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Abstract

Active learning has become a cornerstone strategy in data-driven materials discovery, promising to dramatically
reduce the number of expensive simulations or experiments needed to identify high-performing materials. Proponents
argue that uncertainty sampling, expected improvement, and other acquisition functions consistently outperform
random selection, often by factors of 3-5x in iteration efficiency. Yet a closer examination of the benchmark studies
published between 2017 and 2025 reveals a systematic pattern of optimistic bias that inflates these claims. This
critical critique identifies five primary sources of overestimation: (1) weak or undisclosed random-sampling baselines,
(2) unrealistic initial training sets that artificially favor active learning, (3) test-set leakage that prevents genuine
extrapolation, (4) acquisition functions whose hyperparameters are implicitly tuned to the specific benchmark, and (5)
incomplete reporting that hides variance and failure cases. Across the literature, random sampling is frequently
presented as a naive comparator yet proves surprisingly competitive once proper repetition, variance reporting, and
realistic initial-set sizes are applied. Many studies fail to disclose the number of random seeds, the exact sampling
distribution, or statistical significance tests, allowing small apparent gains to be reported as transformative. Initial
training sets are often unrealistically small or already enriched with promising candidates, while test sets remain too
similar to the training distribution, masking the true difficulty of exploration in vast chemical spaces. Acquisition
functions are rarely subjected to hyperparameter robustness checks or evaluated on challenging out-of-distribution
splits. The consequences extend beyond academic metrics: practitioners in industry and national laboratories risk
deploying methods that underperform once transferred to real discovery campaigns. This critique, grounded
exclusively in the 29 peer-reviewed studies listed in the reference section, calls for a new standard of rigor in active-
learning evaluation. Only by adopting strong baselines, realistic initial conditions, extrapolation-aware test sets, full
variance reporting, and public replication packages can the field move from optimistic benchmark theater to genuinely
reliable acceleration of materials discovery.
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Active learning is widely promoted for materials discovery by intelligently selecting which experiments or simulations to
run next [1-5]. Papers report impressive results: their acquisition function finds the best material in 50 iterations,
compared to 200 for random sampling [6-8]. But are these claims reliable? This critique argues that active learning
benchmarks in materials discovery suffer from optimistic bias — systematic overestimation of performance due to weak
baselines, unrealistic setups, and undisclosed choices [9-11]. We identify five sources of bias and propose rigorous
evaluation standards [1, 3, 12].

Figure 1 maps the manuscript's central argument by showing how five benchmark-design choices generate inflated
performance claims, misleading evidence, and ultimately distorted scientific and practical conclusions.

Benchmark Design in Active Learning for Materials Discovery
v
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Figure 1. Hierarchical architecture of optimistic bias in active-learning benchmarks for materials discovery

The problem is not that active learning lacks merit; the feedback loop of model training, uncertainty quantification, and
targeted querying can be powerful in principle [13-17]. The issue is that current benchmarks do not provide trustworthy
evidence of that power. When baselines are strengthened, initial conditions are made realistic, test sets are designed to
require genuine extrapolation, and full statistical rigor is applied, the reported margins of victory shrink dramatically or
disappear entirely [9, 18, 19].

This pattern echoes broader concerns in machine-learning evaluation but is particularly damaging in materials science,
where each oracle query carries substantial cost [20-23]. Over-optimistic benchmarks risk diverting resources toward
complex acquisition functions that offer little practical gain over simpler strategies [10, 11]. More worryingly, they create a
false sense of progress that delays the development of genuinely robust methodologies [20, 21].

The present work systematically dissects five sources of optimistic bias that recur across the literature from 2017 to 2025.
It draws exclusively on 29 peer-reviewed publications that directly address active-learning pipelines, benchmarking
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practices, baseline choices, and evaluation pitfalls in the materials domain By highlighting how seemingly minor decisions
—such as the number of random seeds or the composition of the initial training set—can reverse conclusions, this critique
aims to establish clearer standards for future research [9-11]. Only through transparent, reproducible, and statistically
sound evaluation can active learning fulfill its promise as a reliable accelerator of materials discovery rather than a source
of inflated expectations [1, 3, 12].

Table 1 introduces a diagnostic framework that distinguishes each source of optimistic bias by its hidden design choice,

inflation mechanism, observable empirical signature, and threat to causal interpretation.

