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Abstract

Scientific discovery requires the revision of belief: giving up a claim when the evidence turns against it, and knowing

what else must change with it. Artificial intelligence (AI) has transformed research - predicting protein structures,

generating molecules, screening billions of candidates - but it does not do this. Autonomous agents traverse the

discovery loop end to end without holding the beliefs that loop exists to revise. I use dynamic scientific intelligence for

the class of system this requires, one that holds hypotheses as persistent objects with provenance, uncertainty and

explicit dependencies. Its distinguishing condition is that a system can identify what supports each commitment and

what depends on it, and so revise one without disturbing the rest. Because no architecture can revise beliefs on evidence

it never receives, the problem is jointly architectural and infrastructural. Using drug development from molecule to

market as the test case, I identify where evidence generated downstream should revise commitments made upstream

and does not, and three decision points at which the non-delegable human act is adjudication rather than generation. I

propose a revision test - an evaluation distinct in kind from any predictive benchmark - and a minimum reporting

standard for claims of AI-assisted discovery. Until AI learns to change its mind well, it will remain a tool rather than an

infrastructure in which discovery accumulates.
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Editorial

A loop that runs but does not revise

The 2024 Nobel Prize in Chemistry,  awarded for advances in computational protein design and structure prediction,

recognized AlphaFold2 as a decisive advance on a fifty-year problem [1], with structure prediction accounting for part of

the award [2]. Machine learning has since generated novel molecules [3] and new classes of antibiotics [4], autonomous

systems plan and execute experiments [5], and agentic pipelines carry a question from literature search to a drafted

manuscript [6]. Yet one pattern is suggestive: in the first systematic analysis of AI-native pipelines - a small cohort the

authors acknowledge as underpowered - compounds of AI origin cleared Phase I at 80-90% [7], above historical baselines

of roughly 40-65% [8], then fell back to about 40% at Phase II, indistinguishable from conventionally discovered drugs [7].

The most advanced candidate with both an AI-derived target and an AI-designed lead, rentosertib, completed a Phase IIa

trial in seventy-one patients whose primary endpoint was the incidence of treatment-emergent adverse events; a forced
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vital capacity gain of 98.4 mL [95% confidence interval (CI) 10.9-185.9] at the highest dose was a secondary outcome [9].

A Phase III trial was registered but had not begun recruiting at the time of writing [10], and no drug of this class has yet

been approved.

These figures do not establish the thesis of this paper. The most parsimonious of the four competing explanations needs

no appeal to belief revision at all: generative models are optimized on the very properties that determine Phase I success,

whereas Phase II measures efficacy, a property of target biology. Portfolio concentration, cohort immaturity and sponsor

confounding are equally live, and, with a cohort this size, none can be excluded.

I therefore take the clinical data as motivating illustration rather than evidence. The argument does not depend on which

explanation wins. Suppose the parsimonious one is right and the field has simply not validated its targets. Someone must

then decide, program by program, whether the next failure implicates the target, the molecule, the trial design or the

disease model. That means locating the failed commitment within the chain of reasoning that produced the program,

and that chain is nowhere represented in machine-readable form. The selection explanation therefore does not compete

with the argument. It describes the situation in which the inability to attribute failure becomes expensive, since a field

that must validate its targets must be able to tell which target claim just died and what rested on it.

The gap lies not in the capacity to run the discovery loop but in what happens inside it. Large language models encode

knowledge implicitly in parameters, with no representation that distinguishes established facts from speculative

hypotheses. Targeted revision is not impossible: localized model editing can alter a specific factual association without

full retraining [11,12]. But such edits are assessed on their locality and reliability, and they degrade under sequential

application and generalize unevenly to the claims that follow from what was edited [13]; retraining, meanwhile, tends to

overwrite prior competence [14]. What is missing is not the ability to change a parameter but the structure that would

say which belief a new observation bears on, and what else rests on it. Architecture is only half of the account. Every year,

the field generates thousands of expensive refutations and absorbs few, because trial results are frequently not reported

within the mandated window [15] and, when published, are rarely linked retrievably to the mechanistic claim they refute.

