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Figure 1 | From task solving to discovery intelligence. The left panel illustrates three stages of intelligence
scaling, from learning existing knowledge (Chat), to learning from action outcomes (Agent/Coding), and
ultimately to creating and validating new knowledge (Discovery). Current foundation models primarily
operate over predefined tasks through knowledge, reasoning, tool use, and agentic execution, whereas
Discovery Foundation Models extend the operating frontier to the knowledge-production process itself:
identifying valuable unknowns, constructing and revising research structure, testing explanations against
external evidence, and improving discovery capabilities across tasks. The bottom panel depicts the
resulting recursive discovery loop, in which validated findings continually update world understanding and
seed subsequent rounds of problem discovery, hypothesis generation, intervention, and evidence collection.
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Abstract

Foundation models have progressed from learning and reasoning over existing knowl-
edge, to increasingly learning through action, tool use, and outcome feedback. We
argue that the next frontier is a further transition: from solving and acting within
problems specified by humans to participating in the process by which new problems,
representations, explanations, and knowledge are created. We refer to this capabil-
ity as Discovery Intelligence. We formulate Discovery Foundation Models (DFMs) as
general-purpose model systems for open-ended discovery. A DFM operates over a
revisable research state and supports seven coupled capabilities spanning problem
discovery, formulation, representation construction, hypothesis formation, inter-
vention, evidence-grounded revision, and continual discovery improvement. We
instantiate this framework with Zetema, which couples explicit research-state dy-
namics, verification and experimental gating, external grounding, and cross-task
Discovery Skill evolution. We further ground the framework with GALILEO, a real
therapeutic-discovery system in which Dry-Lab reasoning, robotic and hands-on
Wet-Lab experimentation, external biological evidence, and iterative hypothesis and
design revision form a closed physical discovery loop. We then formulate a uni-
fied approach to capability formation and process-centered evaluation, enabling
discovery behavior to be trained, improved, and measured beyond final-answer per-
formance. Together, these components establish discovery as a learnable, executable,
and evaluable capability of foundation-model systems. We view this shift as a broader
progression in intelligence scaling: from learning over existing knowledge, to learning
from action outcomes, and ultimately to participating in the construction, testing,
and revision of the structures through which new knowledge is discovered.
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1. Introduction

Foundation models have become general interfaces to knowledge work. Large-scale
pretraining, post-training, multimodal learning, coding, tool use, and agentic execution
allow them to synthesize literature, reason over technical problems, analyze data, run
software, and coordinate long workflows [5, 7, 33, 50, 54]. In science, these capabilities
already support protein and materials modeling, weather prediction, mathematical
and programmatic reasoning, literature-grounded analysis, and increasingly automated
experimentation [2, 4, 6, 21, 22, 27, 30, 41, 57].

Most of these systems begin from a research structure that people have already chosen.
The question is stated, the variables are supplied, the objective is fixed, tools are exposed
through an interface, and an evaluator determines whether the output is acceptable.
Models can search and optimize inside this structure with increasing sophistication.
They are much weaker when progress requires changing the structure itself.

That distinction matters in open-ended discovery. An apparent anomaly may be a
measurement artifact. Two explanations can fit all existing observations because the
available observable is non-identifying. A benchmark may reward a proxy. A persistent
failure can result from a missing variable rather than a weak optimizer. In such cases, the
next useful action is not another answer inside the current task. The system must decide
what is actually unknown, how the problem should be posed, which representation
makes competing mechanisms expressible, and what intervention could force them to
disagree [8, 9, 34, 44].

We refer to this broader target as Discovery Intelligence. Generalist problem solving asks
how broadly and deeply a model can solve supplied tasks. Discovery Intelligence asks
whether a model system can construct, test, and revise the process through which a
partially understood world becomes validated knowledge. The distinction is increas-
ingly visible in scientific-agent evaluations: long research workflows can be executed
successfully while evidence integration, refutation-driven revision, and long-horizon
reliability remain fragile [13, 31].

Science is a useful capability-forming environment for this target because it exposes in-
complete specifications that ordinary benchmarks often remove. Questions can be under-
specified, variables hidden, mechanisms observationally equivalent, interventions costly,
evaluators incomplete, and outcomes delayed. Evidence also arrives from environments
that the model cannot rewrite after seeing the result. These properties turn formulation,
representation, experiment design, failure attribution, and revision into observable
decisions rather than rhetorical qualities of a final answer [14, 15, 25, 40, 43, 46, 59].

We introduce Discovery Foundation Models as a model-system category for this setting. A
DFM identifies valuable unknowns, formulates researchable problems, constructs and
revises representations, forms testable explanations, designs informative interventions,
updates the research state from external evidence, and improves these operations across
tasks and domains. The category is broader than hypothesis generation and different
from simply applying a foundation model to scientific data. It concerns which parts of
knowledge production are fixed inputs and which can become objects of model action
and revision [3, 15, 47].
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We then instantiate the framework with Zetema. Zetema maintains an explicit research
state, supports branching and rollback within an investigation, gates consequential
actions through veri cation and a Research World Model, connects Dry-Lab reasoning to
external computational or physical evidence, and converts validated cross-task experience
into Discovery Skills. This organization makes the proposed capability operational
without requiring one monolithic model or maximal autonomy.

