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Abstract

Machine learning interatomic potentials have become central tools in computational materials engineering, promising
accurate and scalable predictions of alloy properties. Benchmarks in the field routinely report impressive accuracies,
such as energy mean absolute errors below 20 meV/atom and low force root-mean-square errors, leading many
papers to conclude that their models generalize well to alloy systems. Yet when these same potentials are deployed
on real-world disordered alloys—such as binary solid solutions or multi-principal-element high-entropy alloys—the
accuracy collapses, often by an order of magnitude. The root cause lies in the benchmarking pipeline itself: training
and testing occur almost exclusively on ordered crystal structures drawn from databases of intermetallic compounds,
while disordered configurations, which dominate practical applications, are never evaluated. This critical critique
identifies four primary sources of systematic overestimation. First, the near-universal reliance on ordered training and
test sets creates an illusion of generalization that fails the moment configurational disorder is introduced. Second,
random or composition-based splits on ordered data allow models to memorize recurring structural motifs rather than
learn transferable physics. Third, even when special quasirandom structures are employed as proxies for disorder,
their periodic nature and limited sampling of local environments produce a misleading “SQS mirage.” Fourth, energy-
only metrics mask severe force-prediction failures that render molecular-dynamics simulations unstable in disordered
systems. These benchmarking flaws have concrete consequences: overconfidence among practitioners, misallocation
of experimental resources, and slowed progress in high-entropy alloy design. By drawing on the literature, this article
demonstrates that the ordered-to-disordered gap is not an edge case but a fundamental and under-reported limitation.
It proposes concrete reforms—mandatory disordered test sets, configurational sampling protocols, and separate
reporting of ordered versus disordered performance—to restore credibility to ML potential benchmarks. Until these
changes are adopted, claims of “alloy-ready” potentials should be treated with skepticism. The field must move
beyond ordered-crystal comfort zones if machine-learned potentials are to deliver on their promise for the
compositionally complex materials that define modern materials science.
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Introduction

A typical machine learning potential paper begins with a familiar narrative. Researchers assemble a training set from
ordered intermetallic compounds, often pulled from established databases. They train a model—be it a deep potential, an
equivariant graph neural network, or a moment-tensor potential—then evaluate it on a held-out set of similarly ordered
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structures. The reported energy error is low, perhaps 10-30 meV/atom, and force errors look equally respectable. The
conclusion follows almost automatically: the potential “accurately models alloys” and is ready for broader use.

Practitioners then attempt to apply the same potential to a high-entropy alloy solid solution, where five or more elements
occupy lattice sites randomly. The result is sobering. Energy errors balloon to 100 meV/atom or higher, forces become
unreliable, and molecular-dynamics trajectories drift into unphysical regions. What went wrong? The benchmark never
tested the regime that matters most in real materials engineering.

This critique argues that the majority of ML potential benchmarks systematically overestimate real-world accuracy on
disordered alloys. The overestimation is not accidental but structural: it arises from the near-exclusive use of ordered
training and test data, from flawed assumptions about generalization across configurational spaces, and from evaluation
protocols that ignore the very physics that distinguishes disordered systems. By examining the literature published, we
expose these hidden weaknesses and demonstrate their consequences for the field.

The problem is especially acute for disordered alloys. High-entropy alloys and conventional solid solutions constitute a
growing fraction of materials research because their tunable compositions offer unprecedented property spaces. Yet the
very feature that makes them valuable—configurational disorder—remains invisible in standard benchmarks. Zuo et al.
benchmarked multiple ML potentials across a range of materials but relied entirely on ordered test configurations [1].
Zhang et al. introduced the deep potential framework with impressive accuracy claims derived from ordered crystal
benchmarks [2]. Batzner et al. demonstrated the power of equivariant networks on similar ordered datasets [3]. In each
case, the reported performance creates an impression of broad alloy applicability that collapses under disordered
conditions.

Figure 1 maps the directional logic of benchmark overestimation, showing how ordered-only data pipelines generate
specific evaluative distortions that culminate in misleading claims of alloy readiness.
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Figure 1. Hierarchical pathway showing how ordered-crystal benchmarking pipelines systematically overestimate ML-
potential accuracy for disordered alloys

The Standard Benchmarking Practice

Most papers in the ML potential literature follow a well-worn template. Training data are drawn overwhelmingly from
ordered crystal structures—binary and ternary intermetallics, stoichiometric compounds, and simple solid solutions with
periodic atomic arrangements. These structures are sourced from databases such as the Materials Project or the Open
Quantum Materials Database. A random split or a composition-based split then divides the data into training and test sets.
The model is trained to reproduce energies and forces obtained from density-functional theory calculations performed at
zero temperature. Performance is reported as energy mean absolute error and force root-mean-square error on the held-
out ordered structures. The paper typically concludes that the potential generalizes successfully to alloy systems.

