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Abstract

Current NLP evaluation often treats a scalar
score on a fixed benchmark dataset as if it di-
rectly measured the construct the benchmark
is intended to represent. This Measurement-
as-Instance paradigm is appropriate for a fixed
evaluation configuration, but can suppress un-
certainty, variance, and robustness when a sin-
gle result is used to support broader capa-
bility or generalisation claims. In this po-
sition paper, we argue for extending static
evaluation with Measurement-as-Distribution:
a structured evaluation procedure involving
principled data generation, validated perturba-
tions, repeated evaluation, and distributional
reporting. The framework is configurable:
the amount of distributional evidence required
should scale with the strength and breadth of
the claims being made. We synthesise exist-
ing robustness, dynamic-evaluation, prompt-
sensitivity, and uncertainty-reporting practices
into a general measurement-theoretic frame-
work for distribution-based NLP evaluation and
provide a call to action for more rigorous report-
ing. Using the protocol P = (C, G,Φ, E,R),
we identify three risks of relying exclusively on
fixed scalar evaluation and derive implications
for peer review, benchmark publication, leader-
board reporting, and computational cost. Two
case studies demonstrate feasibility: a SQuAD
evaluation of 14 models reveals modest but
axis-specific performance changes and stable
overall rankings with uncertainty-aware com-
parisons, while a verifier-backed Knights-and-
Knaves study illustrates how perturbations of
rigid logical tasks can be generated and vali-
dated formally.

1 Introduction

The NLP community has produced hundreds of
benchmarks over the past decade. For generative
large language models (LLMs), benchmarks such
as GLUE (Wang et al., 2018), MMLU (Hendrycks
et al., 2021), GSM8K (Cobbe et al., 2021), and

Figure 1: From instance-based to distribution-based
evaluation. Left: Measurement-as-Instance evaluates
a fixed dataset once and reports a single scalar score.
Right: Measurement-as-Distribution generates exam-
ples, applies multiple perturbations, repeats evaluation
across runs, and reports a multidimensional robustness
profile with inferential statistics (simplified, details in
Figure 2).

BIG-bench (Srivastava et al., 2023), together with
leaderboards such as the Artificial Analysis Intelli-
gence Index1, provide shared references for com-
paring systems and reporting progress. For embed-
ding models, MTEB (Muennighoff et al., 2023) and
MMTEB (Enevoldsen et al., 2025) play a similar
role.

Each benchmark operationalises an abstract ca-
pability as a fixed collection of items with ground-
truth responses and produces a scalar score. We call
this Measurement-as-Instance (MI). MI is appro-
priate when the claim concerns performance under
that particular evaluation configuration. However,
a fixed evaluation provides limited evidence about
how performance varies across other valid evalu-
ation instances or measurement conditions. The
issue is therefore not that fixed benchmarks are
invalid, but that a single configuration supports nar-
rower claims than those about robustness, generali-
sation, or performance across broader conditions.

1https://artificialanalysis.ai/
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An important distinction is between uncertainty
within a fixed evaluation and variation across valid
evaluation conditions. A benchmark can quantify
sampling uncertainty over its fixed items, for ex-
ample through bootstrap confidence intervals, with-
out testing whether the estimate changes when the
same construct is instantiated through other valid
items, presentations, or conditions. MI therefore
estimates performance conditional on a particular
configuration, whereas broader claims require ev-
idence about variation across relevant configura-
tions.

Three developments make this distinction in-
creasingly consequential. Scale and training
breadth: models are trained on corpora derived
from the same web sources as evaluation datasets,
making statistical overlap difficult to avoid (Chen
et al., 2025; Zhou et al., 2023). Optimisation pres-
sure: published benchmark scores encourage tech-
niques that perform well on existing tests, poten-
tially increasing the divergence between bench-
mark performance and construct-level capabil-
ity (Mirzadeh et al., 2025). Saturation: as models
improve, scores cluster near the ceiling, reducing
discriminative power when models are increasingly
similar (Kiela et al., 2021; Akhtar et al., 2026; Ott
et al., 2022; Qian et al., 2026; Zhou et al., 2026).

AI benchmarks can be viewed as analogous to
psychometric measurement (Blili-Hamelin and
Hancox-Li, 2023; Freiesleben and Zezulka, 2025).
The relevant analogy is not that fixed tests are in-
valid, but that repeated use of the same test and
reporting a single score do not reveal how per-
formance varies across other valid measurement
conditions.

Related work on construct validity similarly ar-
gues that benchmark scores are evidence about a
target phenomenon only insofar as the task, metric,
and resulting claims validly operationalise that phe-
nomenon (Bean et al., 2025; Kearns, 2026; Raji
et al., 2021). We build on this view but focus
on the evaluation procedure itself: even a well-
motivated benchmark can yield overconfident con-
clusions when treated as a single fixed instance
rather than as one draw from a broader space of
valid evaluation instances.

The central argument is: benchmarks mea-
sure how a model performs under a particular
evaluation configuration, while broader claims
require evidence about how that performance
varies across a distribution of valid evaluation
conditions. Distribution-based evaluation does not

imply that fixed benchmark scores are inadequate
for every purpose, nor does it require rankings to
change. Rather, it provides richer evidence about
robustness, uncertainty, and differences between
models that may achieve similar static scores but
behave differently under valid variation.

We formalise this extension as an evaluation pro-
tocol, P = (C, G,Φ, E,R), covering the evalua-
tion construct, data-generation process, perturba-
tions, evaluation procedure, and reporting strat-
egy. The protocol is configurable: the amount
of distributional evidence can be adapted to the
strength and breadth of the claim. Measurement-
as-Distribution therefore complements rather than
replaces existing static benchmarks and robustness-
oriented evaluation frameworks.

Our contribution is not any individual compo-
nent of this protocol. Data generation, perturba-
tion testing, prompt-sensitivity analysis, repeated
evaluation, uncertainty reporting, and rank-stability
analysis all exist in prior work (see Section 4). Our
contribution is to organise these components into
a single configurable measurement protocol that is
not restricted to generative or embedding models.
Relevant robustness work includes evaluations of
generative models (Mirzadeh et al., 2025; Mizrahi
et al., 2024; Sclar et al., 2024; Zhang et al., 2026;
Zhu et al., 2024a,b) and embedding models (Frank
and Afli, 2026b; Goel et al., 2025; Kostiuk and
Enevoldsen, 2026; Frank and Afli, 2026a).

We demonstrate feasibility through two com-
plementary case studies. A SQuAD evaluation of
14 models applies four perturbation axes and re-
peated evaluation to examine robustness profiles,
rank stability, and uncertainty. A verifier-backed
Knights-and-Knaves case study shows how the
same framework can be applied to a rigid logical
task whose generated instances and perturbations
can be checked against formal validity constraints.
These examples illustrate that distribution-based
evaluation can provide additional evidence without
replacing established benchmark tasks.

We first contrast Measurement-as-Instance with
Measurement-as-Distribution, then identify failure
modes of fixed scalar evaluation, formalise the pro-
tocol, relate it to existing work, state testable pre-
dictions, and examine the two case studies before
deriving implications for peer review, benchmarks,
leaderboards, and computational cost.
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2 Two Paradigms: Instance vs.
Distribution

Measurement-as-Instance (MI). A benchmark
B under this paradigm consists of an explicit con-
struct specification and a fixed collection of evalua-
tion datasets, each paired with a labelling function
and a metric,

B =
(︁
C, {(Dk,Lk,Mk)}Kk=1

)︁
,

where C specifies the intended construct, Dk is a
dataset of items, Lk assigns correct outputs, and
Mk scores model outputs on dataset k. Evalua-
tion produces dataset-level scores Mk(f,Dk,Lk)
or an aggregate. The defining feature is a fixed
configuration of datasets, labels, metrics, prompts,
and aggregation choices. A static benchmark may
therefore specify its construct, validate its items,
and quantify uncertainty conditional on its fixed
sample; what MI does not by itself measure is how
results vary across other valid evaluation configura-
tions.

Measurement-as-Distribution (MD). MD ex-
tends MI by introducing the protocol

P = (C, G,Φ, E,R),

where C is an explicit construct specification; G is
a data-generation function; Φ = {ϕ1, . . . , ϕk} is a
validated family of perturbations that preserve the
target construct and task structure while varying ad-
missible measurement conditions; E is a multi-run
evaluation procedure; and R produces a robustness
profile including distributional summaries, confi-
dence intervals, and stability statistics.

The distinction is not whether uncertainty can be
estimated, but which sources of variation are repre-
sented in the measurement process. MI conditions
inference on one fixed configuration, whereas MD
makes variation across generated instances, vali-
dated perturbations, and repeated evaluation condi-
tions explicit. A model that performs consistently
across these conditions provides evidence about
robustness that cannot be obtained from its score
on the original configuration alone. MD therefore
complements rather than replaces static benchmark
scores. The required amount of distributional evi-
dence can be scaled to the claim being made.

