remove distracting stereochemical violations without the loss
of accuracy.”
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AlphaFold 2 Architecture
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Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A. and Bridgland,
A., 2021. Highly accurate protein structure prediction with AlphaFold. Nature, 596(7873), pp.583-589.
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Model Confidence

RecyC ',eS predicted LDDT

recycle=0 (colored by N=C) (colored by pLDDT=30.701)
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Slide courtesy of Sergey Ovchinnikov



AlphaFold 2 Results

CASP14:

e Median backbone accuracy of 0.96 A Ca RMSD,, vs. next best performing accuracy

of 2.8 ACa RMSD_(Baker Lab)

e High accurate side chains: All-atom accuracy of AlphaFold 1.5 A RMSD,, (vs. 3.5 A)

Median Co. r.m.s.d.qs (A)

G427 |
AlphaFold

DODNONO WD TFNMO©
ORNANONADD 0O N OO
O -FTOTIITNNOMNN
[CIOCIOLOIOLOIOIOROIOLOXOLO)

N terminus

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

AlphaFold Experiment
r.m.s.d.gs = 2.2A; TM-score = 0.96

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

e +500 proteins

e 120nm

e Alphafold2 allow passing from 30
to 90 % of structural covering of
EM map.

P160 EINUP96 B NUP85 MNUP133 EINUP107 EINUP214 B NUP98 M NUP210
P37 [1SEC13 [ SEH1 [NUP43 _ BINUP358 EINUP88__H ELYS

Mosalaganti, S. et al. Science 2022 39



Alphafold 2.0 limits

Mostly One single structural states of a
protein
Large-flexible proteins
o Individual domains OK, But
arrangement is random
TM-proteins
o AF2 does not know what a membrane
is
DNA-binding protein complexes
No ability to train AlphaFold
Not integrating experimental data
No protein dynamics
No post-translational modifications

www.nature.com/nmeth / January 2022 Vol.19 No. 1

Method of the Year 2021:
Protein structure prediction
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ALPHAFOLD MANIA

The number of research papers and preprints citing the AlphaFold2 Al
software has shot up since its source code was released in July 2021*.

An ecosystem SRR =P
around Alphafold

100

Paper describing
: : AlphaFold2
AlphaFold2 released, with
announced as source code.
winner of
protein-folding
software contest.

o
2
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o
o
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o
£
-
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3
=z

Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar
2021

2022

*Nature analysis using Dimensions database; removing duplicate
preprints and papers/R. Van Noorden, E. Callaway.




Solving structures

Uses of
AlphaFold

Increased Structural coverage

Protei X AF residue
A roteins Residues confidence
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EMBL-EBI's Alphafold DB

+21 model organism
proteomes

UniProt

+200 million protein
structure predictions
Only monomers !

AlphaFold
Protein Structure Database

Source of knowledge about proteome

B High-quality experimental structures in the PDB*

W Structural knowledge derived from related proteins in the PDB*

B Knowledge from AlphaFold models only (high confidence)
Knowledge from AlphaFold models only (intermediate confidence)

Species

Homo sapiens
(human)

Arabidopsis
(thale cress)
Saccharomyces

(yeast)
Staphylococcus

=
(bacterium) ;
Mycobacterium

(bacterium) -

0 25 50 75 100
Percentage of proteome with known structure

*PDB: Protein Data Bank. AlphaFold can also be used to calculate these

strucree ~Fyutd tﬁd s mcantl to atp[odgqmc\omput BIOI 18 Siatiife
€1009818 (2022) f’" ;

4\‘,7

Varadi et al. NAR 2022
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https://alphafold.ebi.ac.uk/

200

Alphafold vs. NMR

number of =
structures

[

o

o

1

Highlights 0 4+ ,
e 904 human proteins with both Bq_ ans -
Alpha-Fold and NMR structures g g
e Alpha-Fold predictions are usually ‘E’g 100 7
more accurate than NMR structures 23
e NMR can be better than Alpha-Fold 0= '
where there are local dynamics o o —

0.010 - C apu=17
1 B u=45
0.005 - = aPB p=29

0.000 - h—

e NMRis useful to validate
Alpha-Fold predictions and refine

density

where necessary

—-200 -100 0 100 200
Fowler et al. Structure 2022 difference in ANSURR score (AF2-NMR)



Can predict protein-protein/peptide interactions

<

Yoshitaka Moriwaki @Ag_smith - Jul 19 .
AlphaFold2 can also predict heterocomplexes. All you have to do is input
the two sequences you want to predict and connect them with a long
linker. =

G-linker!