We additionally connect the framework to a real Dry-Lab/Wet-Lab discovery case.
GALILEO couples multi-omics-informed target nomination and peptide design with
robotic synthesis, multimodal phenotyping, orthogonal hands-on assays, and repeated
evidence-driven revision. Across experimentally validated LRRC8C and SLC25A1
branches, physical measurements alter subsequent target beliefs, assay choices, mecha-
nism hypotheses, and molecular-design policies; across ve optimization rounds, the
resulting feedback is further consolidated into a transferable Amphiphilic Balance Gram-
mar. We use this case as empirical grounding for the intervention evidence revision
loop, while keeping the broader general-purpose DFM claim distinct from any single
domain-speci ¢ system.

The learning and evaluation formulations follow the same state-centered view. Training
targets the intermediate decisions that change a research program, using trajectories, in-
teractive environments, process supervision, scienti ¢ feedback, and resource allocation
across formulation, representation, hypothesis construction, intervention, falsi cation,
and veri cation. Evaluation measures both externally validated progress in the current
episode and improvement in future discovery behavior under matched resources and
retrieval controls [10, 11, 20, 26, 38, 39].

Contributions. This paper makes three contributions.

We formulate Discovery Foundation Models as a capability-based model-system
category and specify the research objects and operations that distinguish open-ended
discovery from optimization over a prede ned task.

We de ne the Discovery Process and instantiate it with Zetema, which couples
explicit research-state revision, evidence-based action gating, external grounding,
and validated cross-task Discovery Skill evolution.

We formulate training and evaluation mechanisms for learning these discovery oper-
ations, allocating resources across the process, and measuring externally validated
knowledge progress and transferable improvement on unseen tasks.

We empirically ground the Dry-Lab/Wet-Lab component with GALILEO, a real
therapeutic-discovery loop in which physical biological feedback revises subsequent
scienti ¢ decisions and is distilled across rounds into a reusable design rule.

Sections 2 4 introduce the problem setting and discovery operators. Sections 5 7 specify
the system instantiation, capability formation, and evaluation protocol. Sections 8 and 9

analyze how grounding and responsibility change as the same framework moves from
digital to physical and recursive settings.
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2. From Generalist Problem Solving to Discovery Intelligence

The motivation for DFMs is not that current foundation models lack scienti ¢ knowledge
or reasoning. Their limitation is more speci ¢c: most training and evaluation pipelines
reward competence after the research structure has been xed.

2.1. Generalist Capability within Prede ned Research Structures

Foundation models have expanded from language modeling to broad knowledge, multi-
step reasoning, coding, multimodal interaction, tool use, and agentic execution [7,
16, 33, 50, 54]. Scienti c models extend the same substrate to proteins, molecules,
materials, physical elds, biomedical records, and other domain-speci ¢ modalities
[2,21,22,27,30,57]. Scienti c agents connect these abilities to search, code, databases,
simulators, and laboratory interfaces [4, 6, 14, 15, 40].

This capability is a necessary substrate for discovery, but its usual task interface hides a
structural ceiling. A model receives a recognizable object a question, dataset, bench-
mark, formal language, design space, or goal and optimizes within it. Search can
explore enormous candidate spaces, reinforcement learning can discover unexpected
strategies, and an agent can automate a long work ow. None of these mechanisms
guarantees that the supplied variables or evaluator are scienti cally adequate.

A xed representation cannot express a variable it omits. A search objective cannot
recover a property that its evaluator systematically ignores. Increasing sample count
does not distinguish mechanisms when the observable is non-identifying. An automated
work ow can therefore pursue a misframed question more e ciently without becoming
better at recognizing the misframing.

The boundary is easiest to see when a research program stalls. If two mechanisms
remain observationally equivalent, the bottleneck may be the measurement rather than
hypothesis diversity. If performance gains disappear under another data split, the
problem may be evaluator mismatch rather than optimization. If every explanation
requires local exceptions in the same regime, another representation may be more useful
than another candidate explanation. These are changes to the research structure, not
additional solutions inside it.

2.2. Science as a Capability-Forming Environment

Scienti ¢ discovery exposes these structural decisions because evidence is coupled to a
world that pushes back. The system must often act before it knows the correct question,
choose measurements under partial observability, and revise after outcomes that do not
match its predictions. Active intervention changes what can be learned: a perturbation,
counterexample, boundary test, simulation, or replication can separate explanations
that observational data leave equivalent [4, 9, 41].

This feedback is qualitatively di erent from adding more scienti ¢ text to pretraining.
Knowledge helps a model recognize established concepts and plausible mechanisms; a
capability-forming environment requires it to make consequential research decisions
under incomplete speci cation. The environment can be a codebase, formal system,
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causal simulator, digital twin, robotic platform, physical laboratory, or human-mediated
process. What matters is that the resulting observation is not freely chosen by the model.