This workflow appears in the majority of studies. Zuo et al. evaluated a wide range of ML potentials using precisely this
ordered-to-ordered protocol and presented the results as evidence of broad applicability [1]. Zhang et al. demonstrated
the scalability of deep potentials on ordered crystal benchmarks before claiming utility for alloy modeling [2]. Batzner et al.
showcased their equivariant graph neural networks on ordered test sets drawn from similar sources [3]. Bartdk et al.
unified materials and molecular modeling using Gaussian approximation potentials trained and tested on ordered
configurations [4]. Even reviews focused on high-entropy alloys, such as the work by Liu et al., survey ML approaches
that inherit the same ordered-data paradigm [5].

What is conspicuously absent is any evaluation on disordered configurations. Solid solutions, random alloys, and high-
entropy alloys—with their enormous configurational spaces—are rarely included in test sets. When disordered structures
appear at all, they are treated as an afterthought rather than a core requirement. Rosenbrock et al. developed potentials
for alloy phase diagrams but still anchored their validation in ordered reference structures [6]. Byggmastar et al. modeled
refractory high-entropy alloys yet evaluated performance primarily on ordered or partially ordered supercells [7].

The implicit assumption underlying this practice is that accuracy on ordered structures is a reliable proxy for accuracy on
disordered ones. The community appears to believe that if a model performs well on periodic crystals, it will automatically
handle the local-environment variability of random alloys. This assumption is false. Ordered crystals possess repeating,
identical local environments; disordered alloys do not. Random train-test splits on ordered data further exacerbate the
problem by allowing structural motifs from the training set to leak into the test set. The model learns to recognize familiar
patterns rather than to extrapolate the underlying physics.

The consequences of this standard practice are far-reaching. Papers routinely claim “state-of-the-art performance on
alloys” without ever having exposed their models to the disordered configurations that define real-world alloy applications.
The literature therefore creates a misleading picture of progress. Practitioners who trust these benchmarks discover the
overestimation only after investing time and resources in downstream simulations that fail. Until the community abandons
the ordered-only paradigm, ML potential benchmarks will continue to overestimate real-world accuracy on the very
materials they are most needed for.

Why Disordered Alloys Are Different

Disordered alloys differ from ordered intermetallics in ways that standard benchmarks never probe. The most obvious
distinction is configurational disorder. In an ordered crystal every atom sits in an identical local environment; its neighbors
are always the same species at the same distances. In a disordered alloy—whether a binary solid solution or a high-
entropy alloy—each atom experiences a unique combination of neighboring elements. Kostiuchenko et al. highlighted
how this configurational disorder alters phase stability and mechanical properties in high-entropy systems [8]. The
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potential must therefore generalize across thousands of distinct local environments rather than a handful of repeating
ones.

The configurational space of disordered alloys is exponentially larger than that of ordered compounds. A binary alloy on a
lattice of N sites admits 2"N possible arrangements. Training on ordered structures samples essentially none of this
space. Pei et al. noted the challenge of predicting solid-solution formation beyond simple rules, underscoring how limited
sampling of configurations undermines model reliability [9]. Jafary-Zadeh et al. similarly observed that local lattice
distortions in multi-principal element alloys create environments unseen in ordered training data [10].

Local environment variability introduces physics that ordered benchmarks ignore. In a high-entropy alloy such as
CoCrFeNi, every atom is surrounded by a near-random distribution of the five principal elements. Huang et al.
demonstrated through atomistic simulations that chemical short-range order and local distortions dominate the behavior
of such systems [11]. Ordered crystals, by contrast, exhibit strong chemical ordering or stoichiometric regularity. The
potential energy surface therefore changes character. disordered systems are governed by random mixing and
configurational entropy, while ordered systems are stabilized by specific bonding motifs.

Even when researchers attempt to approximate disorder using special quasirandom structures, the approximation
remains imperfect. Zhou et al. employed SQS to study thermodynamics up to the melting point in refractory high-entropy
alloys, yet acknowledged that these periodic supercells cannot capture the full aperiodicity of true random configurations
[12]. Balyakin et al. developed potentials for molten multi-component alloys but still relied on SQS-like approximations
that miss long-range concentration fluctuations [13]. Wu and Li constructed ML potentials for high-entropy alloys yet
evaluated them on structures that retained some degree of periodicity [14].

