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ABSTRACT

Molecular pharmacology spans a temporal range that extends from femtosecond-scale bond and electronic
motions to clinical-scale patterns of exposure, efficacy, and failure. The central difficulty is not merely
computational cost. It is the absence of a disciplined architecture for deciding when information obtained at one
scale can legitimately constrain claims at another. This article proposes the Temporal-Mechanistic Translation
Architecture, an original conceptual synthesis that connects molecular motion, metastable conformational
ensembles, kinetic transitions, residence time, allosteric communication, signalling, and systems-level functional
response. The architecture is organized as six linked layers separated by explicit validation gates. Each gate
specifies the evidence required to move from one inferential level to the next and prevents thermodynamic, kinetic,
structural, functional, and translational quantities from being treated as interchangeable. The framework
introduces three governing principles: adjacent-scale validation, bidirectional consistency, and decision-
bounded interpretation. It further derives testable propositions concerning state definition, kinetic bottlenecks,
residence-time surrogates, allosteric transmission, functional coupling, and exposure-dependent response.
Validation is treated as a staged process requiring trajectory stability, kinetic reproducibility, orthogonal
experimental constraint, perturbational testing, identifiability analysis, and prospective decision evaluation. The
architecture does not claim that atomistic simulation can independently predict pharmacological outcomes, nor
does it imply clinical, regulatory, or deployment readiness. Its intended contribution is to organize mechanistic
reasoning, expose hidden assumptions, identify failure points, and define the evidence needed before a cross-
scale explanation can be treated as decision-relevant.
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INTRODUCTION

Molecular dynamics simulation has become a central instrument for examining protein flexibility, ligand
recognition, solvent organization, and conformational change. Its value lies in representing molecular systems as
time-dependent ensembles rather than static structures. Yet atomistic trajectories are not direct recordings of
pharmacological action. They are model-based realizations generated under a specified force field, solvent model,
boundary condition, and sampling protocol, and they therefore require interpretation at the levels of both statistical
mechanics and biological function [1].
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A second source of conceptual error arises when equilibrium affinity, free energy, association rate, dissociation
rate, and residence time are treated as interchangeable descriptions of binding. These quantities answer different
questions. Affinity describes an equilibrium relationship; free-energy calculations estimate thermodynamic
differences; association and dissociation rates describe kinetic paths; and residence time is the inverse of
dissociation rate only within the assumptions of the kinetic model used. A pharmacological explanation that
substitutes one of these quantities for another risks collapsing distinct mechanisms into a single, misleading metric
[2].

The need for a new conceptual contribution follows from the fact that molecular simulation, binding kinetics, and
protein flexibility each describe complementary but incomplete parts of drug action. Molecular dynamics clarifies
possible motions, kinetic models organize transitions, and conformational flexibility can modulate both
thermodynamic and kinetic barriers, but none alone establishes downstream functional or pharmacological
consequence [1-3]. This article therefore proposes the Temporal-Mechanistic Translation Architecture (TMTA),
an original, non-empirical synthesis for connecting microscopic dynamics to residence time, allostery, signalling,
and functional response. The TMTA is not presented as a validated predictive model. It is a reasoning architecture
that specifies permissible inferences, required validation evidence, and decision boundaries across scales.

The temporal-scale mismatch in molecular pharmacology

The temporal-scale mismatch is often described as a gap between short simulations and slow biological events,
but duration alone is not the decisive issue. The more fundamental problem is representational: rapid coordinates
must be transformed into states and transitions that retain information relevant to slower observables. Markov
state models offer one route by partitioning configuration space into metastable states and estimating transition
probabilities at a selected lag time. Their scientific use depends on state adequacy, timescale separation, and
validation of approximate Markovian behavior rather than on aggregate trajectory duration alone [4].

This distinction is important because rare binding or association events may be reconstructed from many
distributed trajectories even when no single trajectory spans the full experimental timescale. Atomic-detail
simulations combined with kinetic modeling have demonstrated that encounter complexes, alternative paths, and
rate-limiting steps can be organized into a coherent association mechanism. However, such reconstructions remain
conditional on the force field, sampling strategy, and state decomposition used to estimate the kinetic network
[5].