Science also makes evaluator incompleteness visible. Benchmark leakage, simulator
artifacts, non-reproducible e ects, and publication-like plausibility can all create ap-
parent progress without stronger knowledge. Work on Al-assisted science has already
highlighted the risk of uent but weakly grounded understanding and the possibility
that Al changes which problems are pursued, not only how quickly they are solved
[19, 28]. For a DFM, the evaluator can itself become part of the research state when
evidence suggests that it is misaligned.

Long horizons make the training signal harder but more informative. A negative result
may eliminate months of future work. A failed replication can reduce con dence in the
phenomenon rather than in a particular hypothesis. A representation change can make
later interventions identifying. These outcomes cannot be valued reliably from the nal
answer alone; they require a record of how the research state changed.

2.3. Three Missing Transitions

The gap between prede ned problem solving and Discovery Intelligence can be localized
to three transitions.

Framing. The system must move from observations and uncertainty to a research op-
portunity worth pursuing. This includes distinguishing persistent structure from noise,
deciding which unknowns are consequential and testable, and specifying the scope,
scale, conditions, and observables needed to make the problem researchable. A sup-
plied question can be rejected or reformulated when it is too broad, proxy-driven, or
impossible to identify under the available measurements.

Modeling. The system must construct the variables and abstractions through which
explanations become expressible. A useful operation may add a latent variable, remove a
proxy, change scale, separate regimes, revise an ontology, or transform the problem into
a causal, geometric, symbolic, or programmatic form [8, 34, 44]. Hypotheses are then
formed inside this provisional representation and must di er in mechanism, validity
conditions, or intervention response rather than only in wording.

Grounding and revision. The system must choose evidence that can change the status
of the current explanations and then update the appropriate research object. A con-
tradiction can indicate theory failure, measurement error, protocol deviation, hidden
confounding, simulator misspeci cation, or environmental shift. Discovery therefore
requires both informative intervention and failure attribution. The resulting experience
becomes a transferable Discovery Skill only after its trigger and e ect survive validation
beyond the episode in which it was observed.

These transitions de ne the objects that Sections 3 and 4 make explicit.
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3. Discovery Foundation Models: De ning Discovery Intelligence

We de ne DFMs by the research structures they can construct and revise, not by a
particular neural architecture or degree of autonomy. Figure 2 summarizes the capability
boundary.

Figure 2 j Capability de nition and system boundary of a Discovery Foundation Model. A DFM is de ned by

seven coupled capabilities spanning research framing, scienti ¢ modeling, evidence-grounded intervention
and revision, and continual discovery improvement. These capabilities are realized by an integrated model
system comprising a foundation-model policy, explicit research state, memory, tools, environments,
validation mechanisms, and human oversight. The de nition is therefore capability-based rather than tied
to a particular architecture, model checkpoint, or autonomy level.

3.1. Problem Setting and Formal De nition

A conventional model task can be abstracted as

Q=196 ") 4o (1)

where %is the problem, ' its representation, the objective,) the available tools,
and + the evaluator. The system is asked to produce a solution under this supplied
structure. This abstraction covers scienti ¢ question answering, formal reasoning, tool-
using agents, and search-based design even when the underlying task is di cult or the
resulting solution is genuinely novel.

Discovery starts from a less complete state. The system observes a partially understood
world W, has an initial knowledge state Ko, and operates under computational, experi-
mental, safety, and access constraint®. A discovery episode produces both knowledge
progress and an evidence-bearing record of how the investigation changed:
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disc IW” K 0” BO | 1 K” Ou (2)

K denotes externally validated progress, while contains the state transitions, alter-
natives, interventions, observations, failed formulations, and revisions that produced it.
Unlike Equation 1, the problem, representation, hypothesis space, intervention strategy,
and validation procedure can all change during gjsc.

De nition 1 (Discovery Foundation Model). A Discovery Foundation Model is a
general-purpose model system that can identify valuable unknowns, formu-
late researchable problems, construct and revise representations, generate
testable explanations, design interventions, learn from external evidence,
and continually improve its discovery capabilities across tasks and domains.

The de nition imposes three requirements. First, the relevant operations must transfer
beyond one xed task even when their implementation remains domain-speci c. Second,
scienti ¢ claims are grounded by evidence appropriate to the domain; model con dence
or internal agreement is not su cient. Third, the evaluated unit is the declared model
system, including any persistent state, memory, tools, environments, validators, and
human participation that materially determine its behavior.

A DFM can therefore make useful progress without producing a nal positive discovery.
Showing that an e ect does not replicate, that a question is untestable under current
measurements, or that a representation omits the variable needed for intervention can
all be valid outputs when the conclusion is supported by the research state.