The physics of disordered alloys is also temperature-sensitive in ways ordered benchmarks overlook. Disordered solid
solutions are often stabilized at elevated temperatures where entropy plays a decisive role. Benchmarks performed
exclusively at 0 K therefore miss the dynamic local-environment changes that occur in realistic operating conditions.
Mandal et al. explicitly studied configurational disorder with ML potentials and showed how temperature-dependent
relaxation further differentiates ordered from disordered behavior [15].

In short, disordered alloys are not merely noisier versions of ordered crystals. They inhabit a fundamentally different
region of configuration space, demand generalization across vastly more local environments, and obey different
stabilizing mechanisms. Standard benchmarks that never enter this region cannot claim to measure real-world accuracy.

Table 1 clarifies the central domain-shift problem by contrasting the physical, configurational, and evaluative properties of
ordered benchmark regimes with those of real disordered-alloy applications.

Table 1. Ordered-crystal benchmarks versus real disordered-alloy deployment: a theoretical comparison of what is
measured and what is missed

Analytical Ordered-crystal benchmark Real disordered-alloy Implication for ML-potential
dimension regime deployment regime validity
Atomic Periodic, symmetry- Aperiodic or quasi-random Success on ordered crystals
arrangement constrained, repeating motifs occupation with many non- does not establish robustness
equivalent neighborhoods under configurational disorder
Local environment Low; many atoms share Extremely high; each atom The model must generalize
diversity equivalent coordination may experience a distinct across environment distributions,

environments chemical neighborhood not isolated motifs
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Static benchmark accuracy may
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especially for forces

Benchmark language should be
narrowed unless disordered
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The meaningful unit of validation
is the ordered-to-disordered gap,
not ordered accuracy alone

compositions

Sources of overestimation

Overestimation of machine-learning potential accuracy in disordered alloys arises from entrenched benchmarking
conventions that systematically obscure the complexity of configurational disorder. A central limitation lies in the exclusive
reliance on ordered configurations for both training and evaluation, which effectively constrains the model’'s exposure to a
narrow region of configuration space. Under these conditions, strong performance reflects interpolation within ordered
manifolds rather than any capacity to generalize to disordered environments. Waters and Rondinelli demonstrated that
predictive errors increase sharply once configurational randomness is introduced [16], while Baranovskii et al. showed
that even potentials designed for disordered systems exhibit latent deficiencies when assessed using conventional
ordered benchmarks [17].

This issue is reinforced by dataset partitioning strategies that permit substantial structural overlap between training and
test sets. Random splits within ordered datasets reproduce similar local motifs across both subsets, enabling
memorization to masquerade as generalization. Wen et al. identified this leakage as a primary source of inflated
performance in solid-solution alloys [18], underscoring how apparent accuracy can emerge from redundancy rather than
learned physical relationships. A related distortion emerges from the use of special quasirandom structures as stand-ins
for disorder. Although SQS reproduce average correlation functions, their periodic construction suppresses long-range
fluctuations and compositional inhomogeneity. Arrdyave found that models trained on SQS fail to maintain accuracy when
evaluated on fully random configurations [19], a discrepancy further corroborated by Men et al., who reported
systematically optimistic validation outcomes under SQS-based protocols [20].

Beyond structural representation, evaluation metrics introduce an additional layer of bias. The predominance of energy-
based error reporting privileges a comparatively tractable target while neglecting force predictions, which are far more
sensitive to local disorder and critical for dynamical simulations. Hong et al. emphasized the heightened difficulty of force
prediction in disordered systems [21], and Duval et al. showed that equivariant architectures can yield low energy errors
while remaining unreliable at the force level [22]. This imbalance obscures deficiencies that become consequential in
practical applications, particularly where accurate force landscapes govern system evolution.
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Further limitations arise from the restricted compositional scope of training datasets. Models are typically developed using
near-equiatomic ordered compounds, thereby limiting their exposure to the broader compositional variability characteristic
of disordered alloys. When applied to off-stoichiometric regimes, where configurational entropy exerts a dominant
influence, predictive accuracy deteriorates. Malakar et al. demonstrated that interpolation within ordered composition
spaces produces a misleading impression of robustness [23], revealing a gap between benchmark performance and real-
world applicability. This gap is compounded by the near-universal assumption of zero-temperature evaluation. Disordered
alloys, however, operate under finite-temperature conditions that induce continuous fluctuations in local atomic
environments. Zhang et al. highlighted how zero-temperature validation fails to capture entropy-driven effects [24], while
Hamedani et al. framed this discrepancy as a domain shift that undermines transferability [25].

