authors measured parasite growth rates using
blood from several volunteers who carried
either two copies of both rs112233623-T and
1s9349205-A, two copies of just rs9349205-A,
or neither of the variants. It is worth noting
that the authors used parasite strains that
have undergone adaptation to laboratory
culture, and they differ genetically and epi-
genetically fromnatural strains. Nevertheless,
these experiments clearly indicate that para-
site growth is lower across several rounds of
invasion, growthand egressinblood fromindi-
viduals who carry two copies of rs112233623-T
compared with those who do not.

The degree of growth inhibition in variant
carriers seems to be similar to that seen in
a condition called G6PD deficiency, which
is caused by a different variant and is also
thought to protect against malaria. This var-
iant makes red blood cells susceptible to a
cellular state called oxidative stress, which
is characterized by a build-up of molecules
known as reactive oxygen species (ROS). The
authors observe abuild-up of ROS in cultured
red blood cells carrying rs112233623-T, lead-
ingthem to propose that asimilar mechanism
underlies its malaria-protective effect.

Together, these results indicate that low-
ered expression of cyclin D3, a consequence
ofthers112233623-T variant, naturally protects
against malaria (Fig. 1b). However, this does
raise a difficult problem. The gold-standard
approach to confirm the relationship would
be to observe consistent evidence for protec-
tion across both experimental and epidemiol-
ogicalsettings —thatis, tolook at associations
between genetics and observable traits in an
endemic population. This type of evidence
has been achieved, for example, for a genetic
variant that underpins a blood type known as
Dantu NE, which is rare globally but common
in certain parts of East Africa. This variant
impedes the malaria parasite’s ability toinvade
redblood cells,and hasbeen associated with a
reduction of around 40% in the risk of severe
malariain East-African populations®”. However,
because the rs112233623-T variant iscommon
onlyinSardinia, where P.falciparumisnolonger
endemic, itisimpossible to testitin an epide-
miological study. Without this, the real-world
impact of this variant is hard to determine.

Nevertheless, Marini and colleagues’ find-
ings point to a new pathway for protection
against malaria. They raise the possibility that
cyclin D-pathway inhibitors, some of which
are already in use to slow the growth of some
cancers®’, could be effective against malaria.
A substantial challenge, however, would
be to target erythroid progenitors without
adversely affecting other processes.
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Mathematicians put
AlphaProofto thetest

Talia Ringer

Mathematicians use computational tools to prove theorems.
An Al model that s trained to use these tools might accelerate

mathematical discovery. See p.607

Last year, Google DeepMind made headlines
for building an artificial-intelligence system
that achieved a silver-medal standard on
the problems from that year’s International
Mathematics Olympiad (IMO), a prestigious
competition for young mathematicians held
annually. It was the first time such a system
had performed at a medal-worthy level in
solving IMO challenges. Now, on page 607,
Hubert et al.' report the details of the core
technology behind that achievement: a tool
called AlphaProof, whichis designed to prove
mathematical statements.

Inatalk this September, one of the authors
likened AlphaProof’s participationin the IMO
to having “landed on the Moon”. And indeed,
it did kick off a space race of sorts, with tools
from OpenAl and Google achieving scores
worthy of a gold medal® on the problems
fromthis year’s IMO. In retrospect, last year’s
silver-medal performance might seem like a
footnote. Butscience moves more slowly and
carefully than the news cycle, and so it is not
untilnow, more thanayear after the announce-
mentwas made, that the details of AlphaProof
have been made public. The wait was worthit.

AlphaProof follows previous work by Deep-
Mind on Altools that teach themselves to play
games, such as AlphaZero for Go and chess.
This means it treats mathematical proof
like a game, using specialized tools called
proof assistants, which mathematicians use
to write proofs that a computer can check
automatically.