Hiroki Onoda
@onoda_hiroki

Unknown linker may be useful for multimer prediction on
the local Alphafold?2!!

UNK-linker!

of Sergey
Ovchinnikov

Slide courtesy

Minkyung Baek
- @minkbaek

Don't actually need a'G-linker!

Adding a big enough number for "residue_index" feature
is enough to model hetero-complex using AlphaFold
(green&cyan: crystal structure / magenta: predicted
model w/ residue_index modification).

#AlphaFold #alphafold2

# add big enough number to residue index to indicate chain breaks
idx_res = feature_dict['residue_index"']
L_prev = 0
# Ls: number of residues in each chaifj
for L_i in Ls[:-1]:
idx_res[L_prev+L_i:] += 200
L_prev += L_i
feature_dict['residue_index'] = idx_res

¥ KLjEsm | Ohue M 2.56
( X ’ @tonets

3. AlphaFold2 TRZ7F K Ry Fx> o cE1
Translated from Japanese by Google

Oh, | was able to dock the peptide with AlphaFold2

Protein-peptide interaction



ColabFold - Advanced options

e github.com/sokrypton/ColabFold
e Modify MSA input

o Custom or MMseqs2 (much faster)

o  Trim

e Complexes
o  Homo-oligomers
o  Hetero-oligomers

e Fine control
o Number of recycles

e Sample (Output more than 5 models)
o  Generate ensembles by iterating through random seeds,
enabling dropout.

N -
o B, 23, 2,

Slide courtesy of Sergey Ovchinnikov




ColabFold

https://github.com/sokrypton/ColabFold

Mirdita M, Schitze K, Moriwaki Y, Heo L,
Ovchinnikov S and Steinegger M. ColabFold:
Making protein folding accessible to all.
Nature Methods (2022) doi:
10.1038/s41592-022-01488-1

Making Protein folding accessible to all via Google Colab!

Notebooks

AlphaFold2 _mmseqs2
AlphaFold2_batch
RoseTTAFold

AlphaFold2 (from Deepmind)
ESMFold

BETA (in development) notebooks
AlphaFold2 advanced

OmegaFold

monomers
Yes
Yes
Yes
Yes

Yes

Yes

Yes

complexes
Yes

Yes

No

Yes

Maybe

Yes
Maybe

mmseqs2
Yes

Yes

Yes

No

No

Yes
No

jackhmmer
No

No

No

Yes

No

Yes

No

templates
Yes

Yes

No

No

No

No
No
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https://github.com/sokrypton/ColabFold
https://www.nature.com/articles/s41592-022-01488-1
https://www.nature.com/articles/s41592-022-01488-1

Protein-Protein Docking

DockQ scores for the test set
1.0 T
0.8 1
§ 0.6 1
0.4 1
0.2 1
00l ; ﬁ
RF AF2 + Paired  Block + Paired
Imsrfam top ranked top ranked

Bryant et al. Nature Comm. 2022



AF2 MSA Paired MSA AF2 + Paired MSAs

Bryant et al. Nature Comm. 2022

DockQ=0.01 DockQ=0.02 DockQ=0.90



DockQ Score

Alphafold-Multimer

o o
Spring
Harbor
Laboratory

THE PREPRINT SERVER FOR BIOLOGY

bioRxiv posts many COVID19-related papers. A reminder: they have not been formally peer-reviewed and
should not guide health-related behavior or be reported in the press as conclusive.