Taken together, these methodological constraints generate a persistent divergence between reported accuracy and actual
performance in disordered systems. Deringer et al. argued that existing protocols systematically conceal the challenges
posed by configurational disorder [26], and Glasscott demonstrated that ordered-only benchmarks yield misleadingly
optimistic generalization estimates [27]. Eyert et al. further linked these failures to representational inadequacies that
prevent models from encoding the relevant physics of disorder [28], while Huang et al. quantified the extent of
overestimation in high-entropy alloys and called for substantive revisions to benchmarking practice [29]. Without
addressing these structural deficiencies, reported accuracies will continue to overstate model capability in precisely those
regimes where reliable prediction is most critical.

Table 2 consolidates the manuscript's core argument by distinguishing each benchmarking practice from the specific
evaluative distortion it introduces and the protocol correction required to restore credibility.

Table 2. Structural sources of benchmark overestimation in ML potentials for disordered alloys

Benchmarking Why it appears Why it fails for Resulting Minimum corrective
practice defensible in disordered alloys distortion in benchmark standard
published workflows reported
performance
Ordered-only Produces clean, low- Excludes the Apparent Require a separate
training and variance evaluation on configurational generalization is disordered test
ordered-only test familiar crystal heterogeneity that inferred without ever partition for every
sets structures defines solid solutions testing the relevant alloy-related
and high-entropy alloys  deployment regime benchmark
Random or Preserves sample size Recurrent motifs and Memorization is Use split strategies
composition-based and supports periodic environments misread as that isolate unseen
splits on ordered conventional held-out  appear in both train and  transferable physics local-environment
datasets testing test data classes and report
ordered-to-disordered
error gaps
SQS validation as  Appears more realistic Periodic supercells Proxy success is Report explicit SQS-
a proxy for disorder than perfectly ordered suppress true misread as disorder versus-random
crystals while aperiodicity, long-range readiness comparisons using
remaining fluctuation, and broader multiple independently
computationally environment diversity generated random
convenient configurations
Energy-dominant  Energy MAE is familiar, Disordered-alloy Potentials appear Report force metrics
evaluation compact, and easy to deployment often fails usable despite separately for ordered

through inaccurate forces  unstable dynamics and disordered sets;
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compare across before gross energy and unreliable do not collapse them
models failure becomes obvious relaxations into aggregate scores
Narrow Supports interpolation Local environments at ~ Composition overlap Benchmark across off-
composition claims within a limited  interpolated disordered is mistaken for stoichiometric and
coverage chemical design compositions are not environment-level  equiatomic disordered
window equivalent to ordered transferability compositions with
compounds at nearby many sampled
stoichiometries configurations
Zero-temperature Aligns with standard Real disordered alloys Static accuracy is Include finite-
validation DFT reference are commonly used mistaken for temperature validation
workflows and where thermal fluctuation operational after short MD
simplifies comparison and entropy reshape robustness trajectories or
local environments thermally perturbed
snapshots

A typology of overestimation

Overestimation in machine-learning potentials for alloys is sustained by recurring interpretive distortions that emerge
under conventional benchmarking. A persistent discrepancy arises when low errors reported for ordered structures fail to
translate to disordered solid solutions of identical composition, where deviations increase by an order of magnitude yet
remain undocumented due to the absence of disordered evaluation. This gap is further obscured by reliance on special
guasirandom structures, whose engineered periodicity suppresses the very fluctuations that define true disorder, leading
to claims of robustness that collapse under genuinely random configurations. Apparent generalization is also produced
through compositional interpolation, where models trained on discrete ordered stoichiometries are assessed on
intermediate compositions that share nominal chemistry but diverge substantially in local environments. A related
distortion emerges at the level of evaluation metrics, as acceptable energy errors on ordered data conceal force
inaccuracies that render dynamical simulations unstable once disorder is introduced. These effects do not arise
sporadically but follow directly from entrenched validation practices, yielding a literature that systematically overstates the
readiness of ML potentials for the disordered alloys central to contemporary materials design.

