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ABSTRACT

Natural-product discovery faces a fundamental asymmetry: chemical information is abundant, yet biological
labels are sparse, heterogeneous, and task-specific. Molecular structures, provenance data, three-dimensional
conformations, and experimental spectra thus offer substantial reusable knowledge before any bioactivity
endpoint is assigned. This article develops a computational framework that treats such unlabelled data as a
pretraining substrate rather than as material awaiting conventional screening. The framework distinguishes
learning signals from molecular graphs, sequences, geometries, and spectra, and it proposes chemically
informed pretext objectives that preserve distinctions relevant for later pharmacological reasoning while
avoiding artifacts from dataset biases. Experimental spectra are treated as a complementary chemical view
because they encode composition and structure under measurement-specific conditions, and cross-modal
learning is positioned to relate partially shared rather than interchangeable representations. The proposed
structure separates pretraining, chemically meaningful representation testing, rare-label fine-tuning, and
transfer evaluation across scaffold, target, and experimental domains. Chemical meaningfulness is not reduced
to benchmark accuracy; representations are instead examined for structural sensitivity, coherent chemical
neighbourhoods, modality correspondence, resistance to shortcuts, and behaviour outside the training
distribution. This framework remains methodological rather than a validated universal architecture. Its
practical utility depends on data provenance, spectral quality, conformational assumptions, label definitions,
chemical-space coverage, and prospective testing on genuinely unseen natural products.
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INTRODUCTION chemistry, because database membership reflects
discovery practices, publication patterns, organism

Natural-product informatics increasingly begins with a
paradox of abundance. Large open resources now organize
substantial numbers of natural-product structures together
with taxonomic, organismal, and provenance information,
creating machine-readable chemical collections whose
informational value extends beyond compounds for which
a specific pharmacological endpoint has already been
measured [1, 2]. These resources should not be interpreted
as complete or unbiased maps of natural-product
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sampling, dereplication decisions, and curation rules.
Nevertheless, they change the computational starting
point: the absence of an activity label does not imply the
absence of learnable chemical structure.

The asymmetry becomes clearer when chemical identity is
compared with experimental activity annotation. NPASS
compiles quantitative experimental activities for a large
subset of natural products while also containing many
additional structures without corresponding
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experimentally measured activity values in the database
[3]. That observation supports a bounded claim rather than
a census of all natural-product data: within an important
curated resource, chemical records substantially exceed
uniformly available experimental bioactivity labels. For
machine learning, this means that a model trained only
after endpoint annotation discards potentially informative
structure until an expensive and assay-dependent label
becomes available.

Experimental analytical data provide a second form of
information. NP-MRD demonstrates that
natural-product NMR spectra and associated structural
information can be organized as reusable computational
resources rather than remaining isolated attachments to
individual structure-elucidation studies [4]. Tandem mass-
spectral collections likewise contain rich chemical
regularities, although their reuse depends on metadata
integrity, harmonized representations, peak processing,
and reproducible cleaning; the matchms library-cleaning
work shows that these decisions materially affect the
analytical substrate presented to downstream algorithms
[5]. Spectra are therefore neither noise-free labels nor
interchangeable surrogates for molecular structures, but
generated conditioned by
instruments, acquisition settings, ion chemistry, and
sample context.

The computational premise developed here is that natural-
product learning should begin before bioactivity screening
whenever chemically informative unlabelled views are
available. “Before screening” does not mean replacing
experiments with representation learning, nor does it imply
that pretraining can recover pharmacological mechanisms
absent from the data. It instead defines an ordering
principle: first learn recurring chemical regularities from
structures and spectra, then expose that representation to
scarce task-specific biological supervision while testing
whether the resulting features retain distinctions relevant
to the intended discovery problem.

underused

experimentally views

Why unlabelled chemical collections should be treated as
training data

Self-supervision makes unlabelled molecules useful by
constructing learning problems from the data themselves
rather than requiring an externally assigned bioactivity
endpoint. Molecular contrastive learning has shown that
graph-based augmentations can produce transferable
representations  across  molecular-property  tasks,
demonstrating that useful supervisory structure can be
created from unlabelled molecular graphs [6]. The
important premise for natural products is not that those
benchmark gains automatically transfer to their broader
stereochemical and scaffold diversity; it is that molecular
connectivity contains regularities that can be learned
before the ultimate prediction task is specified.