Using a proof assistant is a lot like playing
agame: a mathematician states a theorem,
which they then try to prove interactively.
At each step in the proof, the mathematician
tries to get closer to their goal of proving the
theorem —although they mightintroduce new

goals along the way, inthe form of other state-
ments that must also be proved. To do this,
the mathematician sends the proof assistant
ahigh-level strategy called a tactic, and the
assistant responds by updating the current
goal or introducing new ones. If all goes well,
the mathematician will eventually progress
to a state in which no goals are left: this can
be thought of as winning the game. To the
proof assistant, this means that the mathe-
matician has crafted alogical argument that
asimple logic checker in the proof assistant
cancheck; to the mathematician, it means that
the theoremis proved.

Proof assistants provide a high level of
certainty. This is useful for mathematicians,
butitis even more useful for Al tools such as
AlphaProof. AlphaProof can learn quickly by
trying to provealarge number of theoremson
itsown, withimmediate, trustworthy feedback
fromthe proofassistant at each step. Further-
more, mathematicians can trust the proofs
that AlphaProof produces (aslong as the logic
checker in the proofassistantisimplemented
correctly). By contrast, natural-language
proofs produced by Altools can containsubtle
mistakes that are hard to spot (see, for exam-
ple, go.nature.com/43uyhhf).Sucherrorsare
not a problem for AlphaProof.

AlphaProof was trained (see Fig. 1) to pro-
duce proofsthat could be checked by a proof
assistant called Lean (see https://lean-lang.
org), whichis popularamong mathematicians,
andincludes a large library of mathematical
theorems and proofs called mathlib (see
go.nature.com/41shihf). The first training
stage gave the algorithm familiarity withlogic,
code and mathematics. AlphaProof was then
taught, using thousands of human-generated
examples, to write proofsin Lean.
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Figure 1| Training an Almodel to solve complex mathematical

problems. Hubertetal.' report an Almodel called AlphaProof that was trained,
inthree stages, to generate mathematical proofs. The first stage was pre-training,
inwhich the model learnt logic, programming and mathematical language from
adataset of code and mathematical text. Next, the fine-tuning stage specialized
the model using a data set of statements written in the language of the Lean proof

But even with Lean in hand, one problem
remains that makes mathematical proof par-
ticularly difficult. When you play Go or chess,
you always play using the same board. But in
the game of mathematical proof, the board is
defined by the theorem that is being proved.
Even if we consider just the theorems that
humanity already knows, only a small portion
havebeenstatedin Lean. In other words, many
ofthoseboards are notimmediately accessible
for AlphaProof'to play.

To address this difficulty, AlphaProof
includes a language model that is based on
Google’s Gemini and is customized to trans-
late statements from mathematical literature
intoaformatthat canbe proved (or disproved)
inside Lean — a task that is known as autofor-
malization®. Notably, it is OK if the autoformal-
ization step is not quite perfect. AlphaProof
willlearn from trying to prove or disprove a
statement even if it does not quite match the
onedefined in the mathematical literature.In
fact, the system uses the language model to
generate multiple translations of each math-
ematical statement.

The resulting formal statements — all
80 million of them — form the basis of the
‘curriculum’ that AlphaProof uses to teach
itself to write proofs. Furthermore, when the
system encounters a particularly hard prob-
lem, it can build a problem-specific curricu-
lum by generating variants of that problem
and trying to solve those first, although this
is computationally expensive.

The computational power needed to
build AlphaProof'is on a scale that academic
groups do not have access to without indus-
trial partners. But it does seem to have paid
off. Although AlphaProof is far from the first
tooltomake it easier to write proofsinaproof
assistant*, it stands out for its effectiveness.
The silver-medal performance on the IMO
questions, achieved in combination with a
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complementary tool called AlphaGeometry,
is just one mark of this progress. AlphaProof
also blew previous work out of the water on
popular benchmarks based on competition
mathematics.

I am one of a number of researchers who
have, at some time, been granted temporary
access to AlphaProof by DeepMind. To useiit,
Iwould state atheorem in Lean, write “sorry”
in place of the proof (or a part of the proof)
and ask AlphaProoftofillin the details. Either
the toolwould produce amachine-checkable
proof or disproof, or it would fail to prove or
disprove the theorem in the allotted time. In
the case of failure, it sometimes helped to
sketch out aroughidea of what I thought the
proof should look like, guiding AlphaProof
by providing the overall structure of the
argument but writing “sorry” in place of the
details. In the end, provided my theorem
statement was correct, | could be certain that
if AlphaProof proved the theorem, the proof
was correct.

