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Abstract

Machine learning interatomic potentials now enable molecular dynamics simulations with near-density-functional-
theory accuracy at scales inaccessible to conventional quantum methods. Yet most remain fundamentally static: once
trained, they are deployed without adaptation, even as simulations enter configurations outside the original training
distribution. Although self-consistency ensures that predicted forces remain exact derivatives of the learned energy
surface, it guarantees only internal coherence, not fidelity to the true reference landscape. As a result, small local
errors can accumulate into substantial long-timescale drift. This paper proposes a conceptual framework for error-
correcting machine learning potentials based on on-the-fly residual learning. The architecture combines a self-
consistent base predictor with an error detector, a lightweight residual corrector, an online updater, and a memory
manager. Embedded directly within the molecular dynamics loop, these components enable the system to identify
unreliable predictions, apply immediate corrections, selectively request sparse density-functional-theory labels, and
retain corrective knowledge during continuous adaptation. By shifting from static deployment to simulation-aware error
correction, the framework addresses the central limitations of extrapolation failure and accumulated drift. It therefore
outlines a path toward adaptive machine learning potentials capable of sustaining reliable long-timescale materials
simulations with controlled computational overhead.
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Introduction

Machine learning potentials have revolutionized molecular dynamics. Zhang et al. [1] introduced Deep Potential Molecular
Dynamics, a scalable model that achieves the accuracy of quantum mechanics while enabling simulations of systems
containing thousands of atoms [2]. Batzner et al. [3] later demonstrated that E(3)-equivariant graph neural networks can
reach comparable accuracy with far fewer training data. Bartok et al. [4] showed how Gaussian process regression can
unify the modeling of materials and molecules within a single framework. These and related advances [5-10] have made it
possible to study phase transitions, defect dynamics, and reaction pathways that were previously intractable.

Yet all such models share a fundamental limitation: they are static. Once trained on an initial density-functional-theory
dataset, they are deployed forever without further adaptation [11-13]. During long molecular dynamics simulations, errors
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that are negligible on short timescales accumulate and cause the trajectory to drift away from the true quantum-
mechanical behavior [14-16]. The community has long relied on self-consistency—ensuring that forces are exact
derivatives of the predicted energy—as the primary safeguard against unphysical behavior [1, 3]. Self-consistency
guarantees energy conservation in the NVE ensemble and satisfies basic physical plausibility constraints. It is necessary.
It is not sulfficient [17].

Table 1 distinguishes the properties that self-consistency secures from the additional capabilities required for a machine
learning potential to remain externally correct, error-detectable, and corrigible during long-timescale molecular dynamics.

Table 1. Analytical Separation of Internal Consistency, External Correctness, Detectability, and Corrigibility in Machine

Learning Potentials

Analytical What it means in Satisfied by a Why it matters for Failure if absent Framework
dimension this manuscript conventional long-timescale MD component
self-consistent that
ML potential? addresses it
Internal Forces are exact Yes Preserves Integration remains Base predictor
consistency analytical derivatives conservative stable but may still
of the predicted dynamics and follow the wrong
energy surface prevents unphysical  energy landscape
numerical energy drift
External Predicted No Determines whether Trajectory can Residual
correctness energy/force conserved dynamics conserve a corrector plus
landscape remains are physically systematically sparse
close to the meaningful rather shifted or distorted reference
reference quantum- than merely surface updating
mechanical surface mathematically
coherent
Error System can No Prevents silent Model remains Error detector
detectability recognize when extrapolation into confidently wrong
current predictions unsafe regions of with no trigger for
are likely unreliable configuration space intervention
Immediate System can repair No Limits error Small force errors Residual
corrigibility an unreliable accumulation before it  accumulate into corrector
prediction during the propagates over positional and
same simulation many time steps thermodynamic
stage drift
Adaptive System can No Keeps DFT cost Either excessive  Online updater
reference selectively request sparse while DFT expense or
acquisition new high-fidelity expanding trust only uncorrected
labels when where needed extrapolation
uncertainty remains persists
unresolved
Knowledge New corrections do No Supports stable Catastrophic Memory
retention not erase earlier performance across forgetting degrades manager

under

useful corrections

recurring motifs and
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updates configuration space  corrected behavior
Long- Accuracy remains No Aligns evaluation with ~ Static benchmark Full five-
timescale acceptable across actual materials- success masks component
reliability nanosecond-to- simulation use cases deployment failure  architecture