Adaptive and distributed sampling can further extend kinetic inference into regimes far beyond the length of
individual trajectories. The relevant achievement is not that simulation “reaches” seconds in a literal sense, but
that many short observations are assembled into a model of slow transitions. The distinction between aggregate
sampling and uninterrupted dynamics must therefore remain explicit. Long aggregate time does not remove
uncertainty in state definitions, hidden barriers, or kinetic model form [6]. Within the TMTA, this mismatch is
handled by the adjacent-scale validation principle: information may move from one scale to the next only when a
defined observable links the two and when the uncertainty introduced by coarse-graining is reported rather than
silently discarded.

Molecular motions, metastable states, and kinetic transitions

The microscopic layer of the TMTA begins with molecular motion but does not end there. Motion refers to time-
dependent coordinate change; a conformational ensemble is a probability distribution over accessible
configurations; a metastable state is a region with relatively rapid internal relaxation and slower escape; and a
kinetic transition is a probabilistic passage between such states. Deep variational approaches can learn metastable
representations and transition structure directly from trajectories, thereby reducing dependence on hand-selected
coordinates. Their output nevertheless remains an operational model of kinetics rather than a unique physical
partition of the molecule [7].

Slow collective variables provide a bridge between high-dimensional motion and interpretable kinetic
organization. Time-lagged autoencoders identify coordinates that retain slowly decorrelating information, which
can be useful for exposing conformational modes missed by geometric intuition. Yet a slowly varying coordinate
is not automatically causal, mechanistically sufficient, or pharmacologically relevant. It may correlate with a
transition while omitting the actual barrier-crossing degree of freedom or a solvent-mediated contribution [8].
Reaction-coordinate construction is therefore treated in the TMTA as a constrained inference problem. A useful
coordinate should preserve information about both thermodynamic organization and kinetic progression, while
remaining testable against alternative representations. Methods that jointly consider past and future information
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illustrate how a latent variable can be optimized to capture slow transitions and free-energy structure [9]. The
operational distinctions used throughout the proposed architecture are summarized in Table 1.

Table 1. Definitions, components, relationships, and intended uses in Connecting Femtosecond Motions to
Pharmacological Outcomes through a Multiscale.

Operational Scale Relationship within the Prohibited  Evidence
Construct . . Intended use .
definition represented proposed architecture inference anchor
Time-dependent
coordinate Identify A trajectory is
Molecular fluctuations ~ Femtoseconds Supplies raw dynamical candidate local  not a direct
motion generated under an to observations to the rearrangements observation of [1]
i .. .
explicit nanoseconds ensemble layer and solvent- pharmacological
Hamiltonian and coupled motions effect
simulation protocol
- . Dominant
Probability- Compare ligand- .
. . . L . simulated
. weighted set of  Picoseconds Organizes motions into , mutation-, or .
Conformational . . . population does
accessible to populations rather thana environment- . [3]
ensemble o . not establish the
molecular milliseconds single structure dependent . .
. . . biologically
configurations population shifts .
dominant state
. . Estimate State boundaries
Operational region .
. . Nanoseconds . populations, are not assumed
with faster internal Defines coarse-grained .
Metastable state . . . exchange paths, to be unique or [4]
relaxation than e nodes for kinetic modeling
milliseconds and state observer-
escape o .
lifetimes independent
Reduced coordinate L
.. . . . Reduce Slow variation
. retaining slowly Provides a candidate axis . . .
Slow collective . System- . dimensionality does not
X decorrelating for state discovery or . [8]
variable . dependent ; and expose slow establish causal
dynamical enhanced sampling
. . modes control
information
Variable or low- . . Define sampling A convenient
. . . Barrier- Links free-energy . . . .
Reaction dimensional set . . ... bias, committor- coordinate is not
. . crossing  organization to transition . [9]
coordinate intended to track . - like tests, or presumed
.. timescales likelihood L .
transition progress kinetic analysis complete
S Compare Aggregate
L Probabilistic . .p g.g g. .