Table 1. Diagnostic framework for identifying optimistic bias in active-learning benchmark design

Source of Hidden Mechanism that Observable Threat to causal What a rigorous
bias benchmark-design inflates active- empirical interpretation  study would need to
choice learning signature in show
performance published
results
Weak or Random sampling Makes the Large claimed Apparent gains Multi-seed baseline
undisclosed implemented with comparator speedups without  may reflect poor runs, disclosed
baselines too few seeds, appear artificially ~ variance bands; baseline sampling procedure,
unclear sampling unstable, weak,  baseline details construction confidence intervals,
distribution, or no or naive missing; rather than and formal statistical
significance testing superiority acquisition quality comparison
asserted from
single trajectories
Unrealistic Tiny, random, or Creates a fragile Strong early- Reported benefit Sensitivity analysis
initial training  implicitly favorable starting point iteration may be driven by across initial-set
sets seed sets unlike real from which separation that  starting-condition  sizes/compositions
discovery practice active learning shrinks when asymmetry, not  under identical starting
can appear to initial set size is  better sequential conditions for all
recover increased choice methods
dramatically
Test-set Random splits leave Converts High benchmark ~ The method is ~ Performance reported
leakage train and test discovery into accuracy but credited for separately for
chemically or interpolation, collapse under extrapolative interpolation and
structurally too reducing the composition- discovery when it extrapolation regimes
similar difficulty of the  based, prototype- has only using leakage-
task based, or time-  succeeded within resistant splits
based splits familiar manifolds
Optimistically =~ Hyperparameters Encodes One acquisition ~ Claimed method Hyperparameter
tuned adjusted on the benchmark- function superiority may robustness checks,
acquisition same benchmark specific dominates on be the result of cross-dataset
functions used to claim advantage into  one dataset but is implicit overfitting evaluation, and explicit
superiority the acquisition unstable across to the benchmark tuning protocol
rule itself datasets or disclosure
tuning ranges
Incomplete Omission of seeds, Suppresses Clean mean Readers cannot Reporting checklist
reporting variance, failure evidence that curves without infer whether covering seeds,
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intervals, failures,
computational cost,
splits, code, and
environment

improvements

are meaningful,

reproducible, or
practically
worthwhile

The literature
overstates the
maturity and
reliability of active
learning as a
discovery engine

Integrated benchmark
standards that
evaluate baseline
strength, realism,
extrapolation,
robustness, and

reproducibility together

How Active Learning is Supposed to Work

In its idealized form, active learning operates as a closed-loop process that iteratively refines a predictive model while
minimizing the number of costly oracle queries [1, 3, 6, 17, 24]. The workflow begins with a small initial labeled dataset on
which a surrogate model is trained. An acquisition function then scores every unlabeled candidate in the search space
according to some measure of potential value [4, 7, 8, 14]. The highest-scoring candidate (or batch) is selected, its
property is obtained from the oracle, the new data point is added to the training set, and the model is retrained. This cycle
repeats until a performance target is met or a budget is exhausted [1, 2, 15].

Common acquisition functions include uncertainty sampling, which selects points where the model’s predictive variance is
highest [7, 8]; expected improvement, which quantifies the anticipated gain in the objective [14, 16]; upper confidence
bound, which balances exploration and exploitation through a tunable parameter [7, 12]; and diversity sampling, which
favors candidates dissimilar from those already in the training set [5, 14, 15]. Proponents emphasize that these strategies
enable the model to explore large, high-dimensional materials spaces more efficiently than random selection [1, 3, 6]. In
theory, fewer queries are needed to reach a desired property threshold, the final discovered material is superior within a
fixed budget, and the overall search avoids redundant sampling of uninformative regions [18, 25].

These claimed benefits rest on several assumptions. The acquisition function is presumed to provide a signal that is
meaningfully better than chance [9, 10]. The initial training set is treated as a neutral starting point rather than a strong
determinant of later performance [6, 15]. The test or evaluation environment is assumed to be independent and
representative of real discovery scenarios [18, 20, 26]. When any of these assumptions is violated—as they frequently
are in published benchmarks—the apparent advantages of active learning become fragile [9, 11].

For example, a small change in initial-set size or composition can dramatically alter how quickly random sampling
reaches the same optimum, erasing the reported gap [6, 15, 27]. Similarly, acquisition functions that perform well on one
benchmark often degrade when the chemical space or property landscape changes [7, 12, 16]. The literature
nevertheless tends to present active learning as robustly superior without adequately exploring these sensitivities [1, 3,
20].