3.2. Discovery Capabilities

We factor the DFM target into seven coupled capabilities:

Corm =f nd "~ form~ repr” hyp" int” rev’ cont@” (3)
nd Selects unresolved structures worth allocating research resources to and rejects
apparent unknowns that disappear under calibration, retrieval, or stronger baselines.
form turns a selected unknown into a bounded and testable problem by xing its object,
scope, scale, conditions, and observables while keeping those choices revisable.

repr cONstructs the variables, relations, abstractions, and scales through which the
problem is expressed. It becomes decisive when the current representation makes every
candidate explanation equivalent or repeatedly produces the same failure boundary
[8, 34, 44]. pyp forms mechanistically distinct explanations with explicit assumptions,
validity ranges, predictions, and possible falsi ers [3, 15, 47].

int chooses experiments, simulations, code executions, ablations, counterexamples,
alternative measurements, or replications for their expected e ect on the research state
rather than for con rmation alone. ¢y attributes unexpected outcomes and updates
the appropriate object: hypothesis, representation, problem formulation, protocol,
measurement process, or intervention plan.
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cont Changes future discovery behavior using validated cross-episode experience. This is
stronger than fact accumulation or retrieving a successful trajectory. A reusable operation
must specify when it applies, what it should change, and what later evidence would
show that the change was bene cial. Memory-based agents provide precedents for
experience-driven behavioral change; the DFM requirement adds attribution, scienti c
grounding, and transfer [35, 45].

The rst six capabilities operate within an investigation. The seventh is a cross-task up-
date mechanism. Section 4 speci es the within-task operators, and Section 5 instantiates
both levels in one system organization.

3.3. System Boundary

A DFM is evaluated as a model system

D=1c\"S"M"T"E"V"H" 4)

where c, is the foundation-model policy, S the research state,M persistent memory, T
external tools, E the environment that returns consequences,V validation mechanisms,
and H human researchers or oversight. The tuple is functional rather than architectural:
one module can serve several roles, and a role can be distributed across several modules.

The system boundary matters for attribution. If a human supplies the decisive reformula-
tion, the trajectory should record that intervention rather than attributing the discovery
to the model. If one baseline receives a hand-built representation unavailable to another,
the comparison is not a model-only comparison. Autonomy is similarly orthogonal to
capability: a system can autonomously execute low-risk code while requiring approval
for a physical experiment and still instantiate the same discovery operators.

Validation is not reduced to a universal scalar reward. Logical checks, held-out execution,
simulation, replication, independent reviewers, and physical measurement support
di erent claims. The system should preserve which validator supported which state
transition and abstain or escalate when the available evidence does not justify promotion
of a claim.

3.4. Relation to Existing Scienti ¢ Al Paradigms

DFMs build on, rather than replace, existing scienti ¢ Al. Foundation models for science
provide domain representations and knowledge [2, 21, 27, 57]. Scienti c reasoning
models improve formal inference and veri cation [ 16, 24, 37, 50]. Scienti ¢ agents
coordinate tools and long work ows [ 3, 14, 15, 25, 36]. Search systems explore candi-
date spaces, and autonomous laboratories connect proposals to physical measurements
[1, 4, 40, 41].

The de ning di erence is the joint capability requirement. Let Z denote a prede ned
search space andH 2 Z a candidate solution or design. Search can be central to a
DFM, but optimizing candidates within a xed Z under an evaluator + does not by
itself establish the ability to revise the research structure. A DFM must also be able to
recognize, from evidence, when the search space or evaluator is inadequate and revise

10
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Table 1 j Capability-level comparison of Discovery Foundation Models and existing scienti ¢ Al paradigms.

. Problem Representation  Intervention Problem External Skill
Paradigm ) o )
Source Change Design Revision Grounding Transfer
Foundation Models . . . .
. Given Limited External  Not de ning Data Not de ning
for Science
Scienti ¢ Reasonin . . . . Tasks or .
g Given Limited Limited Not de ning ) Not de ning
Models veri ers
Scientic Agentsand  Often . . Usuall
S 9 . Optional Often Optional y_
Al Scientist Systems  given Tools and task-specic
environments
Search and . . Domain . .
Given Fixed Not de ning  Evaluator Not de ning
Evaluator Systems dependent
Autonomous Often Task . ) . .
) . Required Optional Physical  Not de ning
Laboratories given de ned

Discovery Foundation

Constructed Required Required Required Required Required
Models

Note. Entries describe the typical capability targets of each paradigm rather than universal properties
of every individual system. Not de ning means that the capability is not required by the paradigm.
Optional means that some systems support the capability without treating it as a de ning requirement.
Intervention design is required when the research setting permits experimental, computational, or other
active forms of evidence acquisition.

the relevant structure accordingly. Likewise, physical execution provides strong external
grounding but does not by itself constitute discovery when the objective and design
space remain human-speci ed. An Al-scientist system satis es the DFM criterion to
the extent that formulation, representation, intervention, and revision become explicit
model-system operations, their consequences are externally grounded, and the resulting
experience is validated to improve future discovery behavior across tasks.

The Table 1 describes typical capability targets rather than mutually exclusive categories.
A particular scienti ¢c agent may already reconstruct representations, and a search system
may alter its evaluator. Such systems satisfy more of the DFM de nition to the extent
that these operations are integrated, externally grounded, and evaluated as transferable
behavior. Conversely, the DFM label does not supply capabilities that the system has not
demonstrated.

4. Discovery Process: Operationalizing Discovery Intelligence

The DFM de nition speci es what the system must be able to revise. The Discovery
Process speci es how those revisions compose inside an investigation. Figure 3 shows
the main research objects and feedback paths.

The process is not a xed stage pipeline. Several formulations may coexist, di erent
representations can support di erent hypothesis families, and evidence can return the
investigation to an earlier object. The unit of computation is therefore a transition in a
revisable research state rather than a completed textual stage.