Connection to measurement theory. This re-
framing has a formal precedent in Generalizability
Theory (G-theory; Cronbach et al., 1972), which

treats a performance score as an estimate of a uni-
verse score and characterises reliability through
variance components attributable to items, occa-
sions, and measurement conditions. A fixed bench-
mark conditions on one configuration of these fac-
tors, whereas systematic sampling across relevant
sources of variation can make their contribution to
observed performance explicit. MD extends this
measurement perspective from performance under
a fixed configuration to variation across a declared
space of valid conditions.

3 Failure Modes of Instance-Based
Measurement

The failure modes below arise when a fixed eval-
uation configuration is used to support claims ex-
tending beyond that configuration. They are not
inherent flaws of static benchmarks: MI can specify
constructs, validate items, and quantify uncertainty
conditional on its fixed sample. The limitation is
that variation outside that configuration remains
unmeasured unless explicitly incorporated.

Benchmark leakage: the fixed instance be-
comes a target. When a model is trained on
data statistically correlated with D, the evalua-
tion is no longer independent of the measured ob-
ject. Zhou et al. (2023) demonstrate that leakage
inflates scores without corresponding capability
gains, while Zhang et al. (2024) report up to 8 per-
centage points higher accuracy on contaminated
GSM8K than on matched GSM1k. Balunovic et al.
(2025) confirm the effect at scale, finding substan-
tially lower scores on competition mathematics
evaluated at problem release than on previously
fixed sets. A fixed score alone cannot diagnose
benchmark-specific adaptation; under MD, gaps
between fixed-benchmark performance and fresh
draws from G or validated variants from Φ provide
diagnostic evidence.

Prompt sensitivity: the scalar suppresses
prompt variance. Across 6.5 million evaluation
instances, 20 models, and 39 tasks, Mizrahi et al.
(2024) show that instruction templates can substan-
tially change performance estimates and relative
rankings. Kostiuk and Enevoldsen (2026) simi-
larly find prompt sensitivity in instruction-tuned
embedding models. Prompt choice therefore con-
stitutes an additional source of measurement varia-
tion that is hidden when a single template is fixed.
Under MD, prompt sensitivity can be reported as
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an explicit auxiliary analysis, separately from the
primary perturbation axes.

Community-level overfitting: the score–
construct relation degrades. Because the
relationship between score and construct is
established at benchmark construction, its validity
may not be reassessed as models and evaluation
practices evolve. Mirzadeh et al. (2025) show
that adding seemingly relevant but irrelevant
information to GSM8K-style problems can reduce
accuracy by up to 65 percentage points. Wang
et al. (2024) demonstrate that LLM-judge rankings
can reverse under response-order manipulation,
while Koo et al. (2024) report biased comparisons
in 40% of cases and an average human–model
Rank-Biased Overlap of 44%. Under MD,
the explicit construct specification C provides
a reference against which construct drift and
discriminability can be monitored, for example
using the Discriminability Score of Qian et al.
(2026).

4 A Formal Evaluation Protocol

In this section, we formalise MD as a protocol
for specifying the target construct, valid evaluation
variation, repeated evaluations, and distributional
reporting. Figure 2 visualises the protocol. A more
explicit algorithmic specification is provided in Ap-
pendix A. The specification for a concrete example
is provided in Appendix B.

We define distribution-based evaluation as a pro-
tocol

P = (C, G,Φ, E,R),

where the components specify the target construct,
the valid data-generation process, the family of
construct-preserving transformations, the evalua-
tion procedure, and the reporting obligations.

Construct specification. C defines the target
capability and separates construct-relevant from
construct-irrelevant variation. A construct specifi-
cation should state what the evaluation is intended
to measure, what kinds of examples are acceptable,
which features must be preserved, and which may
vary. It should also connect the intended claims
with the experimental design. This specification
provides the reference against which generated in-
stances and perturbations are validated and against
which the scope of the resulting claims is assessed.

Data generation. G samples or generates valid
evaluation instances conditioned on C. The gen-
erator may resample from an existing benchmark,
select datasets according to stated criteria, gener-
ate new instances from templates or models, gen-
erate completely new datasets, or combine these
choices. For a fixed benchmark, G may simply re-
turn the same predefined evaluation set; MD makes
the choice of sampling or generation explicit when
variation across evaluation instances is part of the
claim.

Perturbation procedures. Φ = {ϕ1, . . . , ϕk}
defines construct-preserving transformations that
vary admissible measurement conditions while pre-
serving the intended label or target relation. Be-
cause preservation is construct-dependent, each
perturbation procedure should be validated. As a
minimal requirement, the protocol should provide
evidence for the construct-validity of each pertur-
bation. In many studies, this will include human
validation; for rigid tasks with executable speci-
fications, formal or verifier-based validation may
instead provide the relevant evidence. Validating a
subsample is often more practical because it con-
trols annotation cost, but it does not validate every
generated variant. Runtime automatic validation
can therefore complement human or verifier-based
validation.

The protocol should specify the validation de-
sign, acceptance criteria, runtime checks, fallback
rules, and automatically detected failure rates. In
particular, failed perturbations should be recorded
explicitly rather than silently treated as valid vari-
ants. Additionally, inter-rater agreement should
be measured when human annotation is used; see
James (2026) for a recent overview of metrics. We
use α : Φ → A to map a perturbation ϕj to a ro-
bustness axis α(ϕj) ∈ A. Robustness axes may be
differently motivated, e.g. linguistically. However,
by default, we suggest using deployment-relevant
robustness axes.

Evaluation procedure. E specifies how models
are evaluated based on generated and perturbed
evaluation instances. It defines the sample size
N , the number of runs or seeds Nruns, the seeds
S = {s1, . . . , sNruns}, the scoring procedure, and
the records retained for downstream analysis. In
run r, the seed sr is used for sampling and, where
relevant, for stochastic components of evaluation
such as perturbation generation and either answer
or embedding generation. The protocol should
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Figure 2: Overview of the Measurement-as-Distribution evaluation protocol. Across repeated runs, the protocol
samples evaluation sets, generates validated perturbation variants, evaluates models on all variants, and summarises
results into robustness profiles with uncertainty and rank-stability statistics. For prompted models, prompt sensitivity
is treated as a separate auxiliary analysis. Formal specification in Appendix A.

also specify which factors are resampled across
runs and which are held fixed. For example, when
several observations belong to the same higher-
level unit, such as multiple questions from the same
passage, that unit may be held fixed across seeds
while stochastic components such as perturbation
generation or model inference vary.

For prompted models, the main protocol uses a
primary instruction ι⋆ to keep evaluation tractable.
Unless the claim is specifically about instruction
following, prompt sensitivity is assessed separately
through an auxiliary analysis, for example by re-
porting scores for at least three semantically equiva-
lent prompts. This keeps prompt sensitivity explicit
without conflating it with the primary perturbation
axes.

Reporting function. R maps the resulting eval-
uations to robustness profiles rather than a single
scalar score. At minimum, these profiles should
include original and perturbed scores, paired deltas
relative to the unperturbed condition, uncertainty
intervals, perturbation validation outcomes such as
acceptance or fallback rates, and explicit p-values
where hypothesis tests are used. When multiple
hypothesis tests are reported, p-values should be
corrected for multiple comparisons within the de-

clared test family. We recommend Holm correction
as a default because, like Bonferroni correction, it
controls the family-wise error rate while being less
conservative than the Bonferroni procedure (Holm,
1979).

For model comparisons, the declared test family
should reflect the claims being made. For exam-
ple, when introducing a new or improved model,
we suggest testing the paired score difference un-
der the unperturbed condition and under each per-
turbation axis compared to a declared reference
model such as the currently leading model. How-
ever, perturbation-level and axis-level effects can
also be reported descriptively without formal hy-
pothesis tests.

Rank-stability statistics using Kendall’s τ should
be reported when at least three models are com-
pared. The primary rank-stability analysis should
compare the unperturbed ranking with each axis-
specific perturbed ranking separately, rather than
only with a single ranking aggregated across ro-
bustness axes.
R should also specify the unit of analysis used

for uncertainty estimation and hypothesis testing.
When observations are paired or share a higher-
level unit, the analysis should preserve these depen-
dencies rather than treat all observations as indepen-
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dent. This is particularly important when multiple
questions are sampled from the same passage or
when multiple perturbations are derived from the
same parent instance.

The resulting protocol therefore makes explicit
which aspects of the evaluation are fixed and which
are sampled or varied. A static benchmark can be
recovered as a restricted configuration in which
the data-generation process returns a predefined
dataset and no perturbation variation is introduced.
MD is useful when additional variation is relevant
to the claim and can be specified and validated
without changing the underlying construct.

Recent work increasingly treats benchmarking
not only as a scoring problem, but as a measure-
ment problem concerning a target phenomenon.
Bean et al. (2025) review 445 benchmark papers
and argue that benchmark design should define
the target phenomenon, justify the task and metric,
report uncertainty, address contamination, and es-
tablish that benchmark scores support the claims
made. Kearns (2026) similarly model benchmark
scores as imperfect indicators of latent LLM ca-
pabilities, while recent work on the “proxy pre-
sumption” shows how embedding-based measures
can conflate target constructs with nuisance factors
such as topic, style, and authorship (Li et al., 2026).
Mondal and Bhardwaj (2026) extend this concern
to deployment, arguing that benchmark scores may
fail to capture stakeholder-centred utility.

