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ABSTRACT

Molecular machine-learning models are generally optimized before deployment and subsequently treated as
fixed predictors, although prospective drug discovery continuously presents compounds, property regimes,
assay contexts, and target domains that may differ from those represented during training. This article develops
an original computational framework for molecular test-time adaptation under such distribution shift. The
analysis distinguishes structural or scaffold displacement, property-support shift, target- or assay-domain
change, and mixtures of these conditions from ordinary in-distribution prediction error. It then separates
information legitimately available during inference—molecular structure, alternative encodings, neighborhood
support, predictive uncertainty, test-batch composition, and retained source information—from unavailable
experimental bioactivity labels. The proposed framework treats adaptation as a conditional decision rather
than a default response to novelty. Unlabeled self-supervised, consistency-based, entropy-related, transductive,
or support-assisted objectives may be activated only when shift evidence, information sufficiency, and
reliability criteria justify updating. A parallel risk channel addresses pseudo-label reinforcement, unstable
sequential updates, and deterioration of previously reliable predictions, while uncertainty and applicability
information support retention, restricted adaptation, rollback, or abstention. The framework further separates
label-free test-time adaptation from later active recovery once experimental measurements become available.
Its central implication is that prospective molecular prediction should incorporate controlled model plasticity
without treating every unfamiliar molecule as an invitation to retrain. The framework remains methodological:
molecular test-time adaptation requires prospective validation across chemically, biologically, and
operationally realistic shifts before performance, discovery utility, or deployment readiness can be inferred.
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INTRODUCTION

A molecular predictor is usually evaluated as though
training defines the model and testing merely interrogates
it. Prospective discovery reverses that convenience. Newly
synthesized compounds, changing medicinal-chemistry
programs, emerging target classes, and assay-specific data
streams can progressively move inference away from the
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chemical and statistical support that shaped the fitted
representation. Recent molecular evidence shows that
predictive reliability can deteriorate near the edge of
familiar chemical space, that molecular out-of-distribution
status depends on how the shift itself is specified, and that
apparent robustness changes substantially across
alternative OOD evaluation regimes [1-3]. These findings
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establish a deployment problem, but they do not establish
that changing the model during inference will solve it.
The central premise developed here is therefore narrower
than “models should continuously learn.” A discovery
model should first determine whether its present world
differs meaningfully from the one encoded during training,
then ask what information is actually available and whether
any update can be justified without access to new
experimental labels. In this view, test-time adaptation is a
bounded computational intervention between two safer
alternatives: retaining a sufficiently reliable frozen
predictor and declining to make an unsupported prediction.
The object of adaptation is not novelty itself but a
detectable mismatch for which wunlabeled test-time
information contains useful structure and for which
updating can be constrained against degradation.

This distinction matters chemically. A compound can be
structurally unfamiliar yet lie on a locally predictable
property surface; conversely, a close analogue can
encounter an activity cliff, changed assay context, or
target-domain discontinuity. Model confidence, chemical
distance, and distributional novelty therefore cannot be
treated as interchangeable signals. The proposed
framework integrates these signals into a conditional
adaptation architecture while preserving a strong frozen
baseline, explicit uncertainty, and the option not to adapt.
Its purpose is not to claim prospective superiority, but to
specify what a scientifically defensible molecular test-time
adaptation system would have to detect, use, constrain,
evaluate, and refuse.

Chemical distribution shift in prospective drug discovery
Chemical distribution shift is broader than movement in
fingerprint space. Medicinal-chemistry datasets evolve

through compound selection, synthesis priorities, assay
campaigns, target programs, endpoint definitions, and
data-acquisition practices. Increasing the scale of training
data can strengthen molecular models, but scaling does not
remove the generalization problem when new chemistry or
prediction contexts differ systematically from the data that
determined the fitted parameters [4]. Likewise, molecular
benchmarking has long shown that conclusions depend on
task definition, splitting strategy, endpoint type,
imbalance, and evaluation metric rather than on model
architecture alone [5]. A realistic definition of prospective
shift must therefore describe what changed, relative to
which training support, and at what analytical level.