microsecond
trajectories, not just
at isolated
configurations

A self-consistent model can still be precisely wrong. Its energy surface may possess the correct local curvature A self-
consistent model can still be precisely wrong. Its energy surface may possess the correct local curvature everywhere
(hence forces match the derivative) while remaining globally offset from the true surface by a constant or slowly varying
shift [17-19]. The simulation appears energetically stable yet evolves on an incorrect landscape. Worse, when the system
explores atomic configurations far from the original training distribution, the model must extrapolate [4, 5, 13]. No amount
of internal consistency can detect or repair the resulting inaccuracies [15, 20].

This paper therefore proposes a conceptual framework for error-correcting machine learning potentials that employ on-
the-fly residual learning. The framework treats error correction as an intrinsic, continuously operating part of the
simulation loop rather than a post hoc retraining step [11, 13, 17]. It builds directly on established foundations: the
scalable base predictors of Zhang et al. [1], the uncertainty-aware active-learning protocols of Jinnouchi et al. [12, 14] and
Vandermause et al. [15], the residual-correction ideas explored in recent work on error-aware force fields [17], and the on-
the-fly generation strategies reviewed by Deringer et al. [5] and Unke et al. [6].

The central insight is that residual learning—training a lightweight model to predict the difference between the base
predictor and the true reference—can be performed incrementally during the simulation itself [17, 21, 22]. By coupling this
residual corrector with a fast error detector and a memory-efficient online updater [11, 12, 23], the potential becomes
capable of detecting its own mistakes, repairing them in real time, and continuously improving its accuracy as the
simulation proceeds. The framework is deliberately model-agnostic: any self-consistent base predictor (DeepMD [1],
NequlP [3], or Gaussian-process-based potentials [4, 5]) can serve as the foundation. The additional components add
only modest overhead while delivering the missing capability of lifelong adaptation.

The remainder of this article develops the framework in detail. Section 2 explains why self-consistency, although
essential, cannot solve the drift and extrapolation problems [17, 18]. Section 3 defines the five core components and their
information flows. Section 4 presents the operational protocol that governs on-the-fly residual learning [11, 14]. Section 5
articulates seven operational principles required for practical deployment in production molecular dynamics workflows.
Together these sections provide a complete conceptual blueprint for constructing the next generation of truly adaptive
machine learning potentials.

Why Self-Consistency is Not Enough

Self-consistency in machine learning potentials means that the force on each atom is obtained as the negative gradient of
the predicted total energy with respect to atomic positions [1, 3]. This property delivers three critical benefits. First, it
ensures that the forces are conservative, eliminating spurious energy creation or destruction during integration of the
equations of motion. Second, it guarantees perfect energy conservation in microcanonical (NVE) simulations, allowing
long trajectories without artificial thermostatting artifacts. Third, it satisfies fundamental physical requirements such as
translational and rotational invariance when the underlying architecture is properly designed [1, 3, 24].

These advantages explain why nearly every modern potential—from Deep Potential Molecular Dynamics [1] to
equivariant graph networks [3]—enforces self-consistency by construction. Yet self-consistency addresses only the
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internal mathematical structure of the model. It provides no information about how closely the predicted energy surface
matches the true quantum-mechanical surface [6, 17, 19]. A model can be perfectly self-consistent while still being
systematically inaccurate [13, 17].

Consider a hypothetical but realistic scenario. The base predictor learns an energy surface whose local curvature (second
derivatives) matches the reference Hessian everywhere within the training domain. Forces therefore equal the analytic
gradient. During a long simulation, however, the surface sits 0.1 eV/atom above the true surface. Every force evaluation is
correct relative to the model's own energy, yet the entire trajectory evolves on a parallel but offset landscape. The
simulation conserves energy perfectly; it simply conserves the wrong energy. Self-consistency checks pass, yet the
physics is incorrect [17, 18].

Even when the average offset is small, local force errors of only 0.01 eV/A—well below typical training tolerances—
accumulate over nanosecond timescales [14, 16]. The resulting positional drift can exceed several angstroms, rendering
free-energy calculations or diffusion coefficients meaningless. Self-consistency offers no protection against this gradual
divergence because it contains no external reference [17].