1 New Results A Follow this preprint
e New weights
Protein complex prediction with AlphaFold-Multimer
. FO rce Sa m p l I n g Richard Evans, £ Michael O'Neill, £ Alexander Pritzel, Natasha Antropova, & Andrew Senior,
. Tim Green, Augustin Zidek, © Russ Bates, 2 Sam Blackwell, © Jason Yim, © Olaf Ronneberger,
h Sebastian Bodenstein, Michal Zielinski, Alex Bridgland, €9 Anna Potapenko, £ Andrew Cowie,
. H I g a CC u ra Cy Kathryn Tunyasuvunakool, £ Rishub Jain, {2 Ellen Clancy, £ Pushmeet Kohli, & John Jumper,
. Demis Hassabis
Y | pT M dosi: httos://doi.ora/10.1101/2021.10.04.463034
STILL NOT REVIEWED inj2025
1.0 10 9 o 05+
0.8 2 0.8
] ] g 0.4 -
i x o ] 3
0.6 § 0.6 4 2]
- 4 O
] * g ] X 03+
] 2 ] 8
0.4 % S 04 . a
i . 5
E ] s 0.2 4
0.2 ’I‘ ’I‘ 0.2 =
] ¥ ] ] w5 i 0 BN AlphaFold-Linker
00 4x - o L 0.0 e, e e W AlphaFold-Multimer (5x1)
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100 AlphaFold-Multimer (5x5)
Interface pTM Interface pTM 0.0 -

Homomer Heteromer

50



Going beyond
Alphafold
performances




CASP15/CAPRI Assembly prediction

AlphaFold2-Multimer baseline

Slide Courtesy: Marc F. Lensink 52



CASP15/CAPRI Assembly prediction

All used AlphaFold!

60 —
50 —||[{ll

oW e~ __ AlphaFold2-Multimer baseline

30 —

y7'

20 —

= JH”HHHHHHHHHHHHHHHHHHHHHHHHHHHHHHWW nnnnnnnnnnnn

Slide Courtesy: Marc F. Lensink
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CASP15/CAPRI Assembly prediction

Wallner Sampling AlphaFold
/ PEZYFoldings Pruning AlphaFold input
56 Venclovas Scoring AlphaFold output
D

40 —

1t / AlphaFold2-Multimer baseline
30 —

20 —

o e —

O — e e e e e e T T T T T T T T T T T T T T T T T e T
28 5

y7'

Slide Courtesy: Marc F. Lensink
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DockQ Model quality

e predict whether a peptide and a
protein will interact.

Protein-Peptide Docking _.., -
>0.80 High
® acceptable or better quality 10
(DockQ =0.23) for 66 of the 112 } @ T
complexes v a
e 25 of which were high quality o8 Vo
(DockQ 20.8). AR o

*_

.

.
.
.
.
.
t
.
+
@
Sl
Q
[=]
A
=

© N =1 > > > > > > > > > >
o} o -~ T o o o m m m o o m
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U IR g o = o o @ = = =
N 3 32 8 5 8 2 g8 8 &
8 & @ 8 2 g o 2 ®
.. @ B B B = KO8 aT T
Akhe and Wallner, Front. Bioinform. 2022 - - a ‘g
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Protein-Peptide Docking

e Forced Sampling:
o increases the number of acceptable
models from 66 to 75
o improves the median DockQ from
0.47 t0 0.55 (17%)
o best possible DockQ improves from
0.58 t0 0.72 (24%)

Akhe and Wallner, Front. Bioinform. 2022

Average DockQ
o
E
w

1
-
a

0.43

0.42

0.58

0.56

o
w
&

Average best DockQ
n
~N

ol
w
o

0.48

0.46

25

50

75

100
nstruct

125

150

175

200

recycles
— 3
— O
s— 15
— 21
— 45
—— 3-v2
- Q-y2
—-—= 152
- 21-v2
- 45-v2



Dropout

High
confidence

Grevees

Input sequence

Structure
‘module
{48 blocks) (& blocks)

o !