The central tension, therefore, is that the theoretical elegance of the active-learning loop is not matched by the rigor of its
empirical validation [21, 22]. Small, seemingly innocuous choices in benchmark design—how the baseline is
implemented, how the initial set is chosen, how the test distribution is constructed—can produce results that look
impressive but do not generalize [9-11]. Understanding these vulnerabilities is essential before the community can trust
that active learning delivers the acceleration it promises [1, 3, 12].
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Weak or Undisclosed Baselines

The most common comparator in active-learning studies for materials discovery is random sampling [1, 3-6]. Papers
routinely state that their acquisition function reaches a target property in far fewer iterations than random selection [2, 7,
8]. Yet random sampling is systematically underrated and often implemented in ways that make it appear weaker than it
truly is [9-11].

Random sampling benefits from broad exploration, especially in high-dimensional composition spaces where smooth
landscapes are common [18, 19]. In many materials problems, simply drawing candidates uniformly can locate promising
regions surprisingly quickly once enough iterations are allowed [9, 10]. When studies report that random sampling needs
200 iterations to match an active-learning result obtained in 50, they rarely disclose critical implementation details that
explain the gap [1, 3, 12].

Key omissions include the number of random seeds used, whether performance is averaged over multiple independent
runs, and whether statistical significance is assessed [9-11]. A single lucky random-seed run can produce an overly
optimistic view of active learning’s advantage; conversely, failing to average over 10 or more seeds hides the large
variance inherent in random sampling [9, 10]. Several benchmarking studies have shown that once proper repetition is
introduced, the performance gap narrows considerably or vanishes [9, 11, 12].

The sampling distribution itself is another hidden variable. Some papers compare active learning against uniform random
sampling while the underlying materials database is itself non-uniform; others fail to specify whether stratified or Latin-
hypercube sampling was used for the baseline [9, 10]. These choices matter: a baseline that samples intelligently by
chance can outperform a poorly tuned acquisition function [9, 11].

Evidence from the reviewed literature consistently shows that when random sampling is strengthened—through multiple
seeds, variance reporting, and fair implementation—the claimed 3-5x speedups shrink to 1.2—1.5x or become statistically
insignificant [1, 3, 9, 12]. Yet most studies do not perform these checks, leaving readers with the impression that active
learning is dramatically superior [20-22].

Proper practice demands full disclosure: the exact random-sampling procedure, the number of independent trials
(minimum 10), the variance across those trials, and a statistical test confirming that active learning outperforms the
baseline [9-11]. Without these elements, any reported improvement remains suspect. The persistent use of weak or
undisclosed random baselines is therefore the first major source of optimistic bias in the field [1, 3, 12].

Unrealistic Initial Training Sets

Active-learning performance is exquisitely sensitive to the choice of the initial labeled set [6, 14, 15]. Benchmarks that
begin with a tiny, randomly chosen initial set of 10-20 points create an artificially difficult starting point that makes
subsequent active selection appear especially powerful [1, 3, 6]. In real discovery campaigns, however, researchers
rarely start from complete ignorance; they begin with literature-known compounds, previously synthesized analogs, or
data from related projects [15, 20, 21, 28].

When studies use unrealistically small or purely random initial sets, random sampling is handicapped from the outset [6,
15]. Active learning then appears to “catch up” rapidly because the model quickly exploits the few good points already
present or explores away from uninformative regions [1, 7, 8]. Had the initial set been larger and more representative—
say 100 points drawn from known materials—the baseline would already contain many promising candidates, shrinking or
eliminating the reported advantage [6, 15, 19].

Several examined papers illustrate this pattern: an initial set of 10 random points leads to an optimum found in 20 active
iterations versus 100 for random sampling [1, 3, 29]. Yet sensitivity analyses (when performed) reveal that increasing the
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initial-set size to realistic levels makes the two strategies statistically indistinguishable within the same total budget [20-
22].

The literature rarely reports such sensitivity tests. Authors seldom vary initial-set size or composition systematically, nor
do they compare active learning against a baseline that starts from the identical realistic initial set [6, 14, 15]. This
omission hides how much of the reported gain is an artifact of an overly pessimistic starting condition rather than superior
selection strategy [9-11].

Best practice requires explicit justification of the initial-set construction, ideally mirroring real-world discovery (e.g., starting
from known stable phases or literature data) [15, 20]. Authors should present performance curves for multiple initial-set
sizes and compositions and must compare both active learning and the baseline under identical starting conditions [6, 14,
15]. Only then can any claimed acceleration be attributed to the acquisition function rather than to an artificially weak
starting point [1, 3, 12].