Kinetic representation of Microseconds Converts sampled mechanisms and sampling time is
transition P to seconds  trajectories into rates or  generate rate- not equivalent [5]
movement among " . . .

model states and beyond transition probabilities linked to continuous
hypotheses physical time
. Rank kinetic . .
Representation of Residence time
. L . hypotheses or .
. . dissociation Receives pathway and . is not
Residence-time . . Seconds to . . estimate .
kinetics and the barrier information from . . interchangeable [2]
layer . hours . . dissociation . .
persistence of microscopic layers . with affinity or
target engagement behavior under efficac
g gae calibration Y
Representation of
how perturbations . .
. L. . Connects local binding Generate Statistical
Allosteric- redistribute Microseconds . . .
. . . events to distal perturbation-  coupling is not
propagation structural, dynamic, to functional . . [7]
. . conformational testable couplingtreated as causal
layer or population timescales .
. . consequences hypotheses transmission
relationships across
a protein
Context-dependent
. Structural
. . mapping from Define pathway-
Signalling and . Connects molecular state . change alone
. conformational Seconds to specific tests and
functional- occupancy to cellular . does not [3]
states and partner days functional .
response layer . . output establish
interactions to observables . .
signalling

pathway activity
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magnitude or
phenotype

Explicit statement .
P Support bounded No architecture

.. of the drug- . Constrains which outputs R . Proposed
Decision- . Project- prioritization, output is treated
discovery or target- are relevant and what . .. TMTA
context layer dependent e . not universal  as clinical or
assessment validation is sufficient .. construct
. prediction  regulatory proof
question

Note: Evidence anchors support the established concepts in each row. The layer structure, permitted-inference rules, and decision boundaries
are original proposed elements of the TMTA. The table contains no validated thresholds, rankings, or effect estimates.

Architecture connecting microscopic dynamics to residence time
The residence-time component of the TMTA is designed as a translation layer rather than a single computational
method. Accelerated unbinding approaches can generate ensembles of exit paths and may support calibrated
estimation or ranking of residence behavior, provided that pathway diversity, perturbation strength, and
comparison to kinetic experiments are explicit [10]. The required inferential bridges between ultrafast molecular
motion and pharmacological response are organized in Figure 1.
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Figure 1. Temporal Bridge from Femtosecond Molecular Motion to Clinical-Scale Drug Response

Relative residence-time estimation illustrates why the layer must distinguish between observable, surrogate, and
decision claim. Ensemble steered simulations can produce descriptors that correlate with relative residence
behavior, but the work required to force an unbinding event is not itself the physical dissociation time. The TMTA
therefore requires every computational residence-time claim to specify whether it concerns absolute rate
estimation, rank ordering, pathway classification, or mechanistic explanation [11].

Biased pathway methods add a second route by accelerating escape and comparing the organization of unbinding
barriers among ligands. Their utility depends on collective-variable adequacy, reweighting assumptions, and the
degree to which the biased path preserves the relevant transition mechanism [12]. The proposed architecture
therefore separates three outputs: a pathway hypothesis, a kinetic surrogate, and a decision claim. Progression
from one to the next requires independent evidence. A pathway hypothesis may be supported by repeated exit
routes; a kinetic surrogate requires calibration against measured kinetics; and a decision claim requires evidence
that the kinetic difference matters in the biological and exposure context of interest.