Molecular strings provide a complementary example.
Large-scale chemical-language modelling has shown that
representations trained on very large collections of
unlabelled molecular sequences can capture structural and
property-related information transferable to downstream
tasks [7]. Scale alone, however, is not evidence of chemical
understanding. Token frequencies,
conventions, scaffold recurrence, and
composition may all provide shortcuts, so the value of an
unlabelled corpus depends on what the pretraining
objective forces the model to reconstruct, discriminate, or
align.

For natural products, the strongest argument for pretraining
is therefore informational rather than numerical. A
molecular graph contains connectivity; a molecular string
expresses a chosen encoding of that connectivity;
provenance relates structures to biological sources; and
spectra record measurement-conditioned consequences of
molecular composition and structure. These views differ in
what they reveal and in how they can fail. The proposed
framework treats them as potential sources of self-
supervisory signal only when the training objective
preserves chemically consequential distinctions instead of
rewarding invariance to them.

The distinction among these forms of unlabelled
information is summarized in Table 1 because their roles
are easy to blur when all are described simply as
“pretraining data.”

canonicalization
database

Table 1. Unlabelled chemical information as distinct sources of representation-learning signal

Information available before
Construct

Legitimate learning role

Principal boundary

bioactivity
Molecular Connectivity and substructure . Database presence does not establish
. . Learn structural regularities .
structure relationships activity
Biological . . . 1 textual chemical R i ling-
iologic Structure—organism relationships Supply contextual chemica ecorded provenance is sampling
provenance information dependent
Unmeasured Structures lacking experimental activity Motivate label-efficient Missing label is not evidence of
activity space values in a curated resource pretraining inactivity
Experimental Measurement-conditioned structural Learn observable chemical Spectra are incomplete views of
spectra information correspondences structure
rated MS/Mi L rt tral tati P i Iter 1
Curated MS/MS Peaks plus acquisition metadata Support spectra representation reprocessing can alter earned
data learning regularities
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Molecular . . Construct label-free contrastive ~ Augmentations may erase relevant
Topological transformations )
graphs tasks chemistry
Molecul . . . L -scal lecul F
olecular Sequential chemical encodings earn corpus-scale molecular requency and syntax can create
strings patterns shortcuts

Note: The distinction among “learning role” categories is proposed here as an organizational framework; the evidence basis for each underlying data

source or training strategy is indicated by the cited study.

What should a molecular model learn before it sees
bioactivity?

The central methodological question is not whether a
model can be pretrained, but which invariances and
distinctions should be learned before biological labels
arrive. Knowledge-guided molecular pretraining shows
that self-supervision can be organized around chemically
informative priors rather than relying exclusively on
arbitrary corruption or augmentation [8]. For natural
products, this suggests that an acceptable pretext objective
should force recovery or comparison of information whose
loss would matter chemically, while avoiding tasks
solvable through database identifiers, trivial atom-count
correlations, representation syntax, or other features
disconnected from the intended molecular reasoning.
Functional groups provide one possible level of
supervision. FG-BERT demonstrates that functional-group
information can structure self-supervised molecular
learning and improve downstream property prediction in
the studied benchmarks [9]. Yet functional groups should
not be treated as complete pharmacophoric explanations:
identical motifs can behave differently because of
stereochemistry, substitution pattern, conformational
restriction,  electronic  context, = macrocyclization,
glycosylation, or their placement within a larger scaffold.
The framework therefore treats functional groups as
chemically interpretable intermediate units rather than
privileged final units of meaning.

