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Abstract

Static leaderboards summarize large language
model (LLM) performance but offer weak
evidence under shifting usage, noisy inputs,
and plural stakeholder values. We present
VRS-Eval, operationalizing deployment valid-
ity (benchmark vs. deployment score align-
ment), operational reliability (stability under a
declared perturbation family), and sociotech-
nical alignment (metric vs. elicited rubric
weights as a thin audit summary). With a re-
producible simulator under explicit Pg vs. Pp
shift and multi-turn interaction, we stress-test
evaluation protocols in a controlled environ-
ment: under our main setting, benchmark-side
scores (on Pp) exceed estimated deployment-
side utility scores (evaluated on trajectories
from Pp) by roughly 22-26 % in relative terms
across three metrics (Koh et al., 2021; Liang
et al., 2023), with tight 95% percentile intervals
(K=200). Failure mixtures emphasize overfit-
ting, shift fragility, and rubric misalignment,
consistent with first- vs. third-party reporting
asymmetries (Reuel et al., 2025). A staged
pipeline narrows the validity gap and raises
reliability for the same generative story; we dis-
cuss harness and accountability implications.

1 Introduction

Progress in LLMs is overwhelmingly summarized
through benchmark rankings (Wang et al., 2019b,a;
Bommasani et al., 2021). A familiar pattern is
instructive: a model can score at the top of a pub-
lic MCQ suite yet still hallucinate, violate policy,
or fail on messy user phrasing once logs reflect
real traffic rather than benchmark-style prompts.
In such cases, leaderboard rank can show low
deployment validity, misleadingly high reliabil-
ity on narrow held-out prompts, and poor so-
ciotechnical alignment with the priorities of af-
fected stakeholders. From a measurement stand-
point, the risk is not merely “another dataset lim-
itation” but a validity threat: the construct impli-

cated by a leaderboard score may diverge sharply
from the construct needed for a deployment deci-
sion (who is served, under what distribution, with
what safeguards). While invaluable for comparabil-
ity, benchmark-centric evaluation risks construct
under-specification: high scores may co-exist with
poor user outcomes when (i) tests are statistically
dependent on training data, (ii) deployment in-
puts violate benchmark distributional assumptions,
or (iii) optimized metrics omit harms and values
salient to communities (Liang et al., 2023; Reuel
et al., 2025). Recent mapping work shows that
first-party reporting frequently under-emphasizes
environmental, labor, and provenance dimensions
that only developers can authoritatively disclose,
while third-party evaluators partially compensate
but cannot close informational gaps alone (Reuel
et al., 2025).

Research questions. We ask: (RQ1) How large
is the gap between benchmark-evidenced perfor-
mance and deployment-grounded utility under ex-
plicit shift and interaction protocols? (RQ2) Which
failure modes recur when moving from leader-
board testing to simulated deployment? (RQ3)
Can a staged evaluation pipeline (benchmarks —
dynamic tasks — human signals — deployment
monitoring) mitigate these gaps measurably?

Contributions. (1) VRS-Eval: operational defi-
nitions linking validity, reliability, and sociotechni-
cal alignment to measurable signals, with explicit
caveats where constructs are necessarily incom-
plete (Section 3). (2) A reproducible pipeline
template with feedback edges between stages (Fig-
ure 2). (3) A reproducible simulation stress
test under known Ppg, Pp with uncertainty bands;
numbers quantify protocol sensitivity in that en-
vironment and are not offered as product-level
effect sizes (Section 6). (4) Actionable take-
aways for documentation and evaluation invest-
ment, grounded in sociotechnical mapping work
(Reuel et al., 2025).



Paper organization. Section 2 situates VRS-
Eval relative to benchmarks, holistic evaluation,
and documentation norms. Section 3 formalizes
constructs; Section 4 describes the staged har-
ness. Section 5 specifies the simulation proto-
col. Section 6 answers RQ1-3 and reports abla-
tions/sensitivity. Section 7 states threats to validity.
Section 8 discusses implications for practice and
evaluation infrastructure.