11



Discovery Foundation Models

Figure 3 j The Discovery Process as revision over an evolving research state. Discovery progresses from
valuable unknowns to researchable problems, representations, competing explanations, discriminating
interventions, external evidence, and validated knowledge. These objects are not traversed as a xed
pipeline: evidence can return the investigation to an earlier problem, representation, explanation, or
intervention. The research state therefore records both epistemic progression and the revision paths
through which that progression is achieved.

4.1. From Unknowns to Researchable Problems

Problem Discovery begins from observations, residuals, contradictions, failed replications,
regime boundaries, evaluator mismatch, or newly available measurements. The operator
Iters as well as proposes. A signal that disappears after calibration, stronger retrieval,
or a more appropriate baseline should not be promoted into a research program merely
because it was initially surprising.

A selected unknown is then formulated as

% =1g g (5)

where $ is the object of study, its scope, the relevant scale, the conditions under
which the claim is posed,. the observables, and& the unresolved relation or mecha-
nism. These elds are operational: they determine which evidence can count, which
interventions are feasible, and where the resulting knowledge is expected to apply.

Formulation becomes an active discovery step when alternatives imply di erent ex-
periments. The same observation may be treated as a prediction failure, a causal-
identi cation problem, or a measurement problem. If no available intervention can
resolve the central uncertainty under one framing, the correct update may be to change
the observable or narrow the claim rather than to continue searching for answers inside
that framing.

12
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4.2. Representations and Competing Explanations

Given a provisional problem, the system constructs a scienti ¢ representation

'=10"V"R”A”LO (6)

with objects O, variablesV , relations R, abstractions or coarse-grainingsA , and struc-
tural constraints L . Representation operations include adding a latent variable, removing
a misleading proxy, changing temporal or spatial scale, separating regimes, revising an
ontology, or translating the problem into another formal structure [8, 34, 44].

A representation earns its role through downstream consequences. It should improve
prediction under unseen conditions, expose a discriminating intervention, separate

previously con ated regimes, compress a mechanism, or transfer to another setting. A
novel label that leaves every possible action unchanged is not a useful representation
change.

Within a provisional representation, a candidate explanation is

=17 7 b (7)

where " ;is the mechanism, -its assumptions, -its validity range, b;its predictions,
and ;the observations that would weaken or falsify it. Candidate explanations are
useful when they disagree under at least one relevant condition. If every current hypoth-
esis predicts the same observation under every feasible action, additional hypothesis
sampling is unlikely to be the bottleneck; the system should inspect the representation
or measurement interface.

Explanations can also be nested. A high-level regularity can remain valid after its
proposed lower-level mechanism fails, and di erent mechanisms can dominate in
di erent regimes. The research state therefore records which claim is under test rather
than forcing all explanations into one winner-take-all competition.

4.3. Intervention and Evidence-Grounded Revision

An intervention is selected for the state change it is expected to produce. Let denote
the current explanation set and = the possible observation under intervention F. A
conceptual objective is

F =argmaxE» It j= PO (8)
F

where | measures the expected reduction or restructuring of uncertainty over the
current explanations. In practice, the decision also depends on feasibility, cost, risk,
statistical power, measurement quality, and the probability of an inconclusive outcome
[9,12].

The selected action can be a physical experiment, simulation, code execution, ablation,
counterexample, alternative measurement, or replication. Con rmation is not the only
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useful outcome. An intervention can reveal that all current hypotheses share a false
assumption, that the manipulation failed to change its intended variable, or that the
measurement process is unreliable. The research state should encode these possibilities
before execution so that the result triggers a meaningful update rather than post hoc
reinterpretation.

After an external observation =, revision updates whichever objects are implicated:

10@1 ' 01 01 - 01* Q) = Rev'sel%u mon _n*; :011 (9)

where - denotes the intervention plan and * local uncertainty. Raw observations
remain separate from their interpretations so that old evidence can be reanalyzed
after a representation change. Provenance, calibration, protocol delity, leakage, and
replication determine whether = is eligible to support a scienti ¢ update [29, 51].

Failure attribution is part of the operator. Theory failure, measurement error, imple-
mentation error, protocol deviation, hidden confounding, random noise, environmental
shift, and simulator misspeci cation imply di erent next actions. This prevents both

premature abandonment and ad hoc protection of a favored explanation.

4.4, Episode Output and Candidate Discovery Lessons

A completed episode yields two di erent artifacts. The rst is domain knowledge:
supported observations, mechanisms, predictions, validity boundaries, justi ed negative
results, or a defensible conclusion that the current question is not testable. The second
is a set of candidate lessons about the research process itself.

A candidate lesson can state that a formulation was too broad, a representation omitted
a variable, an intervention was non-identifying, or a replication step prevented a false
update. The trajectory alone does not validate the lesson. Success may depend on
privileged information or an unrecorded human correction; failure may come from
execution rather than from the decision that preceded it. The Discovery Process therefore
preserves states, alternatives, actions, observations, and provenance without immediately
converting retrospective explanations into reusable rules.