This work supports our starting point: bench-
mark scores are informative only insofar as the
benchmark validly operationalises the phenomenon
it claims to measure. These accounts primarily ad-
dress the validity of mappings from scores or bench-
mark outcomes to target constructs. Our contribu-
tion is complementary: we focus on the evaluation
procedure itself. Construct validity specifies what
a benchmark is intended to represent; MD specifies
how relevant sources of variation can be gener-
ated, validated, repeated, and reported. Broader
benchmark-based capability claims therefore re-
quire evidence beyond a single fixed evaluation
configuration.

Dynamic Evaluation Frameworks. The empir-
ical motivation for MD comes from work that
treats benchmark evaluation as a multidimensional
procedure rather than a single fixed score. Chen
et al. (2025) survey the shift from static to dynamic
benchmarking for generative models. Embedding
evaluation provides particularly clear examples of

this broader idea: existing instances can be para-
phrased or otherwise transformed while preserving
task semantics, with resulting score variation anal-
ysed across models, languages, and tasks.

MTEB (Muennighoff et al., 2023) and
MMTEB (Enevoldsen et al., 2025) standardised
broad embedding evaluation across diverse
tasks. PTEB (Frank and Afli, 2026b) introduced
stochastic paraphrase-based evaluation across 20
datasets and 25 languages, while HTEB (Frank and
Afli, 2026a) extended this approach to multiple
perturbation axes, human validation, repeated
evaluation, and multidimensional robustness
profiles. HTEB is the closest empirical precursor
to MD because it makes input variation an explicit
component of evaluation; however, its scope is
narrower, focusing on embedding models and
input perturbation.

Other frameworks vary different parts of the eval-
uation process. Dynabench (Kiela et al., 2021) uses
human- and model-in-the-loop adversarial data col-
lection, while Dynaboard (Ma et al., 2021) varies
evaluation and reporting criteria through multi-
metric leaderboards. TextFlint (Wang et al., 2021),
CheckList (Ribeiro et al., 2020), Robustness Gym
(Goel et al., 2021), and HELM (Liang et al., 2023)
provide complementary approaches to robustness,
behavioural testing, subpopulation analysis, pertur-
bation, and multi-metric evaluation. SAGE (Goel
et al., 2025) further evaluates embedding models
across transformation robustness, information sen-
sitivity, clustering, retrieval, and human-preference
alignment. Counterfactual prompting also high-
lights the need to interpret perturbation effects rela-
tive to appropriate baselines (Yang et al., 2026).

Across these approaches, the relevant distinction
is which part of the measurement process is varied
and how that variation is validated and reported.
MD makes this abstraction explicit by separating
construct specification, data generation, perturba-
tions, repeated evaluation, and distributional re-
porting in a model- and task-agnostic framework.
Its contribution is therefore not an individual ro-
bustness or dynamic-evaluation technique, but the
organisation of existing components into a config-
urable measurement protocol whose components
can be selected according to the claim being made.

Statistical Analysis for NLP. Previous work has
established that single evaluations can be unreli-
able and that score distributions should instead be
analysed (Reimers and Gurevych, 2018; Dror et al.,
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2019). For generative LLM benchmarks, Zhang
et al. (2026) similarly show that relying on a sin-
gle sampled generation can produce unstable esti-
mates and ranking errors. More broadly, bench-
mark task selection and aggregation can affect
model rankings (Dehghani et al., 2021), while live
human-preference leaderboards can be affected by
platform-specific evaluation policies (Singh et al.,
2025). NLP research has also established inferen-
tial methods and the need for correction for multi-
ple comparisons (Evert, 2004; Søgaard, 2013; Sø-
gaard et al., 2014; Yeh, 2000; Dror et al., 2018,
2017), with recent work revisiting broader eval-
uation concerns (Dhar and Søgaard, 2026). MD
builds on these practices by integrating uncertainty,
paired effects, rank stability, and validation out-
comes with dynamic and robustness-oriented eval-
uation.

Prompt Sensitivity. Prompt choice introduces
an additional source of measurement variation. In-
struction paraphrases can change both model scores
and relative rankings (Mizrahi et al., 2024), while
meaning-preserving formatting changes and small
perturbations such as typos can also affect per-
formance (Sclar et al., 2024; Zhu et al., 2024a).
Prompt sensitivity has also been observed in in-
struction embedding models (Kostiuk and Enevold-
sen, 2026). We therefore treat prompt choice as
an explicit evaluation factor, reported separately
unless the claim specifically concerns instruction
following, avoiding conflation with other construct-
preserving perturbation axes.

5 Testable Predictions

The protocol yields three empirical commitments
for distribution-based evaluations. The predictions
are motivated by the failure modes in Section 3.
Our case studies provide initial evidence for these
commitments, while their broader generality re-
mains an empirical question.

P1: Rank-score dissociation. Distribution-
based evaluation may reveal differences between
unperturbed and perturbed rankings, but ranking
stability alone does not establish robustness equiv-
alence. Evaluations should therefore report rank
stability, for example with Kendall’s τ , together
with axis-specific score deltas. We expect both out-
comes to be possible: perturbations may change
rankings, while highly stable rankings may still
conceal non-trivial differences in performance tra-

jectories. Ranking stability does not imply robust-
ness equivalence: models with identical rankings
may respond differently across perturbation axes.

P2: Score variation under valid perturba-
tion. For construct-preserving perturbations, per-
formance may vary relative to the unperturbed
condition, but the direction and magnitude need
not be universal. The mean paired delta, ∆ =
scoreperturbed− scoreunperturbed, should therefore
be reported for each perturbation or robustness
axis together with uncertainty estimates. Nega-
tive deltas indicate degradation, while near-zero
or positive deltas may indicate robustness or task-
specific sensitivity. Following PTEB and HTEB,
the protocol treats the direction, magnitude, and
uncertainty of ∆ as empirical quantities rather than
assuming a uniformly negative effect or statistical
significance.

P3: Robustness multidimensionality. Models
may exhibit dissociated robustness profiles across
perturbation axes, such that per-axis deltas provide
information lost in an aggregate score. Motivated
by HTEB and examined in our SQuAD case study,
this hypothesis should be evaluated through per-
axis delta estimates, uncertainty intervals, inter-
axis relationships, and profile-level comparisons.
Even stable overall rankings may conceal mean-
ingful differences in responses to valid evaluation
variation.

6 Case Studies

We demonstrate MD through two complementary
case studies: SQuAD (Rajpurkar et al., 2016), rep-
resenting a well-established QA benchmark with
linguistic and presentation variation, and Knights
& Knaves (K&K), a rigid logical task whose gen-
erated instances can be validated by an executable
verifier. Experimental details and validation proce-
dures are provided in Appendix B and Appendix C.

6.1 SQuAD

We evaluated 14 models on 3,000 QA items sam-
pled from 1,000 paragraphs of SQuAD v1.1 us-
ing G. Four perturbation axes were evaluated: (1)
question rephrasing, (2) additional context, (3) list-
structured passages, and (4) typos. Each pertur-
bation was validated using its runtime acceptance
criteria, with Nruns = 6.

Perturbations produced lower average scores
than the unperturbed evaluation, although the mag-
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nitude varied across models and axes. Rank-
ings remained highly stable, with Kendall’s
τ ∈ [0.956, 1.000], but some relative positions
changed. For example, RoBERTa-base and
XLM-R-large score 91.2% and 91.1%, respec-
tively, on the original evaluation, but 90.6% and
90.7% averaged across perturbations, reversing
their ordering. Thus, high rank stability does not
imply equivalent robustness trajectories.

Validation outcomes were 100% for question
rephrasing and presentation structure, 99.93% for
surface noise, and 82.94% for context composition,
corresponding to a 17.06% fallback rate for the
latter. Rejected variants were explicitly excluded
rather than treated as valid evaluations. For the
predefined RoBERTa-base versus XLM-R-large
comparison, all bootstrap confidence intervals in-
cluded zero and the corresponding p-values were
not significant before multiplicity correction. The
ranking reversal should therefore be interpreted as
an illustration of distributional variation rather than
evidence of a statistically reliable model difference.

As a generator-sensitivity check, we repeated
perturbation generation with Qwen-3.8-27B in-
stead of Gemma-4-31B for Nruns = 3. Both gen-
erators produced the same model ranking across
the evaluated conditions. This check treats gener-
ator choice as a potential source of measurement
variation.

6.2 Knights & Knaves

We use the Knights & Knaves task of Xie et al.
(2025) as a verifier-backed feasibility study. The
task requires determining unique Knight/Knave as-
signments under explicit truthfulness constraints;
the original problem formulation is given in Ap-
pendix C.

Applying MD, G generated 100 valid parent in-
stances with respect to C, with an acceptance rate
of 28.2%. For each accepted parent, E applied Φ
five times, with each perturbation changing exactly
one literal. Perturbed instances were independently
checked by the verifier and retained only when they
satisfied the predefined validity criteria, giving a
perturbation acceptance rate of 12.5%. We eval-
uated Gemma-4-31B and Qwen-3.8-27B; the
resulting error profiles are reported in Table 1. The
purpose of this case study is to demonstrate that
MD can be applied to rigid symbolic tasks using
formal validation, rather than to provide a statistical
comparison between the two models.