2 Related Work

2.1 Benchmarks, metrics, and behavioral
probes

Multi-task NLU suites and leaderboards catalyzed
rapid progress on shared tasks (Wang et al.,
2019b,a). Complementary automatic metrics re-
main standard for generation (Papineni et al., 2002;
Lin, 2004). Yet leaderboard scores can be miscali-
brated with respect to user-relevant failure modes:
small but semantically important perturbations may
flip behavior even when aggregate accuracy is high
(Ribeiro et al., 2020). VRS-Eval does not pro-
pose replacing benchmarks; it treats them as one
instrument whose validity for a deployment claim
must be evidenced jointly with reliability and stake-
holder alignment.

2.2 Holistic evaluation, shift, and field validity

Holistic evaluation frameworks broaden the axes
on which models are characterized (including ro-
bustness, fairness, uncertainty, and societal harms)
and foreground explicit reporting choices (Liang
et al., 2023; Bommasani et al., 2021). Parallel work
in distribution shift emphasizes that held-out test
sets are rarely neutral with respect to real-world
variation (Koh et al., 2021). Our notion of deploy-
ment validity is closest to criterion validity in psy-
chometrics: whether an operational test predicts
an external criterion (deployment utility) under an
explicit sampling model.

2.3 Documentation, transparency, and
third-party evaluation

Model cards and dataset documentation norms
make “what was evaluated, under what conditions,
and for whom” partially auditable (Mitchell et al.,
2019; Gebru et al., 2021). Recent evidence sug-
gests persistent asymmetries: developers can re-
port dimensions that third parties cannot fully ver-
ify (e.g., training data provenance, moderation la-
bor), while third parties often provide broader cov-

erage of harms and disparities post hoc (Reuel et al.,
2025). VRS-Eval is designed so stage-wise arti-
facts (perturbation suites, rubrics, monitoring sum-
maries) can populate model documentation and
support cross-organizational comparison without
collapsing into a single scalar score.

Gap VRS-Eval targets. Prior work offers bench-
marks and holistic suites (what to measure), shift
benchmarks (where distributions differ), and doc-
umentation templates (what to disclose). Less of-
ten are these linked to joint operationalizations
of (i) co-movement of leaderboard metrics with
utility under deployment sampling, (ii) stability of
reported scores under perturbation, and (iii) how
metric-implied priorities compare to elicited stake-
holder rubrics on the same criteria. VRS-Eval is
a compact attempt to tie those three questions to
reportable quantities and staged artifacts, leaving
external calibration of the numbers to field work.

3 Framework

Let U denote latent task utility (e.g., correctness
plus user-centered desiderata mapped to [0, 1]). Let
Sp be a benchmark-derived score and Sp an esti-
mator of utility under deployment conditions. We
define three constructs:

Deployment validity. Construct: correlation be-
tween benchmark predictions and deployment util-
ity.

V = Corr(Sg, Up), (1)

where Up is utility measured on deployment trajec-
tories. High V' means benchmark and deployment
scores co-move across the comparison units (mod-
els, seeds, or policy settings) we index; low V
signals benchmark optimism in that sense.

We treat Eq. 1 as an operational proxy for cri-
terion validity, not a complete measurement defini-
tion: correlation is blind to calibration and absolute
error, high correlation can coexist with large sys-
tematic bias, and rank agreement need not imply a
trustworthy scale for decision thresholds. Where
those limitations bite, complements (calibration
metrics, Brier-style decompositions, or agreement
on subsets) should be reported alongside V'; here
we adopt correlation for transparency and compa-
rability with common meta-analytic practice.

Operational reliability. Construct: stability of
model outputs under perturbation and repeated
draws. Given perturbations w ~ (2 and prompts =,



let Y be the evaluation functional (e.g., normalized
score). We summarize instability as normalized
variance,

~ Var, Y (z,w)]
Var, [V (z,w)] + €’

truncated to [0, 1], with small € preventing division
by degenerate cases.

Interpretation. R aggregates instability over w for
each evaluated (x, #) and is averaged over the same
evaluation batch (and comparator units, e.g., model
checkpoints) used when estimating V', so reliability
and validity are tied to a shared reporting slice. The
score is a normalized “noise-to-total” summary:
values near 1 mean the functional Y changes lit-
tle under €, so rank-and-report conclusions are
locally stable. It differs from inter-annotator agree-
ment (rater disagreement) and from one-number
robustness rates (tail emphasis under adversarial
sets); those are complementary. We use this form
because it is cheap to couple to any harness that
already defines (2, yields values on [0, 1] compara-
ble across staged configurations, and signals when
headline metrics are brittle under routine input vari-
ation rather than worst-case attacks.