This article treats distribution shift as a change in the
relationship among molecular inputs, prediction targets,
and the process generating observations. Structural
displacement sparsely
represented chemotypes or substructures. Property-support
displacement occurs when test compounds occupy regions
of the response landscape poorly sampled during training,
even when structural novelty is moderate. Target- or assay-
domain displacement arises when Dbiological or
measurement context changes sufficiently that a previously
learned structure—label relationship may no longer
transport cleanly. Data-process displacement covers
temporal, curation, portfolio, or laboratory changes that
alter the observed distribution without necessarily
introducing a new scaffold.

These shifts can coexist, and none by itself proves that a
prediction is wrong. Their value is diagnostic: they identify
reasons why an IID performance estimate may no longer
describe the current inference problem. Table 1 separates
the principal shift constructs by what changes, what
becomes uncertain, and what adaptation must not assume.

concerns movement  into

Table 1. Distribution-shift constructs relevant to prospective molecular prediction

Construct What changes at inference

Primary computational

What cannot be assumed
concern

Local chemotypes, scaffolds, or

Structural shift
substructures

Representation support and

Structural novelty implies

extrapolation prediction failure

Property-support
shift

Region of the response landscape
occupied by test molecules

Extrapolation beyond observed

Nearby structures have smooth

target support property values

Target/assay-
domain shift

Biological target, endpoint, or
measurement context

Transportability of learned
structure—label relations

The same molecular pattern retains
the same functional meaning

. Portfolio, time, curation, or
Data-process shift S ’
acquisition process

Dataset comparability and

Distributional change is purely

calibration chemical

Mixed shift Multl?le structural, property,
biological, or process changes

Identifying which signal
should govern adaptation

A single similarity or uncertainty
score explains the mismatch

The broader argument is summarized in Figure 1:
chemical shift initiates a diagnostic problem, but
adaptation becomes eligible only after the available
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inference-time information, update risks, uncertainty, and
validation boundary are considered together.
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Figure 1. From prospective chemical shift to bounded molecular test-time adaptation

Scaffold shift, property shift, and target-domain shift
Scaffold shift is the most intuitive molecular form of
distribution change, but it is not sufficient as a complete
deployment definition. Learned molecular representations
have shown task- and dataset-dependent generalization
across both public and proprietary prediction problems,
indicating that representation quality cannot be separated
from the regime in which it is evaluated [6]. Structural
departure therefore matters because the learned
representation may no longer organize test compounds in a
way that preserves the relationships useful for the target
task. Yet a novel scaffold can remain predictable if the
relevant property relation is smooth, while a familiar
scaffold can be difficult if small modifications produce
steep response changes.

Target-domain shift introduces a different problem.
Virtual-screening research has shown that benchmark
construction can encode strong biases in active/inactive
discrimination, making apparent generalization partly a
property of how compounds and targets were sampled [7].
A change in target or assay domain can therefore modify
what the label means, how negatives arise, or which
structural cues remain informative. The resulting failure
should not automatically be attributed to ‘“chemical
novelty,” because altered biological or measurement
context may be the more consequential source of
mismatch.

Property shift further complicates any similarity-only
criterion. Activity-cliff analyses demonstrate that closely
related molecules can exhibit large changes in measured
activity and can remain difficult for molecular machine-
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learning models [8]. Chemical distance and property
distance are therefore related imperfectly, particularly in
rugged local SAR regions. The three constructs are best
viewed as overlapping diagnostics rather than mutually
exclusive classes. A prospective compound may combine
a new scaffold, an extreme property region, and a changed
assay context, leaving the adaptation problem to determine
which evidence can legitimately modify the model rather
than merely identify unfamiliarity.

Why static molecular models cannot correct themselves

A static molecular predictor may be sophisticated without
being adaptive. Training-time strategies can improve
invariance, representation quality, and OOD robustness
before deployment; recent molecular OOD work, for
shows that more consistent semantic
representations can improve performance under predefined
distribution shifts [9]. Such methods are valuable because
many prospective failures should be prevented during
training rather than repaired later. They nevertheless leave
a basic computational fact unchanged: once the fitted
model is frozen, the arrival of a new unlabeled chemical
distribution does not alter its parameters, internal statistics,
or task representation.

