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Introduction



Motivation

 Experimental protein structure determination

» Extensive labor and costs
* Protein structure prediction saves time i U ‘_ —
 Enables: i =

* High throughput structural bioinformatics

e Proteln design X-Ray Crystallography

Boston University

e etlcC.

* Deep learning instead of energetic simulations



The Protein Folding Problem
Dill et al., 2008 [2]

1. What is the folding code?
2. What is the folding mechanism?

3. Can we predict the native structure of a protein from its amino acid
sequence?

©Johan Jarnestad/The Royal Swedish Academy of Sciences



Structural insights from evolution

e Evolutionary history
* Function implies structure
* Homology to solved structures

* Pairwise evolutionary correlations

Evolutionary history of cytochrome c.
lllustration by PDB-101



https://pdb101.rcsb.org/learn/exploring-the-structural-biology-of-evolution

* |nteracting residues must compensate for
each other’s changes

* Residues often bind to the same interacting
molecule, which can change

* Residues work together to bury hydrophobic
regions

» etc. Example l

;><E/ [

Pairwise evolutionary correlations indicate structure

Slide inspired by Simon Kohl’s talk [3]



Multiple sequence alignments

Query large genetic databases
Find homologous seguences

Used to calculate evolutionary
conservation of aa positions

Can be used to find coevolutionary
correlations
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How are MSAs created?

* AlphaFold uses Jackhmmr [4] and HBBIits [5]

* |nitial search for homologs Start with a muliole oqt ACG-L
sequence alignment :235 “ E;_\
e Profile HMM across homologs $ . aafin,
Insertions / deletions can
S o be modelled I\ msemonf E
 Emission probabilities ] <+ C G v §
Occupancy and amino acid Q\f—'ﬂ—'ﬁ—*ﬂ M4 =g M5 —*Q
L o frequency at each position in | ) -
e Jransition prObab”meS the alignment are encoded DA \WM; %0s)’
Profile created do, (G (G120 (Slsy (day (05

 |terative searching with HMM profile
lllustration from EMBL-EBI Training

e HMM:HMM pairs



Methods




What does AlphaFold2 do?

» Goal: predict proteins’ atomic coordinates given sequence
INnput

 How: learning the mapping from MSA to structure



data

* Protein structures from the Protein Data Bank [0]
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Model input and processing

« AmIino acid seguence

« MSAs with homologs

 [emplates

o Structural homology
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How are templates found?

 Find PDB structures whose sequences look like the input
* Searching for structural homology
 Uses HMM profile and searches against PDB

 Finds the best matches

(it t) *T414

 What residues align in the structure? e

Pair

s 4 s
N\ ) @-» representation
F ‘_‘
5
%

(r,r,c)

» Serves as initial clue in pair representation >

Structure |
database

~Search

Templates



AlphaFold architecture

 Evoformer: a 48 block neural network that iteratively updates the pair and

MSA representations

e Structure module: transforms the pair and MSA representations into 3d

atomic coordinates
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Evoformer

e Custom transformer model

* Begins with MSA and pair representations
* (Generates structural insight for structure module

 |terating process
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Evoformer block simplified
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Pair representation Corresponding edges

Triangular attention -

] k
Ji
j ’ j ij ?ﬁ)
* | earns geometric constraints j k,- K

ki
k ikwkl

* Weights are communicated to MSA representation through Evoformer

* Jriplets are weighted with attention

Triangle multiplicative update Triangle multiplicative update Triangle self-attention around Triangle self-attention around
using ‘outgoing’ edges using ‘incoming’ edges starting node ending node
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Invariant point attention module
(IPA) module

 Geometry-aware
 Updates Nres set of neural activations

* Equivariant update using updated activations

 |Invariant to global rotations and translations Arbitrary




Frame Aligned Point Error (FAPE)

How loss Is calculated In structure module

Compares predicted vs. experimental under many different alignments
(frames)

ErrOI‘ aAClrossS Natoms and Nframes Crea’[eS Natoms X Nframes diStanceS
Penalize with a clamped L1 loss

Biases residues to have correct side chains




oLDDT

predicted Local Distance Difference Test

« pLDDT measures the structure
prediction confidence within a domain =

Low confidence IDR

e pLDDT > 90 - accurate
stereochemistry

 pLDDT < 50 - structure is disordered
(low confidence)

Well-folded, globular domain
with high confidence



PAE !
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Recycling
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Noisy student distillation N

* AlphaFold trained multiple times

* Future models trained on accurate predictions from initial
model

* Helps as a normalization step

predict unlabeled < )
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Architecture summary
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Results




RMSD

a measurement of structure prediction accuracy

« How similar is the predicted structure to
the experimentally determined one”?

e Calculated with alpha carbon (CA)
e Minimizes total sum of distances

» Calculated with a superimposition —»

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



Performance on recent PDB structures
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IDDT-Cao.
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CASP14

e Massive increase In
performance

e Hype —— reality

 Field of structural

bioinformatics widely

expanded
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AlphaFold components

Importance evaluation

« Each component of the model is
Important

* Justifies complicated
architecture

* Protein structure prediction is
not an easy task!