External chemical relations provide another source of
inductive structure. Knowledge-graph-enhanced
contrastive learning has demonstrated that explicit
chemical knowledge can be coupled to molecular
representations rather than leaving all similarity relations
to emerge from topology alone [10]. Such knowledge
remains selective and potentially biased; a knowledge
graph encodes what has been recorded, not an unbiased
chemical ontology. The proposed criterion is therefore
chemical consequence preservation: pretraining should
preferentially retain molecular differences that plausibly
change structure, reactivity, recognition, or experimental
observables, while treating any imposed invariance as a
hypothesis that must later be challenged.

This criterion also prevents a common conceptual mistake.
A representation is not chemically meaningful merely
because it compresses molecules efficiently or improves
one supervised endpoint. Before bioactivity fine-tuning, its
desirable content is more modest: sensitivity to chemically
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consequential perturbations, organization across multiple
structural scales, compatibility with experimentally
observed views, and enough flexibility to support later
task-specific distinctions without assuming them in
advance.

Self-supervision from molecular graphs

Molecular graphs provide an attractive substrate because
atoms and bonds supply an explicit relational
representation while allowing labels to be generated from
transformations of the molecule itself. Contrastive graph
learning demonstrates that differently augmented views of
a molecular graph brought together in
representation space and subsequently transferred to
property-prediction tasks [6]. For natural products,
however, the critical design decision is whether an

can be

augmentation creates two chemically equivalent views or
destroys precisely the motif that later
conformation, reactivity, recognition, or fragmentation.
Random graph perturbation is therefore a computational
operation, not automatically a chemically valid invariance.
Functional-group-aware pretraining illustrates a more
constrained strategy because it asks the learner to exploit
recognizable chemical organization rather than treating
every subgraph as semantically interchangeable [9]. A
natural-product implementation could extend this principle
to ring systems, glycosidic attachments, oxidation patterns,
heteroatom environments, stereochemical centres, or
scaffold—substituent relationships, but those extensions are
proposed rather than established by the cited work. Their
suitability would have to be tested against tasks in which
preserving the nominated distinction can be independently
evaluated.

Knowledge-guided graph objectives further show that
pretraining can integrate information beyond local
connectivity. KPGT couples molecular graph learning with
chemically relevant knowledge during pretraining [8],
whereas KANO demonstrates that chemical-knowledge
relationships can be incorporated into contrastive
molecular learning [10]. Together, these studies justify
rejecting a false choice between purely unsupervised
topology and fully endpoint-supervised prediction. The
proposed natural-product framework instead places graph
pretraining on a continuum: topology supplies the base
representation, chemically motivated pretext tasks
constrain what transformations are acceptable, and

governs
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external knowledge can regularize the latent space without
being treated as infallible ground truth.

Graph self-supervision therefore serves two purposes
before screening. It can expose the model to structural
diversity beyond the labelled assay set, and it can test
whether  chemically related transformations are
represented consistently. It cannot, by itself, establish that
two similar graphs share pharmacology, that a latent
neighbourhood represents mechanism, or that the learned
invariances stereochemical,
conformational, or experimental domain shifts.

remain valid under

Self-supervision from three-dimensional structure
Two-dimensional connectivity does not uniquely specify
the spatial state presented to a protein, solvent, membrane,
chromatographic system, or spectrometer. Geometry-
enhanced molecular representation learning demonstrates
that explicit geometric information can complement graph
topology in downstream molecular prediction [11]. The
implication for natural-product pretraining is especially
important for conformationally
stereochemically dense scaffolds, polycyclic systems, and
molecules whose intramolecular interactions reorganize
accessible shape. Geometry should therefore be
represented as additional evidence about molecular state
rather than as decorative coordinates appended to a graph.
At the same time, three-dimensional data introduce new
uncertainty. A deposited conformer may reflect a
computational minimum, a crystal environment, a
particular protonation state, or one member of a broader
ensemble; treating it as the molecule’s single “true”
geometry would create false precision. The proposed
framework consequently distinguishes connectivity
invariance from state-conditioned geometry:
transformations that preserve graph identity need not
preserve pharmacologically or spectroscopically relevant
conformation, and pretraining should not force
geometrically distinct states together without a chemical
justification.