That limitation is most consequential when the new
distribution exposes regions where the learned structure—
property relation is poorly supported. Molecular property
landscapes can differ substantially in roughness, and
greater landscape roughness has been associated with
poorer out-of-sample modellability [10]. A frozen model
can report a prediction and perhaps an uncertainty estimate

example,
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in such a region, but without an update mechanism it
cannot use repeated unlabeled evidence from the emerging
test distribution to reorganize its representation or decision
surface. Whether it should do so is a separate question.
The proposed framework therefore does not treat
adaptivity as an intrinsic advantage. Updating introduces
new failure modes that a frozen model does not possess,
including confirmation bias, sequential dependence, and
forgetting of reliable behavior. A defensible molecular
TTA method must consequently beat a strong frozen
comparator under the same shift while preserving
calibration and behavior on chemistry for which the
original model remains trustworthy. “Cannot correct itself”
should thus be interpreted mechanically, not normatively:
a static predictor lacks inference-time plasticity, but
plasticity is justified only when the available evidence
makes controlled updating preferable to preserving the
original model.

What information is actually available at test time?

The most important constraint on molecular test-time
adaptation is that the true property or bioactivity of a newly
encountered compound is ordinarily unavailable at the
moment adaptation is proposed. What remains available
can nevertheless be richer than a single query structure. A
model may observe the molecular graph or string, valid
stochastic or conformational encodings, distances or
neighborhoods in representation space, predictions from an
ensemble, repeated views of the same molecule, and the
composition of an arriving batch or sequential stream. If
deployment permits retention of source statistics,
prototypes, or model-state summaries, those can supply an
additional reference against which the new distribution is
interpreted.

Uncertainty belongs in this information layer, but it is not
a ground-truth error signal. Comparative molecular studies
show that neural uncertainty methods differ in how
effectively their scores correspond to predictive error,
spatially resolved approaches demonstrate that uncertainty
can sometimes be localized rather than represented only as
one global value, and conformalized molecular prediction
provides a distinct coverage-oriented reliability
construction [11-13]. Together these approaches support
using uncertainty as diagnostic evidence, not as an
unquestioned command to adapt.

The proposed test-time information hierarchy therefore
distinguishes  query-intrinsic ~ evidence, population
evidence, and retained-source evidence. Query-intrinsic
evidence comes from the molecule and the model’s
response to it; population evidence arises when several
unlabeled test compounds reveal a coherent emerging
distribution; retained-source evidence permits explicit
comparison with training-time support. Adaptation should
become more permissive only when the information
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required by the chosen objective is genuinely available.
When it is not, the scientifically appropriate action may
remain frozen prediction, widened uncertainty, or
abstention.

Unsupervised adaptation without new bioactivity labels
Test-time adaptation is meaningful only if the update can
be defined without pretending that experimental labels are
already known. General TTA methodology provides a
family of candidate objectives in which unlabeled target
examples influence model state during inference, including
entropy-related  objectives, valid
transformations, self-supervised prediction, normalization
or feature-statistic updates, and transductive exploitation
of the test distribution [14]. These methods establish
computational possibilities, not direct evidence that any
particular objective improves prospective molecular
prediction.

The information retained from model development
materially changes the problem. Source-free domain
adaptation explicitly addresses cases in which the original
training data are unavailable during adaptation, whereas
support-assisted settings may preserve source examples,
prototypes, sufficient statistics, or other anchors against
which an arriving test distribution can be compared [15].
For molecular deployment this distinction is consequential:
proprietary, computational, privacy
constraints may prevent access to original medicinal-
chemistry data even when the trained predictor remains
deployable. The proposed framework therefore treats
reference-free and support-assisted adaptation as different
operating modes rather than variants that can be evaluated
interchangeably.