\ ;[ « Recycling (three times)

dropout_rate=0.1

dropout_rate=0.15 dropout_rate=0.0 dropout_rate=0.0

a 48 blocks (no shared weights)
/ VA dropout_rate=0.0 \
‘g MSA dropout_rate=0.0 g MSAV
‘representation — a re i
S g 74 S e g
dropout_rate=0.25
dropout_rate=0.25 dropout—rate=0'25dropout_rate—0.25 dropout_rate=0.0
dropout_rate=0.0
| Triangle
Pair update Pair
p using —»  representation
‘ (r,re) outgoing (rrc)
edges

58



Amount of needed sampling

6000

\ 5000

4000

3000

2000

1750

1500

1250

1000

750

500

250

100

50

25

model
best
rank1
baseline

/

0.85
0.80
0.75
0.70
0.65

9100Ss

=

N

s 711210

nstruct

N T11130

N T11100 @

I T11090 &

H1137
P H1135
[ H1134
s H1129

o H1114

1 H1111

o H1106

o

30000
25000
0000
5000
10000
5000

N -~
pajelauab sjepow Jo JaquinN
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H1144 Antibody 3/6,000 models with ranking confidence>0.8



1. Increase sampling [ variation
2. Rely on confidence ranking ‘ g
o [0}
6 15
H1129 MM=0.886 s=0.789 diff=0.21 ref=0.6722
g
Z
=
0.4
0.3 e - sampled
02 e submitted
5. ° AF2-baseline
0.2 0.3 0.4 0.5 0.6 0.7 0.8
ranking_confidence
Distribution of all submitted models
60

Thx: Bjérn Wallner
Distribution of Wallner models

Slide Courtesy: Marc F. Lensink



Going beyond basic AlphaFold

1.0
iz fimes o ‘ Further progress is possible by

o “massive” exploration of the space
Foe of all possible structures
C;;,0.7 These are the
= ones to find!

o° b st Every point in the graph is a single

0.5 AlphaFold prediction

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
ranking confidence

The main docking steps:
1. Producing a huge number of models
2. Scoring these models to find the near-native ones

Slide Courtesy: Marc F. Lensink 61



pDockQ = L +b

1+exp[—k* (X—X))]

SCO rl n g X = < pLDDT >;;; * log(Nint),

- > * < pLDDT >jy.




Confidence metrics

e pLDDT - "local" confidence per position
o range 0to 100 (higher better)
o Very low (<50), (60), OK (70), (80), Very high (>90)
o  Useful for deciding which local features (loops etc) are poorly modeled

Predicted IDDT per position
100

’_Vv
80 1 s

60

Predicted IDDT

40
pLDDT 96.1 T
—— rank_2
—— rank_3
—— rank_4
—— rank_5

201

0 10 20 30 40 50 60
Positions

Slide courtesy of Sergey Ovchinnikov



pLDDT a measure of Intrinsic disorder ?

e tpLDDT=1-pLDDT/100 1.8

0.8 =

o (lisdisordered and 0 is ordered)
e accurate metric for determining global and
local disorder content
e Best metric so far
e NMR and MD simulation better tools

0.6 -

0.4

True positive rate

0.2 +

0.0
rr 1111711
00 02 04 06 0.8 1.0
False positive rate

EI|Q<>>..84

Wilson et al. 2022 Molecular Science



Confidence metrics

e pLDDT - "local" confidence per position

o range 0to 100 (higher better)
o Very low (<50), (60), OK (70), (80), Very high (>90)
o  Useful for deciding which local features (loops etc) are poorly modeled

Predicted IDDT per position

100

80

60

40

Predicted IDDT

rank_1
rank_2
rank_3
rank_4
rank_5

pLDDT 89.3 "

ot [T

100 200 300 400 500 600 700
Positions

But wait... do we trust the domain-domain interaction?

Slide courtesy of Sergey Ovchinnikov



Confidence metrics

e PAE - confidence for every pair of positions

o range 0to 30 (lower better, in angstroms)
o  Useful for domain-domain or protein-protein interactions

rank 1
Model Real (unknown) structure 0] —
200
200 200
400
~500
PAE >0 600

o) 250 500

AphaFold predicts that PAE without knowing the Real Structure!



Confidence metrics

e PAE - confidence for every pair of positions
o range 0to 30 (lower better, in angstroms)
o  Useful for domain-domain or protein-protein interactions
e pTM- predicted TMscore (integrates pAE values)
o range0to 1 (higher better)

o good as asingle value to tell you how good the overall
structureis.

o recommend value for confident structure > 0.7
pLDDT 89.3
pTMscore 0.577

Multimer: ipTMscore !
(calculated from PAE)

Ranking confidence = 0.8 ipTM + 0.2 pTM

Slide courtesy of Sergey Ovchinnikov



How can you trust the prediction

pLDDT and pTM are
extremely accurate !