Propagation of allosteric information across protein structures

Allostery is incorporated into the TMTA as an ensemble-level phenomenon rather than a mandatory physical
pathway connecting two sites. Contemporary accounts encompass population shifts, altered fluctuations, network
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reorganization, structural relays, and changes in energetic coupling. These mechanisms are not mutually
exclusive, and different representations may be appropriate for different proteins or perturbations [13]. The
architecture therefore avoids defining allostery solely as a visible conformational displacement.
Trajectory-derived interaction networks can identify long-range couplings that are difficult to infer from static
structure. Neural relational approaches, for example, can learn residue relationships from simulation data and
generate hypotheses about dynamic communication across a protein [ 14]. In the TMTA, such edges are classified
as candidate couplings until they survive perturbational testing. A strong statistical dependency may reflect a
common driver, an omitted solvent variable, or geometric constraint rather than directional information transfer.
Experimental observations of ligand-specific flexibility changes support the possibility that distal regulation can
occur with limited change in the average structure. In the lac repressor, altered conformational flexibility has been
linked to long-range allosteric behavior, illustrating how dynamic redistribution can mediate function without a
single rigid pathway [15]. The proposed allosteric layer therefore contains three competing explanatory modes:
population redistribution, network-mediated coupling, and state-dependent mechanical propagation. These modes
can coexist, but the manuscript does not treat any as universally dominant. Their relative credibility depends on
whether mutations, ligand substitutions, spectroscopic observables, or other perturbations discriminate among
them.

Linking conformational change to signalling and functional response

The next inferential step concerns how conformational change becomes signalling. GPCR research shows why
this mapping cannot be reduced to a binary active-versus-inactive switch. Receptors occupy ensembles whose
populations depend on ligand, membrane environment, intracellular partner, and post-translational state. Distinct
conformational features may preferentially support different signalling partners or pathway outputs [16]. The
TMTA therefore treats functional response as a conditional mapping from state occupancy to partner engagement,
not as an intrinsic label attached to one structure.

Mechanistic studies of arrestin activation illustrate how specific receptor contacts can stabilize functionally
important partner conformations. Molecular simulation can help identify candidate interaction sequences, while
biochemical and structural experiments test whether those contacts are required for activation [17]. Within the
architecture, such evidence supports an interaction-to-competence claim: a molecular configuration can be linked
to the ability to engage or activate a signalling partner. It does not yet establish whole-cell response magnitude,
pathway duration, or organism-level effect.

Combinatorial phosphorylation patterns further demonstrate that functional translation depends on molecular
context. Distinct receptor modification patterns can tune arrestin conformation and alter downstream signalling
behavior [18]. This supports a layered view in which binding state, modification state, partner state, and cellular
context jointly shape response. A conformational change is therefore treated as functionally meaningful only when
an orthogonal observable establishes a link to partner engagement or pathway activity. The TMTA expressly
prohibits direct inference from a simulated state population to a clinical outcome.

Multiscale integration of simulation, kinetics, and systems pharmacology

Residence time enters pharmacology through several pathways rather than a single linear mechanism. It can
influence the persistence of target occupancy, interact with pharmacokinetic exposure, and matter differently
depending on target turnover, rebinding, compartmentalization, and vulnerability. Experimental work examining
in vivo occupancy shows that residence time can affect target engagement through multiple routes, but it does not
independently determine efficacy [19]. The TMTA therefore rejects residence time as a universal optimization
objective.

Quantitative systems pharmacology provides a natural upper layer for integrating exposure, target engagement,
pathway response, and disease context. Its relevance lies not in replacing molecular detail but in determining
whether a microscopic difference can propagate under realistic concentrations, temporal patterns, feedback loops,
and biological constraints [20]. In the proposed architecture, molecular parameters enter a systems model only
when their uncertainty, identifiability, and intended decision role are specified. The resulting system-level output
is treated as a conditional projection, not as an automatic consequence of the molecular model.

Cross-scale integration also requires interoperable definitions of parameters, observables, noise models, and
estimation problems. Formal specifications for parameter estimation help separate biological assumptions from
implementation choices and make model—data relationships auditable [21]. The TMTA adopts this principle
through a translation contract for every layer interface. Each contract records the incoming variable, its units and
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uncertainty, the transformation applied, the observable used for validation, and the decision that the output is
permitted to inform. This contract is a proposed governance device rather than a validated technical standard.

Validation criteria across temporal and biological scales

Validation in the TMTA is staged and scale-specific. Independent replicas are required because stochastic
trajectories can support apparently stable conclusions that disappear when variability is properly sampled [22].
The complete proposed architecture and its validation gates are presented in Figure 2.