The extrapolation problem compounds the issue. Molecular dynamics inevitably drives the system into configurations
distant from the original training set. Bartok et al. [4] demonstrated that even sophisticated kernels struggle when the
system leaves the convex hull of the training data. Jinnouchi et al. [12, 14] and Vandermause et al. [15] showed that on-
the-fly active learning can mitigate this by adding new points, yet their methods still treat the potential as a static entity
between queries. No mechanism exists inside the model to recognize that a prediction is unreliable and to correct it
immediately [7, 10, 20, 25].

In short, self-consistency ensures that the model is internally coherent. It does not ensure that the model is right [17].
Error detection, error correction, and continuous adaptation must be added as first-class citizens of the potential
architecture [11, 17]. Only then can machine learning potentials remain reliable across the full duration of realistic
materials simulations.

Components of an Error-Correcting M| Potential

An error-correcting machine learning potential is constituted by interdependent modules that co-evolve throughout
molecular dynamics, forming a closed-loop system in which prediction, evaluation, and adaptation remain tightly coupled.
At its core lies a base predictor, instantiated through established self-consistent architectures such as Deep Potential
Molecular Dynamics [1], E(3)-equivariant graph neural networks [3], or Gaussian-process regression models [2, 4, 5, 24].
This component sustains the primary estimation of energies and forces at each time step, preserving its role as a
computationally efficient and internally coherent surrogate anchored in the original training distribution. Its stability,
however, is complemented by a continuously operating error detector that interrogates each prediction with minimal
overhead, yielding either a binary signal or a graded confidence measure. Implementations range from ensemble
variance estimates [15, 26] to distance-based metrics relative to the training manifold [13, 25], as well as physically
informed diagnostics sensitive to deviations in bond-order or coordination patterns. Under these conditions, the detector
functions as a gatekeeper, identifying configurations where the base model’s extrapolation risk becomes non-negligible
[20].

This selective intervention activates a residual corrector that introduces an immediate, additive refinement to both energy
and force predictions [17]. Designed to remain computationally subordinate to the base predictor, the corrector typically
adopts lightweight forms such as sparse Gaussian processes or compact neural networks, and is trained to approximate
the residual between reference values and base outputs using data accrued during the simulation [17, 22, 27]. Because it
operates within the same descriptor space, the resulting corrections preserve differentiability and maintain
thermodynamic consistency. Beyond this immediate adjustment, an online updater governs the adaptive learning process
by monitoring the corrector’s uncertainty; once predefined thresholds are exceeded, it invokes density-functional-theory
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evaluations, computes updated residuals, and incrementally refines model parameters through controlled learning
schedules [11, 12, 14, 16]. This adaptive mechanism introduces a dynamic interplay between accuracy and
computational cost. Sustaining this process over extended trajectories requires a memory manager that mitigates
catastrophic forgetting by retaining a strategically curated subset of past configurations and associated residuals.
Through mechanisms such as reservoir sampling or importance weighting, it preserves representational diversity within
fixed resource constraints, ensuring that corrections remain valid across disparate regions of configuration space [5, 18,
23].

Figure 1 illustrates the hierarchical architecture through which self-consistent base predictions are augmented by error
detection, residual correction, and online adaptation to prevent drift and maintain long-timescale fidelity.

Zone 1: What Self-Consistency Zone 2. Why Self-Consistency Alone Fails Zone 4. Stepwise Decision Logic During Molecular Dynamics ~ Zone 5. Practical Outcome and Evaluation
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Core claim: internal consistency stabilizes dynamics, but only error-aware residual adaptation sustains external fidelity across extended molecular dynamics trajectories

Figure 1. Hierarchical Architecture of Error Detection, Residual Correction, and Online Adaptation in Self-Consistent
Machine Learning Potentials

On-The-Fly Residual Learning Protocol

The operational protocol embeds the five components into the molecular dynamics time loop. It begins with a well-trained,
self-consistent base predictor initialized from an initial density-functional-theory dataset [1-3, 7]. No residual corrector
exists at time zero.

At each integration step the base predictor evaluates energy and forces. The error detector immediately assesses
reliability [15, 20, 26]. If the confidence score exceeds a predefined threshold the simulation advances using the base
values alone. If confidence falls below the threshold the residual corrector is queried [17, 27]. Using the current atomic
environment and any relevant history stored in the memory manager, the corrector predicts the residual correction. The
corrected energy and forces are applied for integration.