Consequences for the field

Such systematic inflation of performance has material consequences for computational materials engineering, where
reported accuracies are often treated as indicators of practical reliability. Confidence in deployment follows naturally from
these claims, prompting integration of ML potentials into high-throughput workflows and large-scale simulations of
disordered alloys. Under realistic conditions, however, models frequently produce unphysical energetics, unstable
trajectories, or incorrect phase behavior, redirecting experimental efforts toward unproductive outcomes. Liu et al.
documented how optimistic benchmark interpretations contribute to downstream experimental inefficiencies in high-
entropy alloy research [5]. This dynamic also reshapes the perception of progress, as the field increasingly presents alloy
modeling as a solved problem despite validation remaining confined to ordered crystals. Rosenbrock et al. and
Byggmastar et al. both reported strong performance while anchoring evaluation in ordered configurations, reinforcing an
inflated narrative that obscures the unresolved challenges of disorder [6, 7].

A further implication lies in the delayed recognition of model limitations. When configurational disorder is excluded from
validation, deficiencies in force prediction or the representation of short-range order only become apparent during
application, well after peer review. Huang et al. identified such failures only upon extending analysis beyond ordered
datasets [11], indicating that current protocols defer rather than eliminate critical evaluation. This delay influences how
research effort is distributed, encouraging incremental optimization within ordered domains rather than investment in
generalization across configurational space. Wu and Li exemplified this tendency by refining potentials for high-entropy
alloys while prioritizing ordered-like environments [14]. The resulting imbalance is particularly evident in the treatment of
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multi-principal systems, where severe disorder coincides with the greatest need for predictive accuracy. Despite their
relevance, these systems remain largely absent from benchmarks, as noted by Pei et al. [9], creating a widening gap
between claimed capability and demonstrated reliability. Mandal et al. further emphasized that configurational disorder
fundamentally alters phase stability while remaining invisible under prevailing evaluation schemes [15], reinforcing the
need to reassess the evidentiary basis of model performance.

Alternative benchmarking strategies

Addressing these limitations requires reorienting benchmarking toward conditions that reflect the physics of disordered
alloys rather than the convenience of ordered crystals. Incorporating explicit disordered test sets introduces a necessary
separation between interpolation within ordered structures and genuine generalization, as demonstrated by Waters and
Rondinelli, who revealed substantial hidden errors under such conditions [16]. This shift gains further resolution through
configurational sampling, where multiple independent realizations at fixed composition expose variance that single-
structure evaluations conceal, an approach advocated by Baranovskii et al. [17]. The distinction between quasirandom
and fully random configurations also warrants direct quantification, as comparisons of this kind reveal the extent to which
periodic approximations underestimate error, consistent with observations by Arrdyave [19].

Extending evaluation to multi-principal alloys imposes a more stringent test of model robustness, particularly in systems
characterized by extreme local-environment variability, a direction proposed by Men et al. [20]. Incorporating finite-
temperature effects further aligns benchmarking with application domains, as thermal fluctuations reshape local
configurations in ways absent at zero temperature; Zhou et al. highlighted the significance of such effects across a broad
temperature range [12]. Within this framework, force-based metrics assume increased importance, given their direct role
in governing system dynamics, a point emphasized by Hong et al. [21] and reinforced by Duval et al. in the context of
equivariant models [22]. These adjustments require no expansion of underlying data resources but instead depend on
how existing datasets are partitioned and interrogated. Wen et al. have already shown the feasibility of configurational
evaluation for solid-solution alloys [18], while Glasscott demonstrated that realistic generalization demands departure
from random splits toward structurally distinct test regimes [27]. Aligning benchmarking with these principles redefines
reported accuracy as a meaningful predictor of performance in the disordered systems that increasingly define materials
innovation.

Relation to Other Critiques

This critique stands apart from, yet complements, several existing discussions of ML potential limitations. It does not
rehearse the well-known dangers of random train-test splits on similar structures; instead, it isolates a deeper domain
shift—ordered versus disordered—that persists even after structural similarity is eliminated. Glasscott examined random
splits versus realistic generalization and showed how motif leakage inflates performance [27]. The present analysis goes
further: even a perfect, non-leaking split conducted entirely on ordered crystals still produces massive overestimation
once configurational disorder is introduced.

The critique also differs from conventional extrapolation critiques. Many authors worry that models fail when compositions
or structures lie outside the training convex hull. Yet the ordered-to-disordered gap is not merely an extrapolation
problem. A disordered Feo.sAlo.s solid solution may sit at a composition already present in ordered training data (FesAl,
FeAl, FeAls), yet its local environments differ so profoundly that the model still collapses. Malakar et al. documented
composition-interpolation illusions that mirror this exact failure mode [23]. The issue is therefore one of representation
rather than numerical extrapolation.