Multiscale Architecture Linking Residence Time, Allostery, and Function
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Figure 2. Multiscale Architecture Linking Residence Time, Allostery, and Function

Implementation reproducibility forms a second validation gate. Agreement across simulation engines or
workflows is meaningful only when force fields, protonation states, initial conditions, algorithms, restraint
definitions, and analysis conventions are harmonized. Cross-software studies of free-energy calculations show
that nominally similar methods can diverge when these details are not controlled [23]. Reproducibility is therefore
necessary but not sufficient: two implementations may agree while sharing the same incorrect physical
assumption. The propositions and validation requirements derived from the architecture are specified in Table 2.

Table 2. Testable propositions, evidence requirements, and validation criteria for Connecting Femtosecond
Motions to Pharmacological Outcomes through a Multiscale.
Required Required

Proposed Observable Failure Decision  Evidence

Proposition i . . L. computationa experimental or .
relationship  prediction . . criterion boundary  anchor
l evidence cross-scale evidence
Implied
A useful . Replicate L
timescales and . P . Kinetic State models
metastable-state trajectories, . .
state Orthogonal conclusions may organize
model . state .
populations e conformational or change  hypotheses but
P1: State preserves the . sensitivity .. .
remain stable . kinetic observables  materially cannot support  [4]
adequacy slow processes analysis, .. . .
across - sensitive to the  under plausible rate claims

relevant to the . transition- .

. .. defensible lag proposed states state without

intended kinetic . model .. .

. times and state . . definitions stability
claim . diagnostics
resolutions
P2: Reaction- A reaction Alternative ~ Committor- Perturbations Coordinate- Enhanced

coordinate coordinate coordinate  related tests, expected to alter the dependent sampling [9]
sufficiency  adequate for sets yield  reweighting  proposed barrier mechanism supports
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mechanistic consistent checks, change measured with no mechanism
interpretation barrier ~ hidden-barrier kinetics discriminating only within
captures ordering and analysis evidence validated
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merely slow
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A
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. . prospective treated as
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ping ligand .
becomes . Correlation
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. only when . . perturbation coupling
coupling alter the models and biochemical, or . . [14]
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Note: The propositions, validation ladder, failure criteria, and decision boundaries are original proposed elements of the TMTA. Evidence
anchors support the methodological basis for each proposition. No universal numerical cutoffs, validation scores, or regulatory thresholds are

asserted.
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The strongest validation claim requires convergence of three distinct forms of evidence: replicate stability,
implementation reproducibility, and orthogonal experimental constraint [22-24]. Augmented kinetic models
demonstrate how experimental observations can be incorporated into simulation-based state models rather than
used only as retrospective decoration [24]. The TMTA extends this logic by requiring that validation data test an
aspect of the model not exhausted by calibration. Agreement with fitted observables is model consistency;
successful prediction of a withheld perturbation is stronger mechanistic evidence; and successful prospective use
in a defined decision is a separate level of readiness.

Uncertainty, non-identifiability, and competing mechanistic explanations

A multiscale model can fit observed data while leaving its internal mechanism unresolved. Structural non-
identifiability arises when distinct parameter combinations produce identical outputs even with ideal data, whereas
practical non-identifiability arises when available data are too noisy or uninformative to determine parameters
precisely [25]. These problems are especially important when molecular parameters are passed into larger systems
models, because apparent precision at one layer can conceal ambiguity inherited from another.

Representation learning introduces a related uncertainty. Time-lagged latent variables may identify useful slow
modes, but their performance can deteriorate in nonlinear, degenerate, or poorly sampled systems [26]. The
TMTA therefore requires comparison of alternative state spaces and reaction coordinates before a learned
representation is interpreted mechanistically. If multiple latent descriptions reproduce the same kinetics but imply
different physical explanations, the correct conclusion is non-identifiability, not confidence.

Force-field uncertainty creates a further class of competing explanation. A change in simulated population or
transition barrier may reflect actual molecular physics, inadequate sampling, or limitations in the potential energy
model. Work aimed at balancing folded and disordered protein states demonstrates how force-field design can
reshape conformational ensembles [27]. The architecture therefore separates sampling uncertainty, representation
uncertainty, parameter uncertainty, and model-form uncertainty. These categories are propagated independently
wherever possible, because increasing sampling cannot correct a systematically biased Hamiltonian, and
improving a force field cannot compensate for a non-identifiable systems model.