Model Assignment Formatting Total

Gemma-4 15 0 15 (2.5%)
Qwen-3.8 6 5 11 (1.8%)

Table 1: K&K role-assignment and unrecoverable for-
matting errors over 100 generated parent instances and
their 500 attempted perturbed instances.

7 Implications for ACL and the Field

The field already has the tools needed for
richer evaluation: principled data generation,
perturbation-based robustness checks, prompt-
sensitivity analyses, repeated evaluations, and un-
certainty quantification. What is missing is more
consistent use of these tools in proportion to the
claims being made. A scalar score on a fixed bench-
mark can be appropriate for a narrow claim about
that configuration, whereas claims about robust-
ness, generalisation, or broader progress require
evidence across relevant evaluation conditions. Our
recommendations are therefore pragmatic: they do
not require replacing existing benchmarks or apply-
ing the full MD protocol in every study. Instead,
the amount of distributional evidence should scale
with the strength and breadth of the claim.

Peer review standards. Static scalar benchmark
improvements should not be treated as sufficient
evidence for broad claims of progress on their own.
Reviewers should consider four practical require-
ments: (i) an explicit data-generation or dataset-
selection protocol that clarifies how evaluation data
were obtained and the scope of the resulting claim;
(ii) perturbation-sensitivity reporting for claims
about robustness or generalisation, using at least
one construct-preserving perturbation where appro-
priate; (iii) uncertainty-aware reporting, including
confidence intervals and appropriate correction for
multiple comparisons when hypothesis tests are
used; and (iv), for instruction-following models,
multi-prompt reporting (Mizrahi et al., 2024) when
results may depend on instruction choice. If a pro-
posed analysis is inappropriate for a task, authors
should explain why. These requirements establish a
proportional reporting floor rather than mandating
full MD adoption.

Benchmark publication norms. New bench-
marks should specify the target construct C, iden-
tify relevant construct-preserving variation where
applicable, document at least one validated vari-
ation or perturbation procedure and its rejection
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criteria, and report discriminability at the current
state of the art (Qian et al., 2026). Bowman and
Dahl (2021) identified the need for stronger bench-
mark design practices, but these have not become
systematic publication requirements. The required
level of variation and validation should again de-
pend on whether the benchmark is intended to sup-
port fixed-instance claims or broader capability and
robustness claims.

Leaderboard reporting. Leaderboards should
report aggregate scores together with uncertainty
estimates and, where robustness or generalisation
is part of the intended claim, per-axis robustness
information. They should also indicate when a
benchmark approaches saturation and no longer
sufficiently discriminates among current models. If
perturbation-based evaluation is inappropriate, this
should be stated explicitly. This would distinguish
a stable ordering on one fixed benchmark from evi-
dence that model differences persist across relevant
evaluation conditions.

Reporting of statistical methods. Authors
should clearly specify the statistical methods used
for evaluation, including the estimation or testing
procedure, unit of analysis, number of observa-
tions, and treatment of multiple comparisons. Con-
fidence intervals and p-values should be accompa-
nied by sufficient methodological detail to repro-
duce the analysis and a brief justification of the
chosen method. An appendix table summarising
these choices can provide a concise reporting for-
mat (see Appendix B and Table 6).

Computational cost. MD increases evaluation
cost through additional sampling, perturbation
generation, validation, and repeated runs. This
overhead should be viewed as part of supporting
stronger claims rather than as a requirement for
every evaluation. The protocol is intentionally con-
figurable: researchers can adjust the number of
instances, perturbation axes, validation effort, and
repeated runs to match the claim. A minimal dis-
tributional evaluation, such as one validated pertur-
bation axis with uncertainty intervals, can already
provide additional evidence, while stronger claims
about robustness, generalisation, or state-of-the-art
performance warrant broader sampling, multiple
relevant axes, and more extensive validation.

8 Conclusion

We have argued that Measurement-as-Instance,
which evaluates a fixed benchmark configuration
and reports performance for that configuration,
provides useful but necessarily scoped evidence.
Measurement-as-Distribution, formalised as P =
(C, G,Φ, E,R), extends this evaluation by making
relevant sources of variation explicit through gen-
erated instances, validated perturbations, repeated
runs, and distributional reporting. The protocol
can be configured according to the claims being
made: the stronger or broader the claim, the more
distributional evidence is required.

The central claim is not that distribution-based
evaluation will always change rankings or reveal
large effect sizes. Rather, it makes uncertainty, ro-
bustness variation, and benchmark–construct align-
ment more empirically inspectable. Our case stud-
ies provide initial evidence that this additional in-
formation can be obtained without replacing estab-
lished benchmark tasks: the SQuAD study reveals
axis-specific performance variation and highly sta-
ble but not identical rankings, while the Knights
& Knaves study demonstrates that verifier-backed
generation and perturbation can support distribu-
tional evaluation of a rigid logical task. These
examples do not establish that the observed pat-
terns generalise to all NLP tasks or model families.
They instead illustrate the central methodological
argument: a fixed benchmark score is one mea-
surement under a particular configuration, whereas
broader claims require evidence about how per-
formance behaves across relevant valid configura-
tions. The field already has many of the concepts
and tools needed to implement Measurement-as-
Distribution; what remains is to make their use
proportional to the claims being made and more
consistently reported.

Limitations

This paper is a position paper and does not intro-
duce a new benchmark or a large-scale compari-
son of models. Its contribution is conceptual and
methodological: it formalises distribution-based
evaluation as a general protocol and derives report-
ing recommendations from existing work on ro-
bustness, dynamic evaluation, and statistical uncer-
tainty. The case studies in Section 6 provide initial
feasibility evidence and illustrate how the protocol
can be instantiated in two different settings, but
they are not intended to establish the generality of
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the framework across tasks, datasets, or model fam-
ilies. The predictions in Section 5 should therefore
be understood as empirical commitments whose
broader validity remains to be tested across a wider
range of evaluation settings.

A central limitation of MD is that perturbation
validity is construct-dependent. A transformation
that preserves the target construct in one setting
may change it in another. For example, paraphras-
ing may preserve semantic similarity for some
sentence-pair tasks but alter pragmatic meaning,
factual specificity, or discourse structure in other
tasks. The protocol therefore does not remove the
need for construct validation. Instead, it makes
this requirement explicit: perturbation procedures
should be justified, validated, and reported with re-
jection rates or other evidence that the intended rela-
tion has been preserved. For tasks with executable
specifications, formal or verifier-based validation
can provide an alternative to human validation, as
illustrated by the Knights & Knaves case study.

The protocol is also limited by the quality and
biases of the mechanisms used to generate evalu-
ation variation. When perturbations are produced
by LLMs, they may introduce artefacts, simplify
inputs, alter style in systematic ways, or amplify
demographic and cultural biases. These effects can
make robustness estimates depend partly on the
generator rather than only on the evaluated model.
Our generator sensitivity analysis in the SQuAD
case study provides an initial check of this issue,
but it is limited to the generators and experimen-
tal conditions considered there. Distribution-based
evaluation should therefore not be interpreted as
automatically more valid than static evaluation; its
validity depends on the design and validation of the
sampled instances and perturbations.

Finally, distribution-based evaluation does not
eliminate benchmark gaming or contamination. If
distributional protocols become standardised, they
too may become targets of optimisation. The advan-
tage of the proposed framework is not that it makes
evaluation immune to overfitting, but that it exposes
more of the measurement process and provides ad-
ditional diagnostic information when benchmark–
construct alignment deteriorates. Maintaining that
advantage will require periodically revising gener-
ators, perturbation families, validation procedures,
and reporting norms.

Ethical Considerations

Barriers for resource-constrained research
groups. As discussed in Section 7, MD can in-
crease the cost of evaluation. Repeated runs, per-
turbation generation, and human validation in-
crease compute requirements and annotation cost.
This may disproportionately affect smaller research
groups, as well as researchers working in resource-
constrained settings. For this reason, we do not
argue that every paper must implement all compo-
nents of the protocol. Instead, we derive pragmatic,
claim-dependent recommendations in Section 7.

At the same time, distributional evaluation does
not only consist of cost-increasing components.
More rigorous statistical reporting, uncertainty esti-
mation, and explicit description of evaluation con-
figurations can often be implemented without sub-
stantially increasing computational cost. These
components provide ways for resource-constrained
researchers to strengthen their evaluation even
when perturbation generation or human validation
must remain limited in scope.

Bias amplification. LLM-based perturbation
generators may amplify social biases present in
training data. Perturbation outputs should therefore
be audited for demographic and other systematic
biases before being used in evaluation contexts.
Generator choice and validation procedures should
be documented so that observed robustness differ-
ences can be distinguished, where possible, from
artefacts introduced by the generation process.

Environmental cost. Repeated evaluation, per-
turbation generation, and model inference can incur
higher energy costs than a single static evaluation.
Researchers should therefore consider the compu-
tational cost of the chosen protocol when selecting
the number of runs, instances, and perturbation
axes. Because MD is configurable, evaluation ef-
fort can be scaled to the strength of the claim rather
than maximised by default.