¢ 100+

IDDT-Co

TM-score

80

60

0.8

0.6+

0.4+

0.2 -

90+
80 T
. . > : i 80 90 100
20 40 60 80 100
Average pLDDT on the resolved region
0.8 T
0.8 0.9 1.0

0

T T T T 1
0.2 0.4 0.6 0.8 1.0

pTM on the resolved region

68



pDockQ

- models with acceptable quality (DockQ
>0.23) for 63% of the dimers
- pDockQ allow to discriminate of

interacting (n=1481) and non-interacting (n=569: o]

proteins

a

- identify 51% of all interacting pairs at 1% _

FPR

L
pDockQ = e +Db

x = average interface pIDDT - log(number of
interface contacts)
with L= 0.724, x,=152.611, k=0.052 and

pDockQ

1.0 1
—— Sigmoidal fit

0.8 1

0.6 1

DockQ

0.4 1

0.2 1

Identifying interacting proteins
ROC as a function of different metrics

0.8 4
¢
0.6
14
o
E
0.4
— IF_pIDDT: AUC = 0.82
Y —— Min pIDDT per chain: AUC = 0.64
0.2 Average pIDDT: AUC = 0.70
—— IF_contacts: AUC = 0.85
i —— IF_residues: AUC = 0.84
004 ¥ === pDockQ: AUC = 0.87
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
FPR

b=0.018 Bryant et al. Nature Comm. 2022

200 250

0 50
IF pIDDT

204 = pos
e neg

0.00 0.25 0.50 0.75 1.00
pDockQ

0

200 400
IF contacts
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pDockqg2

pDockQ =

X =< pLDDT Zink ¥ log(Nint),

1+(

1

PA E;

int
dp

0.6 1

0.4 4

pDockQ

0.2 1

L

+ b 0.0

Heteromer:p=0.67 _

Heteromer:p=0.62

1+exp[—k * (X—Xo)] 12, Homomer:p=0.78

)

1.0
0.8 1
0.6
0.4 1
0.2 4

~ > * < pLDDT >j. o

1.2, Homomer:p=0.68

pDockQ2

el
hd &

. Homomer:p=0.71

g
i

1.0 1 i
0.8 (|l

S 061 K\g‘
0.2 (
0.04 Lj‘»)) ‘
i .o 0.5 1.0

pDockQ

Zhu et al. Bioinformatics 2023

00 05 1.0
pDockQ2

0.0 0.5 1.0
DockQ;

70



Local Interaction Score (LIS)

AlphaFold-Multimer Inverse PAE calculation with Average inverse PAE in Local interaction
. . . prediction PAE cut-off Local Interaction Area score calculation
Kim et al. bioRxiv from LIA
rank_1 Unlikely PAE  Likely

Protein A A:B interface
0.679| |0.457

(2024)

interact cut-off interact

EEEEE

2930 0 '|

10 0l1
[ |

(0.457 +0.309) / 2

B:A interface Protein B = 0.383 (LIS)
One of the best score CTT1 ||
. 0 No Local
for multimer 0 500 1000 interaction  |nteraction 0.309| |0.555
area Area

Protein - Protein - Zn?* - Zn2* - RNA

o Fredicted Aligned Error (PAE) Map LIS heatmap among subunits

Local Interaction Area (LIA) Map

(
30 + § 1 B romge S '@ J® 0.551 0.402 0.545 0.634
i E: T e &3 (
Protein 1 a 100 L
25 . o - b o
B 200 g:_,“ : s !E 3 3 PR 0385 0438 0453 0461 g
= : e I =
28 PAE cutoff : = | Mos LIS c
. 30 3 — 300 $ — c
Protein 2 5.5 = =
= - y 25 [ e+ amon c
0} Lacal ™S sl £ subuni%s c
i . - -— | —— ©
Atom 1 2 Interaction 0ig& : = g
R sims: bt c
Atom 2 Area 600 e = 0414 0435 0411 0.460 c
L — 0.0
RNA 100 200 300 400 500 600 [} 100 200 300 400 500 600 1 2 3 4 5



. O https://github.com/samuelmurail/af_analysis
AF_analysis

]A port af2 analysis
my data = af2 analysis. ('MY AF2 RESULTS DIR')

Analysis of Alphafold 2/3 and Colabfold [ieessses

models ny data.df

Python package mydata

my data.

plot msa
data.