R = 2)

Sociotechnical alignment. Construct: agree-
ment between metric-implied priorities and stake-
holder rubric weights. Let w,,, be metric weights
implicit in a harness and w; elicited stakeholder
weights on the same criteria (normalized, non-
negative). Define

A=1-3|wy,—wsi € 0,1]. @3

Example. Suppose a benchmark-linked metric
rewards concise, on-topic answers (implicit w,;,),
while elicited stakeholders place greater weight on
safe refusal and policy adherence (w;). Headline
scores can look strong even as A drops because the
recorded priorities disagree.

Scope. Real stakeholder values are not reducible
to a vector: rubric elicitation is contested, par-
tial, and political. Eq. 3 is a deliberately thin
summary when a finite checklist has been nego-
tiated (e.g., policy dimensions for a product) and
weights are recorded. It functions as a first-pass
audit distance: large ||w,,, —w||1 flags misaligned
emphases worth examining in deliberation, not
a claim that fairness or harm has been captured
completely. Alternative elicitation (deliberative
mini-publics, rights-holder review) may replace
or extend this layer without changing the valid-
ity/reliability pieces.

3.1 Joint interpretation

Figure 1 relates these constructs to a shared utility
hub. Validity concerns external alignment of scores
with U; reliability concerns measurement noise;
alignment concerns whose utility counts. These
dimensions are not redundant. A model can be
reliable (low variance) yet invalid for deployment
if the evaluation functional rewards shallow cues
that fail under shift. Conversely, high stated valid-
ity on a narrow deployment slice can be ethically
insufficient if A is low; metrics may systematically
underweight harms that stakeholders flag (Reuel
et al., 2025).

3.2 Minimal reporting recommendations

We recommend reporting, at minimum: (i) the
benchmark suite(s) and versions; (ii) the deploy-
ment sampling protocol for Pp (or field sampling
plan); (iii) point and interval estimates for V' when
paired (Sp, Up) observations exist; (iv) the pertur-
bation family {2 underpinning R; and (v) the rubric
dimensions and weighting protocol for wg. This
parallels the spirit of model and dataset documenta-
tion (Mitchell et al., 2019; Gebru et al., 2021), but
ties disclosures to measurement targets rather than
static templates alone.

4 Staged Evaluation Pipeline

Figure 2 shows our staged pipeline. Each stage
produces diagnostics; downstream stages condition
prior scores rather than discarding them, preserving
auditability for both developers and third parties
(Reuel et al., 2025).

Stages. (i) Static benchmarks establish base-
line comparability. (ii) Dynamic tasks re-sample
prompts and inject controlled perturbations (noise,
format drift). (iii) Human rubric signals provide
sparse but high-signal labels on failure modes.
(iv) Deployment monitoring aggregates longitudi-
nal behavior; feedback arrows indicate that inci-
dents update rubrics and perturbation suites (sim-
ilar in spirit to behavioral test iteration (Ribeiro
et al., 2020)).

Stage artifacts (for audit and reuse). Each stage
emits versioned artifacts that a third party can in-
spect without access to proprietary training stacks:
frozen benchmark snapshots; perturbation genera-
tors and seeds; annotator guidelines for rubric hits;
and monitoring aggregates (rolling means, incident
clusters). Table 1 summarizes intended consumers.
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Figure 1: VRS-Eval conceptual model. Validity, reliability, and sociotechnical alignment feed complementary
evidence about deployment utility U. Dashed edges indicate cross-cutting tensions: distributional shift stress-tests
validity claims; output noise stress-tests reliability under the same protocol.
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Figure 2: Staged evaluation pipeline. Solid arrows:
progressive conditioning of evidence. Dashed arrow:
feedback from monitored failures to earlier-stage test
design.

5 Simulation Protocol

We instantiate VRS-Eval in a controlled simula-
tion: randomness, Pp, and Pp are explicit, which
aids reproducibility and sensitivity analysis (limits
in Section 9). Magnitudes below are traces of that
generative story for comparing harnesses and \.