Unlabeled updating also creates a circularity that
molecular models cannot ignore. If predictions are
converted into pseudo-labels and then used to train the
same model, initial errors may be reinforced instead of
corrected. Sequential test-time training studies in other
machine-learning domains demonstrate that naive self-
training can suffer confirmation bias as adaptation
proceeds through a shifted stream [16]. This evidence does
not establish the frequency or magnitude of the problem in
medicinal chemistry, but it identifies a credible
methodological hazard. Molecular TTA should therefore
prefer objectives anchored in chemically valid self-
supervision, transformation consistency, test-distribution
structure, or carefully filtered pseudo-labels, and expose
pseudo-label-dependent ~ updates to  independent
uncertainty and stability checks.

consistency under

governance, Or

A molecular test-time adaptation framework

The proposed molecular test-time adaptation framework
begins only after shift is detected or credibly suspected. Its
first operation is diagnosis, not updating: determine
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whether arriving chemistry differs structurally, occupies
poorly supported property regions, changes target or assay
context, or reflects a data-process shift. Unlabeled test
distributions can contain information useful for molecular
OOD prediction [17], while molecular transferability
varies with source—target relatedness rather than data
availability alone [18]. Chemical language models further
show that unlabeled molecular representations encode
reusable structural regularities [19]. These findings support
ingredients for adaptation, not prospective validation of the
integrated framework.

The framework separates three decisions. An eligibility
decision asks whether the shift is coherent and whether
available information can support an unlabeled objective.

A mode decision selects reference-free adaptation when
only the deployed model and target molecules are
available, or support-assisted adaptation when legitimate
source summaries, prototypes, or examples remain
accessible. A safety decision limits what may change and
tests whether post-update behavior remains acceptable. All
three decision rules are proposed here.

Candidate updates may use self-supervised consistency,
target-distribution structure, or filtered pseudo-label
information, but they must compete against retaining the
frozen predictor. Post-update checks determine whether to
retain a restricted adapted state, revert, or abstain. Table 2
organizes the resulting operating distinctions without
treating adaptation as the default outcome.

Table 2. Proposed operating distinctions for molecular test-time adaptation

Decision dimension Reference-free mode

Support-assisted mode

Proposed safety implication

Available evidence Model plus unlabeled target molecules

Target molecules plus retained Never assume unavailable training

source support information

Internal uncertainty, neighborhood

Shift comparison
P structure, stream coherence

Target-to-source comparison
supplements internal signals

More reference evidence may
justify narrower adaptation

Candidate Self-supervision, valid-view consistency,  Same objectives plus source Objective must match available
objective transductive structure anchoring information
.. . Restrict ch: inst B ti t
Update scope Prefer minimal or restricted changes estrict changes against source road up Qa me ne.eds stronger
behavior justification

Failure response Freeze, rollback, or abstain

Re-anchor, restrict, rollback, or

Adaptation is not the default

abstain success state
Recovery Pseudo-labels do not constitute new Retained source labels do not .
. . . . New target labels begin recovery
boundary experimental evidence constitute new target evidence

Note: The distinctions in this table are proposed framework elements rather than validated universal operating rules.

Figure 2 then represents the framework as a conditional
progression in which an eligible update must still pass
uncertainty and stability checks before being retained.
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Preventing pseudo-label drift and self-reinforcing error

A dangerous adaptation failure occurs when an initially
plausible prediction becomes training material for its own
reinforcement. Sequential test-time training in other
domains shows that naive self-training can amplify
confirmation bias [16]. In molecular prediction, that risk is
especially concerning around sparse chemotypes, activity
cliffs, or property extremes, where an erroneous pseudo-
label could reshape the model in the region with weakest
support.

Molecular uncertainty has been used to guide property
prediction and candidate prioritization [20], but it cannot
certify a pseudo-label. The proposed framework therefore
requires pseudo-label-dependent updates to combine
acceptable uncertainty with local or source support,
agreement across valid molecular views or perturbations,
and limited parameter movement. Failure of any criterion
does not prove intrinsic unpredictability; it weakens the
case for updating.

Online TTA benchmarks also show sensitivity to batch
size, stream order, optimization, and stability controls [21].
Molecular deployment should therefore preserve a
recoverable frozen state, compare pre- and post-update
behavior, limit cumulative update magnitude, and rollback
when stability cannot be demonstrated. A successful
update is thus not defined merely by movement of
parameters or increased confidence, but by controlled
improvement without evidence of destabilizing previously
reliable chemistry.

Uncertainty-gated adaptation

Uncertainty should regulate adaptation eligibility rather
than automatically trigger it. Molecular graph models can
estimate multiple uncertainty components, including
epistemic and aleatoric contributions [22]. Such
distinctions are useful because lack of support for a
chemotype differs from noisy measurement, although
uncertainty decomposition does not reveal the true causal
source of error.