Application scenarios in lead optimization and target assessment

The TMTA is intended for bounded use in lead optimization when a target-specific kinetic hypothesis exists.
Industry experience with residence-time programs indicates that kinetic optimization is most useful when
connected to target biology, assay design, exposure, and a clearly defined decision objective [28]. The architecture
therefore begins each application with a decision statement such as: “Does modification of this exit-path
interaction produce a kinetically persistent and biologically relevant increase in target engagement under the
intended exposure profile?” It does not begin with the generic instruction to maximize residence time.

A second use case concerns target assessment and kinetic selectivity. Broad surveys of kinase binding kinetics
show that compounds with similar equilibrium potency can display substantially different kinetic profiles across
related targets [29]. This creates a plausible role for simulation in generating hypotheses about why a compound
dissociates slowly from one target and rapidly from another. The decision boundary remains strict: computational
differences must be tested with direct kinetic assays, and kinetic selectivity must be evaluated in relevant cellular
and exposure contexts before it is linked to therapeutic selectivity.

A third use case is negative decision support. The TMTA can justify stopping a mechanistic line of inquiry when
the required bridge cannot be validated. Examples include a residence-time surrogate that fails prospectively, an
allosteric network that does not survive perturbation, a systems model whose key parameters remain non-
identifiable, or a functional response that is not robust across cellular context. In this sense, the architecture is not
only a route for connecting scales; it is also a formal method for preventing unsupported connection.

Limitations and research priorities

The first limitation is that enhanced sampling does not eliminate the dependence of free-energy and kinetic
interpretation on collective variables, reweighting assumptions, and convergence diagnostics [30]. Hidden barriers
may remain unsampled, and apparent convergence along a selected coordinate may coexist with unresolved
orthogonal motion. The TMTA therefore cannot guarantee that a simulated landscape is complete. It can only
require explicit diagnostics, alternative coordinates, and boundary statements that restrict the inference.

Future progress depends jointly on better exploration of complex landscapes and more transferable physical
representations, but neither advance alone guarantees pharmacological prediction [30, 31]. Emerging learned
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potentials may improve energetic accuracy and extend the feasible scale of atomistic simulation, yet their
transferability across proteins, ligands, protonation states, and chemical environments must be established
independently [31]. Kinetic fidelity is an especially important research priority because small energetic errors can
produce large changes in rare-event rates.

A broader limitation is that the architecture remains conceptual. Its modules, translation contracts, validation
gates, and propositions require empirical testing across diverse targets and decision contexts. Priority studies
should prospectively compare alternative state models, kinetic surrogates, and allosteric explanations; propagate
uncertainty into target-occupancy and systems models; and assess whether architecture-guided decisions
outperform simpler baselines. Even successful evaluation would not imply universal validity. Qualification would
remain specific to the target class, assay system, exposure regime, and decision question examined.

CONCLUSION

The central challenge in connecting molecular dynamics to pharmacological outcome is not the existence of many
timescales alone. It is the temptation to treat evidence from one scale as sufficient for another. The proposed
Temporal-Mechanistic Translation Architecture addresses this problem by separating molecular motion,
conformational ensembles, kinetic transitions, residence time, allosteric propagation, signalling, and systems-
level response into linked but non-interchangeable layers.

Three principles govern the architecture: every cross-scale step requires adjacent-scale validation, every
mechanistic explanation must remain consistent in both upward and downward directions, and every output must
be bounded by a specific decision context. These principles convert a broad multiscale ambition into a set of
falsifiable propositions, explicit translation contracts, and defined stopping rules.

The architecture is an original conceptual synthesis rather than a validated predictive system. Its value lies in
clarifying what would have to be true before femtosecond-scale motions could support claims about residence
time, allostery, function, or pharmacological response. By making uncertainty, non-identifiability, and competing
explanations visible, it provides a disciplined basis for future computational-experimental programs while
preventing plausible molecular narratives from being mistaken for established pharmacology.
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