Zetema, introduced next, provides the system mechanism for maintaining this state
over long horizons and deciding which candidate lessons are allowed to in uence future
discovery.

5. Zetema: A System Instantiation of Discovery Intelligence

We instantiate the DFM framework with Zetema, a system organization that couples
within-task research-state revision, evidence-based action gating, external experimen-
tation, and cross-task Discovery Skill evolution. Zetema speci es functional interfaces
rather than a mandatory neural architecture: foundation models, tools, simulators,
veri ers, laboratories, and human researchers can implement di erent parts of the same
organization. Figure 4 gives the resulting data and control ow.
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Figure 4 j zetema: a system instantiation of Discovery Intelligence. Zetema organizes discovery around an
explicit and revisable research state that couples a within-task discovery loop with veri cation and
experimental gating. Dry-Lab and Wet-Lab interfaces return computational and physical evidence to the
shared state, while validated episode-level experience is attributed, consolidated into Discovery Skills, and
transferred across tasks to improve future discovery behavior.

Zetema is built around one constraint: a scienti cally consequential operation must
leave an inspectable state transition. Problems, representations, hypotheses, evidence,
interventions, uncertainties, budgets, and reusable experience therefore remain distin-
guishable even when their internal implementation is neural or unstructured. This state
makes revision, branching, attribution, and later training possible.

5.1. Within-Task Research-State Dynamics

At step B Zetema maintains a research statd g selects a research operatiorDg, receives
an external or tool-mediated observation =, and applies

(g1 =F*(g 08" = (10)

The action space includes ordinary tool use searching literature, executing code,
calling a simulator, requesting a measurement and operations on the research program
itself. The system can split a problem, introduce a variable, change scale, replace a
representation, construct an adversarial explanation, revise an assumption, request
replication, or terminate a branch.

This distinction changes how long-horizon reasoning is organized. When several inter-
pretations of a failure remain plausible, Zetema does not need to compress them into
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one uncertain narrative. It can maintain parallel branches, associate each branch with a
diagnostic action, and compare the resulting evidence. A residual, for example, can be
tracked simultaneously as a possible missing variable, dataset shift, or implementation
error until an intervention separates those accounts.

Branches are rst-class state objects. They can be compared, merged when their assump-
tions become compatible, archived when their expected value falls, or restored after new
evidence changes their status. Termination is also explicit; a branch can stop because no
feasible intervention is identifying, the original e ect fails to replicate, the risk exceeds
the expected value, or another research opportunity becomes more informative. A valid
episode therefore need not end in a positive discovery claim.

5.2. Explicit Research State and Attribution
We instantiate the state as

(6='% ' & §-8 §Mg” (12)

where % contains active problem formulations, ' gthe current representations, ghy-
potheses and assumptions, gevidence and counterevidence with provenance,- g candi-
date and executed interventions, gresource and risk budgets, andM gthe knowledge
and Discovery Skill Memory available to the episode.

These elds form a linked record rather than separate notes. A hypothesis points to
the problem and representation under which it is meaningful. An observation points
to the intervention and protocol that produced it. A revision points to the evidence

that triggered the change. Human edits, veri er rejections, execution deviations, and

permission boundaries are retained because they a ect both scienti ¢ attribution and

the later training signal.

We also type operations by scienti c role. A representation revision is not stored as
another hypothesis; a predicted outcome is not stored as an observed measurement; a
rejected branch is not deleted. Local uncertainty is attached to the object it concerns.
The system can therefore trust a measurement while remaining uncertain about its
mechanism, or accept an explanation inside one regime without extending it beyond its
validity range.

The implementation can use structured text, graphs, databases, programs, equations, or
hybrid representations. Zetema requires only that the research objects and their revision
relations be recoverable well enough to support comparison, validation, rollback, and
attribution.

5.3. Discovery Skill Memory

Cross-task improvement requires a representation of reusable research operations rather
than an archive of successful trajectories. Thought templates provide a reasoning-
level precedent: Bu er of Thoughts distills and reuses methods across tasks $2],
while ReasonFlux learns to select and organize templates into hierarchical reasoning
trajectories [53]. Discovery Skills extend this procedural view to research operations with
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explicit state-dependent triggers, expected e ects, and external validation requirements.
Zetema stores a candidate Discovery Skill as

L7127 =/ 47 DF" (12)

where 2 is a trigger over research-state conditions,=; the operation to consider, 4; its
expected e ect, and D; the evidence required to validate that e ect.

Triggers are structural. A skill can activate when several hypotheses make the same
prediction under all current measurements, when errors cluster at a regime boundary,
when repeated interventions remain non-identifying, or when a theory accumulates
local exceptions. The corresponding operation may request a new measurement, search
for a hidden variable, change scale, construct a boundary test, replicate an e ect, or
stop an unproductive direction.

The expected e ect prevents memory from becoming a collection of generic advice.
A skill should state what is expected to change for example, separating hypotheses,
reducing uncertainty over a hidden variable, lowering experimental cost, or exposing
measurement failure. Its validation record stores supporting episodes, counterexamples,
uncertainty, and known domain restrictions. A retrieved skill can therefore be invoked
provisionally and weakened when its expected e ect does not appear.