Recent multi-channel molecular learning also supports the
broader principle that structural information can be
organized across multiple levels rather than flattened into
a single atom-wise representation [12]. Structural
hierarchy is useful here because natural-product meaning
may arise from interactions among local motifs, ring
systems, substituent patterns, and global molecular shape.
The framework therefore proposes hierarchical geometric
pretraining in which local and global relationships can
coexist, while refusing to infer that any particular hierarchy
is universally optimal.

A chemically meaningful 3D representation should
ultimately survive tests beyond conventional property
prediction: stereoisomer discrimination where

constrained  rings,
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stereochemistry changes observables, sensitivity to
conformationally relevant perturbations, robustness to
alternative plausible conformers, and compatibility with
experimental modalities. Those tests remain validation
requirements of the proposed framework, not outcomes
already demonstrated for natural-product discovery.

Spectral  self-supervision as
knowledge

Spectra offer a fundamentally different pretraining
substrate because they are observations produced when
molecules interact with a measurement process. Learned
MS/MS representations have already shown that spectral
comparison can move beyond literal peak overlap toward
data-driven similarities associated with molecular
structural relationships [13, 14]. These methods should not
be collapsed into one learning category: Spec2Vec derives
unsupervised spectral embeddings, whereas
MS2DeepScore learns a neural similarity function using
structural relationships. Their joint relevance is narrower
but important—tandem spectra contain regularities from
which chemically useful representations can be learned.
Contrastive learning provides a more direct bridge to self-
supervision. CLERMS demonstrates that contrastive
objectives can be used to construct tandem-mass-spectral
embeddings [15]. For natural-product collections, such
objectives could exploit replicate spectra, acquisition
variants, structurally related spectra, or paired molecular
information, but positive and negative construction
becomes a scientific decision: two spectra may differ
because of collision energy, adduct chemistry, instrument
platform, ionization conditions, isomerism, or genuine
structural change. A model that ignores these distinctions
may learn instrument invariance successfully while
simultaneously erasing chemical information.
Domain-informed spectral prediction supplies
complementary evidence that measurement data are
chemically structured rather than arbitrary high-
dimensional signals. Chemical-formula transformers have
used chemistry-inspired constraints to annotate metabolite
mass spectra [16], while graph-transformer models can
learn structure-conditioned tandem-spectrum prediction
[17]. These achievements do not mean that formula
prediction resolves structure, that forward spectral
prediction uniquely solves the inverse problem, or that
learned fragmentation patterns constitute a proven
mechanistic model. They show instead that composition,
structure, and measured spectra share learnable statistical
relationships that can discipline representation learning.
Natural-product structure annotation makes the case for
preserving modality specificity. Machine-learning-assisted
analytical workflows already operate across MS and NMR
information in natural-product structure elucidation, but

experimental chemical
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their evidence base remains heterogeneous in modality,
chemical class, database dependence, and wvalidation
setting [18]. Spectral pretraining should therefore retain
what is experimentally distinctive about each modality
while preparing representations for later cross-modal
alignment. The objective is not to convert every spectrum
into an allegedly complete molecular identity, but to learn
which experimental regularities can inform molecular
representation before scarce bioactivity labels are
introduced.