If, after correction, the residual corrector’s internal uncertainty remains above a second threshold, the online updater flags
the configuration for a density-functional-theory query [11, 12, 16]. The expensive reference calculation is performed
(typically in parallel on a separate compute resource), the true residual is computed, and the new data point is added to
the memory manager’s replay buffer. The online updater then performs one or more incremental gradient steps on the
residual corrector, using a small batch drawn from the buffer to maintain stability [14].

Several design choices govern the protocol’s efficiency and robustness. The error detector can be uncertainty-based,
distance-based, or consistency-based; each offers different sensitivity versus false-positive trade-offs [15, 25]. The
correction trigger can be a fixed threshold or an adaptive schedule that tightens as the simulation progresses. The
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corrector architecture—Gaussian process with sparse inducing points, small neural network, or even linear model—
balances accuracy against update speed [5, 17, 22, 27]. Update frequency can be every flagged step or accumulated into
mini-batches to amortize overhead. Memory management employs reservoir sampling or importance weighting to keep
the buffer size constant while preserving coverage of the explored configuration space [5, 18, 23].

The active-learning trigger for density-functional-theory queries is deliberately conservative. Queries occur only when (i)
epistemic uncertainty in the base predictor is high [15, 20], (ii) the configuration lies far from previously seen data [4, 25],
(iii) the residual corrector itself expresses high uncertainty [17], or (iv) a physical inconsistency is detected. This multi-
criteria gating keeps the number of expensive calculations to a minimum—typically a few per nanosecond of simulated
time—uwhile still supplying the residual corrector with the information it needs to improve [11, 12, 14, 16].

The protocol is fully online: no offline retraining phase is required after the simulation begins. The residual corrector
continuously refines its understanding of the base predictor’s systematic errors, turning the entire molecular dynamics run
into an active, self-improving learning process [11, 17].

Operational Principles for Deployment

Robust deployment of the error-correcting framework in production molecular dynamics hinges on a set of design
commitments that preserve both numerical stability and computational efficiency under sustained operation. Central to
this architecture is the requirement that correction mechanisms augment rather than compensate for deficiencies in the
underlying model, which necessitates a base predictor that is already self-consistent and exhibits reliable accuracy across
the anticipated configuration space [1, 3, 24]. This foundational constraint places immediate pressure on the surrounding
modules to operate with minimal overhead, particularly the error detector, whose continuous invocation at each time step
demands that its computational footprint remain tightly bounded relative to the base evaluation. In practice, this favors
parsimonious strategies such as distance-based measures or low-cost ensemble statistics that can signal extrapolative
risk without perturbing overall throughput [15, 20, 26]. A similar economy governs the residual corrector, whose
contribution must remain subordinate in cost while still capturing systematic deviations; lightweight formulations, including
sparse Gaussian processes or shallow neural architectures, achieve this balance by delivering targeted corrections
without introducing prohibitive latency [5, 17, 22, 27].

Sustained accuracy under streaming data conditions further depends on controlled adaptation, where online updates are
carefully regulated to avoid destabilizing previously acquired knowledge. Mechanisms such as replay buffers or elastic
weight consolidation become essential in maintaining continuity across evolving regions of configuration space,
particularly as new corrections are assimilated [5, 18, 23]. This adaptive loop is constrained by the need to preserve
computational tractability, which in turn imposes a strict budget on density-functional-theory evaluations, ensuring that
high-fidelity queries remain sufficiently sparse to prevent them from dominating wall-clock time [11, 12, 14, 16]. Within this
bounded regime, periodic validation against held-out reference configurations provides a necessary diagnostic, enabling
the system to recalibrate thresholds or request additional data when correction fidelity begins to degrade [17]. Even under
adverse conditions, operational resilience is maintained through fallback behavior that privileges continuity over
optimality: when memory limits are reached or updates become unstable, the framework reverts to the base predictor
while logging the deviation, thereby preserving simulation integrity without interruption [18].

Table 2 consolidates the central engineering trade-offs of the framework by showing how detector design, residual-model
choice, update frequency, memory size, and reference-query policy jointly determine the balance between reliability,
stability, and computational overhead.

