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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 effort' ", the structures of around 100,000 unique proteins
have been determined®, but this represents a small fraction of the billions of known protein sequences®,’.
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 problem’®—has been an
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important open research problem for more than 50 years®. Despite recent progress
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,
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AlphaFold, in the challenging 14th Critical Assessment of protein Structure Prediction (CASP14)"®, 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.

The development of computational methods to predict three-dimensional (3D) protein structures from the
protein sequence has proceeded along two complementary 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 physics'™ or statistical
approximations thereof'. Although theoretically very appealing, this approach has proved highly challenging
for even moderate-sized proteins due to the computational intractability of molecular simulation, the context
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, homology to solved
structures®,™ and pairwise evolutionary correlations?°724. This bioinformatics approach has benefited greatly
from

the steady growth of experimental protein structures deposited in the Protein Data Bank (PDB)3, the
explosion of genomic sequencing and the rapid development of deep learning techniques to interpret these
correlations. Despite these advances, contemporary physical and evolutionary-history-based approaches
produce predictions that are far short of experimental 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 knowledge, 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 assessment (May-July 2020; entered under the team name ‘AlphaFold2’ and a
completely different model from our CASP13 AlphaFold system™). The CASP assessment is carried out biennially
using recently solved structures that have not been deposited in the PDB or publicly disclosed so that it is a blind
test
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Fig.1 | AlphaFold produces highly accurate structures. a, The performance of AlphaFold on the CASP14 dataset (n
= 87 protein domains) relative to the top-15 entries (out of 146 entries), group numbers correspond to the numbers
assigned to entrants by CASP. Data are median and the 95% confidence interval of the median, estimated from
10,000 bootstrap samples. b, Our prediction of CASP14 target T1049 (PDB 6YA4F, blue) compared with the true



(experimental) structure (green). Four residues in the C terminus of the crystal structure are B-factor outliers and
are not depicted. ¢, CASP14 target T1056 (PDB 6YJ1).

An example of a well-predicted zinc-binding site (AlphaFold has accurate side chains even though it does not
explicitly predict the zinc ion). d, CASP target T1044 (PDB 6VR4)—a 2,180-residue single chain—was predicted
with correct domain packing (the prediction was made after CASP using AlphaFold without intervention). e, Model
architecture. Arrows show the information flow among the various components described in this paper. Array
shapes are shown in parentheses with s, number of sequences (N{seq} in the main text); r, number of residues
(N{res} in the main text); ¢, number of channels.

for the participating methods, and has long served as the gold-standard assessment for the accuracy of structure
prediction*{25,26}.

In CASP14, AlphaFold structures were vastly more accurate than competing methods. {95} (Ca root-mean-square
deviation at 95% residue coverage) (95% confidence interval = 0.85-1.16 R) whereas the next best performing
method had a median backbone accuracy of 2.8 A r.m.s.d. 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 approximately
1.4 A. In addition to very accurate domain structures (Fig. 1b), AlphaFold is able to produce highly accurate side
chains (Fig. 1c) when the backbone is highly accurate and considerably improves over template-based methods
even when strong templates are available. The all atom accuracy of AlphaFold was15 Arm s d. 95 95 confidence
interval 12 16 A compared with the 35 Arm s d. 95 95 confidence interval 314 2 A of the best alternative
method. Our methods are scalable to very long proteins with accurate domains and domain-packing (see Fig. 1d
for the prediction of a 2,180-residue protein with no structural homologues). Finally, the model is able to provide
precise, per-residue estimates of its reliability that should enable the confident use of these predictions.