GitHub (open source) s

Extract all models in a pandas ny. data plot plddt([e,1])

# plot PAE:
best idx = my data.df['ranking confidence'].

Dataframe BV date. (best idx)

Allow pdockg, pdockg2, LIS calculation [ e

a Regei and Murail JOSS 2025 72
-



MSA depth
(sequences)

MSA Pruning




Apo vs. Holo

mostly indistinguishable from the holo

form (67%)

RMSD vs Holo (A)

14

=
N

=
o

©

N

A

33% closer to ."‘
apo structure

67% closer to
holo structure
.

o, &
v ACS

N
*J W

12 3 456 7 8 9101112131415
RMSD ys apo (A)

I Apo form

Holo form

B AF2 model

Saldano et al. 2022 Bioinformatics
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Sampling alternative conformations del Alamo et al. Elife 2022

A b=

- -
-

-~ 7 MSAdepth
(sequences)

1.00 L
0.95

0.90

0.85

Similarity to outward-facing structure (TM-score)

0.85 0.90 0.95 1.00
Similarity to inward-facing structure (TM-score) LAT1, inward-facing (PDB: 6IRSb) LAT1, outward-facing (PDB: 7DSQb)

GPCR
reducing the depth of the input MSA rise the the conformational sampling
argue against an optimal one-size-fits-all approach

limited success when applied to transporters .


https://elifesciences.org/articles/75751#x62c42d22

Sampling alternative conformations (2)

Similarity to active
conformation (TM-score)

Similarity to outward-facing

conformation (TM-score)

CGRPR FZD7 PTH1R
1.00 1.00 1.00
0.95
0.95 0.95
0.90
0.90
0.90 0.85
0.85
085 090 095 1.00 0.85 0.90 0.95 1.00 0.80 0.85 0.80 0.95 1.00
Similarity to inactive conformation (TM-score)
ASCT2 STP10 ZnT8
1.00 1.00 1.00
0.95
0.95 ° °
0.90 ®° o
0.90 &
0.85 ’:%
0.85 0.80 | - ° ®
.................... e
060 /0 s e e o %

060 070 0.80 0.90 1.00

080 085 080 095 1.00

0.75 0.80 0.85 0.90 0.95 1.00

Similarity to inward-facing conformation (TM-score)

del Alamo et al. Elife 2022

(@)

Similarity to outward-facing conformation (TM-score)

1.00

0.95

0.90

0.85

0.80

1.00

0.95

0.90

0.85

0.80

“Several preprints have
provided evidence that AF2,
despite its accuracy, likely
does not learn the energy
landscapes underpinning
protein folding and function”

MCT1 (without templates)

0.80 0.85 0.90 0.95 1.00

MCT1 (with templates)

0.80 0.85 0.90 0.95 1.00

Similarity to inward-facing
conformation (TM-score)
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https://elifesciences.org/articles/75751#x62c42d22

Truly open source
alternatives

Am Random split (w/ templates)




OpenFold

OpenFold matches
AlphaFold2 in accuracy
predicts a sequence of
(physically implausible)
structures of increasing
dimensionality
https://figshare.com/article
s/media/Folding animation

s/215619397file=38222889
three times faster than
AlphaFold2 for chains of
length <1100

wesss Ground truth

Ahdritz et al.

A IDDT-Ca B -
1.0 ! ¥ 4997
2 L 4640
5% . - 08 4283
pJ 3926
- ' .n"- I 3569
- v : 806 3212
2 o Q 2855 &
o7 '5 9
o 2498{n
o > =¥ e 2141
o, %
PR 1784
g 1427
0.5 / Means 0.2 g S
P, | 1070
re AlphaFold: 0.913 AL , s
04) - OpenfFold: 0.911 ool / i 356
0.4 0.5 0.6 0.7 0.8 0.9 1.0 0
AlphaFold 0.0 0.2 OdeDD(')TS 0.8 1.0
. i S
i %
AR ’3 ; ~—— Templates
A ‘ —— No templates
wesss OpenFold A AT Start of finetuning
0.0 :
=== AlphaFold 0 20000 40000 60000 80000

