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Proteins are essential to life, and understanding their structure can facilitate a mechanistic understanding of
their function. Through an enormous experimental effort1–4, the structures of around 100,000 unique proteins
have been determined5, but this represents a small fraction of the billions of known protein sequences6,7.
Structural coverage is bottlenecked by the months to years of painstaking effort required to determine a
single protein structure. Accurate computational approaches are needed to address this gap and to enable
large-scale structural bioinformatics. Predicting the three-dimensional structure that a protein will adopt
based solely on its amino acid sequence—the structure prediction component of the ‘protein folding prob-
lem’8—has been an important open research problem for more than 50 years9. Despite recent progress10–14,
existing methods fall far short of atomic accuracy, especially when no homologous structure is available.
Here we provide the first computational method that can regularly predict protein structures with atomic
accuracy even in cases in which no similar structure is known. We validated an entirely redesigned version of
our neural network-based model, AlphaFold, in the challenging 14th Critical Assessment of protein Structure
Prediction (CASP14)15, demonstrating accuracy competitive with experimental structures in a majority of cases
and greatly outperforming other methods. Underpinning the latest version of AlphaFold is a novel machine
learning approach that incorporates physical and biological knowledge about protein structure, leveraging
multi-sequence alignments, into the design of the deep learning algorithm.

Fig. 1 | AlphaFold produces highly accurate structures. a, Median accuracy on the CASP14 domains of AlphaFold and of the next best
method, as r.m.s.d.95 over Cα atoms (backbone) and over all atoms, with 95% confidence intervals; the dashed line is the width of a carbon
atom, about 1.4 Å. b, CASP14 target T1049 (PDB 6Y4F): the experimental Cα trace (grey) and the AlphaFold model of the same chain,
coloured by its per-residue confidence (pLDDT).

Redrawn for this edition. a, from the values given in the text (the original plots the top 15 of 146 entries). b, from PDB 6Y4F (CC0) and AlphaFold DB model AF-
B4EUK6-F1, AlphaFold Monomer v2.0 (CC BY 4.0), superposed on 134 Cα atoms; the original shows the CASP14 prediction.

The development of computational methods to pre-
dict three-dimensional (3D) protein structures from the
protein sequence has proceeded along two complemen-
tary paths that focus on either the physical interactions
or the evolutionary history. The physical interaction

programme heavily integrates our understanding of
molecular driving forces into either thermodynamic
or kinetic simulation of protein physics16 or statistical
approximations thereof17. Although theoretically very
appealing, this approach has proved highly challenging
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for even moderate-sized proteins due to the computa-
tional intractability of molecular simulation, the con-
text dependence of protein stability and the difficulty
of producing sufficiently accurate models of protein
physics. The evolutionary programme has provided an
alternative in recent years, in which the constraints
on protein structure are derived from bioinformatics
analysis of the evolutionary history of proteins, homol-
ogy to solved structures18,19 and pairwise evolutionary
correlations20–24. This bioinformatics approach has ben-
efited greatly from the steady growth of experimental
protein structures deposited in the Protein Data Bank
(PDB)5, the explosion of genomic sequencing and the
rapid development of deep learning techniques to in-
terpret these correlations. Despite these advances, con-
temporary physical and evolutionary-history-based ap-
proaches produce predictions that are far short of ex-
perimental accuracy in the majority of cases in which
a close homologue has not been solved experimentally
and this has limited their utility for many biological
applications.

In this study, we develop the first, to our knowl-
edge, computational approach capable of predicting
protein structures to near experimental accuracy in a
majority of cases. The neural network AlphaFold that
we developed was entered into the CASP14 assess-
ment (May–July 2020; entered under the team name
‘AlphaFold2’ and a completely different model from
our CASP13 AlphaFold system10). The CASP assessment
is carried out biennially using recently solved struc-
tures that have not been deposited in the PDB or
publicly disclosed so that it is a blind test for the
participating methods, and has long served as the
gold-standard assessment for the accuracy of struc-
ture prediction25,26.