The paper focused on well-established
mathematics competition benchmarks. But
my experiences ultimately convinced me
that it is useful beyond competition mathe-
matics. Two PhD students affiliated with my
laboratory each sent me one lemma —asmall
theorem that is used in the proof of a larger
one — that they found tricky. AlphaProof
proved one of the lemmas in under a minute,
even though the student and their collabora-
tor had beenstuck onit for sometime.Itthen
disproved the other one, exposing abugin a
definition that the student had written, which
they then fixed.

AlphaProof’s propensity to find disproofsis
perhaps its most surprisingly useful feature. At
first,Ihad thought thatit would be useful only
when definitions and theorems were stated
correctly, but I instead found that it could
help me work out where I had gone wrong in

assistant, a mathematical tool used to generate proofs. In the main learning loop,
the model was presented with a‘curriculum’ of problems that had been translated
into formal mathematical syntax from natural language. The model attempted

to generate proofs using Lean, splitting each into a sequence of logical steps

that could be computationally verified. As the model solved more problems, it
adapted its approach to proof generation so that its performance improved.

formulating a theorem. Alex Kontorovich, a
mathematician at Rutgers University in Pis-
cataway, New Jersey, also found AlphaProof
useful for exposing such mistakes. “Each time,
I could usually quickly identify what assump-
tion I had omitted, adjust the statement,
and iterate,” he wrote®. “This back-and-forth
between proposing statements and checking
whether they can be established (or refuted)
was essential to getting the formalization
right”

The proofs themselves are also useful. Floris
vanDoorn, amathematician at the University
of Bonn in Germany, tested AlphaProof on
proofs froman active project he was working
oninLean. He found it helpful, especially for
shorter proofs, butalso for somelonger ones.
“If this becomes publicly available,” he told
me, “l can imagine a workflow where you just
call AlphaProof onnewly stated lemmas while
you’re continuing your work on something
else. Thenyou only spend time on proving the
lemmaiif AlphaProof cannot find it.”

By contrast, Kevin Buzzard, a mathemati-
cian at Imperial College London, did not find
AlphaProof useful for translating the proof
of Fermat’s Last Theorem into Lean. The dif-
ference between his experience and my own
probably lies in the number of custom defini-
tions in our proofs. I had deliberately asked
the PhD students for lemmas that mostly used
standard definitions that were already in math-
lib; Buzzard’s proof development, however,
was full of what he described as “bespoke
definitions”. “In my experience,” he wrote,
“no Al system is anywhere near useful to me
right now.”

This difficulty in dealing with “bespoke defi-
nitions” aligns with the results of the paper.
When tackling the IMO questions, AlphaProof
excelled at problems that drew on concepts
that were already defined in mathlib. But on
problemsthatrelied on concepts that, at the



time of the IMO 2024 competition, had not
been defined in mathlib, AlphaProof strug-
gled. To solve these problems, the authors
relied on a specialized tool called Alpha-
Geometry. A natural future avenue, then, is
to target proofs that use custom definitions.
This might require updates to the bench-
marks used to evaluate and compare mod-
els (because current benchmarks typically
assume fixed definitions that already exist),
as well as further innovations in Al.