Table 2. Component-Level Design Trade-Offs for Deploying On-the-Fly Residual Learning in Production Molecular
Dynamics
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Design choice

Error detector
based on
ensemble
variance

Error detector
based on
distance-to-
training-set
metrics

Physical-
consistency
checks in
detector

Sparse
Gaussian-
process
residual
corrector

Small neural
residual
corrector

Per-step online
updates

Mini-batch
periodic
updates

Small replay
buffer

Primary benefit

Strong epistemic
sensitivity and
interpretable risk
signaling

Very low per-step
computational
cost

Captures
chemistry-aware
anomalies
missed by pure
statistics

Fast uncertainty-
aware local
correction

Flexible
nonlinear
residual
modeling

Fastest
adaptation to
newly
encountered
states

Better
optimization
stability and

amortized cost

Low memory
footprint

(2024) 3:36
Principal Risk if Risk if
trade-off underdesigned overdesigned
Requires Missed unreliable Excessive

multiple model
evaluations

Proxy may not
track true
physical error
well

Requires
hand-crafted
or domain-
specific
thresholds

Limited
scalability in
very high-
volume
streaming
settings

Harder
uncertainty
calibration

than GP-
based
correctors

Greater risk of
instability and
noisy
parameter drift

Slower
response to
emerging
failure modes

Limited
diversity
retention

Underfits systematic

Important new errors

Delayed adaptation

states if ensemble is overhead and false

too small or poorly positives if
calibrated ensemble is too
large

Silent failure in novel  Over-triggering in
benign but
distributionally

unusual states

but geometrically
nearby states

Important anomalies
remain invisible

Overconstrained
detector blocks
legitimate rare

events

Corrections remain
too local and
undergeneralized

Inducing-point
growth increases
latency

Unstable online
learning and
oscillatory
corrections

residual structure

Correction model
persist too long becomes reactive
before learning and unstable

occurs

Oversized batches
reduce
responsiveness

allows drift
accumulation

Earlier corrections

are forgotten quickly
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evaluation
criterion in this
framework

Detection
precision/recall
against reference-
triggered failure
cases

Correlation
between distance
score and
reference residual
magnitude

Rate of physically
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interventions per
10,000 steps

Correction gain per
query and latency
per flagged step

Post-correction
force/energy error
plus update stability

Error reduction half-
life after first
flagged novel event

Accuracy-overhead
balance across
fixed wall-clock

budget

Retention of
correction quality
on revisited motifs
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space sampling cost accumulation per added memory
unit
Aggressive DFT Strong protection High reference — Query budget Total DFT calls per
query threshold against cost dominates nanosecond at
extrapolation simulation runtime target drift
failure tolerance
Conservative Preserves Greater Drift persists before — Drift accumulation
DFT query efficiency chance of intervention occurs versus query count
threshold uncorrected
error
propagation
Graceful Preserves Sacrifices No safe recovery Too frequent Fraction of
fallback to base simulation adaptive path if updater fallback nullifies the simulation
predictor continuity during benefit destabilizes framework’s value completed under
instability temporarily safe degraded
mode

Collectively these principles transform the conceptual framework into a practical engineering solution. They guarantee
that error correction adds value without introducing unacceptable overhead or instability, making the approach viable for
the long-timescale simulations that materials scientists require [6, 8, 10].

Relation to Existing Methods

The proposed framework builds upon and extends several established strands of research in machine learning potentials
while introducing a distinct emphasis on continuous, on-the-fly residual correction.

Active learning has been a cornerstone for improving interatomic potentials by strategically selecting new density-
functional-theory calculations to augment training data. Jinnouchi et al. [12] demonstrated on-the-fly active learning of
interatomic potentials for melting-point calculations, showing how uncertainty-driven queries can expand the applicability
domain during simulation. Their later work [14] further refined the active-learning loop to handle thousands of atoms
efficiently. Vandermause et al. [15] introduced interpretable Bayesian force fields that incorporate active learning for rare
events, while Sivaraman et al. [25] applied similar strategies to amorphous and liquid systems. These approaches,
however, focus on expanding the training set for a single static potential [6, 7, 10]. The present framework extends active
learning into a continuous correction layer: rather than retraining the entire base model, it maintains the base predictor
unchanged and learns only the residuals on the fly [17, 27], thereby achieving adaptation without the cost of full model
retraining.