The routine adoption of unrealistically small or random initial sets constitutes the second major source of optimistic bias,
inflating perceived benefits and undermining the transferability of results to practical materials discovery [20-22].

Test Set Leakage, Optimistic Acquisition Functions,
Incomplete Reporting

Beyond baselines and initial sets, three additional design choices compound the optimistic bias [9, 18, 19].

First, test-set leakage occurs when the evaluation distribution overlaps substantially with the training distribution [18, 19,
26]. Many benchmarks use random splits of the same database, so the “unseen” test points are chemically or structurally
similar to those already encountered [18, 20]. Active learning therefore appears to explore effectively when it is merely
interpolating within a familiar manifold [18, 19]. When more challenging splits—composition-based, prototype-based, or
time-based—are introduced, the advantage often disappears because genuine extrapolation is required [18-20, 26].

Second, acquisition functions are frequently tuned in an optimistic manner [7, 8, 12, 16]. Hyperparameters such as the
exploration—exploitation weight in upper confidence bound or the kernel length-scales in Gaussian processes are
adjusted until the method performs well on the specific benchmark [7, 8, 12]. The resulting function is then presented as
generally superior without robustness checks across multiple datasets or hyperparameter ranges [12, 16]. This practice
inflates performance on the chosen test case while offering no guarantee of generality [7, 12, 16].

Third, reporting is chronically incomplete [1, 3, 9, 11]. Papers often omit the number of random seeds for both active
learning and baseline runs, fail to report variance or confidence intervals, skip statistical significance tests, and ignore
computational overhead of the acquisition step [9-11]. Failure cases—situations where active learning underperforms
random sampling—are almost never discussed [9-11]. Without this information, readers cannot judge whether observed
differences are meaningful or merely lucky [9, 11].

Collectively, these three sources—leaky test sets, over-tuned acquisition functions, and incomplete reporting—create a
benchmark environment that systematically favors the proposed method [9, 18-20]. When any one is corrected, the
apparent superiority of active learning diminishes [1, 3, 9, 12]. Addressing all five sources of bias (weak baselines,
unrealistic initial sets, and the three discussed here) is therefore essential for credible evaluation in materials discovery
[20].

Evidence of Optimistic Bias from the Literature
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The optimistic bias identified in the preceding sections is not theoretical; it is repeatedly confirmed by patterns across the
29 studies examined. Four lines of evidence stand out.

First, replication failures are common. When independent researchers attempt to reproduce the reported speedups, the
gains often vanish under different random seeds or slightly altered codebases [1, 3, 9]. Several papers that claimed 4x
acceleration with uncertainty sampling could not sustain the advantage once the exact experimental protocol was
followed with full variance controls [10-12].

Second, random sampling frequently catches up. Studies that extend the baseline beyond the original stopping criterion
show that random selection reaches comparable performance within the same total query budget once allowed sufficient
iterations [9, 10]. A paper reporting active learning superiority at 50 iterations often finds a statistical tie at 200 iterations
when random sampling is given the same opportunity [1, 3, 12]. The early-stopping effect artificially magnifies the gap.

Third, baseline variance is large and under-reported. Random sampling performance fluctuates widely across seeds, yet
many studies present only a single run or an unreported mean [9-11]. When variance is properly quantified, the
confidence intervals of active learning and random sampling overlap substantially, rendering the claimed superiority
statistically insignificant in over half the cases examined [9, 11, 12].

Fourth, performance collapses on challenging data splits. Active learning appears dominant on random train-test splits of
the same database [18, 19]. However, when more realistic splits are introduced—composition-based, prototype-based, or
time-ordered splits that enforce extrapolation—the advantage disappears or even reverses [18-20]. This pattern appears
consistently across multiple materials classes, from perovskites to high-entropy alloys [6, 15, 16].

Taken together, these four pieces of evidence demonstrate that the optimistic bias is structural, not anecdotal. It arises
directly from the five methodological weaknesses documented earlier and is not confined to any single subfield or
acquisition function [1, 3, 9-11].

Consequences of Optimistic Bias

The consequences of these inflated benchmarks reach far beyond the pages of individual papers.

First, wasted research effort is substantial. Groups invest months implementing and tuning sophisticated acquisition
functions that ultimately offer negligible gains over strengthened random baselines [20-22]. Computational resources that
could have been directed toward genuinely novel surrogate models or experimental validation are instead spent chasing
benchmark artifacts [10, 11].

Second, misleading claims proliferate in the literature and in funding proposals. Statements such as “active learning
accelerates discovery by 5x” are routinely repeated without qualification [1, 3-6]. In reality, the true improvement under
rigorous conditions is often 1.2x or statistically indistinguishable from random sampling [9, 12]. These overstated claims
shape community expectations and distort priority setting.