No architecture can revise beliefs on evidence that never reaches it, so the problem is jointly architectural and

infrastructural - the second a precondition for the first.

What has been tried

Table 1 sets out the antecedents and why each stopped short. The bottleneck that halted the belief-revision tradition was

never its theory but the cost of populating a knowledge base by hand - precisely the cost learned representations are

positioned to relieve.

Program What it achieved Why it did not scale

Robot scientists (ADAM, EVE) [16,17] Closed-loop hypothesis generation,

discriminating experiment selection and

revision in yeast genomics and drug

repurposing

Hypotheses expressed in hand-built

formalisms over closed domains, without

the perceptual breadth to read the

literature

Nobel Turing Challenge [18] Program for systems that autonomously

make Nobel-caliber discoveries

Orthogonal criterion: autonomy, how much

of the loop runs unaided, rather than

revisability — a system can be fully

autonomous and entirely unrevisable

AGM belief revision [19]; assumption-based

TMS [20]

Minimal consistency-preserving change;

dependency-directed backtracking and

localized retraction

Theory was never the obstacle — the cost

of populating and maintaining the

knowledge base was
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STAHLp, incremental revision of chemical

models [21,22]

Scientific discovery as belief revision with

explicit assumption tracking, in chemistry

Narrow domain, hand-built representations

Bayesian experimental design [23] Mature account of allocating effort by

expected information gain

Diverges from severity [24] where it

matters: an experiment that could not have

refuted the hypothesis can still be highly

informative

DISK and its hypothesis ontology [25] Machine-readable hypothesis evolution

with provenance and automated re-

analysis triggers

Not coupled to learned, literature-scale

representations

Agentic hypothesis management [26];

multi-agent exploration [27]

Auditable hypothesis handling inside agent

architectures, at scale

No dependency-tracked belief state;

revision is not localized  

TABLE 1: Prior art and what remains unbuilt

What has not been attempted, to my knowledge, is their integration at the scale of contemporary models, instrumented

so the revision process can be audited. That is a claim about engineering rather than theory: dynamic scientific

intelligence (DSI) is not a new theory of belief revision, since AGM and the truth maintenance tradition supplied that.

What remains unbuilt is a system holding learned, literature-scale representations in dependency-tracked form, wired to

the evidence streams that would refute them, whose revisions can be inspected afterwards. Each component exists; none

of the systems holding them is the same system.

What a system that changes its mind would need

I use DSI  for the missing class: systems organized around an explicit, evolving representation of what is known, how

strongly and on what evidence.

Because Bayesian inference, active learning and online learning all revise beliefs on evidence, the boundary needs stating

precisely. The diagnostic condition for DSI is that the system can say, for any commitment it holds, which observations

support it and which claims depend on it, and can therefore retract that commitment alone, propagate the

consequences to its dependents, and leave the rest untouched. A Bayesian active-learning loop updates a distribution

over a hypothesis space and records the posterior, not the grounds: reweighting changes every hypothesis by some

amount and localizes nothing, because the provenance and dependency edges that identify what to change are not

represented.

The first is treating hypotheses as first-class objects. In today's systems, a hypothesis is absorbed into the training

objective, beyond interrogation; even end-to-end artificial intelligence (AI) scientist pipelines inherit this, and controlled

evaluation of two such systems documents inappropriate benchmark selection, data leakage, metric misuse and post-

hoc selection bias - errors detectable in the execution trace but not in the finished paper [28]. Agency runs the loop; DSI

holds the commitments the loop is meant to revise. Table 2 sets out the fields required, worked through the

TNIK/idiopathic-pulmonary-fibrosis hypothesis behind the rentosertib program above; the last field, refutation conditions

stated in advance, is what distinguishes a hypothesis from a prediction and makes revision localizable.