5.1 Data-generating process and conditions

Benchmark prompts are drawn i.i.d. from Pp,
a mixture over short-form instruction following
and factual QA templates with low lexical diver-
sity. Deployment prompts are drawn from Pp,
which reweights the same template families to-
ward (a) noisy surface form, (b) ambiguous instruc-
tions, and (c) topic clusters underrepresented in

Pp, following the intuition that deployed systems
encounter broader user populations than developer-
curated suites (Koh et al., 2021). We realize a
shift severity parameter A € {0.25,0.50,0.75}
that linearly mixes Pp toward Pp; main tables
use A=0.75. Each trajectory spans T'=8 turns with
stochastic follow-ups conditioned on prior assistant
outputs.

5.2 Outcome metrics and failure coding

Accuracy scores factual correctness on labeled
items against a simulator oracle. Consistency aver-
ages pairwise agreement of responses under para-
phrased follow-ups sampled from 2. Satisfaction
combines task success with rubric penalties when
safety- or fairness-linked criteria trigger on tem-
plated stakeholder rubrics (five weighted dimen-
sions; weights define w, in Eq. 3).

After each trajectory, we assign a primary fail-
ure label in {overfit, shift, misalign} using a deter-
ministic decision tree on latent simulator states



Metric Benchmark Deployment (sim.)
Accuracy 0.884 [0.871,0.897]  0.662 [0.648,0.676]
Consistency  0.905 [0.892,0.918]  0.718 [0.704, 0.732]
Satisfaction ~ 0.848 [0.832,0.864]  0.628 [0.612,0.644]

Table 2: Mean scores with 95% simulation percentile
intervals (K'=200).

(e.g., reliance on spurious n-grams present only
under Pp = overfit). This yields interpretable
prevalence estimates at the cost of idealized labels.

5.3 Harness configurations and estimation

We compare: (H1) benchmark-only scoring
on Pp (standard leaderboard protocol); (H2)
H1 + dynamic perturbation suite; (H3) H2 +
sparse rubric labels (10% strata); (H4) H3 + a
variance-weighted session utility estimator for
Up: session-level utility is a weighted average over
the T turns, with each turn’s weight inversely pro-
portional to the empirical variance of the outcome
functional across perturbations w € 2 at that turn,
so high-variance “spikes” contribute less than typi-
cal segments. The staged rows in Section 6 corre-
spond to H4.

We run K=200 Monte Carlo replicates per
(A, harness) setting; tables report means with 95 %
percentile intervals. When reporting deployment
validity, we compute the sample correlation V be-
tween per-replicate tuple means of Sp and Up un-
der matched sampling.

6 Results

RQ1: Benchmark optimism. Table 2 and Fig-
ure 3 show sizable optimism at A=0.75: means
on Pp exceed those on Pp by 0.19-0.26 in ab-
solute units (x=22-26% relative gap by metric).
Percentile intervals for the three outcomes do not
overlap under K'=200 replicates, pinning down the
simulated contrast sharply.

RQ2: Failure modes. Figure 4 summarizes pri-
mary failure assignments. Overfitting to benchmark
cues accounts for 40%, shift sensitivity for 35%,
and rubric—stakeholder misalignment for 25%, con-
sistent with plurality of pathways to optimistic
benchmarks.

RQ3: Staged mitigation. Table 3 contrasts a
standard leaderboard-style harness with the full
staged pipeline (dynamic tasks + rubric elicitation
+ light monitoring). The proposed configuration
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Figure 3: Top: relative drop (Sp—Sp)/Sp. Bottom:
mean scores (95% intervals in Table 2).

halves the mean benchmark—deployment gap in ab-
solute units and improves reliability R (estimated
via Eq. 2); Table 6 compresses the H1 vs. H4 head-
line comparison.

6.1 Estimated deployment validity

Aggregating across replicates at A=0.75, the cor-
relation between per-replicate means of Sp and
Up is V=0.71 ([0.66,0.76]) under H1, indicating
coarse but incomplete co-movement across compar-
ison units. Under H4, V=0.86 ([0.82,0.90]), i.e.
staging tightens the Sp—Up link under the same
protocol.