This formulation separates three di erent kinds of accumulation: facts about the world,
task-speci ¢ episodic memory, and operations intended to improve future discovery
behavior. Only the last category constitutes Discovery Skill improvement.

5.4. Research World Model and Experimental Gating

Open-ended generation produces many uent but redundant, infeasible, unsafe, or
empirically indistinguishable candidates. Zetema therefore inserts a veri cation and
gating layer before actions acquire substantial cost or consequence. A Research World
Model , gpredicts possible observations, state changes, costs, and risks:

B (g0° 1> (2@ ( g0 (13)

, scan combine learned predictors, causal or mechanistic models, simulators, digital
twins, formal tools, and ensembles. Its purpose is not to certify truth. It screens
counterfactual consequences: which hypotheses would separate, which state objects
might change, how much the action costs, and where the model itself is uncertain.

Because screening changes which research directions receive resources, world-model
error has a selection e ect. A conservative model can suppress unusual but valid
interventions; an overcon dent model can repeatedly prefer actions implied by its own
misspeci cation. Zetema therefore retains model disagreement, calibration, validity
ranges, and out-of-distribution signals. High uncertainty can trigger a bounded pilot
rather than automatic rejection, and repeated disagreement between predictions and
external outcomes updates the screening model itself.
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Veri cation is adaptive to the action. A formal claim may proceed directly to proof
checking. A physical intervention can require structural checks, provenance review,
power analysis, simulation, adversarial falsi cation, feasibility checks, and human
authorization. We represent eligibility as

02 Acgigbe 0 + §0° gg 88217J" (14)

where each+gcan be a structured veri er, an uncertainty-aware model, a formal con-
straint, or a human decision. Thresholds depend on the action: speculative hypotheses
can enter the state under uncertainty, whereas costly, irreversible, or high-risk interven-
tions require stronger evidence and permission.

The gate can accept, reject, request revision, request another simulation, defer, or
escalate. Among eligible actions, the system can retain a portfolio rather than collapsing
to one score: low-risk actions for e cient progress, high-information actions for resolving

a central uncertainty, and bounded high-uncertainty actions that test a potentially
transformative alternative.

5.5. Validated Cross-Task Update

After episode 9, Zetema receives an experience record ¢ containing state transitions,
successful and failed branches, external outcomes, human interventions, and validation
results. Long-term memory evolves as

M 91 = EvolveM 9" 9"V90" (15)

where Vg denotes the validation applied to candidate updates. The update can create,
re ne, specialize, compose, weaken, or delete a skill.

Attribution precedes promotion. A failed experiment can originate from problem selec-

tion, representation, intervention design, execution, or validation. A successful trajectory

may depend on an expert-supplied variable or privileged data. Zetema uses the linked
research state to identify the state operation relation actually supported by the episode

instead of turning the nal retrospective narrative into a general rule.

Recuris provides a concrete precedent in long-horizon agent harnesses: working mem-
ory guides experiential skill selection, while execution evidence supports localized,
validation-gated memory updates [56]. For discovery, this pattern additionally requires
attributing updates to externally grounded research outcomes and testing whether they
improve subsequent research decisions.

Promotion can be staged. A candidate skill is rst tested on archived trajectories or
counterfactual replay, then used in shadow mode on new tasks, and only later allowed to
a ect active research decisions. Held-out tasks, alternative environments, ablations, ex-
pert review, and independent replication test the claimed e ect. Skills remain versioned
and reversible; negative evidence narrows their trigger or removes them.
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The criterion is behavioral transfer. Cross-task improvement is established only when
future discovery decisions improve after controlling for additional domain facts, near-
duplicate retrieval, prompt reuse, and extra compute.

5.6. Dry-Lab and Wet-Lab Grounding

Zetema separates generated expectations from observed outcomes by coupling a Dry-
Lab Discovery Loop to a Wet-Lab Grounding Loop. The same interface also covers
non-physical environments such as code execution and formal systems; the distinction is
whether the observation is generated internally or returned by an external process.

The Dry-Lab loop performs literature synthesis, data analysis, code experiments, simu-
lation, hypothesis comparison, protocol drafting, power analysis, outcome prediction,
and failure-mode analysis. Its outputs remain predictions. Expected e ect sizes and
simulated observations do not enter gwith the same epistemic status as measurements.

When a physical experiment is required, a selected scienti c intention is translated
into an executable protocol with variables, controls, samples, measurements, expected
outcomes, stopping conditions, and checks for contamination or manipulation failure.
Execution records deviations instead of assuming perfect compliance. Measurements
retain raw data, calibration state, batch and instrument e ects, missing observations,
replicate consistency, and sample provenance.

Protocol translation is itself diagnostic. An intervention that appears identifying in
abstract form can become impossible under available instrument resolution, sample size,
manipulation range, or safety constraints. In that case the Wet-Lab interface returns a
formulation or representation failure to the research state rather than simply a binary
feasibility rejection.