Field Description Illustrative example
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Claim Assertion stated precisely enough to be

falsified

“TNIK hyperactivation drives fibrosis in IPF

via downstream TGF-β signalling”

Scope Population, context and conditions of

applicability

“Human IPF patients with elevated TNIK

expression (IHC score ≥ 2)”

Provenance Evidence supporting the claim, with

retrievable source identifiers

GWAS hit, mouse knockout phenotype,

transcriptomic co-expression (linked by DOI

or accession)

Belief state Current confidence estimate with

uncertainty bounds

0.72 ± 0.11 (prior to Phase IIa readout)

Dependency links Upstream claims this hypothesis rests on;

downstream claims that depend on it

Target biology hypothesis → lead

optimization → trial endpoint selection

Refutation conditions Observations that trigger downward

revision, specified in advance

Phase II primary endpoint failure in ≥ 2 pre-

specified stratified subgroups

TABLE 2: Minimum fields for a DSI hypothesis object

IPF: idiopathic pulmonary fibrosis; TNIK: TRAF2 and NCK-interacting protein kinase; TGF-β: transforming growth factor beta; GWAS:

genome-wide association study; IHC: immunohistochemistry; DSI: dynamic scientific intelligence

The second is uncertainty as the engine of exploration. This means separating irreducible measurement noise from the

knowledge gaps a targeted experiment could close [29], then following the severity of the test: how probable it is that an

error would have been detected had one been present [24]. In drug development, that criterion is not merely epistemic,

since the experiment that most severely tests a mechanistic commitment is often the one whose negative result averts

the largest downstream expenditure. The third is explicit causal structure. Prediction exploits association; intervention

requires causation. A gene associated with a disease may be a biomarker, a modifier or a driver, and observational data

cannot distinguish these cases in general, without further assumptions or interventional evidence [30]. Methods exist,

including Bayesian causal discovery under unknown interventions [31], but they run as standalone tools rather than

layers within a hypothesis-object architecture. The fourth is multimodal evidence with provenance, since genomic

associations, phenotypic screens and clinical signals modify belief through distinct mechanisms [32]. Tracking which

experiment supports which claim lets a system locate a disagreement rather than average it away [33].

The four are interdependent: hypothesis objects without provenance [32,33] cannot be revised for cause, uncertainty [29]

has nothing to guide without an explicit hypothesis to attach it to [28], and causal structure [30] propagates nothing

when an assumption fails unless dependency links record what rests on it. Revision then travels only along those links, so

its cost scales with the claims actually affected rather than the size of the knowledge base - which answers the objection

that continuous re-evaluation is intractable.

Three points where evidence cannot decide

Even a fully realized DSI system meets decision points at which evidence underdetermines action. My claim about them

concerns accountability rather than cognition: not that a machine cannot in principle perform the act, but that

responsibility for it cannot be transferred, so human authority should be designed in rather than engineered out.

Problem selection reflects values that cannot be derived from data. Across 41.3 million publications, scientists adopting

AI tools published 3.02 times as many papers and received 4.84 times as many citations as non-adopters, while the

collective volume of topics studied contracted by 4.63% and engagement between scientists themselves fell by 22.00%
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[34]. The authors interpret that shift as tracking data availability rather than citation-seeking; on that reading, the effect is

harder to correct than a misaligned objective, because infrastructure concentrating capability on data-rich questions

neglects rare diseases and foundational biology however well each system is aligned.

Observation validation requires judging whether a design could realistically have refuted the result - a judgement about

context, not a statistical property of the data [24], since severity depends on what else could have produced the

observation.

Failure interpretation raises the hardest of the three problems. Logic alone cannot determine which element of a

reasoning chain was wrong, because hypotheses face evidence only in bundles [35]: a clinical failure may implicate the

target, the molecule, the trial design or the disease model. A DSI system can and should localize failure within its

represented hypothesis space, which no system I am aware of does. It can also, in principle, extend that space; the fifth

dimension of the revision test measures exactly this, and I do not claim the act is beyond machines. What is not delegable

is judging that an extension is the right one rather than a plausible confabulation - an assessment appealing to

background knowledge and to what is worth pursuing. The human contribution is adjudication, not generation.