6.2 Sensitivity to shift severity

Table 4 shows that optimism grows monotonically
with \: mild shift preserves benchmark-centric nar-
ratives, while stronger shift produces large absolute
gaps, motivating transparent reporting of shift as-
sumptions alongside headline metrics (Koh et al.,
2021).

6.3 Stage-wise ablations

Table 5 decomposes the benefit of staging. Dy-
namic tasks (H2) close much of the optimism gap
and improve reliability R, but V moves only mod-
estly relative to H1 (from 0.71 to 0.74): stress-
testing outputs does not by itself fully realign rank-
ings of Sp with those of Up under our simulator’s
linkage. Rubrics (H3) and monitoring (H4) supply
the larger shifts in V.
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Figure 4: Primary failure mode shares in simulated deployment trajectories (n=400 coded trajectories sampled

across replicates).

Configuration

Mean |Sp—Sp|

Reliability R

Standard (benchmark only)
Staged VRS-Eval (full)

0.217 [0.198,0.236]
0.098 [0.084,0.112]

0.708 [0.691, 0.726]
0.838 [0.822, 0.855]

Table 3: Aggregate validity gap and reliability under two harness configurations (95% intervals).
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Figure 5: Mean scores on Pp under standard vs. staged harness (same simulator; staged adds dynamic tasks, rubric

labels, and monitoring).

Non-monotonic trade-off. Staging need not im-
prove every metric at every step. In our simula-
tor, mean consistency on Pp (paraphrase stabil-
ity) is 0.718 under H2 but 0.710 under H3, while
mean satisfaction on Pp rises from 0.641 to 0.668:
rubric penalties for unsafe phrasing discourage
hedged, highly paraphrase-stable replies. H4 re-
covers consistency to 0.721 by the inverse-variance
turn weighting used for Up. This mixed pattern is
diagnostic; it cautions against reading staging as a
uniformly monotone fix.

6.4 Headline synthesis

Table 6 summarizes the central numerical story:
benchmark accuracy on Pgp stays fixed, but de-
ployment accuracy on Pp and the benchmark—
deployment gap move markedly under full staging,
alongside gains in R and V.

7 Threats to Validity

Construct validity. Our simulator operational-
izes Up via templated rubrics and an oracle; alter-

native operationalizations could yield different V.
The failure taxonomy is coarse (three buckets) and
assumes mutually exclusive primary causes.

Internal validity. Results depend on A and on the
parametric linkage between Pp and Pp. We miti-
gate opaque tuning by reporting sensitivity curves
(Table 4) and by fixing seeds and versioning stage
definitions (supplementary material is reserved for
concrete artifact schemas in a camera-ready revi-
sion).

External validity. This is the paper’s main vul-
nerability. We do not claim that reported percent-
ages transfer to any product, vendor stack, or user
population. The simulator bakes in template mix-
tures, a fixed interaction depth, and a deterministic
failure taxonomy; any of these could dominate the
apparent effect sizes. At best, the study shows
that when such mechanisms are present in similar
form, benchmark-only reporting can substantially
mis-rank deployment utility. External claims re-
quire replication on live logs (or public benchmarks



A Mean |Sp—Sp| Rel. drop (acc.) V (H1)

0.25 0.062 [0.053,0.071] 8.2% 0.92 [0.89, 0.95]
050 0.139 [0.124,0.154] 16.4% 0.81 [0.77,0.85]
0.75 0.217 [0.198,0.236] 25.1% 0.71 [0.66, 0.76]

Table 4: Benchmark—deployment gaps and validity estimates as shift severity increases (H1 harness; relative drop

from benchmark accuracy).

Harness

Mean |S—Sp]| R 14

H1: benchmark only
H2: + dynamic

H3: + rubric (10%)
H4: + monitoring

0.217 0.708 0.71
0.162 0.751 0.74
0.131 0.795 0.80
0.098 0.838 0.86

Table 5: Stage ablations at A=0.75 (point means; intervals for H1/H4 in Table 3).

paired with field labels), preregistered protocols,
and sensitivity analyses we do not attempt here.

Conclusion validity. Monte Carlo error is mod-
est at K'=200 but nonzero: intervals are simulation
percentiles, not Bayesian posteriors. We do not run
formal hypothesis tests; preregistered tests should
accompany field deployments.