Recent molecular analyses also show that common failure
modes can weaken the correspondence between
uncertainty scores and actual errors [23]. The framework
therefore proposes a multi-signal gate in which uncertainty
is considered jointly with structural or representation-space
support, prediction consistency, test-stream coherence, and
retained-source comparison when available. No universal
scalar threshold is assumed.

Low uncertainty should not authorize unrestricted
adaptation under evident shift, and high uncertainty should
not force updating when the model lacks information from
which to learn. The gate may instead narrow the update,
favor the frozen model, increase monitoring, or
recommend abstention. Uncertainty is therefore treated as
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one component of an evidential decision layer rather than
a surrogate for ground truth.

Deciding when not to adapt

A molecular model should not adapt merely because a
compound is distant from its training examples. Distance-
aware prediction shows that location in nonlinear
structure—property space can provide applicability
information [24], but the meaning of distance depends on
representation, endpoint, and local property geometry.
Distance is evidence about support, not a universal cutoff.
The proposed framework identifies three reasons not to
adapt. Information insufficiency occurs when unfamiliarity
is detected but the arriving chemistry offers too little
coherent unlabeled structure for a defensible objective.
Update instability occurs when candidate updates
materially change predictions improving
reliability. Scientific discontinuity occurs when assay
change, activity-cliff behavior, or extreme property
displacement leaves unlabeled evidence unable to resolve
what relation should be learned.

In such states, retaining a calibrated frozen prediction may
be preferable; when even that prediction lacks defensible
support, abstention is preferable to false precision. “Do not
adapt” is therefore an explicit framework outcome rather
than a failure of the adaptive system. This distinction is
important because the objective is reliable inference under
shift, not maximal parameter plasticity.

without

Prospective benchmarks that simulate real chemical shift
Random splitting alone cannot validate molecular TTA.
OOD benchmarking shows that robustness conclusions
depend strongly on how distributional difference is
constructed, prospective industrial ADME studies
demonstrate the value of later-arriving compounds, and
public-to-internal Caco-2 transfer supplies a concrete
external-domain stress test [3, 25, 26]. These regimes
answer complementary questions rather than forming one
benchmark hierarchy.

The proposed evaluation architecture separates scaffold
shift, property-support extrapolation, target or assay
transfer, temporal evolution, external organizational shift,
and sequential stream effects. Every adaptive model should
be compared with the frozen predictor and a strong
training-time robustness method. Evaluation should
examine task performance together with calibration,
uncertainty—error association, abstention behavior, update
stability, degradation on previously reliable chemistry,
stream-order sensitivity, and update burden.

Table 3 organizes the principal benchmark dimensions
without implying that any one split reproduces prospective
discovery.
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Table 3. Proposed benchmark dimensions for molecular adaptation under realistic shift

Shift dimension Benchmark construction

Required comparator or

Primary question safeguard

Hold out coherent chemotypes or

Can the method handle structural

Frozen model plus strong OOD-

Scaffold structural families displacement? trained baseline
Test sparsely represented response Does adaptation help beyond Assess predictive error and
P t t . o
roperty suppor regions observed target support? calibration together
Separate biological or measurement  Does structure—label information Preserve assay and target
Target/assay . .
contexts transport? interpretation
Train earlier and evaluate later Can the method tolerate evolving
Temporal . . Preserve chronology
arrivals chemistry?

External/internal Separate organizational data sources

Does adaptation survive operational

Document curation and

change? measurement differences

Present shifted compounds in

Sequential stream L
q realistic order

Does updating accumulate benefit or

Test batch size, order sensitivity,

drift? and rollback

Note: These dimensions constitute a proposed combined validation architecture; they do not represent validated universal benchmark requirements or

performance thresholds.