AI usage statement. AI was used to assist with
writing, including language polishing and figure
preparation. AI was also used to assist with the
implementation of the case studies. The authors
reviewed all AI-assisted changes and take full re-
sponsibility for the final content.
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A Algorithm

Algorithm 1 gives a task-agnostic specification of
the protocol. The generator G returns the base
evaluation sets {D(0)

r }Nruns
r=1 ; depending on the eval-

uation design, these sets may be resampled across
seeds or held fixed while stochastic components
vary. All stochastic steps within the run-loop in
line 5 to 9 of the algorithm are implicitly based on
the corresponding seed. The construct-constrained
transformation operator TC applies each retained
perturbation ϕj to the base set D(0)

r and returns the
perturbed set D(j)

r together with the perturbation-
generation fallback rate λgen

r,j . Here, j = 0 denotes
the unperturbed condition and j = 1, . . . , k denote
perturbation conditions.

The item-level log Y is retained so that paired
or clustered uncertainty estimates can operate on
the appropriate unit of analysis. The aggregation
function Agg maps item-level records Ym,r,j to
scalar run-level scores Z[m, r, j], while Z stores
these aggregate scores for all models, runs, and
conditions.

The algorithm distinguishes two failure records.
λgen records perturbation-generation fallbacks, i.e.,
cases where an attempted perturbation cannot be
validly realised and the original input is retained.
In contrast, η optionally records model-output
failures, such as empty answers or unparsable
outputs from the evaluated model; these failures
are not counted as perturbation-generation fall-
backs. Aggλ aggregates fallback rates over per-
turbations within a robustness axis. Aa aggre-
gates perturbation-level model-score vectors into
an axis-level model-score vector for robustness
axis a. Rprofile constructs the reported robustness
profile, and RH computes the declared tests with
correction Corr applied within the test family H.
When at least three models are compared, rank sta-
bility is computed with Kendall’s τ . The operator
rankavg maps a vector of model scores to ranks
using a fixed ranking direction, with tied models
assigned the average of the ranks they would oc-
cupy. For prompted models, the protocol is run
with the primary instruction ι⋆; prompt sensitivity
is assessed separately.

B SQuAD Case Study

This section provides short case study of applying
MD. It serves as a proof of feasibility and does not
provide a full implementation of MD. As such, it
does not allow to draw conclusions regarding the
performance of the tested models.

B.1 Motivation and Scope

The purpose of this case study is to demonstrate
that MD can be applied to a widely common task
with perturbations that that challenge the estab-
lished models. Please note that while a real appli-
cation should include human validation of the per-
turbations, we only use automatic checks since this
is not the full implementation of MD for SQuAD
but a case study to demonstrate feasibility.

Construct specification C. Construct-
preserving perturbations may vary construct-
irrelevant aspects of the passage-question pair,
such as wording, formatting, surrounding non-
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Algorithm 1 Protocol for Measurement-as-Distribution Evaluation
Input: F = {f1, . . . , fM}, C, G, Φ = {ϕ1, . . . , ϕk}, α : Φ→ A, E, N , Nruns,

S = {s1, . . . , sNruns}, Optional: ι⋆ ∈ I = {ι1, . . . , ιq},H, Corr

1: (Φ, VΦ)← ValidateC(Φ) # retain valid perturbations, store validation records
2: Define TC , Agg, Aggλ, Rprofile, RH, and Aa for all a ∈ A #Agg maps item-level records to run-level scores
3: Initialise item-level records Ym,r,j , score tensor

Z ∈ RM×Nruns×(k+1), perturbation-generation fallback rates
λgen ∈ RNruns×k, and optional model-output failure rates
η ∈ RM×Nruns×(k+1)

4: {D(0)
r }Nruns

r=1 ← G(C;N,S) # sample base evaluation sets
5: for r = 1, . . . , Nruns do
6: (D

(j)
r , λgen

r,j )← TC(ϕj , D
(0)
r ) for all j = 1, . . . , k # apply perturbations

7: (Ym,r,j , ηm,r,j)← E(fm, D
(j)
r ; ι⋆) for all m = 1, . . . ,M , j = 0, . . . , k # evaluate models

8: Z[m, r, j]← Agg(Ym,r,j) for all m = 1, . . . ,M , j = 0, . . . , k # derive run-level scores
9: end for

10: Y ← {Ym,r,j}m=1,...,M ; r=1,...,Nruns; j=0,...,k # collect item-level evaluation records

11: z̄m,j ← 1
Nruns

∑︁Nruns
r=1 Z[m, r, j] for all m = 1, . . . ,M , j = 0, . . . , k # average scores over runs

12: λ̄gen
j ← 1

Nruns

∑︁Nruns
r=1 λgen

r,j for all j = 1, . . . , k # average fallback rates

13: λ̄gen
a ← Aggλ({λ̄gen

j : α(ϕj) = a}) for all a ∈ A # axis-level fallback rates

14: r(fm)← Rprofile(Y,Z, λgen, η, α;m) for all m = 1, . . . ,M # construct robustness profiles
15: TH ← RH(Y;H,Corr) # declared tests and corrected p-values; returns ∅ if

H = ∅
16: Result←

(︁
{r(fm)}Mm=1, VΦ, λ

gen, η, {λ̄gen
j }kj=1, {λ̄gen

a }a∈A, TH
)︁

# store base result tuple without rank-stability

17: if M ≥ 3 then # rank stability is reported only for at least three
models

18: z(j) ← (z̄1,j , . . . , z̄M,j) for all j = 0, . . . , k # model-score vector for condition j

19: τj ← KendallTau(rankavg(z
(0)), rankavg(z

(j))) for all j = 1, . . . , k # perturbation-level rank stability

20: z(a) ← Aa({z(j) : α(ϕj) = a}) for all a ∈ A # axis-level model-score vector

21: τa ← KendallTau(rankavg(z
(0)), rankavg(z

(a))) for all a ∈ A # axis-level rank stability

22: Result← Result⊕
(︁
{τj}kj=1, {τa}a∈A

)︁
# append rank-stability outputs

23: end if

24: return Result

Note: j = 0 denotes the unperturbed condition and j = 1, . . . , k denote perturbation conditions. After validation, Φ denotes the
retained perturbation procedures, k = |Φ|, and A contains the retained robustness axes. For models that are not prompted, ι⋆ is
omitted or treated as ∅. The operator ⊕ denotes tuple concatenation.

answer context, or surface noise. They must
preserve the information need and the answer rela-
tion: the original gold answer must remain valid
and recoverable from the provided passage, and
the perturbation must not introduce a competing
answer or change what the question asks for.

Data generation G. G samples paragraph clus-
ters from the SQuAD v1.1 development set. A para-
graph cluster consists of a source paragraph and the
question-answer examples sampled from it. Eligi-
ble clusters are development-set paragraphs with at
least three associated questions. This excludes only
a small fraction of paragraphs and ensures that each
sampled paragraph contributes the same number of
QA items. We sample Npara = 1,000 paragraphs,
which corresponds to approximately 50% of the
paragraph-level SQuAD v1.1 development set.

From each selected paragraph, we sample Q = 3
associated questions, yielding

NQ = 1,000× 3 = 3,000

passage-question-answer items. We choose Npara

to obtain a sufficiently large sample while keeping
compute manageable.

Throughout this example, we use 1337 as a ran-
dom seed and increment it by one when multiple
seeds are required.

Perturbation procedures Φ. We define four
deployment-relevant perturbation axes, using one
perturbation per axis to keep compute bounded:
k = 4 and Φ = {ϕ1, ϕ2, ϕ3, ϕ4}; see Table 2.
Prompt sensitivity is not a primary target of this
study and is therefore assessed separately.
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Robustness
axis

Perturbation Input Acceptability criterion

Question for-
mulation

ϕ1: paraphrase the question while preserving
the information need and expected answer
type.

Question The same information is requested, the same
gold answer is required, and no additional
constraint is introduced.

Context
composition

ϕ2: append exactly two non-answer sen-
tences: one topical background sentence and
one near-miss distractor mentioning a plau-
sible but incorrect entity, date, quantity, or
event.

Passage No competing correct answer or gold-answer
alias is introduced, and the original answer-
supporting evidence remains present.

Presentation
structure

ϕ3: split the passage into sentences and
present it in one of two randomly selected
formats: bracketed sentence numbers, e.g.,
“[1]”, or an unnumbered dash-prefixed sen-
tence list.

Passage After removing the added prefixes and
normalising whitespace, passage content
and sentence order are recovered ex-
actly; question, gold answer, and the
pRobustnessassage-question-answer relation
remain unchanged.

Surface
noise

ϕ4: introduce minor character-level typos
into non-protected alphabetic tokens.

Question
and passage

The question remains understandable; the
evidence remains sufficient; no answer
span, named entity, date, quantity, number,
negation marker, or token in the answer-
supporting sentence is altered.

Table 2: Robustness axes and perturbations for the SQuAD-based QA example.