Third, poor deployment performance follows. Methods validated only on optimistic benchmarks frequently underperform
when transferred to real discovery campaigns in industry or national laboratories [18, 19]. Practitioners discover too late
that the acquisition function fails to generalize once the chemical space, initial knowledge, or oracle costs differ from the
benchmark [20, 21, 23, 28].

Fourth, delayed progress is the most insidious outcome. Because the field lacks consensus on which acquisition
functions truly work, resources are fragmented across dozens of competing methods without clear winners [1, 3, 9]. The
absence of rigorous evaluation standards prevents the community from converging on best practices, slowing the overall
maturation of active learning as a reliable tool for materials discovery [11, 12, 22].
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These consequences are not hypothetical; they are already visible in the uneven translation of published methods into
practical impact [20-22]. Correcting the optimistic bias is therefore not merely an academic exercise but a prerequisite for
trustworthy acceleration of materials discovery.

Relation to Other Critiques

This critique builds directly on and extends several related analyses in the literature.

It aligns closely with studies that have examined why uncertainty sampling fails for certain defect and property prediction
tasks [7, 8, 16]. While those works focused on algorithmic failure modes under specific property landscapes, the present
critique shifts attention to the benchmark designs themselves that mask or exaggerate those failures [9-11].

It also resonates with critiques of random train-test splits in materials property prediction [18, 19, 26]. Both identify
benchmark artifacts that produce overly optimistic performance estimates; the earlier split-focused work highlighted
interpolation versus extrapolation issues, while this analysis applies the same logic to the active-learning loop [18-20].

The arguments here further echo broader examinations of state-of-the-art claims in data-driven materials science [1, 3,
12]. Those critiques demonstrated how methodological flexibility inflates reported performance; the current work shows
that the same flexibility operates even more powerfully in active-learning settings where the evaluation is inherently
sequential and path-dependent [9-11].

Finally, this critique connects to discussions of optimization-centric workflows in materials engineering [6, 15, 21]. Active
learning is often positioned as a core component of such workflows, yet the present analysis reveals that current
evaluation practices do not reliably predict real-world optimization performance [12, 20, 22]. The optimistic bias therefore
undermines not only standalone active-learning claims but the larger optimization pipelines built upon them [1, 3, 9].

By synthesizing and extending these related critiques, the present work highlights a common thread: methodological
choices in evaluation continue to produce systematically inflated results across multiple sub-areas of computational
materials science [9-11, 18, 19].

Recommendations for Rigorous Active Learning Evaluation

To eliminate the optimistic bias and restore credibility, the community must adopt five concrete recommendations.

Table 2 converts the critique into an evaluative standard by specifying the minimum design, reporting, and reproducibility
conditions required for a benchmark to support a credible claim of active-learning advantage.

Table 2. From benchmark theater to credible evidence: a minimum standard for evaluating active learning in materials
discovery

Evaluation Minimum requirement for Why this requirement Consequence if Editorial or reviewer

dimension a credible benchmark matters theoretically omitted test
Baseline Random sampling run with ~ Establishes whether the = Reported gains may = Ask whether the main
adequacy at least 10 independent proposed acquisition be artifacts of weak claim survives against
seeds, plus at least one function adds value comparison rather repeated random and
simple non-random beyond noise and than superior simple heuristic
heuristic baseline beyond low-complexity decision policy baselines

alternatives
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validity

Confidence intervals or
equivalent uncertainty
bands; explicit significance
testing for headline claims

Prevents small
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misrepresented as

robust methodological

improvements

Initial-condition  Initial labeled sets justified

by plausible discovery
practice and varied across
sizes/compositions

Sequential learning

realism performance is path-

Extrapolation  Evaluation on composition- Distinguishes

difficulty based, prototype-based, or interpolation success
time-ordered splits in from genuine discovery
addition to random splits in unfamiliar regions of

materials space
Acquisition Hyperparameters disclosed  Separates benchmark-
robustness and stress-tested across specific tuning from
ranges, datasets, and generalizable acquisition
budgets behavior
Sequential Equal total query budgets, Ensures performance
fairness

equal starting sets, equal
oracle access, equal
stopping rules across
methods

differences can be
attributed to selection
strategy rather than
resource asymmetry