We demonstrate in Fig. 2a that the high accuracy that AlphaFold demonstrated in CASP14 extends to a large
sample of recently released PDB

structures; in this dataset, all structures were deposited in the PDB after our training data cut-off and are
analysed as full chains (see Methods, Supplementary Fig. 15 and Supplementary Table 6 for more details).
Furthermore, we observe high side-chain accuracy when the backbone prediction is accurate (Fig. 2b) and we
show that our confidence measure, the predicted local-distance difference test (pLDDT), reliably predicts the
Ca local-distance difference test (IDDT-Ca) accuracy of the corresponding prediction (Fig. 2c. We also find that
the global superposition metric template modelling score (TM-score)*{27} can be accurately estimated (Fig.
2d. Overall, these analyses validate that the high accuracy and reliability of AlphaFold on CASP14 proteins also
transfers to an uncurated collection of recent PDB submissions, as would be expected (see Supplementary
Methods 1.15 and Supplementary Fig. 11 for confirmation that this high accuracy extends to new folds).

AlphaFold greatly improves the accuracy of structure prediction by incorporating novel neural network
architectures and training procedures based on the evolutionary, physical and geometric constraints of protein
structures. In particular, we demonstrate a new architecture to jointly embed multiple sequence alignments
(MSAs) and pairwise features, a new output representation and associated loss that enable accurate end-to-end
structure prediction, a new equivariant attention
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Fig. 2 | Accuracy of AlphaFold on recent PDB structures. The analysed structures are newer than any structure
in the training set. Further filtering is applied to reduce redundancy (see Methods). a, Histogram of backbone
r.m.s.d.
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FAQs

What is GPTZero?

GPTZero is the leading Al detector for checking whether a document was written by a large language model such
as ChatGPT. GPTZero detects Al on sentence, paragraph, and document level. Our model was trained on a large,
diverse corpus of human-written and Al-generated text with support for English, Spanish, French, German, and
other languages. To date, GPTZero has served over 17 million users around the world, and works with over 100
organizations in education, hiring, publishing, legal, and more.

When should | use GPTZero?

Our users have seen the use of Al-generated text proliferate into education, certification, hiring and recruitment,
social writing platforms, disinformation, and beyond. We've created GPTZero as a tool to highlight the possible use
of Al in writing text. In particular, we focus on classifying Al use in prose. Overall, our classifier is intended to be
used to flag situations in which a conversation can be started (for example, between educators and students) to
drive further inquiry and spread awareness of the risks of using Al in written work.

Does GPTZero only detect ChatGPT outputs?

No, GPTZero works robustly across a range of Al language models, including but not limited to ChatGPT, GPT-5,
GPT-4, GPT-3, Gemini, Claude, and Al services based on those models.

What are the limitations of the classifier?

The nature of Al-generated content is changing constantly. As such, these results should not be used to punish
students. We recommend educators to use our behind-the-scene Writing Reports as part of a holistic assessment
of student work. There always exist edge cases with both instances where Al is classified as human, and human
is classified as Al. Instead, we recommend educators take approaches that give students the opportunity to
demonstrate their understanding in a controlled environment and craft assignments that cannot be solved with Al.
Our classifier is not trained to identify Al-generated text after it has been heavily modified after generation (although
we estimate this is a minority of the uses for Al-generation at the moment). Currently, our classifier can sometimes
flag other machine-generated or highly procedural text as Al-generated, and as such, should be used on more
descriptive portions of text.

I'm an educator who has found Al-generated text by my students. What do | do?

Firstly, at GPTZero, we don't believe that any Al detector is perfect. There always exist edge cases with both
instances where Al is classified as human, and human is classified as Al. Nonetheless, we recommend that
educators can do the following when they get a positive detection: Ask students to demonstrate their understanding
in a controlled environment, whether that is through an in-person assessment, or through an editor that can track
their edit history (for instance, using our Writing Reports through Google Docs). Check out our list of several
recommendations on types of assignments that are difficult to solve with Al.

Ask the student if they can produce artifacts of their writing process, whether it is drafts, revision histories, or
brainstorming notes. For example, if the editor they used to write the text has an edit history (such as Google Docs),
and it was typed out with several edits over a reasonable period of time, it is likely the student work is authentic.
You can use GPTZero's Writing Reports to replay the student's writing process, and view signals that indicate the
authenticity of the work.

See if there is a history of Al-generated text in the student's work. We recommend looking for a long-term pattern
of Al use, as opposed to a single instance, in order to determine whether the student is using Al.
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