Zetema therefore closes the method loop without assigning discovery to one component.
Foundation models propose and revise research objects; tools and environments return
consequences; validators constrain promotion and action; human researchers contribute
domain judgment, authorization, criticism, execution, and replication. The capability
claim belongs to the declared integrated system and its recorded state transitions. Im-
portantly, this form of Dry-Lab/Wet-Lab coupling is not only hypothetical: the following
case study shows a real experimental loop in which physical biological outcomes revise
subsequent discovery decisions.

5.7. Empirical Case Study: A Real Dry-Lab/Wet-Lab Discovery Loop

The Dry-Lab/Wet-Lab interface above is not only a conceptual organization. A concrete
instance of several of these operations already appears in a real therapeutic-discovery
setting. Figure 5 summarizes GALILEO, an embodied Al-scientist system for therapeutic
peptide discovery in dynamic membrane systems (Jiang et al., 2026). Rather than
treating the wet laboratory as a terminal validation stage, GALILEO places experimentally
returned biological outcomes inside the iterative decision loop: candidate interventions
are proposed, physically executed, measured, and used to revise subsequent target
beliefs, molecular-design policies, assay choices, and mechanism hypotheses.
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Figure 5 j A real closed-loop Dry-Lab/Wet-Lab discovery case. GALILEO provides an empirical example of
how several Discovery Foundation Model operations can be instantiated in a physically grounded scienti ¢
work ow. The top panel summarizes the closed loop from discovery and formulation, through hypothesis
and intervention design, to physical observation and evidence-grounded revision. (A) The physical learning
environment couples robotic synthesis, quality control, liquid handling, imaging, and plate-based
phenotyping to the discovery process. (B) One experimentally validated branch produces GALILEO-LRC,
supported by selective LRRC8A/LRRCS8C current blockade and organoid activity with an Igyp of

184922 "M. (C) A second branch produces GALILEO-SLC, supported by mitochondrial localization and
organoid activity with an ICso of 0736 * M. (D) Across ve rounds of wet-laboratory feedback, weak motif
organizations are pruned, previously abandoned organizations are reopened, and productive modules are
consolidated, yielding the Amphiphilic Balance Grammar (ABG) as a reusable design rule. The gure
therefore represents a real experimentally grounded closed loop rather than a hypothetical work ow:
physical evidence changes subsequent scienti ¢ actions and contributes to transferable discovery behavior.
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A physical environment as part of the learning loop. Panel A makes explicit a distinction
that is easy to obscure in purely computational scienti c agents. The environment is
not only a source of additional context or a tool endpoint; it returns consequences that
the model system does not control. GALILEO couples a cognitive discovery layer to
robotic synthesis, quality control, liquid handling, imaging, and plate-based phenotyping.
Candidate peptides are retrieved from a clinically informed peptide prior and locally
edited, after which physical execution produces observations that can support, weaken,
or redirect the active research branch. In the terminology of Section 5.6, the resulting
measurements enter the evidence state as externally returned observations rather than
as model-generated expectations.

This distinction matters because physical feedback can alter the research program, not
only its nal score. In the reported GALILEO loop, plate-based phenotypes and orthog-
onal validation results were used to update target-branch belief; viability, morphol-
ogy, solubility, and quality-control outcomes changed motif-policy weights; ambiguous
phenotypes triggered new assays; and the evolving hypothesis board changed which
mechanisms and interventions were pursued next. The laboratory therefore functions
as a capability-forming environment in the stronger sense used throughout this paper:
action produces evidence, and evidence changes subsequent scienti ¢ decisions.

Externally grounded discovery branches. Panels B and C illustrate two distinct branches

in which computational proposals were subjected to orthogonal physical tests. For the
LRRCB8C branch, GALILEO-LRC was evaluated through whole-cell electrophysiology and
showed selective inhibition of LRRC8A/LRRCS8C currents relative to other tested LRRCS8
heteromers. Patient-derived organoid experiments provided a second level of evidence,
with an experimentally measured ICsg of 18922 M in the LRRC8C-high organoid
setting. Subsequent metabolomic, transcriptomic, perturbational, and immune-context
experiments further shifted the working explanation from generic membrane toxicity
toward an LRRC8C-linked osmolyte/redox-stress and innate-signaling mechanism.

The SLC25A1 branch followed a di erent evidential route. GALILEO-SLC was shown
to localize to the mitochondrial compartment in which SLC25A1 operates, and dose-
response experiments in SLC25A1-high patient-derived organoids yielded anCsg of
0736 * M. Target silencing, acetate rescue, mitochondrial measurements, metabolomics,
and extracellular-acidi cation assays then progressively re ned the working explanation
toward a citrate-export-dependent metabolic-collapse mechanism. These branches
are important for the DFM framework not because they merely produce successful
candidates, but because heterogeneous external observations support di erent updates
to the research state: target con dence, mechanism, intervention choice, and the next
measurement can all change as evidence accumulates.

From repeated feedback to a transferable discovery rule. Panel D provides the strongest
connection to evidence-grounded revision and continual discovery improvement. Across
ve autonomous peptide-optimization rounds, the trajectory was not a monotonic search
toward one increasingly dominant candidate family. The rst round maintained a
heterogeneous motif baseline; rounds 2 3 removed weakly supported branches and
contracted the active motif payload; round 4 reopened previously abandoned acidic,
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