In CASP14, AlphaFold structures were vastly more ac-
curate than competing methods. AlphaFold structures
had a median backbone accuracy of 0.96 Å r.m.s.d.95

(Cα root-mean-square deviation at 95% residue cover-
age) (95% confidence interval = 0.85–1.16 Å) whereas
the next best performing method had a median back-
bone accuracy of 2.8 Å r.m.s.d.95 (95% confidence in-
terval = 2.7–4.0 Å) (measured on CASP domains; see
Fig. 1a for backbone accuracy and Supplementary Fig.
14 for all-atom accuracy). As a comparison point for
this accuracy, the width of a carbon atom is approxi-
mately 1.4 Å. In addition to very accurate domain struc-
tures (Fig. 1b), AlphaFold is able to produce highly ac-
curate side chains when the backbone is highly accu-
rate and considerably improves over template-based
methods even when strong templates are available.
The all-atom accuracy of AlphaFold was 1.5 Å r.m.s.d.95

(95% confidence interval = 1.2–1.6 Å) compared with
the 3.5 Å r.m.s.d.95 (95% confidence interval = 3.1–4.2 Å)
of the best alternative method. Finally, the model is
able to provide precise, per-residue estimates of its re-

liability that should enable the confident use of these
predictions.

The AlphaFold network
The AlphaFold network directly predicts the 3D coor-
dinates of all heavy atoms for a given protein using the
primary amino acid sequence and aligned sequences
of homologues as inputs (see Methods for details of
inputs including databases, MSA construction and use
of templates).

The network comprises two main stages. First, the
trunk of the network processes the inputs through re-
peated layers of a novel neural network block that we
term Evoformer to produce an Nseq × Nres array (Nseq,
number of sequences; Nres, number of residues) that
represents a processed MSA and an Nres × Nres array
that represents residue pairs. The key innovations in
the Evoformer block are new mechanisms to exchange
information within the MSA and pair representations
that enable direct reasoning about the spatial and evo-
lutionary relationships.

The trunk of the network is followed by the structure
module that introduces an explicit 3D structure in the
form of a rotation and translation for each residue of
the protein (global rigid body frames). Both within the
structure module and throughout the whole network,
we reinforce the notion of iterative refinement by re-
peatedly applying the final loss to outputs and then
feeding the outputs recursively into the same mod-
ules. The iterative refinement using the whole network
(which we term ‘recycling’ and is related to approaches
in computer vision27,28) contributes markedly to accu-
racy with minor extra training time (see Supplemen-
tary Methods 1.8 for details).

Evoformer
The key principle of the building block of the network—
named Evoformer—is to view the prediction of pro-
tein structures as a graph inference problem in 3D
space in which the edges of the graph are defined by
residues in proximity. The elements of the pair rep-
resentation encode information about the relation be-
tween the residues. The columns of the MSA repre-
sentation encode the individual residues of the input
sequence while the rows represent the sequences in
which those residues appear.

Within the pair representation, there are two differ-
ent update patterns. Both are inspired by the necessity
of consistency of the pair representation—for a pair-
wise description of amino acids to be representable as
a single 3D structure, many constraints must be satis-
fied including the triangle inequality on distances. On
the basis of this intuition, we arrange the update oper-
ations on the pair representation in terms of triangles
of edges involving three different nodes. In particular,
we add an extra logit bias to axial attention29 to include
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the ‘missing edge’ of the triangle and we define a non-
attention update operation ‘triangle multiplicative up-
date’ that uses two edges to update the missing third
edge (see Supplementary Methods 1.6.5 for details).