Despite its limitations, AlphaProof'is the
first Al tool I have used that I found con-
cretely useful for writing proofs, a sentiment
shared by some, but not all, of the mathema-
ticians I have corresponded with. The lead
author noted in his talk that there are plans
to make the tool publicly available, although
itis unclear to me how that would work given
the financial and business constraints under
which companies such as Google operate. In

Medical research

any case, it is clear to me that something is
changing in this field; perhaps AlphaProof'is
aharbinger of what is to come.
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Alsucceedsindiagnosing

rare diseases

Timo Lassmann

An artificial-intelligence system uses clinical data, genetic
information and literature searches to suggest diagnoses
and provides the underlying reasoning. See p.775

For the estimated 300 million people' living
with a rare disease worldwide, obtaining an
accurate diagnosis remains an arduous jour-
ney. The ‘diagnostic odyssey’ often takes five
years or more?, and is marked by repeated
specialist consultations, misdiagnoses and
unnecessary treatments. With more than
7,000 rare diseases recognized?, most of
which affect fewer than one in 2,000 individ-
uals, even experienced clinicians struggle to
connect unfamiliar patterns of symptoms

I
0 10 20 30 40

with their underlying causes. On page 775,
Zhao et al.* present an artificial-intelligence
system called DeepRare, which uses a range
of specialized tools and knowledge sources
togenerate ranked diagnostic hypotheses for
rare diseases, each accompanied by reasoning
thatlinks the conclusions to verifiable medical
evidence.

The architecture of DeepRare reflects a
broader shift in how Al systems tackle com-
plex medical problems. Rather than relying

DeepSeek-V3

O 51%

Physician
O 55%
DeepRare
@ 64%

I I I I |
60 70 80 90 100
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Figure 1| Using artificial intelligence to diagnose rare diseases. Zhao etal.* presentatool called
DeepRare that can suggest five ranked diagnoses for rare diseases. The system uses a variety of information
sources, including clinical data, DNA-sequencing results and searches of published papers. The results

it provided are more accurate than those obtained by an early Al tool called DeepSeek-V3 or predictions

made by physicians with access to a search engine. The score shown represents how often the system’s top
prediction was accurate. (Adapted from Fig. 3c of ref. 4.)

on a single model to produce answers, the
system uses a coordinated approach. There
is a central reasoning engine, powered by an
Al system similar to those underlying chat-
bots such as ChatGPT, which coordinates
multiple specialized steps, each responsi-
ble for distinct analytical tasks. One module
extracts standardized symptom descriptions
fromclinical notes. Another searches the med-
ical literature. A third retrieves similar cases
from curated databases. Yet another analyses
genetic variants when DNA-sequencing data
are available. This division of labour mirrors
the multidisciplinary team consultations
that characterize assessments by specialists
atrare-disease centres, but the Al tool oper-
atesatascaleandspeed thatisimpossible for
human teams.

The results are striking (Fig. 1). In a
real-world clinical validation, DeepRare’s
top-ranked prediction was correct 64%
of the time, outperforming experienced
rare-disease physicians who had access to
search engines. When the correct diagnosis
was among the system’s five ranked sugges-
tions, accuracy reached 78.5%, compared
with 65.6% for physicians. Perhaps most nota-
bly for clinical adoption, medical experts
validated the system’s reasoning chains at a
level of 95% agreement. This indicates that
the explanations linking clinical data to diag-
nostic conclusions are clinically coherent
and verifiable.

The system’s traceable reasoning might
prove to be its most notable contribution to
possible future use in the clinic. Rare-disease
diagnosis is not merely about producing the
correctanswer;clinicians alsoneed to under-
stand why a diagnosis is plausible and what
evidence supports it. DeepRare’s citation
of specific sources, case reports, database
entries and literature references provides
an audit trail that supports, rather than sup-
plants, clinical judgement. This transparency
distinguishes the system from opaque Al
approaches that might perform well but offer
clinicians no basis for evaluating the recom-
mendations made by Al. In high-stakes medical
decisions, suchinterpretability is crucial.

What mechanisms underpin this
high-performance Al? The authors system-
atically tested which components contribute
most to accuracy, revealing two key factors.
One is the retrieval of up-to-date medical
knowledge from the web, and the other is a
feature called self-reflection loops, which
prompt the system to re-evaluate its prelim-
inary conclusions. These capabilities prove
particularly valuable given the rapidly evolving
understanding of rare diseases, withhundreds
of newgenetic conditions described annually®.
More generally, retrieval of current knowledge
anditerative self-reflection are broadly applica-
bletechniques that work across many different
fields. Any field that requires reasoning using
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