ϕ1 and ϕ2 are generated with the
perturbation-generator LLM, gϕ =
gemma-4-31B-it-AWQ-4bit2. We choose
this model because it is an open-weight, instruction-
tuned model with strong reported static benchmark
performance, for example on the Artificial Analy-
sis leaderboard3, while the 4-bit AWQ checkpoint
makes local inference feasible on consumer hard-
ware. Perturbation generation is stochastic, using
temperature 0.7, top-p 0.95, and maximum output
lengths of 256 tokens for question paraphrases and
512 tokens for appended-sentence generation.
ϕ3 and ϕ4 are algorithmic. For ϕ3, the passage is

first split into sentences. For each paragraph cluster
and run, we sample one of two presentation formats
with equal probability: bracketed sentence num-
bers, e.g., “[1]”, or an unnumbered dash-prefixed
sentence list. The selected format is applied to all
QA items drawn from the same paragraph in that
run and is logged in the item-level record.

For ϕ4, protected tokens are defined before per-
turbation and include all gold-answer spans, all
tokens in answer-supporting sentences, named enti-
ties, dates, quantities, numerals, and negation mark-
ers. Eligible typo targets are alphabetic tokens of
length at least five that are not protected. For each
QA item and run, up to min(5, ⌈neligible/50⌉) eligi-
ble tokens are selected using the seed, and each se-
lected token is perturbed by one character-level op-

2https://huggingface.co/cyankiwi/
gemma-4-31B-it-AWQ-4bit

3https://artificialanalysis.ai

eration: adjacent-character swap, single-character
deletion, or keyboard-neighbour substitution. If no
eligible token exists, the input is left unchanged
and the case is logged as a perturbation-generation
fallback.

Before model scoring, we validate each pertur-
bation procedure on a subsample. For each ϕj , we
sample nval = 100 candidate perturbed QA items;
for ϕ3, candidates are stratified by formatting op-
tion. With k = 4 perturbations and three annotators
per candidate, this yields 4× 100 = 400 candidate
perturbations and 400 × 3 = 1,200 annotations.
Annotators make binary validity judgments accord-
ing to Table 2, and candidate-level acceptability is
decided by majority vote. A perturbation procedure
is retained if at least 70 of its 100 candidates are ac-
cepted. We report acceptance rates, raw agreement,
and Gwet’s AC1 (Gwet, 2008). For the remainder
of this section, we assume that all four perturbation
procedures pass validation and are retained.

At runtime, each perturbation is passed through
an automatic validation method before scoring. We
check that outputs are non-empty and parseable,
that untargeted fields remain unchanged, and that
protected strings or spans are preserved unless ex-
plicitly targeted.

Evaluation procedure E. The reference model
is fixed before the distribution-based evaluation.
However, for this illustrative example, we leave the
choice of the models to be compared open. We use
Nruns = 6 runs. Since perturbation and answer
generation are expected to be fast on this dataset,
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evaluation time will still be acceptable with this
setting. The unperturbed QA set is identical across
runs, while stochastic perturbations are regenerated
per run.

Each model is evaluated under five conditions,

c ∈ {0, ϕ1, ϕ2, ϕ3, ϕ4},

where c = 0 is the unperturbed condition. The
unperturbed condition uses the same QA inputs
across runs, but answer generation is still repeated.
Assuming one target model and one predefined
reference model, the main evaluation therefore con-
tains

2× 5× 6× 3,000 = 180,000

scored model outputs. Each generated answer is
scored with SQuAD-style token-level F1, taking
the maximum F1 over gold answers when multiple
gold answers are available.

For each model and evaluation condition, we av-
erage SQuAD F1 scores over the selected questions,
paragraph clusters, and the Nruns = 6 stochastic
runs. The total robustness score is the unweighted
mean of the four robustness axes, which in this ex-
ample are identical to the four perturbation scores.
Empty outputs or outputs that cannot be normalised
into answer text are logged in η and assigned an F1
score of 0 before aggregation.

For each model, we report perturbation deltas
relative to its unperturbed score, so that negative
values indicate lower performance under the per-
turbation.

Uncertainty estimation and hypothesis tests.
We estimate uncertainty in the primary analysis
with a clustered paired bootstrap over paragraphs
using B = 10,000 replicates. For each model, con-
dition, paragraph, and question, we first average
item-level scores over the Nruns = 6 runs. This
yields a run-averaged estimate of model perfor-
mance and reduces seed-specific noise. The runs
are not treated as independent observations.

Each bootstrap replicate samples Npara = 1,000
paragraph clusters with replacement and keeps
all selected questions, evaluation conditions, and
paired target-reference model scores together. This
preserves paragraph-level dependence and the pair-
ing between models. The resulting two-sided 95%
percentile bootstrap intervals quantify paragraph-
sample uncertainty for the run-averaged evaluation
score. We therefore report run-to-run variation sep-
arately as the sample standard deviation across the
six runs.

Hypothesis tests use centered two-sided boot-
strap p-values. The test family consists of five
model comparisons: one comparison between the
target model and the reference model on the unper-
turbed inputs, and one comparison for each of the
four perturbation conditions, ϕ1, ϕ2, ϕ3, ϕ4. Thus,
five p-values are computed and corrected with
Holm correction at α = 0.05. The total robustness
score, within-model perturbation deltas, prompt-
sensitivity results, validation outcomes, and fall-
back rates are descriptive and are not included in
this test family.

Since M = 2, rank stability is not computed in
this example.
Alternative 1: Using only the passage,
provide the brief phrase that
answers the question. Do not
include explanations.

Alternative 2: Based on the passage,
answer the question concisely.
Return only the answer text.

The alternative instructions are selectively, man-
ually checked to preserve the requested task and
output format. Prompt-sensitivity results are de-
scriptive and we do not report inferential statistics
for them. Results for the primary instruction tem-
plate are re-used in this analysis.

Reporting R. In this example, R reports:

• F1 scores for the target and the predefined ref-
erence model under the unperturbed condition
and each of the four robustness axes.

• A total robustness score for both models, com-
puted as the equally weighted mean of the
four axis-level F1 scores and reported descrip-
tively.

• Paired F1 differences and clustered bootstrap
confidence intervals for the unperturbed con-
dition, each perturbation axis, and the total
robustness score.

• Five confirmatory p-values, one for the unper-
turbed condition and one for each perturbation
axis, together with Holm-corrected p-values.

• Perturbation acceptance rates, runtime fall-
back rates, and inter-rater reliability for each
perturbation function ϕj using Gwet’s AC1.
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• Target-model prompt-sensitivity results for
three predefined instruction templates4, re-
ported descriptively for the unperturbed con-
dition and each perturbation axis.

B.2 Experimental Setup

For all base experiments we used the develop-
ment set and six random seeds ∈ {1337, ...1442}.
The prompt sensitivity analysis used three random
seeds ∈ {1337, ...1339}. All experiments were
conducted on 2 x NVIDIA RTX 5090 GPUs, AMD
Ryzen 9 9950X CPU, 64GB DDR5-RAM.

B.3 Experimental Results

We assessed how many perturbations of each type
passed our programmatic checks. Table 3 shows
that question formulation and presentations struc-
ture were accepted in all cases. Surface noise was
accepted in almost all cases with 99.93% acep-
tance rate. The outlier was context composition
with an acceptance rate of only 82.94% resulting
in 3071 original, unperturbed inputs being used.
Future work applying this or similar perturbations
to SQuAD should examine the reasons and impli-
cations. However, this is beyond the scope of our
case study.

The robustness profiles of all 14 models are
shown in Figure 3. They show mostly stable but
not invariant behaviour under perturbation. The
average score across perturbations was below the
original score for all models. The changes of the
average scores were modest in size (between 0.4
and 0.9 points) but not uniform across perturba-
tions and models. Question formulation and con-
text composition often led to the largest reductions
compared to the original scores, while changing
presentation structure increased the F1 in some
cases. Please note that average across perturbations
can be viewed as a descriptive summary, but it
should not collapse to the results analysis to single
dimension by replacing the multi-axis robustness
profiles.

Rank correlations confirm that the total model
ranking was highly stable with Kendall’s τ ∈
[0.956, 1.000] and the lowest Kendall’s τ occur-
ring when the presentation structure was changed
(Table 4). Overall, we find that models with clear
performance differences remain in the same order
while the relative ranking of similarly performing
models can change. An example is RoBERTa base

4The primary instruction template plus the two alternatives.

which ranks slightly higher than XLM-R large as
measured by the the original scores (91.2 vs. 91.1).
But comparing the average perturbation scores the
order of the models flips (90.6 vs. 90.7).

Part of the MD protocol is the application of
established statistical recommendations for NLP
evaluation, including paired uncertainty estimates
and correction for multiple comparisons. Follow-
ing that, we statistically analyse the local ranking
changes between RoBERTa base and XLM-R large
more closely in Table 5. Based on the original point
estimates, RoBERTa base scores 0.12 points higher
than XLM-R large. The direction of this differ-
ence changes under context composition and pre-
sentation structure, for which XLM-R large scores
0.19 and 0.47 points higher, respectively. Under
reformulated questions and surface noise, the point
estimates again favour RoBERTa base.