End-to-end structure prediction
The structure module operates on a concrete 3D back-
bone structure using the pair representation and the
original sequence row (single representation) of the
MSA representation from the trunk. The 3D backbone
structure is represented as Nres independent rotations
and translations, each with respect to the global frame
(residue gas). These rotations and translations—repre-
senting the geometry of the N-Cα-C atoms—prioritize
the orientation of the protein backbone so that the
location of the side chain of each residue is highly
constrained within that frame. 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 mod-
ule as breaking this constraint enables the local refine-
ment 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 vio-
lation loss term. Exact enforcement of peptide bond
geometry is only achieved in the post-prediction relax-
ation of the structure by gradient descent in the Am-
ber30 force field. Empirically, this final relaxation does
not improve the accuracy of the model as measured by
the global distance test (GDT)31 or lDDT-Cα32 but does
remove distracting stereochemical violations without
the loss of accuracy.

The residue gas representation is updated iteratively
in two stages. First, a geometry-aware attention oper-
ation that we term ‘invariant point attention’ (IPA) is
used to update an Nres set of neural activations (sin-
gle representation) without changing the 3D positions,
then an equivariant update operation is performed on
the residue gas using the updated activations. The IPA
augments each of the usual attention queries, keys and
values with 3D points that are produced in the local
frame of each residue such that the final value is invari-
ant to global rotations and translations (see Methods
‘IPA’ for details).

Predictions of side-chain χ angles as well as the fi-
nal, per-residue accuracy of the structure (pLDDT) are
computed with small per-residue networks on the final
activations at the end of the network. The estimate of
the TM-score (pTM) is obtained from a pairwise error
prediction that is computed as a linear projection from
the final pair representation.

Discussion
AlphaFold has already demonstrated its utility to the
experimental community, both for molecular replace-
ment33 and for interpreting cryogenic electron mi-

croscopy maps34. Moreover, because AlphaFold outputs
protein coordinates directly, AlphaFold produces pre-
dictions in graphics processing unit (GPU) minutes to
GPU hours depending on the length of the protein
sequence (for example, around one GPU minute per
model for 384 residues; see Methods for details). This
opens up the exciting possibility of predicting struc-
tures at the proteome-scale and beyond—in a com-
panion paper35, we demonstrate the application of Al-
phaFold to the entire human proteome35.

The explosion in available genomic sequencing tech-
niques and data has revolutionized bioinformatics but
the intrinsic challenge of experimental structure de-
termination has prevented a similar expansion in our
structural knowledge. By developing an accurate pro-
tein structure prediction algorithm, coupled with exist-
ing large and well-curated structure and sequence data-
bases assembled by the experimental community, we
hope to accelerate the advancement of structural bioin-
formatics that can keep pace with the genomics rev-
olution. We hope that AlphaFold—and computational
approaches that apply its techniques for other biophys-
ical problems—will become essential tools of modern
biology.

References

 1. Thompson, M. C., Yeates, T. O. & Rodriguez, J. A. Advances in
methods for atomic resolution macromolecular structure
determination. F1000Res. 9, 667 (2020).

 2. Bai, X.-C., McMullan, G. & Scheres, S. H. W. How cryo-EM is
revolutionizing structural biology. Trends Biochem. Sci. 40,
49–57 (2015).

 3. Jaskolski, M., Dauter, Z. & Wlodawer, A. A brief history of
macromolecular crystallography, illustrated by a family tree
and its Nobel fruits. FEBS J. 281, 3985–4009 (2014).

 4. Wüthrich, K. The way to NMR structures of proteins. Nat. Struct.
Biol. 8, 923–925 (2001).

 5. wwPDB Consortium. Protein Data Bank: the single global
archive for 3D macromolecular structure data. Nucleic Acids
Res. 47, D520–D528 (2018).

 6. Mitchell, A. L. et al. MGnify: the microbiome analysis resource
in 2020. Nucleic Acids Res. 48, D570–D578 (2020).

 7. Steinegger, M., Mirdita, M. & Söding, J. Protein-level assembly
increases protein sequence recovery from metagenomic
samples manyfold. Nat. Methods 16, 603–606 (2019).