Connecting molecular and spectral views of the same
compound

A structure and its spectrum describe the same compound
from different observational positions. Contrastive mass-
spectrum—structure pretraining demonstrates that paired
tandem spectra and molecular structures can be embedded
into a shared space for metabolite identification [19].
Cross-modal retrieval between ~13C NMR spectra and
structures similarly shows that experimentally derived
spectral information can be aligned with molecular
representations for candidate retrieval [20]. These results
support alignment as a computational operation, but not the
stronger claim that one modality completely determines
another.

The distinction matters because shared chemical
information coexists with modality-specific information.
Infrared spectrum—structure contrastive learning extends
the feasibility of cross-modal alignment to another
spectroscopy, although its simulated, comparatively small-
molecule setting limits direct extrapolation to structurally
complex natural products [21]. Joint embedding of tandem
spectra and candidate molecules can also support
metabolite ranking [22], yet a correctly ranked candidate is
not thereby shown to possess a particular bioactivity or
mechanism. The proposed framework therefore treats
cross-modal agreement as evidence of correspondence, not
equivalence.

For natural products, alignment should preserve three
possibilities: two views may contain mutually recoverable
chemical information; one view may contain information
absent from the other; or apparent disagreement may
reflect acquisition conditions, conformational state,
stereochemistry, annotation error, or incomplete candidate
coverage. This distinction prevents the latent space from
being optimized merely to experimentally
meaningful disagreement. Table 2 organizes these cross-

modal relationships, and Figure 1 expresses the resulting

€rasc

architecture visually.

Table 2. Conceptual distinctions for aligning molecular structure with experimental spectra

Relationship Interpretation

Appropriate representation goal

Boundary

Both views encode related chemical

h ignal
Shared signa structure [19]

Align recoverable correspondence

Alignment is not identity

Molecular representation contains

Structure-specific signal information not resolved by a given Retain rather than force agreement

spectrum [20]

Retrieval remains candidate-
dependent

Spectrum-specific signal Measurement contains condition-
P P g dependent observable patterns [21]

) Simulated or instrument-
Preserve modality context . .
specific spectra may shift

Task-facing
correspondence

Joint embeddings support candidate
ranking [22]

Transfer aligned features
downstream

Ranking does not establish
bioactivity

Views disagree beyond expected

Discordance
correspondence

May reflect chemistry,

Flag rather than collapse .
measurement, or annotation

Note: The five-way distinction and representation goals are proposed here; cited studies establish the underlying feasibility and boundaries of cross-

modal learning.
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Figure 1. Correspondence without collapse in natural-product multiview pretraining

A multiview natural product pretraining framework

The proposed framework combines these premises into a
staged representation strategy rather than a single universal
encoder. Complementary molecular modalities can benefit
from non-overlapping self-supervised learning, supporting
the idea that different representations need not be treated
as redundant copies of the same information [23]. In the
natural-product setting proposed here, graph or sequence
views establish connectivity-level context, geometry
information, and
chemical

contributes state-dependent spatial
spectra introduce experimentally observed
consequences. Shared latent components are encouraged
where evidence supports correspondence, whereas
modality-specific components are retained when forcing
agreement would remove information.

Pretraining would therefore alternate among within-view
objectives and cross-view objectives. Within-view tasks
should reconstruct or  discriminate  chemically
consequential features; cross-view tasks should align
paired observations only to the degree justified by their
shared chemistry. Missing spectra, uncertain conformers,
or incomplete provenance should not require synthetic
completeness. Instead, the architecture is proposed to
permit partially observed compounds to contribute through
the views actually available.

Representation agreement should also be asymmetric when
the data warrant it. A clean structural view may help
interpret a noisy spectrum without requiring the reverse
mapping to be equally informative, while spectra acquired
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under different conditions may reveal which molecular
features remain observable. Agreement is therefore better
treated as a graded relation than a binary constraint.

The framework is deliberately upstream of biological
interpretation. It does not assume that an embedding
coordinate corresponds to potency, target engagement,
mechanism, exposure, or therapeutic effect. Its purpose is
narrower: produce a representation that can later receive
scarce labels without having learned chemistry only
through the narrow distribution of a particular screen.

