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Introduction



Motivation
• Experimental protein structure determination


• Extensive labor and costs


• Protein structure prediction saves time


• Enables: 


• High throughput structural bioinformatics


• Protein design


• etc.


• Deep learning instead of energetic simulations

X-Ray Crystallography

Boston University



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?



Structural insights from evolution
•Evolutionary history


•Function implies structure


•Homology to solved structures


•Pairwise evolutionary correlations

Evolutionary history of cytochrome c. 

Illustration by PDB-101

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


Pairwise evolutionary correlations indicate structure

• Interacting 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.
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Slide inspired by Simon Kohl’s talk [3]



Multiple sequence alignments

• Query large genetic databases


• Find homologous sequences


• Used to calculate evolutionary 
conservation of aa positions


• Can be used to find coevolutionary 
correlations



How are MSAs created?
• AlphaFold uses Jackhmmr [4] and HBBlits [5]


• Initial search for homologs


• Profile HMM across homologs


• Emission probabilities


• Transition probabilities


• Iterative searching with HMM profile


• HMM:HMM pairs
Illustration from EMBL-EBI Training



Methods



What does AlphaFold2 do?

• Goal: predict proteins’ atomic coordinates given sequence 
input


• How: learning the mapping from MSA to structure



Training data
• Protein structures from the Protein Data Bank [6]


• Structures before April 30, 2018


• Over 150,000 known structures


• MSAs


• Produced with Jackhmmr [4] and HHBlits [5]


• Sequence data:


• Big Fantastic Database


• Uniprot (over 2 billion seqs)


• Metaclust NR (150 million seqs)


• UniRef


• Uniclust30


• MGnify

Monomers only!



Model input and processing
• Amino acid sequence


• MSAs with homologs


• Templates


• Structural homology



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


• What residues align in the structure?


• Serves as initial clue in pair representation



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

MSA representations


• Structure module: transforms the pair and MSA representations into 3d 
atomic coordinates



Evoformer
• Custom transformer model


• Begins with MSA and pair representations


• Generates structural insight for structure module


• Iterating process

x 48



Evoformer block simplified

Attention

Outer 
product

Triangular 
attention

Information flow between representations



Triangular attention
• Learns geometric constraints


• Triplets are weighted with attention


• Weights are communicated to MSA representation through Evoformer



Structure module

“Residue gas”



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)


• Error across Natoms and Nframes creates Natoms x Nframes distances


• Penalize with a clamped L1 loss


• Biases residues to have correct side chains



pLDDT
predicted Local Distance Difference Test 

• pLDDT measures the structure 
prediction confidence within a domain


• pLDDT > 90 – accurate 
stereochemistry


• pLDDT < 50 – structure is disordered 
(low confidence)

Low confidence IDR

Low confidence linker

Well-folded, globular domain 
with high confidence



PAE
Predicted Aligned Error

• Pairwise prediction accuracy


• 0 Å - 30 Å


• Enables accurate contact mapping


• Coevolved residue pairs



Recycling



Noisy student distillation

• AlphaFold trained multiple times


• Future models trained on accurate predictions from initial 
model


• Helps as a normalization step

train

predict unlabeled 
samples

train



Architecture summary



Results



RMSD
a measurement of structure prediction accuracy 

• How similar is the predicted structure to 
the experimentally determined one?


• Calculated with alpha carbon (CA)


• Minimizes total sum of distances


• Calculated with a superimposition



Performance on recent PDB structures

Structures deposited to PDB from April 30, 2018 to February 15, 2021



Performance on recent PDB structures

Confidence metrics indicate accuracy
Structures deposited to PDB from April 30, 2018 to February 15, 2021



CASP14
• Massive increase in 

performance


• Hype           reality


• Field of structural 
bioinformatics widely 
expanded

T049



AlphaFold components
Importance evaluation

• Each component of the model is 
important


• Justifies complicated 
architecture


• Protein structure prediction is 
not an easy task!



How does AlphaFold predict structure?



T1024

Single conformation only!



• Inward vs. outward conformation

T1024

• Decrease MSA depth and pick template             successful prediction [8]



T1091

Iterations are important!



T1064



Applications



Imputing the presence of small molecules
• PDB contains non-polymer molecules


• AlphaFold trains around these


• Enables discovery of novel binding pockets


• Single molecule predictions can be used for 
interaction mechanism analysis

Zinc ion binding pocket



Implied multimeric conformation
• Proteins have multiple conformations


• Depends on binding partners


• AlphaFold predicts multimeric 
conformations


• Enables analysis of PPI interfaces



Hacking to predict multimeric structures
• GLY: missing side chain


• Often creates flexible segments (IDRs)


• Predict multimeric structures using a GLY 
linker [9]


• AlphaFold2 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


• 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 


• 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


• Genome editors



More about AlphaFold2

Reaction to AlphaFold2 
publication

Reaction to CASP14 
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