8 Discussion

Implications for practice. Developers should
treat benchmarks as necessary but insufficient: in
our simulator, the stress test illustrates how opti-
mism can grow when shift and multi-turn inter-
action are omitted from the evaluation protocol.
Independent evaluators and auditors can use
staged artifacts (perturbation suites, stakeholder
rubrics, monitoring summaries) as interoperable ev-
idence layers, addressing cross-org comparability
gaps (Reuel et al., 2025). Funders and regulators
may prioritize disclosures that enable third parties
to estimate V, R, and A, not raw leaderboard ranks
alone.

Costs, scalability, and infrastructure. Staging
introduces tangible overheads: perturbation suites
increase inference calls; rubric labeling recruits
annotator time; monitoring requires logging and
storage. Workshop conversations about who pays
(developers, platforms, or public institutions) mir-
ror structural findings on unequal capacity for third-
party evaluation (Reuel et al., 2025). A pragmatic
middle path is to standardize minimal staging pack-
ages (small curated 2, low-rate rubric audits) that
scale with release risk tiers, analogous to tiered dis-
closures in model documentation (Mitchell et al.,
2019).

Community evaluation infrastructure. Aggre-
gating evaluation artifacts across organizations (the
EvalEval shared-task vision) is feasible only if
schemas for Pp, (2, and w; are interoperable. VRS-
Eval suggests reporting fields that could populate
such a database without collapsing nuanced evi-
dence into uninterpretable scalar “impact scores.”

Evaluation science. Our simulation makes eval-
uation mechanisms inspectable before expensive
field work and operationalizes constructs familiar
in psychometrics and HCI in LLM settings (Liang
et al., 2023). Pairing such stress tests with de-
ployments, multi-stakeholder elicitation, and pre-
registered measurement plans grounds the agenda
outside synthetic evidence.

9 Conclusion

We introduced VRS-Eval, linking deployment
validity, operational reliability, and sociotech-
nical alignment to measurable quantities, and
stress-tested it in a transparent simulator where
benchmark-only harnesses materially overstate
scores on Pp and concentrate failures into over-
fitting, shift fragility, and rubric misalignment.
Staged evaluation narrows that gap and improves
reliability and V in the same protocol (Table 6).
Future work. (i) Field validation in one
or two concrete domains (e.g., customer-support
ticket triage with partner telemetry, document-
grounded internal search with human graded out-
comes), comparing VRS-Eval reporting to produc-
tion KPIs; (ii) calibrated cost-risk tradeoffs for
staging; (iii) multi-stakeholder processes for elicit-
ing and revising wg; (iv) open schemas for sharing
evaluation artifacts across coalition efforts high-
lighted by recent mapping studies (Reuel et al.,



Harness Bench. acc. Dep.acc. Mean gap A gap R \%
(PB) (Pp) |SB—Sp| vs.HI

H1 (benchmark only) 0.884 0.662 0.217 n/a 0.708 0.71

H4 (full staging) 0.884 0.781 0.098 —0.119 0.838 0.86

Table 6: Headline synthesis at A=0.75: accuracy on Py vs. Pp, aggregate mean absolute gap across the three
outcome metrics (as in Table 3), gap reduction vs. H1, reliability, and estimated deployment validity. Benchmark
accuracy is unchanged across harnesses; staging shifts Sp and its coupling to Sp.

2025).

Limitations

Results are conditioned on a simulated deploy-
ment process: numbers illustrate mechanisms
rather than certify any live system. That choice
bounds the paper’s evidentiary ceiling until a de-
ployment case study or paired field evaluation can
calibrate the same quantities. We do not report wall-
clock compute or annotator-hour budgets (prelim-
inary budgets are reserved for extended versions).
Long-horizon societal impacts, organizational in-
centives, and legal contexts are out of scope. Part-
nered external validation is essential before policy-
facing claims.

Ethics Statement

Misleading evaluation can accelerate harmful de-
ployment. We argue for transparent reporting of
protocols, uncertainty, and stakeholder participa-
tion in metric design, in line with inclusive gov-
ernance norms emphasized in sociotechnical map-
ping work (Reuel et al., 2025).
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