However, all paragraph-clustered 95% confi-
dence intervals include zero. None of the five
paired model differences is statistically significant,
either before or after Holm adjustment assuming
the typical significance threshold of 0.05. The dis-
played ordering of these two models therefore does
not provide evidence that either model performs
better. Not on the original rankings but also not
after perturbation.

This comparison illustrates why small changes in
point estimates and model ranks should not be inter-
preted without their associated uncertainty. Overall,
the SQuAD results indicate substantial robustness
at the level of global model rankings and modest
average changes in F1, but not complete invariance
across measurement conditions. The robustness
profiles reveal axis-specific responses and local
ranking changes that are hidden by evaluation on
the original inputs alone, while the paired statisti-
cal analysis prevents negligible and uncertain dif-
ferences from being overinterpreted. In this case
study, MD does not overturn the broad conclusion
that the strongest models remain strongest. Instead,
MD shows here that models with clearly different
scores remain in the same order even under pertur-
bations. In contrast, models with very cloase scores
can switch positions and cannot be reliably ranked.
For example, RoBERTa base and XLM-R large
exchange positions across conditions, but none of
their score differences is statistically significant.
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Perturbation Attempts Accepted Fallbacks Acceptance rate Fallback rate

Question formulation 18,000 18,000 0 100.00% 0.00%
Context composition 18,000 14,929 3,071 82.94% 17.06%
Presentation structure 18,000 18,000 0 100.00% 0.00%
Surface noise 18,000 17,988 12 99.93% 0.07%

Table 3: Automatic perturbation acceptance and fallback rates. Accepted variants passed the implemented axis-
specific checks; fallbacks use the unchanged original input.

Figure 3: Absolute F1 percentages for the original inputs and each perturbation condition. On the right-hands side
the orignal score and the unweighted average over the perturbations are shown.

Condition Kendall τ 95% CI

Question formulation 0.978 [0.846, 0.978]
Context composition 0.978 [0.890, 1.000]
Presentation structure 0.956 [0.868, 1.000]
Surface noise 1.000 [0.912, 1.000]
Combined 0.978 [0.912, 1.000]

Table 4: Kendall rank correlation between the original
SQuAD model ranking and each perturbed-condition
ranking, with paragraph-clustered 95% bootstrap inter-
vals.
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Perturbation RoBERTa base XLM-R large Difference [95% CI] p pHolm

Original 91.23 91.12 +0.12 [-0.71, +0.97] 0.7855 1.0000
Question formulation 90.34 89.95 +0.39 [-0.34, +1.17] 0.3066 1.0000
Context composition 90.47 90.67 -0.19 [-1.03, +0.66] 0.6535 1.0000
Presentation structure 91.00 91.47 -0.47 [-1.25, +0.34] 0.2488 1.0000
Surface noise 90.78 90.74 +0.03 [-0.75, +0.83] 0.9402 1.0000

Table 5: Primary SQuAD comparison test. Model columns report absolute F1 scores in %. The difference is
RoBERTa base minus XLM-R large; CIs are paragraph-clustered 95% bootstrap intervals. p is the raw p-value;
pHolm is adjusted for the five comparisons.
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Analysis Method Observation # Observations Goal

Answer scoring SQuAD-style F1. One generated answer for
one model, question,
condition, and seed run.

2 × 5 × 6 × 3,000 =
180,000 item-level answer
scores in total; 6×3,000 =
18,000 for each model un-
der each evaluation condi-
tion.

Convert generated short
answers into item-level
scores.

Perturbation vali-
dation

Three annotators, bi-
nary validity judg-
ments, majority vote,
Gwet’s AC1, and run-
time fallback-rate re-
porting.

One candidate perturbation
for one
passage-question-answer
item and one perturbation
ϕj ; for agreement, one
annotator rating for one
candidate perturbation.

Validation: 4 × 100 =
400 candidate perturba-
tions and 400×3 = 1,200
annotations. Runtime fall-
back reporting: 4 × 6 ×
3,000 = 72,000 perturbed
examples.

Check validity, annotation
reliability, and whether
each ϕj produces enough
valid variation.

Condition-level
scores

Mean aggregation
over questions and
seed runs for each
reported condition.

Item-level F1 scores for
sampled SQuAD questions
under the unperturbed
condition and four
perturbation conditions.

For each model under
each evaluation condition,
6 × 3,000 = 18,000
item-level answer scores
are aggregated into one
condition-level scalar
score. Across two mod-
els and five conditions,
this yields 2 × 5 = 10
condition-level scores.

Estimate model
performance under each
reported condition.

Total robustness
score

Equally weighted
mean over robustness-
axis F1 scores.

Axis-level F1 scores for
one model, after
question-level and
run-level aggregation. In
this example, each axis
contains exactly one
perturbation, so each axis
score equals the
corresponding
perturbation-condition
score.

Four axis-level scores per
model, aggregated into one
total robustness score; 2 to-
tal robustness scores across
two models.

Provide a descriptive
aggregate robustness
summary outside the
confirmatory test family.

Model com-
parison and
uncertainty

Paired model differ-
ences with a clustered
paired bootstrap over
SQuAD paragraphs.

One paragraph cluster from
the selected
main-evaluation sample,
keeping associated
questions, conditions, and
paired target-reference
model scores together.
Scores are averaged over
the six runs before
bootstrapping.

The same Npara = 1,000
paragraph clusters are used
for each of the 5 condition-
level paired comparisons
and for the descriptive to-
tal robustness score com-
parison; B = 10,000 boot-
strap replicates are used.
Runs are not treated as in-
dependent bootstrap obser-
vations.

Estimate effect sizes and
confidence intervals
without treating dependent
observations as
independent.

Hypothesis tests
and correction

Two-sided bootstrap
tests with Holm cor-
rection.

One predefined
target-reference model
comparison for one
condition, based on
run-averaged paragraph
clusters.

Each test is based on 1,000
paragraph clusters; Holm
correction is applied across
the 5 tests.

Test predefined
model-comparison
hypotheses while
controlling the family-wise
error rate.

Prompt sensitivity Auxiliary descriptive
analysis over three se-
mantically equivalent
instruction templates.

Target-model scores for the
same SQuAD questions
under different instruction
templates, analysed
separately from the main
target-reference
comparison.

3 × 5 × 6 × 3,000 =
270,000 target-model item-
level answer scores.

Quantify sensitivity to
instruction wording
separately from the main
input-perturbation
robustness analysis.

Table 6: Statistical analyses for the SQuAD v1.1 short-answer QA example. Number of observations assumes
M = 2, Npara = 1,000, Q = 3 and hence NQ = 3,000, Nruns = 6, and five evaluation conditions: one unperturbed
condition and four robustness axes with one perturbation procedure each.
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C Knights-and-Knaves Case Study

This section describes a brief case study of apply-
ing MD to the Knights & Knaves (K&K) (Xie et al.,
2025) problem. It serves as a feasibility study with
a different configuration of the protocal than the
SQuAd case study (Appendix B) and does not pro-
vide a full implementation of MD. As such. it
does not allow to draw conclusions regarding the
performance of the tested models.

Our implementation is based on the code pub-
lished5 by Xie et al. (2025). The authors not only
provide a formal representation of the problem in-
stances in their paper but also the code for a stochas-
tic generator of new problem instances, a pertur-
bation function, and an exact solver. These allow
changing a single component a problem instance,
calculate a solution and verify

its validity, recompute the correct answer, verify
the correctness of the generated variant, and evalu-
ate a model on closely related problem instances.

C.1 Task and Construct Specification

In a K&K problem instance, each of N inhabitants
is either a Knight, who makes a true statement,
or a Knave, who makes a false statement. Each
inhabitant makes exactly one logical statement con-
cerning the roles of one or more inhabitants. The
task is to infer which inhabitants are Knights and
which are Knaves.

Reusing the notation of Xie et al. (2025), let
Bi ∈ {0, 1} denote whether inhabitant i is telling
the truth, and let Si denote the inhabitant’s state-
ment. A valid solution satisfies

N⋀︂

i=1

(Bi ⇔ Si) .

The released solver exhaustively evaluates the
possible Boolean assignments. We retain only prob-
lem instances for which exactly one assignment
satisfies the complete set of constraints.

The statements are formalised as logical trees if
conjunctions, disjunctions, negations, implications,
and equivalence operators. Atomic leaves express
propositions about whether an inhabitant is telling
the truth or lying. The complexity of the problem
instances can be controlled by the number of in-
habitants N , the maximum statement-tree depth D,
and the maximum branching width W . We define

5https://memkklogic.github.io

the measured construct C as a role-assignment with
exactly one valid solution.

In the paper the authors provide the following
example:

Problem description: A very special
island is inhabited only by Knights and
Knaves. Knights always tell the truth,
and Knaves always lie. You meet 2 in-
habitants: Oliver, and Jacob.

Oliver: Oliver is a Knight and Jacob is a
Knave.

Jacob: Oliver is a Knight if and only if
Jacob is a Knight.

Question: So who is a Knight and who
is a Knave?

Formally: Let the boolean propositional variables
BO ∈ {0, 1} and BJ ∈ {0, 1} denote whether
Oliver and Jacob are Knights (1) or Knaves (0)
respectively. The statements can be denoted as
propositional formulas for Oliver (SO) and Jacob
(SO) as

SO = BO ∧ ¬BJ ,

and

SJ = BO ⇔ BJ .