Practical cost Computational overhead of A method is only useful

accounting retraining, scoring, and in practice if total
acquisition optimization decision cost is justified,
reported alongside query not just oracle-count
savings reduction
Failure Explicit reporting of Scientific credibility
transparency negative results,

depends on knowing
when a method does not
work, not only when it
does

underperformance cases,
and boundary conditions

Reproducibility
package

Public code, exact splits,
seeds, environment details,
and executable benchmark

pipeline

Converts claims from
persuasive narrative into
independently verifiable

evidence

Claim threshold = Superiority claims must be
framed as conditional

Prevents local
benchmark success from

stochastic differences

dependent; realistic prior
knowledge changes the
problem definition itself

remains hidden and

isolated wins with
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Inflated claims based Require evidence that

on overlapping or the effect size is both

unstable statistically and
performance substantively
trajectories meaningful
Benchmark reward is Ask whether

shifted toward
methods tailored to
unrealistic cold starts

conclusions hold
under realistic and
alternative initial
conditions

Models may appear
effective while only
operating within
known manifolds

Require separate
reporting for
interpolation and
extrapolation
performance

Method may be
overfit to one

Ask whether the
claimed “best”

benchmark yet acquisition function
presented as broadly  remains competitive

superior under perturbation
Apparent Verify that all methods

acceleration may
arise from unequal
opportunity or
favorable stopping
criteria

faced the same
sequential constraints

Benchmarks may Ask whether total

cost, not only iteration
count, favors the
proposed method

reward expensive

strategies that are

impractical in real
campaigns

Literature becomes
selection-biased
toward positive
narratives

Require a subsection
documenting failure
modes and non-
dominant cases

Replication failure Ask whether an

independent group
could reproduce the
headline figure without

confidence in the
literature remains

weak reconstructing the
protocol
The field confuses Require the

discussion to
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unless robustness is being generalized into mature, reliable distinguish local
demonstrated across all field-wide capability benchmark advantage
above dimensions methodological triumph from transferable
evidence

Robust evaluation in active-learning studies requires systematic comparison against random sampling under rigorously
controlled conditions, including at least 10 independent seeds, full variance reporting, and appropriate statistical
significance testing [9-11]. In practice, this baseline should be complemented by simple heuristics such as diversity-driven
selection to ensure that any proposed acquisition strategy demonstrates genuine incremental value rather than
artefactual gains [9, 12]. A related methodological concern lies in the construction of initial training sets, which should be
grounded in realistic discovery scenarios such as literature-derived stable phases, while also being subjected to
sensitivity analyses over varying sizes and compositions; critically, both active learning and baseline models must operate
from identical starting conditions to avoid confounding effects [6, 14, 15, 20-22]. Benchmark design further demands a
shift away from random splits toward composition-, prototype-, or time-ordered partitions that enforce extrapolation, with
performance reported across both interpolation and extrapolation regimes to properly expose generalization behaviour
[18-20, 26]. Beyond these experimental design choices, complete reporting becomes essential, requiring explicit
disclosure of acquisition-function hyperparameters, seed counts across all methods, variance or confidence intervals,
computational overhead of acquisition, and transparent discussion of failure modes [1, 3, 9, 11]. Finally, reproducibility
depends on the provision of full replication packages, including open-source code, exact data splits, fixed random seeds,
and complete environment specifications sufficient for independent reconstruction of results [12, 20-22]. Together, these
practices recalibrate active-learning evaluation in materials discovery toward methodological reliability and away from
overly optimistic performance claims, while imposing only a modest additional computational burden relative to the gain in
scientific trustworthiness [1, 3, 9-12].

Conclusion

Active learning benchmarks in materials discovery suffer from pervasive optimistic bias. Five sources drive the
overestimation: weak or undisclosed random baselines, unrealistic initial training sets, test-set leakage, optimistic
acquisition-function tuning, and incomplete reporting. Evidence from the literature confirms the bias through replication
failures, random sampling catching up, large unreported baseline variance, and performance collapse on challenging
splits.

The consequences are serious: wasted research effort, misleading claims in the literature, poor real-world deployment,
and delayed scientific progress. These problems undermine not only active learning but the broader optimization-centric
workflows that depend on it.

The path forward is clear. By implementing strong baselines with statistical rigor, realistic initial sets, extrapolation-aware
test sets, complete reporting, and public replication packages, the field can replace inflated benchmark results with
trustworthy evidence of acceleration. Only then can active learning fulfill its long-promised role as a reliable engine for
materials discovery rather than a generator of optimistic expectations.

The community must act now to raise evaluation standards. The next generation of active-learning research depends on
it.
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