Finally, this work extends but does not duplicate critiques of special quasirandom structures. Zhang et al. explored SQS in
ML training and noted their utility as approximations [24]. Eyert et al. analyzed representation challenges for disordered
materials and argued that even SQS-trained models miss essential aperiodic physics [28]. The present critique agrees
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but emphasizes that SQS validation itself creates the “SQS mirage”—a distinct illusion that must be measured and
reported rather than accepted as sufficient.

By focusing exclusively on benchmarking practice rather than model architecture or training algorithms, this article targets
the single point where the community can enact immediate, low-cost change: the test set. Barték et al. unified materials
and molecular modeling yet relied on ordered benchmarks that left disordered alloys unexamined [4]. Batzner et al.
advanced equivariant networks with impressive ordered-set results that still require the disordered complement proposed
here [3]. The critique therefore does not contradict prior work; it completes it by insisting that ordered-to-disordered
performance become the new minimum standard for any claim of alloy readiness.

Implications for Benchmark Design

Benchmark creators, reviewers, and practitioners each bear responsibility for closing the ordered-to-disordered gap.

For benchmark creators the mandate is clear: disordered configurations must become a non-negotiable component of
every standard alloy benchmark suite. Creators should release not only ordered reference data but also pre-generated
random solid-solution and high-entropy supercells at multiple compositions. They must require separate reporting of the
“ordered-to-disordered gap”—the difference in error between the two regimes—so that readers can assess real-world
utility at a glance. Waters and Rondinelli provided an early template by isolating disordered-alloy performance [16], and
future suites should institutionalize this separation.

For paper reviewers the checklist expands. Reviewers must ask: “Was this model tested on disordered configurations?”
Claims of “alloy generalization,” “solid-solution accuracy,” or “high-entropy applicability” should be rejected unless
accompanied by explicit disordered test results. If only ordered benchmarks are presented, the manuscript should be
returned for major revision. Deringer et al. examined configurational disorder challenges and argued that reviewers must
enforce higher standards precisely on this point [26]. Huang et al. quantified benchmark overestimation in high-entropy
alloys and called for exactly this reviewer vigilance [29].

For practitioners the implication is defensive. Do not trust ordered-only benchmarks when planning simulations of
disordered alloys. Before investing computational or experimental resources, request or generate your own disordered
validation set and measure the gap yourself. When selecting among competing potentials, prioritize those that publish
both ordered and disordered metrics. Hamedani et al. discussed domain shift in disordered alloy potentials and urged
practitioners to perform independent checks [25].

These changes require no new theory, no additional DFT calculations beyond what is already routine, and no architectural
breakthroughs. They demand only intellectual honesty about what current benchmarks actually measure. Once
disordered validation becomes routine, the literature will shift from optimistic overestimation to calibrated realism. The
community will finally know which potentials truly work for the disordered alloys that now define the frontier of materials
design.

Conclusion

Benchmarking practices in ML potentials systematically overstate performance on disordered alloys by restricting
evaluation to ordered configurations. Training on periodic intermetallics, combined with random splits that reuse structural
motifs, SQS approximations that suppress aperiodicity, and energy-focused metrics that obscure force errors, produces
an internally consistent but practically misleading picture of accuracy. Narrow compositional coverage and zero-
temperature validation further disconnect reported results from real deployment, leaving recent literature, despite
technical sophistication, of limited relevance for solid solutions and high-entropy alloys.
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The consequences extend directly into practice. Inflated confidence misguides experimental effort, while claims of rapid
progress obscure persistent failures in modeling disorder. Under realistic conditions, breakdowns in force prediction and
local-environment representation emerge only after deployment, revealing that the ordered-to-disordered gap, SQS-
based validation, apparent compositional generalization, and energy—force divergence are structural rather than
incidental features of current evaluation.

A straightforward correction lies in aligning benchmarks with disordered regimes through explicit disordered test sets,
configurational sampling, SQS-versus-random comparisons, high-entropy systems, temperature-aware validation, and
force-based metrics. These adjustments require no new data yet substantially improve diagnostic rigor. Disordered
validation should therefore be treated as a baseline requirement; without it, claims of alloy readiness remain weak. Only
by grounding evaluation in the conditions that govern real materials can ML potentials credibly support discovery in
compositionally complex systems.
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