 8. Dill, K. A., Ozkan, S. B., Shell, M. S. & Weikl, T. R. The protein
folding problem. Annu. Rev. Biophys. 37, 289–316 (2008).

 9. Anfinsen, C. B. Principles that govern the folding of protein
chains. Science 181, 223–230 (1973).

 10. Senior, A. W. et al. Improved protein structure prediction using
potentials from deep learning. Nature 577, 706–710 (2020).

 11. Wang, S., Sun, S., Li, Z., Zhang, R. & Xu, J. Accurate de novo
prediction of protein contact map by ultra-deep learning model.
PLOS Comput. Biol. 13, e1005324 (2017).

 12. Zheng, W. et al. Deep-learning contact-map guided protein
structure prediction in CASP13. Proteins 87, 1149–1164 (2019).

 13. Abriata, L. A., Tamò, G. E. & Dal Peraro, M. A further leap
of improvement in tertiary structure prediction in CASP13
prompts new routes for future assessments. Proteins 87,
1100–1112 (2019).

 14. Pearce, R. & Zhang, Y. Deep learning techniques have
significantly impacted protein structure prediction and protein
design. Curr. Opin. Struct. Biol. 68, 194–207 (2021).

 15. Moult, J., Fidelis, K., Kryshtafovych, A., Schwede, T. & Topf,
M. Critical assessment of techniques for protein structure

Highly accurate protein structure prediction with AlphaFold 3



prediction, fourteenth round. CASP 14 Abstract Book
https://www.predictioncenter.org/casp14/doc/CASP14_Abstracts
.pdf (2020).

 16. Brini, E., Simmerling, C. & Dill, K. Protein storytelling through
physics. Science 370, eaaz3041 (2020).

 17. Sippl, M. J. Calculation of conformational ensembles from
potentials of mean force. An approach to the knowledge-based
prediction of local structures in globular proteins. J. Mol. Biol.
213, 859–883 (1990).

 18. Šali, A. & Blundell, T. L. Comparative protein modelling by
satisfaction of spatial restraints. J. Mol. Biol. 234, 779–815 (1993).

 19. Roy, A., Kucukural, A. & Zhang, Y. I-TASSER: a unified platform
for automated protein structure and function prediction. Nat.
Protocols 5, 725–738 (2010).

 20. Altschuh, D., Lesk, A. M., Bloomer, A. C. & Klug, A. Correlation of
co-ordinated amino acid substitutions with function in viruses
related to tobacco mosaic virus. J. Mol. Biol. 193, 693–707 (1987).

 21. Shindyalov, I. N., Kolchanov, N. A. & Sander, C. Can three-
dimensional contacts in protein structures be predicted by
analysis of correlated mutations? Protein Eng. 7, 349–358 (1994).

 22. Weigt, M., White, R. A., Szurmant, H., Hoch, J. A. & Hwa, T.
Identification of direct residue contacts in protein–protein
interaction by message passing. Proc. Natl Acad. Sci. USA 106,
67–72 (2009).

 23. Marks, D. S. et al. Protein 3D structure computed from
evolutionary sequence variation. PLoS ONE 6, e28766 (2011).

 24. Jones, D. T., Buchan, D. W. A., Cozzetto, D. & Pontil, M. PSICOV:
precise structural contact prediction using sparse inverse
covariance estimation on large multiple sequence alignments.
Bioinformatics 28, 184–190 (2012).

 25. Moult, J., Pedersen, J. T., Judson, R. & Fidelis, K. A large-scale
experiment to assess protein structure prediction methods.
Proteins 23, ii–iv (1995).

 26. Kryshtafovych, A., Schwede, T., Topf, M., Fidelis, K. & Moult, J.
Critical assessment of methods of protein structure prediction
(CASP)-round XIII. Proteins 87, 1011–1020 (2019).

 27. Tu, Z. & Bai, X. Auto-context and its application to high-level
vision tasks and 3D brain image segmentation. IEEE Trans.
Pattern Anal. Mach. Intell. 32, 1744–1757 (2010).