These are questions of responsibility, which is why they reach law before benchmarks. Courts in the United States and the

United Kingdom have both held that an inventor must be a natural person [36,37] - in the UK by its court of final resort, in

the US by the Federal Circuit with certiorari denied - as has the EPO's Legal Board of Appeal. The record is not uniform -

South Africa's registry granted a DABUS patent, and an Australian first-instance judgment to the same effect was reversed

on appeal - but no court of final resort has held otherwise. Those rulings settle who is accountable, not what a machine

can do, and I rely on them only for the former. Authority is in any case necessary but not sufficient. A preregistered meta-

analysis of 106 studies found that human-AI combinations underperform the better partner alone on average (Hedges' g

= -0.23, 95% CI -0.39 to -0.07), with losses concentrated in decision tasks and gains in creation tasks [38]. Collaboration

adds value where the human contributes generative judgement and subtracts it where a human must arbitrate between

their own assessment and a system's output with no shared representation of why either holds.

From molecule to market

Drug development is the clearest instance. Its loop is long, its refutations are expensive and well documented, and its

regulatory structure already demands the auditability DSI would supply. AI is deployed at every stage [39], but each is

optimized independently, and that independence is the defect. The commitment made at the front - this entity drives

this pathology in this population - rests on largely associational evidence and is what Phase II most often refutes. When

refutation arrives years later as a clinical endpoint rather than a molecular claim, little propagates back. My reading of

public disclosures is that some sponsors do route clinical signals into their target models, but informally and within one

organization's boundary: the causal claim carries no recorded downgrade, and downstream chemistry optimizes the

target as though validated.

Partial feedback exists and deserves acknowledgement - adaptive platform trials revise allocations mid-study, and

preregistered protocols sometimes state falsifiable mechanistic predictions - but the limitation is structural rather than

technical: revision happens only within a trial’s prespecified rules and only at the clinical stage, never reaching the

platforms that made the original commitment. Post-market subgroup findings are the same, since a differential response

by genotype is evidence about the causal claim made at the outset and does not flow upstream.

Two features matter more than any individual stage. The failure is directional: information moves forward efficiently and

backward almost not at all. And the barriers differ in kind - the ends of the development arc are separated by

infrastructure, the middle by architecture, the clinical stage by the absence of a shared representation in which human

and system commitments can be compared. No single intervention closes the loop. The most tractable opening is the

last, because the evidence is already generated and only the connecting representation is missing.
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Testing for revision, and reporting it

The more demanding criterion for scientific AI is not what a system knows but what it does when it turns out to be

wrong. That furnishes an evaluation distinct in kind from any predictive benchmark: present a system holding an explicit

set of commitments with an observation contradicting one of them, and measure what happens to the set. Table 3 sets

out the five quantities. They decompose what is usually reported as one competence, since a system can localize well and

propagate not at all, or propagate aggressively and fail on stability. 

Dimension Definition Operationalization Characteristic failure mode

Localization Is the minimal contradicted

subset identified?

Match the system’s attributed

commitment against expert-

attributed ground truth

Registers the inconsistency but

not its source

Minimality Does revision extend only as far

as consistency requires?

Count belief changes relative to

the minimum set consistent

with the new evidence

Retreat: discards large

knowledge regions rather than

revising selectively

Propagation Do dependent claims update

when their support is

retracted?

Query downstream claims after

upstream retraction; verify that

the expected changes

occurred.

Downstream commitments

persist after upstream revision

Stability Do claims outside the affected

dependency cone remain

untouched?

Query beliefs structurally

unrelated to the revised

commitment; verify that no

spurious changes occur.

Cascades into unrelated

knowledge regions

(catastrophic forgetting seen

from outside)

Space expansion Can the system propose a

hypothesis it did not previously

hold when no existing

assignment accommodates the

contradiction?

Present a contradiction outside

the current hypothesis space;

classify the response as

abductive or as best-fit

confabulation

Forces existing hypotheses to

fit; conflates hallucination with

abduction

TABLE 3: Dimensions of the revision test

A retrospective version is buildable now, since drug development has produced many expensive refutations with

documented attribution, each supplying a candidate instance: a commitment set, a refuting observation, an attribution.