Ensemble-based uncertainty estimation provides another natural connection. Vandermause et al. [15] and related
uncertainty-guided methods use variance across multiple models to flag unreliable predictions [26]. The error detector in
the current framework can directly incorporate such ensemble signals or simpler distance-to-training metrics, turning
uncertainty from a diagnostic tool into a trigger for residual correction [20].

On-the-fly learning literature offers the closest precedent. The placeholder protocol for on-the-fly generation of machine
learning potentials during molecular dynamics [11] and the residual-based error correction explored in recent work [17]
already hint at incremental updates. Deringer et al. [5] reviewed Gaussian process regression techniques that support
online adaptation, and Unke et al. [6] surveyed machine learning force fields with adaptive elements. The present
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framework generalizes these as special cases: any on-the-fly method that updates a single model can be recast as a
base predictor plus a lightweight residual corrector managed by the online updater [11, 13, 16, 17].

Finally, the residual-learning aspect resonates with meta-learning concepts, in which a model learns how to learn quickly
from limited examples. By training the residual corrector to rapidly capture systematic errors of the base predictor, the
framework implicitly performs a form of meta-adaptation during the simulation [17, 22, 23]. This distinguishes it from
purely static or periodically retrained potentials [1, 3] and positions error-correcting potentials as a bridge between active
learning, on-the-fly generation, and lifelong adaptation [12, 15].

Challenges and Open Questions

Despite its conceptual elegance, the error-correcting framework faces several practical and theoretical challenges that
must be addressed before widespread adoption.

The first challenge is computational overhead. Error detection, residual correction, and incremental updates all add
latency to each molecular dynamics step. Even when the residual corrector is deliberately lightweight, the cumulative cost
over microsecond-scale simulations can become significant [8, 11, 17]. Efficient implementations that keep overhead
below 50 % of the base predictor remain an open engineering task.

Stability of online learning constitutes the second challenge. Incremental gradient updates on streaming data can
destabilize the residual corrector, producing oscillating corrections that introduce artificial forces. Guarantees of
convergence and bounded error growth during continuous training are still lacking and will require new theoretical tools
tailored to molecular dynamics trajectories [18, 21, 28].

Catastrophic forgetting is the third critical issue. As the simulation explores new regions, the memory manager’s replay
buffer may discard earlier corrections that remain relevant for recurring motifs. Strategies such as importance sampling or
elastic weight consolidation, already explored in related adaptive potentials [5, 23], must be refined specifically for
residual learning.

Error detector calibration presents a fourth difficulty. Poorly calibrated detectors generate either excessive false positives
—triggering unnecessary density-functional-theory queries—or false negatives that allow uncorrected errors to propagate.
Achieving well-calibrated uncertainty estimates that generalize across different materials systems is an open research
question [15, 20, 26].

The fifth challenge concerns correction generalization. Residuals learned on one trajectory may not transfer to another
simulation even within the same material, because error patterns can be trajectory-specific [13, 17]. Techniques to
encourage broader generalization of the residual corrector without sacrificing on-the-fly speed need to be developed.

Finally, the cost of density-functional-theory queries, even when limited to a few per nanosecond, remains a bottleneck for
truly long simulations [12, 14, 16]. Developing cheaper surrogate oracles or hierarchical correction strategies that reduce
reliance on full reference calculations is essential for scalability [11, 27].

Addressing these challenges will require concerted efforts in algorithm design, memory management, and uncertainty
quantification [5-7, 10]. Until they are solved, the framework’s promise of fully adaptive potentials will remain partially
unrealized.

Implications for ML Potential Development

The error-correcting framework carries concrete implications for three stakeholder groups: model developers,
practitioners, and benchmark designers.
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For model developers, the framework encourages designing base predictors with built-in support for error detection.
Architectures that natively output uncertainty estimates or expose intermediate descriptors will integrate more seamlessly
with the error detector and residual corrector [13, 15, 20, 26]. Developers should also provide standardized interfaces for
lightweight residual modules so that existing potentials such as Deep Potential Molecular Dynamics [1] or E(3)-
equivariant networks [3] can be upgraded without architectural overhaul [9, 24]. Most importantly, future models should be
benchmarked not only on static force and energy errors but on long-timescale stability metrics that quantify drift over
nanoseconds [6, 10, 14].