 28. Carreira, J., Agrawal, P., Fragkiadaki, K. & Malik, J. Human
pose estimation with iterative error feedback. in Proc. IEEE
Conference on Computer Vision and Pattern Recognition
4733–4742 (2016).

 29. Huang, Z. et al. CCNet: criss-cross attention for semantic
segmentation. in Proc. IEEE/CVF International Conference on
Computer Vision 603–612 (2019).

 30. Hornak, V. et al. Comparison of multiple Amber force fields
and development of improved protein backbone parameters.
Proteins 65, 712–725 (2006).

 31. Zemla, A. LGA: a method for finding 3D similarities in protein
structures. Nucleic Acids Res. 31, 3370–3374 (2003).

 32. Mariani, V., Biasini, M., Barbato, A. & Schwede, T. lDDT: a local
superposition-free score for comparing protein structures
and models using distance difference tests. Bioinformatics 29,
2722–2728 (2013).

 33. Pereira, J. et al. High-accuracy protein structure prediction in
CASP14. Proteins https://doi.org/10.1002/prot.26171 (2021).

 34. Gupta, M. et al. CryoEM and AI reveal a structure of SARS-CoV-2
Nsp2, a multifunctional protein involved in key host processes.
Preprint at https://doi.org/10.1101/2021.05.10.443524 (2021).

 35. Tunyasuvunakool, K. et al. Highly accurate protein structure
prediction for the human proteome. Nature https://doi.org/10
.1038/s41586-021-03828-1 (2021).

Methods

IPA
The IPA module combines the pair representation, the single
representation and the geometric representation to update the
single representation (Supplementary Fig. 8). Each of these
representations contributes affinities to the shared attention
weights and then uses these weights to map its values to the

output. The IPA operates in 3D space. Each residue produces
query points, key points and value points in its local frame.
These points are projected into the global frame using the
backbone frame of the residue in which they interact with
each other. The resulting points are then projected back into
the local frame. The affinity computation in the 3D space uses
squared distances and the coordinate transformations ensure
the invariance of this module with respect to the global frame
(see Supplementary Methods 1.8.2 ‘Invariant point attention
(IPA)’ for the algorithm, proof of invariance and a description
of the full multi-head version).

Inputs and data sources
Inputs to the network are the primary sequence, sequences
from evolutionarily related proteins in the form of a MSA cre-
ated by standard tools including jackhmmer36 and HHBlits37,
and 3D atom coordinates of a small number of homologous
structures (templates) where available. For both the MSA and
templates, the search processes are tuned for high recall; spu-
rious matches will probably appear in the raw MSA but this
matches the training condition of the network.

For MSA search on BFD + Uniclust30, and template search
against PDB70, we used HHBlits37 and HHSearch38 from hh-
suite v.3.0-beta.3 (version 14/07/2017). For MSA search on
Uniref90 and clustered MGnify, we used jackhmmer from
HMMER339. For constrained relaxation of structures, we used
OpenMM v.7.3.140 with the Amber99sb force field30. For neural
network construction, running and other analyses, we used
TensorFlow41, Sonnet42, NumPy43, Python44 and Colab45.

Inference regimen
Using our CASP14 configuration for AlphaFold, the trunk of the
network is run multiple times with different random choices
for the MSA cluster centres (see Supplementary Methods 1.11.2
for details of the ensembling procedure). The full time to make
a structure prediction varies considerably depending on the
length of the protein. Representative timings for the neural
network using a single model on V100 GPU are 4.8 min with 256
residues, 9.2 min with 384 residues and 18 h at 2,500 residues.
These timings are measured using our open-source code, and
the open-source code is notably faster than the version we ran
in CASP14 as we now use the XLA compiler46.

Since CASP14, we have found that the accuracy of the net-
work without ensembling is very close or equal to the accuracy
with ensembling and we turn off ensembling for most inference.
Without ensembling, the network is 8× faster and the represen-
tative timings for a single model are 0.6 min with 256 residues,
1.1 min with 384 residues and 2.1 h with 2,500 residues.