The BACE1 inhibitor programs in Alzheimer's disease are the obvious example, where verubecestat failed in both mild-to-

moderate and prodromal disease despite target engagement and reduced amyloid production [40,41]. That case is

instructive because its attribution is contested: the failures were widely read as evidence against the amyloid hypothesis

itself, yet lecanemab and donanemab later produced clinical benefit through amyloid removal [42,43], which narrows the

defensible attribution to BACE1 inhibition at that disease stage rather than amyloid biology as such. A benchmark

instance must therefore record the attribution the field made, the attribution later evidence supported, and the interval

between them.
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That example also shows why the retrospective form is only a starting point. Its attribution is contested and available only

in hindsight, so the ground truth is expert consensus rather than fact; and the canonical failures are almost certainly in

the training corpus of any current model, so a system could score well by retrieving a settled narrative instead of revising

a live commitment. Retrospective cases test recall of an agreed story and belong to calibration rather than evaluation.

The evaluation that matters is prospective, and the same five dimensions support it: instantiate a commitment set from a

program whose readout has not occurred, record the system’s dependencies and refutation conditions in advance, and

score the revision when the result arrives. Held-out variants - perturbed entity identities, or unpublished attributions

from an industrial partner - recover much of the signal more cheaply. The claim that a system revises must rest on

evidence it has not seen.

One caution is essential. Systems with long context windows will appear to pass a naive version of this test by updating

their position fluently. That is conversational accommodation, not belief revision, and the two are separable: does the

revision persist once the contradicting text leaves the context, and does weak evidence produce proportionately small

revision? Genuine revision is hard to induce with weak evidence and hard to reverse with strong evidence; current

systems show the reverse.

Explicit representation also changes what explainability means: it ceases to be a post-hoc approximation of an opaque

function [44] and becomes a trace in which every conclusion follows back to its evidence. The regulatory implication is

direct. Current guidance certifies a model for a stated context of use [45,46], and the FDA draft guidance places drug

discovery outside its scope, confining itself to models producing data that support decisions on safety, effectiveness or

quality [45]. That boundary is defensible where a model's output is a hypothesis tested independently downstream, but

hard to hold for a system whose beliefs change as evidence accumulates. What requires certification is then the process

of revision: what records are kept, what audit trail exists, who is accountable.

The same logic yields something immediately actionable. Claims of AI-assisted discovery are reported in terms of what a

system found; Table 4 sets out what should be reported instead. None of it requires new technology, and together it

distinguishes a system that discovered something from one that produced an output which happened to be correct - a

distinction existing frameworks, which cover model validation rather than discovery claims [47], cannot express.

Item What must be reported

Hypothesis The claim in play, stated precisely enough to be contradicted

Evidence The observations that changed belief in it, with retrievable

provenance

Alternatives Competing hypotheses considered, and the grounds for excluding

them

Belief change The system’s commitments after the evidence arrived, and how

they differed from before

Human decisions Which judgements a person made, at which points, on what basis

TABLE 4: Minimum reporting standard for a claim of AI-assisted discovery
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Conclusions

Realizing DSI requires architectures combining neural breadth with explicit symbolic structure, provenance standards

spanning heterogeneous sources, and revision benchmarks of the kind proposed above. It equally requires institutional

change: incentives that reward knowledge revision, and governance that certifies processes rather than artefacts. The

infrastructural half is more neglected and, near term, more tractable. A registry of refuted mechanistic hypotheses linked

to the evidence that refuted them would be a substantial contribution requiring no advance in machine learning.

The argument is built on biomedicine, and I scope its claims accordingly. Whether the same pathology holds elsewhere is

a conjecture rather than a result: closed-loop autonomous platforms in materials science [48] are suggestive, since their

results revise process parameters but not the motivating hypothesis, but one example does not establish a pattern. The

five dimensions are stated in terms of commitments, dependencies and evidence rather than biology, so they should

transfer - a prediction whose cheapest test is a second domain.

Explicit provenance also carries risks: a system holding auditable beliefs could be used to curate evidence toward a

predetermined conclusion, or to manufacture consensus by controlling provenance records. Transparency makes

manipulation visible but does not prevent it - governance must address who holds write access to those records, under

what oversight, and what counts as a material revision requiring disclosure.

The destination is not an autonomous machine that discovers without scientists; the three decision points above ensure

it cannot be. It is a scientific substrate that learns alongside its users, holding their commitments in a form evidence can

reach and revise. What the next generation of scientific AI should be built to do is not to know more, but to change its

mind well.
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