Model recovery after encountering novel chemical space
Test-time adaptation should end when its information
assumptions end. Atomic uncertainty methods show that
molecular failures can sometimes be localized to critical
structural regions rather than represented only by global
confidence [27]. Localization can identify where a
deployed model struggles, but it does not determine which
update will repair the problem or whether unlabeled
information is sufficient.
Once new experimental labels or reliable oracle
evaluations are obtained, the methodological problem
changes. Closed-loop active learning demonstrates that
new molecular evaluations can update predictive models
and guide search beyond the initially characterized region
[28]. This supports a distinct recovery phase in which data
acquisition, model redevelopment, and deeper retraining
become legitimate.

The proposed framework therefore separates reversible,
label-free adaptation from label-acquiring recovery.
Blurring the two would allow pseudo-labels to masquerade
as experimental evidence and would make claimed
recovery difficult to interpret. Recovery is not a more
aggressive form of TTA; it is a transition to a different
evidence regime in which newly measured target
information can legitimately alter the learned structure—
property relationship.

Deployment risks and boundaries

Deployment risk begins with misidentifying the source of
shift. Activity cliffs can undermine similarity-based
reasoning [8], conformal uncertainty depends on
assumptions that may become fragile under distribution
change [13], and online adaptation can depend on test-
stream composition and ordering [21]. A safe system must
therefore distinguish chemical novelty, measurement
change, calibration failure, and prediction error rather than
collapse them into one OOD score.

Molecular uncertainty itself can be unreliable in difficult
regimes [23]. The proposed gate consequently requires
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endpoint- and representation-specific stress testing rather
than assuming that one calibrated confidence score
transports across targets, assays, model architectures, or
changing chemical programs. Prospective industrial
validation remains important because retrospective results
may not capture evolving chemistry [25], while external
transfer illustrates how assay and organizational
differences can create additional applicability questions
[26].

The framework is not a claim of discovery effectiveness.
Successful adaptation on a shifted benchmark would not
establish target engagement, pharmacological mechanism,
in-vivo exposure, therapeutic benefit, or regulatory
acceptability. When unlabeled evidence remains
inadequate, crossing into label-acquiring recovery is more
defensible than continuing uncontrolled adaptation [28].
The deployment boundary is therefore both computational
and scientific: a model should know not only when its
statistical environment has changed, but when available
evidence is insufficient to justify altering its own behavior.

Limitations

This framework has several important limitations. First, its
adaptation logic is synthesized from molecular OOD,
uncertainty, transferability, prospective-validation, and
general test-time adaptation evidence rather than from a
prospective medicinal-chemistry trial of the integrated
architecture. The proposed gates, update restrictions,
rollback rules, and operating modes therefore remain
hypotheses to be tested rather than established
performance-improving procedures.

Second, “distribution shift” can conceal heterogenecous
causes. Structural novelty, assay drift, target change,
temporal portfolio evolution, label noise, and property-
landscape discontinuity may generate similar diagnostic
signals while requiring different responses. The framework
can organize these possibilities but cannot infer their causal
origin from unlabeled molecules alone. Third, its
usefulness depends on what is available during
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deployment: single-query inference provides less
population evidence than coherent batches or streams,
while source-free settings remove potentially valuable
anchors.

Finally, uncertainty, distance, and prediction consistency
are model-dependent proxies
measures of epistemic adequacy. A system could therefore
adapt confidently and still move in the wrong direction.
Prospective testing must treat nonadaptation, rollback, and
abstention as legitimate outcomes rather than failures to
use the framework.

rather than universal

CONCLUSION

Molecular prediction increasingly operates where
inference chemistry does not remain stationary. The
framework developed here treats this neither as a mandate
for continuous retraining nor as a reason to accept frozen
predictions uncritically. It proposes that a model
characterize the shift, identify what information is
genuinely available, decide whether that information
supports a bounded unlabeled update, and preserve the
option to remain frozen, rollback, or abstain.

The central distinction is between detecting that the world
has changed and possessing evidence sufficient to change
the model safely. Uncertainty, chemical support, test-
stream structure, retained source information, and update
stability contribute different evidence and should not be
collapsed into one confidence score. Label-free adaptation
must also remain separate from recovery after new
experimental measurements become available.

The framework therefore defines a validation agenda
rather than an implementation claim. Its value depends on
prospective testing across structural, property, target,
assay, temporal, and operational shifts with strong frozen
comparators and explicit monitoring of calibration, drift,
and abstention.
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