Residues With ensembling
(CASP14)

Without ensembling

256 4.8 min 0.6 min

384 9.2 min 1.1 min

2,500 18 h 2.1 h

Table 1 | Inference times. One model on one V100 GPU, by
protein length.

Compiled for this edition from the timings given in ‘Inference regimen’.

Metrics
The predicted structure is compared to the true structure from
the PDB in terms of lDDT metric32, as this metric reports the
domain accuracy without requiring a domain segmentation of
chain structures. The distances are either computed between
all heavy atoms (lDDT) or only the Cα atoms to measure the
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backbone accuracy (lDDT-Cα). As lDDT-Cα only focuses on the
Cα atoms, it does not include the penalty for structural viola-
tions and clashes. Domain accuracies in CASP are reported as
GDT31 and the TM-score47 is used as a full chain global super-
position metric.

We also report accuracies using the r.m.s.d.95 (Cα r.m.s.d. at
95% coverage). We perform five iterations of (1) a least-squares
alignment of the predicted structure and the PDB structure on
the currently chosen Cα atoms (using all Cα atoms in the first
iteration); (2) selecting the 95% of Cα atoms with the lowest
alignment error. The r.m.s.d. of the atoms chosen for the final
iterations is the r.m.s.d.95. This metric is more robust to appar-
ent errors that can originate from crystal structure artefacts,
although in some cases the removed 5% of residues will con-
tain genuine modelling errors.

Data availability
All input data are freely available from public sources. We show
experimental structures from the PDB with accession numbers
6Y4F48, 6YJ149, 6VR450, 6SK051, 6FES52, 6W6W53, 6T1Z54 and 7JTL55.

Code availability
Source code for the AlphaFold model, trained weights and in-
ference script are available under an open-source license at
https://github.com/deepmind/alphafold.

References

 36. Johnson, L. S., Eddy, S. R. & Portugaly, E. Hidden Markov model
speed heuristic and iterative HMM search procedure. BMC
Bioinformatics 11, 431 (2010).

 37. Remmert, M., Biegert, A., Hauser, A. & Söding, J. HHblits:
lightning-fast iterative protein sequence searching by HMM-
HMM alignment. Nat. Methods 9, 173–175 (2012).

 38. Steinegger, M. et al. HH-suite3 for fast remote homology
detection and deep protein annotation. BMC Bioinformatics
20, 473 (2019).

 39. Eddy, S. R. Accelerated profile HMM searches. PLOS Comput.
Biol. 7, e1002195 (2011).

 40. Eastman, P. et al. OpenMM 7: rapid development of high
performance algorithms for molecular dynamics. PLOS Comput.
Biol. 13, e1005659 (2017).

 41. Ashish, A. M. A. et al. TensorFlow: large-scale machine learning
on heterogeneous systems. Preprint at https://arxiv.org/abs/1603
.04467 (2015).

 42. Reynolds, M. et al. Open sourcing Sonnet – a new library for
constructing neural networks. DeepMind https://deepmind.com/
blog/open-sourcing-sonnet/ (2017).

 43. Harris, C. R. et al. Array programming with NumPy. Nature 585,
357–362 (2020).

 44. Van Rossum, G. & Drake, F. L. Python 3 Reference Manual.
(CreateSpace, 2009).

 45. Bisong, E. in Building Machine Learning and Deep Learning
Models on Google Cloud Platform: A Comprehensive Guide for
Beginners 59–64 (Apress, 2019).

 46. TensorFlow. XLA: Optimizing Compiler for TensorFlow.
https://www.tensorflow.org/xla (2018).

 47. Zhang, Y. & Skolnick, J. Scoring function for automated
assessment of protein structure template quality. Proteins 57,
702–710 (2004).