Step
Nature Methods 2023


https://figshare.com/articles/media/Folding_animations/21561939?file=38222889
https://figshare.com/articles/media/Folding_animations/21561939?file=38222889
https://figshare.com/articles/media/Folding_animations/21561939?file=38222889

A1 Random split (w/ templates) Random split

100
OpenFold (2) | |
- = = 12870
7 Q
) / ! ; 7.58 ‘:”;
e 10,000 protein 3790
o
chains—about 7.6% of all e
. . 1.52
training data L
. l,OOO p rotei n C h a i ns’ (O .760/0) n 0'00 1000 2000 30050te:)0°0 5000 6000 0! 1000 2000 BOOé)te‘;)OO 5000 6000
~ Alphafold 1 y Class split G o g ) 3
e only 1,664 RNA structures. —— Class 1 ("Mostly alpha”) | 4| 7
- —— Class 2 ("Mostly beta") ; §
Sos /' L < 8 s d
=
g 0.4 \' / 8_ o R
0.2 5 g §
w Q 8
E : @
0'00 1000 2000 3000 4000 5000 6000 \ \ \k < @ ./

Step

Ahdritz et al. Nature Methods 2023 7



OpenFold (3) 0.8
e more efficient and trains

0.6
more stably than »
AlphaFold2 t
[a)

Q 0.4

0.2;

~——— 0Old clamping protocol
New clamping protocol
0.0

2000 4000 6000 8000 10000
Step

Ahdritz et al. Nature Methods 2023 50



OmegaFold

e No MSA preprocessing
Deep language models

e capture structural and
functional information
encoded in the aa sequences

e evolutionary information
may well be encoded in
primary sequences

v Recycling
(=]vIe]s]e]a] —
Single Primary Protein 1
Sequence Only Language || — | Geoformer 5 S'\t/lrgghl:ge e
No MSA Model (50 layers) (8 layers)
EVOSGAEAGSOV (OmegaPLM) B
redicte
;;;;;; Structure
/////////////////// Inconsistent Consistent 7,/ Updated ",
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‘
OmegaFold (2)
§ OmegaFold 0.82
% AlphaFold2
OmegaFold outperforms = & RoseTTAFold
5 M
RoseTTAFold and AlphaFold2 on =g AlphaFold2 0.86
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single-sequence inputs oserAre
Runtime
Very efficienton: Protein M OmegaFold
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. ~250 (ColabFold version)
e antibody loops 22785 g AlphaFold2: MSA Search
h . (ColabFold version)
e Orphan protein
P P ~500 366.8s

~1000 990.2s

Wau et al. BioRxiv 2022

STILL NOT REVIEWED in 2024
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ProteinMPNN

A chainA Chain B
\ ProteinMPNN
a8l &\Q,\ % / Backbone Encoder \ / Sequence Decoder \
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12345
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Protein MPNN (2)

Sources of nformation

30 structure
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Sumida et al. JACS 2024
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BindCraft

Binder backbone and Sequence optimization of

Validation
sequence codesign non-interface regions and filtering
% > S —
i AF2
AF2
multimer monormer
Target protein

AF2 trajectory Optimized design

Filtered design

c o d
- Denovo Protein Binder designs =
- 10-100% of success f ol
e e o o
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Pacesa et al. Nature 2025 BT e
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Alphafold 3

. Template & 4
search |

. Genetic
search
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‘ ‘ Recyeing

Diffusion iterations

1. Input Preparation

2. Representation Learning

3. Structure Prediction




AlphaFold 3.0

Support:

- nucleic acids

- small molecules

- lons

- modified residues

Protein-DNA and protein-RNA
complexes, small molecule

docking.