A valid role assignment must satisfy the following:

(BO ⇔ SO) ∧ (BJ ⇔ SJ)

because Knights make true and Knaves make false
statements. The unique satisfying assignment is

BO = 1 ∧BJ = 0,

hence, Oliver is a Knight and Jacob is a Knave.

A perturbation can, for example, change Oliver’s
proposition from "Jacob is a Knave" to "Jacob is a
Knight" by changing the literal ¬BJ :

S′
O = BO ∧BJ

while Jacob’s statement remains unchanged:

S′
J = SJ = BO ⇔ BJ .

The perturbed problem instance is therefore

(BO ⇔ (BO ∧BJ)) ∧ (BJ ⇔ (BO ⇔ BJ)) .
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This perturbation changes exactly one statement,
while the problem instance remains otherwise un-
changed. The perturbed problem instance has the
unique solution

BO = 1 ∧BJ = 1.

C.2 Mapping to the
Measurement-as-Distribution Protocol

The K&K task is mapped to MD as follows:

C: The capability to determine which inhabitants
are Knights and which are Knaves in a K&K prob-
lem instance with exactly one solution.
G: The K&K generator samples fresh formal prob-
lem instances. The verifier rejects problem in-
stances that do not have exactly one solution.
Φ: The perturbation flips exactly one literal in ex-
actly one proposition.
E: The models are evaluated with regard to the
parents problems and their perturbations individ-
ually considering all instances equal and irrespec-
tive of the hierarchical structure of the problem set
(i.e., not on a complete problem set of parent and
perturbations together but each instance individu-
ally since we consider all instances to be equally
and individually relevant for the defined construct).
Responses are counted as formatting errors if the
parser could not parse the answer even with ba-
sic algorithmic recovery routines. An answer is
counted as role assignment error if the answer
could be parsed but the role assignment is not a
correct solution. The models are evaluated with no
retries.
R: We report the distribution of error types for
parent and across perturbed problem instances.
Moreover, verification results are reported for G
and Φ.

C.3 Base problem instance Generation
We generate a fresh set of 100 base problem in-
stances using the released K&K sampler. All 100
problem instances have N = 16 inhabitants. The
maximum statement-tree depth (D) and branching
width (W ) are fixed at D = 3 and W = 2.

A generated candidate is admissible if and only
if the solver returns exactly one role assignment
and the candidate is not a formal duplicate of an
already retained problem instance.

The final clean set is selected jointly with the
perturbation panel described below. Specifically, a

Parameter Value

Inhabitants per istance 16
Maximum depth (D) of instaces 3
Maximum width (W) of instaces 2
Number of generated parent instances 100
Number perturbations per parent 5
Evalauated models 2

Table 7: K&K Case study specification.

base problem instance is retained only when five
valid and formally distinct leaf variants can be gen-
erated for it.

C.4 Perturbations

For each clean parent problem instance, the pertur-
bation procedure randomly selects one speaker’s
logical statement, selects one literal within that
statement, and replaces it with another valid literal.
A candidate variant is accepted only when all of
the following conditions hold:

1. The perturbed problem instance differs from
the parent problem instance by replacing ex-
actly one literal in exactly one speaker’s logi-
cal statement.

2. The names and ordering of the inhabitants,
the role labels, and the number and ordering
of the logical statements remain unchanged.
All logical operations, groupings, and liter-
als other than the replaced literal also remain
unchanged.

3. The exact solver returns exactly one satisfy-
ing role assignment for the perturbed problem
instance.

4. This reference role assignment differs from
that of the corresponding base problem in-
stance for at least one inhabitant.

5. The formal statements of the perturbed prob-
lem instance are not identical to those of any
other retained base or perturbed problem in-
stance.

Every perturbed set contains one variant of each
of the same 100 parent problem instances. The
resulting evaluation panel therefore contains 600
items: 100 clean problem instances and 500 leaf-
perturbed problem instances.
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C.5 Experimental Setup
We evaluate the open-weight generative LLMs
Gemma-4-31B and Qwen-3.8-27B. The
problem specification is detailed in Table 7. The
evaluation is zero-shot and uses the following
hyperparameter settings.

Gemma-4-31B6:

• Checkpoint: google/gemma-4-31B-it-
qat-w4a16-ct

• Temperature: 1.0

• Top-p: 0.95

• Top-k: 64

• Min-p: 0.0

• Presence penalty: 0.0

• Frequency penalty: 0.0

• Repetition penalty: 1.0

• Maximum output length: 7,680 tokens

• Maximum context length: 8,192 tokens

• Generation seed: 20260803

• Thinking enabled

• Batch size: 8

• Maximum active sequences: 4

• Tensor parallelism: 1

• Pipeline parallelism: 1

• GPU-memory utilization: 0.92

Qwen-3.8-27B7:

• Checkpoint: Qwen/Qwen3.8-27B-FP8

• Temperature: 1.0

• Top-p: 0.95

• Top-k: 20

• Min-p: 0.0
6https://huggingface.co/google/

gemma-4-31B-it-qat-w4a16-ct
7https://huggingface.co/Qwen/Qwen3.

8-27B-FP8

• Presence penalty: 0.0

• Frequency penalty: 0.0

• Repetition penalty: 1.0

• Maximum output length: 32,768 tokens

• Maximum context length: 65,536 tokens

• Generation seed: 20260803

• Thinking enabled

• Reasoning effort: xhigh

• Batch size: 2

• Maximum active sequences: 2

• Tensor parallelism: 2

• Pipeline parallelism: 1

• GPU-memory utilization: 0.90

We use the following prompt:

K&K Default Prompt

You solve Knights-and-Knaves
logic problem instances. Every
inhabitant is exactly one of two
roles: a Knight, who always makes
a true statement, or a Knave, who
always makes a false statement.
Determine the role of every named
inhabitant. Solve the problem
instance carefully. Your final
line must begin with FINAL_JSON:
and contain one JSON object mapping
every inhabitant’s name to exactly
"Knight" or "Knave". Include every
inhabitant exactly once and include
no other keys in that JSON object.

The natural-language problem instance is sup-
plied as the user message. The system instruction is
held identical across models, items, and conditions.
Only the text of the problem instance changes.

Each model receives all 600 evaluation items,
producing 600 responses per model and 1,200 re-
sponses in total. lean and perturbed items are com-
bined in one deterministically shuffled input order
so that conditions are not processed in separate
blocks. The same item order is used for both mod-
els.

All experiments were conducted on the follow-
ing hardware: 2 x NVIDIA RTX 5090 GPUs, AMD
Ryzen 9 9950X CPU, 64GB DDR5-RAM.
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Type Accepted / proposed Acceptance rate

Parents 100/355 28.2%
Variants 500/3,997 12.5%

Table 8: K&K observed proposal acceptance rates. Par-
ent problem-instance acceptance was assessed without
considering variant availability. Variant acceptance was
conditional on an accepted parent problem instance.

Instances
Role

assignment Formatting Total

Gemma-4-31B

Parents 3 0 3 (3.0%)
Perturbations 12 0 12 (2.4%)
Total 15 0 15 (2.5%)

Qwen-3.8-27B

Parents 1 1 2 (2.0%)
Perturbations 5 4 9 (1.8%)
Total 6 5 11 (1.8%)

Table 9: Role assignment and unrecoverable formatting
errors on parent and perturbed problem instances in the
K&K case study.

C.6 Experimental Results and Discussion

Overall, the generated generated 355 parent prob-
lem of which 28.2% were accepted. To obtain the
corresponding 500 perturbations, 3997 perturbed
examples were generated (see Table 8).

Overall, Gemma-4-31B solved 585 out of 600
problem instances correctly and Qwen-3.8-27B
solved 589 (Table 9). However, as the table shows
the error profiles of the two models are distinctly
different: all of Gemma’s 15 errors are role assign-
ment errors while five out of Qwen’s nine errors are
formatting errors (i.e., the model failed to provide
an answer that could be parsed).

As an additional analysis we evaluated
Gemma-4-27B on n = 20 parent problem in-
stances (each with 5 perturbations) using the fol-
lowing paraphrased prompt:

K&K Prompt Variant

Work out the solution to this
Knights-and-Knaves logic puzzle.
Each inhabitant has exactly one
role: knights always tell the
truth, while knaves always make
false statements. Reason carefully
and identify the role of every
named inhabitant. Conclude with a
final line beginning FINAL_JSON:,
followed by a single JSON object.
Use every inhabitant’s name exactly
once as a key, map each key to

either "knight" or "knave", and
include no additional keys.

As intended, the K&K case study demonstrates
the feasibility of verifier backed task with pertur-
bations that are not label-preserving. The case
studies was not designed draw conclusions regard-
ing model performance and does, therefore, not
report CIs or p-values. For the same reason we
refrain from an statistical analysis overview which
has been exwmplified by the SQuAD case study
already. We do not make general claims about how
the evaluated models perform on the K&K task.
Moreover, future applications that are intended to
measure model performance and robustness should
include more challenging problem instances or per-
turbations.
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