Avoiding pretext tasks that reward trivial chemical
shortcuts

A pretext task can be solved well for the wrong reason.
Chemical-synthesis knowledge has been used to constrain
contrastive molecular representation learning, showing
that chemically structured relationships can be introduced
rather than leaving positive-pair construction arbitrary
[24]. For natural products, however, synthetic reaction
knowledge cannot simply be interpreted as biosynthetic
truth. The broader principle is that positive pairs, masking
rules, and invariances should be defensible in chemical
terms.

The proposed shortcut audit asks whether success remains
possible after trivial correlates are neutralized. Models
should be challenged against scaffold frequency,
molecular size, representation syntax, acquisition platform,
library identity, and other features that may predict the
pretext label without requiring the intended chemistry. A
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useful objective should also fail appropriately when a
perturbation changes stereochemistry, functional context,
geometry, or spectral evidence that the downstream
problem requires.

The same audit should distinguish nuisance invariance
from destructive invariance. Removing a file identifier or
instrument-specific formatting artifact may improve
robustness, whereas making stereoisomers, regioisomers,
or distinct adduct states indistinguishable can eliminate
information needed later. The appropriate invariance is
therefore task-contingent but chemically bounded: it
should be justified by the information that the downstream
assay or analytical process can reasonably depend upon.
Shortcut resistance is therefore not another accuracy
metric; it is a test of what information the representation
was forced to use.

Fine-tuning for rare bioactivity labels

Pretraining becomes discovery-relevant only when
representations can be adapted to a defined biological
question. Natural-product LC-MS/MS features have
supported supervised bioactivity classification in a
bounded experimental setting [25], establishing that
analytical molecular information can be connected
computationally to activity labels without implying target
mechanism or therapeutic efficacy. The proposed
framework uses such labels only after chemistry-focused
pretraining.

Fine-tuning should preserve endpoint identity. Binding,
functional response, phenotypic activity, cytotoxicity, and
organism-level efficacy are not interchangeable labels, and
a representation useful for one need not transfer to another.
With rare labels, the preferred test is not whether full fine-
tuning can memorize the available assay set, but whether
pretrained features improve data efficiency under
chemically demanding splits while remaining calibrated.
Any claimed benefit would require comparison against
non-pretrained and simpler representation baselines using
identical training and evaluation conditions.

Evaluating ~ whether  learned
chemically meaningful
Molecular benchmarks formalize datasets, tasks, splits,
and metrics, making explicit that representation quality
cannot be judged independently of evaluation design [26].
A systematic study of molecular-property prediction
further shows that observed performance depends on
interacting choices in representation, architecture, training,
and data [27]. Consequently, downstream accuracy alone
cannot establish that pretraining has captured chemically
meaningful structure.

The framework proposes a broader evaluation battery.
Structural probes should test whether local neighborhoods

representations — are
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remain coherent under chemically conservative changes
yet separate when stereochemistry, scaffold organization,
or functional context changes materially. Cross-modal
probes should assess whether paired spectra and structures
retrieve one another while preserving modality-specific
information. Label-efficiency tests should compare
performance as biological supervision becomes sparse, and
ablations should isolate whether gains arise from graph,
geometry, spectrum, or alignment objectives.
Chemical-meaning evaluation should additionally separate
representation diagnostics from downstream utility. A
model may preserve stereochemical distinctions yet offer
no advantage for an assay insensitive to stereochemistry,
or improve an assay endpoint through correlations that are
chemically uninformative. Reporting both layers prevents
a favorable downstream result from retroactively defining
every feature in the embedding as meaningful chemistry.
These probes remain diagnostics rather than proofs of
mechanism. A latent representation may correlate with
structural or activity distinctions because of dataset
composition, and chemically intuitive neighborhoods can
still encode hidden sampling biases. Meaningfulness
should therefore be treated as convergent evidence from
several controlled tests, not as a property inferred from one
benchmark score.