Practitioners running production molecular dynamics simulations gain a clear decision guideline. For short runs below 100
ps, a well-trained base model may still suffice [1, 3]. For simulations exceeding 1 ns—common in studies of diffusion,
phase transformations, or defect migration—the error-correcting layer becomes essential [9, 11, 12, 16]. Practitioners
should allocate a modest density-functional-theory budget (1-10 queries per nanosecond) and monitor validation metrics
periodically to ensure the residual corrector improves rather than degrades performance [17, 29].

Benchmark designers must evolve current evaluation protocols. Existing static test sets capture accuracy at fixed
configurations but miss the drift and extrapolation problems that dominate real workflows [4, 5]. New long-MD
benchmarks spanning nanosecond timescales, with explicit reporting of trajectory drift and cumulative error, will be
required. Such benchmarks will drive community progress toward potentials that remain reliable throughout extended
simulations rather than merely accurate at the outset [6, 7, 10, 14].

Collectively, these implications shift the focus of machine learning potential research from one-time training to lifelong
adaptation, aligning development incentives with the actual demands of materials engineering applications [11, 17].

Toward Fully Adaptive ML Potentials

The ultimate vision enabled by this framework is a class of fully adaptive machine learning potentials that continuously
improve during deployment and never stop learning. Instead of being frozen after initial training, potentials become living
systems that detect, correct, and learn from their own errors in real time, adapting to any new physics encountered during
simulation [11, 13, 17, 23].

A short-term roadmap (1-2 years) focuses on hybrid implementations: error detection and residual correction run online
while periodic offline retraining of the residual corrector occurs between simulation segments [11, 16]. This staged
approach allows immediate testing of the conceptual components without requiring fully incremental optimizers.

In the medium term (2-5 years), fully online updates with controlled forgetting become feasible. Advances in memory
management and stable incremental learning will allow the residual corrector to evolve smoothly throughout microsecond-
scale simulations while preserving knowledge of earlier error patterns [5, 18, 23].

The long-term goal (5-10 years) is autonomous, self-improving potentials that require no human intervention. Such
systems will automatically decide when to request reference data, update their correction modules, and even adjust their
own error-detection thresholds as simulation conditions change [12, 15, 29]. Success will be measured by a simple yet
demanding criterion: a potential that sustains 1 microsecond of molecular dynamics with error drift below 0.1 eV/atom
while issuing fewer than 100 density-functional-theory queries in total [8, 14].

Achieving this vision will transform computational materials science. Long-timescale phenomena that today require heroic
human-guided active learning will become routine [12, 16, 25]. Error-correcting potentials will enable predictive
simulations of complex processes—irradiation damage, glass formation, catalytic cycles—under conditions where current
static models inevitably fail [4, 5, 10, 19, 29]. The framework therefore marks not merely an incremental improvement but
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a paradigm shift toward potentials that learn continuously, just as the physical systems they model evolve continuously
[17].

Conclusion

Self-consistency is not enough. Machine learning potentials have delivered remarkable accuracy and scalability, yet their
static nature causes errors to accumulate and trajectories to drift during long molecular dynamics simulations. The
conceptual framework presented here addresses this limitation by embedding error detection, residual correction, and on-
the-fly learning directly into the simulation loop.

The architecture rests on five components—base predictor, error detector, residual corrector, online updater, and memory
manager—that operate as a closed-loop system. The operational protocol triggers corrections only when needed, queries
reference data sparingly, and maintains stability through principled memory management. Seven deployment principles
ensure that the added capabilities remain practical for production workflows.

Relations to active learning, ensemble uncertainty, and existing on-the-fly methods show that the framework generalizes
and unifies prior advances while adding the missing residual-learning layer. Challenges of overhead, stability, forgetting,
calibration, generalization, and reference cost are acknowledged and framed as concrete targets for future research.
Implications for developers, practitioners, and benchmark designers point toward a new generation of potentials
evaluated on long-timescale fidelity rather than static accuracy alone.

The roadmap toward fully adaptive potentials is clear: from hybrid implementations to fully autonomous systems capable
of microsecond simulations with minimal intervention. The community is invited to implement, refine, and benchmark
error-correcting machine learning potentials so that the next decade of materials modeling can rest on foundations that
are not only accurate but truly self-improving.
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