0 DeepMind

% RMSD < 2 A

LDDT or iLDDT (Ro=30)
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100
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mmm AlphaFold 2.3
AlphaFold-latest
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Abramson et al. Nature (2024)

87



AlphaFold 3.0 architecture

. Template &
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Input Preparation

Create MSA Similar to AF2, but MSA also for
RNA, DNA

Find out templates

MSA webserver creation faster that AF2 !
Ligand conformer with Rdkit

Create Atom-Level Representations and pair
distance representation

Sequences,

ligands,
covalent
bonds

- P
. Template | &}

o
e

search i
— Input
= nputs
, Genetic == P
search @ ===
< = Input -
SRR —+—>
—» Conformer ? "%, embedder X
generation * (3 blocks) | Pair !
Single i A

1. Input Preparation
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Notes

e The MSA module is smaller than in AlphaFold2.

e APairformer module replaces the Evoformer module of AlphaFold2. This module
only processes the single and pair representations but not the MSA
representations.

e The structure modelin AlphaFold2 is replaced by a Diffusion model.
o diffusion gives a distribution of structures instead of a single structure with uncertainty
o no physics-based minimisation is needed as performed with AMBER
o cross-distillation was used with training data from AlphaFold-Multimer v2.3
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Diffusion Model

PeXt1|Xt)
O, ~0"0s ~Op

\-.—.—’

Source

Deep Unsupervised Learning using Nonequilibrium Thermodynamics, arXiv:1503.03585, 2015
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https://developers.google.com/machine-learning/gan/generator

Diffusion Model

Deep Unsupervised Learning using Nonequilib



https://developers.google.com/machine-learning/gan/generator

Structure Module

structure prediction is based on
atom-level diffusion

“AF3 uses a mix of synthetic training data
generated by itself (via self-distillation) but
also by AF2, via cross-distillation.”

“If your previous model is doing one
specific thing better than your new model,
you can try cross-distillation to get the
best of both worlds!”

Confidence
module
(4 blocks)

]

GRES Diffusion
* > module
ST A (3424 + 3 blocks)

AF3 no cross-distillation ‘ —— ‘

Q e 100
&,

Diffusion iterations

3. Structure Prediction




AlphaFold 3.0

source code 1 year later

o Deep mind said in 6 month ...

o Notraining

Only webserver (20 model per

days
Licence

o free for non commercial use

https://alphafoldserver.com/
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“T™ Roland Dunbrack == @rolanddunbrack.bsky..
Demis -- | think AlphaFold3 is really exciting. As Reviewer #3, | got great
results from the server. | tried hard to get to urge you to release the
code but was unsuccessful. | did not get it for re-review so | don't know if
you responded. So why no code?

('#" Demis Hassabis

Thrilled to announce AlphaFold 3 which can predict the structures and
interactions of nearly all of life’s molecules with state-of-the-art
accuracy including proteins, DNA and RNA. Biology is a complex
dynamical system so modeling interactions is crucial blog.google/
technology/ai/...

Roland Dunbrack = @rolanddunbrack.bsky.social

In my review, | made a list of much science that happened bc AlphaFold2
code was released. | suggested that so much science will not happen if
AlphaFold3 code is not released (or not with AF3 itself). We've made
~100k models with AF2 code. How could we use a server for all that?




Input

e Sequence:
o  Protein+PTM
o DNA+ Mod.
o  RNA+ Mod.

e Ligands, limited to 20 choices
(ATP, ADP, Heme, ...)
e lons, 10 choices (Ca%*, K*, Cl,...)

Tokenisation:

e Protein C , Nucleid Acid C1’
e Ligand: 1token per heavy atom

Molecule type Copies
Protein v 1
Molecule type Copies
DNA v 1
Molecule type Copies
-
lon 1
Molecule type Copies
Ligand v 1

+ Add entity

v/ Completed v/ Saved draft

Standard Amino Acid

<

<

<

<>

10 20
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50 60
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ATP - Adenosine triphosphate
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ke Select PTM
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Cancel save
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Take Home Message

AF is a revolution !
Its accuracy is without precedent
Confidence metrics are extremely precise

Accessible for free through:
o AFEMBLEBI’'sDB
o Google Colab
o  Source code with GPU

Key to improved Alphafold accuracy:
o  Higher Sampling combined with Dropout
o MSAsampling
o Scoring

Theinternational journal of science /26 August 2021 outlook

nat'mre

disease

PROTEIN

" Alnetwork predicts highly

accurate 3D structures
for the human proteome

Theraceto
Great Barriel
from climate cha montane forests
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