With self-distillation training -
Baseline -
No templates —

No auxiliary distogram head -

No raw MSA
(use MSA pairwise frequencies)

No IPA (use direct projection) —

No auxiliary masked MSA head -

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

No end-to-end structure gradients

—

(keep auxiliary heads)

No IPA and no recycling —

Test set of CASP14 domains

Test set of PDB chains
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Domain GDT

How does AlphaFold predict structure?
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Recycling iteration 0, block 01
Secondary structure assigned from the finakpredicti

Single conformation only!
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e |nward vs. outward conformation
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Residue index

 Decrease MSA depth and pick template ——— successful prediction [8]
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Ilterations are important!

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




Applications




Imputing the presence of small molecules

 PDB contains non-polymer molecules
* Alphalold trains around these
 Enables discovery of novel binding pockets

» Single molecule predictions can be used for
iInteraction mechanism analysis

Z|nC |On blndlng pOCket AlphaFold Experiment
r.m.s.d. = 0.59 A within 8 A of Zn



Implied multimeric conformation

* Proteins have multiple conformations
 Depends on binding partners

» AlphaFold predicts multimeric
conformations

 Enables analysis of PPI interfaces

AlphaFold Experiment



Hacking to predict multimeric structures

* GLY: missing side chain
e Often creates flexible segments (IDRs)

* Predict multimeric structures using a GLY
linker [9]

* AlphaFold?2 is tricked into treating the
Input as a single protein




AlphaFold-Multimer [10] and ColabFold [11]

 Uses AlphaFold 2 architecture to predict protein complexes
 Enables protein-protein interaction prediction

* Fuels high throughput in silico structural bioinformatics research

* ColabFold makes AlphaFold-Multimer easily accessible

 Supports easy local GPU usage

e More efficient MSAs




Conclusion and
future directions



Key contributions

The most (by far) accurate protein structure predictor yet
Open source

* Enables multimeric predictions and fine tuning
Enables structural bioinformatics

* AlphaFold Database
Offers an initial model for Cryo-EM structure determination

Inspired others to use coevolution to predict structure



Limitations

* Limited to single chain predictions
* Context in biology is critical
* Not able to predict PTMs, DNA, ligands, etc.
 Predecessor to AlphaFold 3’s diffusion model
* Limited accuracy predicting dissimilar protein sequences
* Protein Data Bank is limited

o Static structure predictions (T1024)



Next steps

 Can we predict all protein conformations?
* Protein Data Bank only contains static structures
 pLDDT not perfect for defining domain flexibility
* Can we design useful proteins?
* Antibodies
* |Inhibitors

e (Genome editors



More about AlphaFold2

Some Thoughts on a Mysterious Universe Flome  Cifles  AboutBlog  AboutMe
by Mohammed AlQuraishi

December 8, 2020
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AlphaFold2 @ CASP14: “It feels like one’s child has left home.”

The past week was a momentous occasion for protein structure prediction, structural biology at large, and in due time, may prove
to be so for the whole of life sciences. CASP14, the conference for the biennial competition for the prediction of protein structure
from sequence, took place virtually over multiple remote working platforms. DeepMind, Google’s premier Al research group, en-
tered the competition as they did the previous time, when they upended expectations of what an industrial research lab can do.
The outcome this time was very, very different however. At CASP13 DeepMind made an impressive showing with AlphaFold but
was ultimately within the bounds of the usual expectations of academic progress, albeit at an accelerated rate. At CASP14
DeepMind produced an advance so thorough it compelled CASP organizers to declare the protein structure prediction problem
for single protein chains to be solved. In my read of most CASP14 attendees (virtual as it was), | sense that this was the conclu-
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Reaction to CASP14

Some Thoughts on a Mysterious Universe Home  Cities  AboutBlog  AboutMe
by Mohammed AlQuraishi

July 25, 2021

©
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Reaction to AlphalFold?2
publication

The AlphaFold2 Method Paper: A Fount of Good Ideas

questions that | and many others raised about public disclosure of AF2. Already, the code is being pushed in all sorts of interest-
ing ways, and three days ago the companion paper and database were published, where AF2 was applied to the human pro-
teome and 20 other model organisms. All in all | am very happy with how DeepMind handled this. | reviewed the papers and had
some chance to mull over the AF2 model architecture during the past couple of months (it was humorous to see people suggest
that the open sourcing of AF2 was in response to RoseTTAFold—it was in fact DeepMind’s plan well before RoseTTAFold was
preprinted.) In this post | will summarize my main takeaways about what makes AF2 interesting or surprising. This post is not a
high-level summary of AF2—for that | suggest reading the main text of the paper, which is a well-written high-level summary, or
this blog post by Carlos Outeiral. In fact, | suggest that you read the paper, including the supplementary information (Sl), before
reading this post, as | am going to assume familiarity with the model. My focus here is really on technical aspects of the architec-
ture, with an eye toward generalizable lessons that can be applied to other molecular problems.
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