Transfer across scaffold, target, and experimental domains
Generalization is especially vulnerable when training and
evaluation occupy overlapping chemical space. Coverage
bias can materially influence small-molecule machine-
learning performance, making explicit applicability
analysis necessary when claiming transfer beyond familiar
chemistry [28]. For natural products, scaffold-held-out
evaluation should therefore be complemented by tests
across provenance, spectral acquisition conditions, and
underrepresented structural classes.

Transfer is also relational rather than automatically
beneficial. Transferability mapping shows that usefulness
depends on the source—target pairing rather than on
pretraining being universally advantageous [29]. The
proposed framework consequently treats transfer across
scaffolds, targets, assays, and experimental platforms as
separate questions. Negative transfer is an informative
failure mode: it may indicate that pretraining encoded the
wrong invariances, that source and target domains differ
materially, or that the downstream labels require
information absent from the pretrained views.

Data boundaries and representation failure

Natural-product pretraining inherits the boundaries of its
source collections. Provenance databases reflect what
organisms and compounds have been recorded [2], while
mass-spectral libraries remain sensitive to cleaning,
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metadata, and acquisition differences [5]. Analytical
machine-learning evidence in natural-product structure
annotation is likewise heterogeneous across modalities and
validation settings [18]. A large corpus can therefore
amplify systematic coverage patterns as readily as it can
broaden chemical exposure.

Representation failure should be diagnosed rather than
hidden inside aggregate metrics. Chemical-space coverage
may produce apparently strong interpolation while leaving
remote scaffolds poorly represented [28]. Source—target
mismatch may also make transfer neutral or harmful [29].
Additional failures can arise when conformers are treated
as fixed truth, spectra are stripped of relevant acquisition
context, cross-modal objectives force incompatible
observations together, or rare biological labels redefine the
task in ways pretraining could not anticipate.

Failure analysis also needs a missing-data perspective.
Natural-product records rarely provide all modalities
uniformly, so compounds with structures but no spectra,
spectra but uncertain structures, or incomplete provenance
should not be silently discarded. The proposed architecture
treats missingness itself as a boundary condition and
requires evaluation to determine whether performance
differences reflect chemistry, modality availability, or
systematic patterns in which compounds receive richer
characterization.

The framework therefore has an explicit abstention
boundary: when a compound, spectrum, scaffold, or assay
lies outside demonstrated representation
confidence should not be inferred from embedding
proximity alone. Prospective natural-product validation
remains necessary before the proposed architecture can be
regarded as discovery-effective.

coverage,

CONCLUSION

Natural-product machine learning need not begin at the
point where a scarce biological label becomes available.
Structures, molecular encodings, geometry, provenance,
and experimental spectra provide complementary
opportunities to learn chemical regularities before task-
specific screening. The framework proposed here
organizes those  opportunities around chemical
consequence  preservation,  modality-aware  self-
supervision, correspondence without forced equivalence,
shortcut testing, label-efficient adaptation, and explicit
transfer boundaries.

Its central claim is methodological rather than predictive:
representation learning should be judged by what
chemistry it preserves and what uncertainty it exposes, not
only by whether pretraining increases one downstream
score. A useful natural-product representation should
remain sensitive to consequential structural changes,

)

Y
] H
-
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tolerate justified nuisance variation, connect experimental
and molecular views where correspondence exists, and
retain disagreement when it does not.

This framework is not a validated universal architecture
and does not establish biological mechanism, therapeutic
efficacy, or prospective discovery performance. Its value
depends on rigorous comparisons, chemically challenging
splits, multimodal ablations, calibration, domain-shift
assessment, and prospective evaluation on genuinely
unseen natural products. Learning chemistry before
learning the screen is therefore best treated as a testable
computational strategy for using abundant chemical
information more intelligently.
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