 48. Jiang, W. et al. MrpH, a new class of metal-binding adhesin,
requires zinc to mediate biofilm formation. PLoS Pathog. 16,
e1008707 (2020).

 49. Dunne, M., Ernst, P., Sobieraj, A., Pluckthun, A. & Loessner, M. J.
The M23 peptidase domain of the Staphylococcal phage 2638A
endolysin. PDB https://doi.org/10.2210/pdb6YJ1/pdb (2020).

 50. Drobysheva, A. V. et al. Structure and function of virion RNA
polymerase of a crAss-like phage. Nature 589, 306–309 (2021).

 51. Flaugnatti, N. et al. Structural basis for loading and inhibition
of a bacterial T6SS phospholipase effector by the VgrG spike.
EMBO J. 39, e104129 (2020).

 52. ElGamacy, M. et al. An interface-driven design strategy yields
a novel, corrugated protein architecture. ACS Synth. Biol. 7,
2226–2235 (2018).

 53. Lim, C. J. et al. The structure of human CST reveals a decameric
assembly bound to telomeric DNA. Science 368, 1081–1085 (2020).

 54. Debruycker, V. et al. An embedded lipid in the multidrug
transporter LmrP suggests a mechanism for polyspecificity. Nat.
Struct. Mol. Biol. 27, 829–835 (2020).

 55. Flower, T. G. et al. Structure of SARS-CoV-2 ORF8, a rapidly
evolving immune evasion protein. Proc. Natl Acad. Sci. USA 118,
e2021785118 (2021).

Acknowledgements We thank A. Rrustemi, A. Gu, A. Guseynov, B.
Hechtman, C. Beattie, C. Jones, C. Donner, E. Parisotto, E. Elsen, F.
Popovici, G. Necula, H. Maclean, J. Menick, J. Kirkpatrick, J. Molloy, J. Yim,
J. Stanway, K. Simonyan, L. Sifre, L. Martens, M. Johnson, M. O’Neill,
N. Antropova, R. Hadsell, S. Blackwell, S. Das, S. Hou, S. Gouws, S.
Wheelwright, T. Hennigan, T. Ward, Z. Wu, Ž. Avsec and the Research
Platform Team for their contributions; M. Mirdita for his help with the
datasets; M. Piovesan-Forster, A. Nelson and R. Kemp for their help
managing the project; the JAX, TensorFlow and XLA teams for detailed
support and enabling machine learning models of the complexity of
AlphaFold; our colleagues at DeepMind, Google and Alphabet for their
encouragement and support; and J. Moult and the CASP14 organizers,
and the experimentalists whose structures enabled the assessment. M.S.
acknowledges support from the National Research Foundation of Korea
grant (2019R1A6A1A10073437, 2020M3A9G7103933) and the Creative-
Pioneering Researchers Program through Seoul National University.

Author information 1DeepMind, London, UK. 2School of Biological
Sciences, Seoul National University, Seoul, South Korea. 3Artificial
Intelligence Institute, Seoul National University, Seoul, South Korea.
4These authors contributed equally. Correspondence to John Jumper or
Demis Hassabis.

This edition Abridged; Fig. 1 redrawn, Table 1 compiled from
the Methods, Figs. 2–5 and the Supplementary information not
reproduced. Set in Noto Serif and Noto Sans (SIL OFL).

Highly accurate protein structure prediction with AlphaFold 5

https://arxiv.org/abs/1603.04467
https://arxiv.org/abs/1603.04467
https://deepmind.com/blog/open-sourcing-sonnet/
https://deepmind.com/blog/open-sourcing-sonnet/
https://www.tensorflow.org/xla
https://doi.org/10.2210/pdb6YJ1/pdb

	Highly accurate protein structure prediction with AlphaFold
	The AlphaFold network
	Evoformer
	End-to-end structure prediction
	Discussion
	References


	Methods
	IPA
	Inputs and data sources
	Inference regimen
	Metrics
	Data availability
	Code availability
	References


