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SURE: Judge-Aware Safety Update Review for
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Abstract
Public-facing language-model systems are up-
dated continuously, yet a model update can im-
prove an aggregate safety score while reintroduc-
ing failures that an earlier version had suppressed.
This failure mode is especially consequential for
public-interest deployments, where unsafe behav-
ior can affect civic information, institutional ser-
vices, and population-scale trust. We propose
SURE, a judge-aware release-validation proto-
col that treats safety update review as a paired
evaluation problem over a frozen safety suite, a
declared judge policy, and an exact paired gate.
SURE returns RELEASE, BLOCK, or ESCALATE
and emits a compact audit card recording paired
counts, judge-policy assumptions, gate sensitiv-
ity, and human-reference diagnostics. Across 10
model pairs and 12 single-judge policies, the ex-
act gate rejects in 56/120 cells, while alternative
paired gates agree with the default exact gate
in 95/96 comparisons; by contrast, single-judge
block counts range from 0/12 to 11/12 across
model pairs. A blinded human-reference audit
of 300 cases with 5 annotators (Fleiss κ = 0.823)
identifies stable-but-uninformative judge policies,
showing that trustworthy release validation must
audit not only a p-value, but also the measurement
policy that supplies the labels.

1. Introduction
Large language models (LLMs) are increasingly embedded
in products that mediate access to information, services, and
public institutions. Such deployments require more than
one-time safety evaluation: model providers routinely rotate
to new checkpoints, and a candidate update may be stronger
on aggregate capability or even aggregate safety metrics
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while becoming unsafe on prompts that the previous release
handled correctly. For safety review, the relevant question
is therefore not only whether the new model has a lower
average attack success rate, but whether known failures
remain controlled when the model changes.

A natural release-review procedure freezes a versioned
safety suite, evaluates both model versions on the same
prompts, labels both responses, and examines the discor-
dant outcomes. Cases where the old model is labeled safe
and the new model unsafe provide evidence of regression;
cases where the old model is unsafe and the new model
safe provide evidence of improvement. Paired exact tests
such as the one-sided sign or exact McNemar test control
false blocking under fixed binary labels and remove prompt-
selection confounds that affect aggregate score comparisons
(McNemar, 1947; Cochran, 1950). However, the statisti-
cal test is the easy part. In modern safety pipelines, the
binary labels consumed by a release gate are often produced
by LLM-as-judge systems, whose behavior depends on the
judge population, prompt, label mapping, aggregation rule,
and tie policy (Zheng et al., 2023; Gu et al., 2024).

This paper studies safety update review as a judge-aware
evaluation-design problem. We propose SURE, a com-
pact protocol for trustworthy AI deployments that makes
the release evaluation an auditable object: a frozen safety
suite, paired old/new model responses, a declared judge
policy, a paired exact gate, policy-sensitivity analyses,
human-referenced judge-informativeness checks, and a
SURE Card. The output is three-way: RELEASE when
the candidate update shows no paired regression evidence
under an informative policy, BLOCK when paired evi-
dence indicates regression, and ESCALATE when the auto-
mated call is boundary-sensitive, judge-dependent, or judge-
uninformative. SURE is not a replacement for open-ended
red teaming. Vulnerability-discovery methods generate and
refresh the suite; SURE asks whether a frozen suite of
known risks remains controlled across a model update.

Contributions. First, we formalize paired safety update
review as an evaluation tuple rather than as a model-
pair property, with conditional Type I control only un-
der the fixed judge policy. Second, we separate idealized,
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Figure 1. Overview of SURE. A frozen suite is evaluated on old and new model versions, labeled under a declared judge policy, passed
through a paired exact gate, and summarized as a RELEASE, BLOCK, or ESCALATE decision with a SURE Card. The card records not
only the paired gate result but also judge-policy, policy-sensitivity, and human-reference audit fields.

self-judge, cross-judge, and human-referenced sensitivity
regimes, clarifying how evaluator detectability attenuates
paired-gate power. Third, we provide an empirical audit
showing that paired-gate choice is rarely the bottleneck:
alternative gates agree in 95/96 prespecified comparisons,
while judge-policy choice changes release calls substan-
tially.

2. Related Work
Red-teaming and threat models. Red-teaming methods
for LLMs include manual probing (Ganguli et al., 2022),
threat-model and process-oriented analyses (Verma et al.,
2025; Feffer et al., 2024), gradient-based attacks (Zou
et al., 2023), automated jailbreak generators (Chao et al.,
2023; Liu et al., 2024), open-ended adversarial genera-
tion (Samvelyan et al., 2024), and end-to-end red-teaming
pipelines (Zhou et al., 2025). These methods are essential
for discovering failures and refreshing safety suites. SURE
addresses a different layer of the release pipeline: given a
frozen suite of known risks, it converts paired evaluations
of old and new model versions into an auditable release
decision.

Benchmarks and aggregate safety scores. Standardized
benchmarks such as HarmBench and AIR-Bench consoli-
date adversarial prompts into versioned risk categories and
report attack success rates (Mazeika et al., 2024; Zeng et al.,
2025). Aggregate rates answer a population-level bench-

mark question, but they do not by themselves distinguish
systematic shifts in marginal unsafe rate from per-prompt
safe-to-unsafe flips. SURE adopts suite versioning but re-
places the scalar endpoint with paired discordant counts and
a judge-policy audit.

LLM-as-judge reliability. LLM-as-judge systems enable
scalable evaluation but introduce policy, bias, and reliability
concerns (Zheng et al., 2023; Gu et al., 2024). SURE treats
the judge policy as part of the evaluation tuple rather than
hidden preprocessing. Our human-reference audit is con-
nected to classical inter-rater agreement and noisy-annotator
analysis (Fleiss, 1971; Dawid and Skene, 1979), but the pro-
tocol does not infer a latent ground-truth judge; it records
whether the declared measurement policy is informative
enough to support an automated release call.

3. Judge-Aware Paired Safety Testing
A paired update review is well-defined only after the evalua-
tion policy is fixed. Holding the model pair, suite, and gate
fixed while changing the judge policy can change both the
paired labels and the release decision.

3.1. Evaluation tuple

Let S = {xi}ni=1 be a frozen safety suite and let Mold and
Mnew be the compared model versions. For prompt xi, the
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paired responses are

roldi = Mold(xi), rnewi = Mnew(xi). (1)

Definition 1 (Evaluation tuple). A safety update review is
specified by

T = (S,Mold,Mnew,Π, G, α), (2)

where S is the frozen suite, Π is the declared judge policy,
G is the paired gate, and α is the significance level. The
judge policy Π includes the judge population {Jk}Kk=1, label
mapping µ, aggregation rule a, and tie policy.

For a fixed tuple T , Π maps raw judge outputs for the two
responses to binary unsafe indicators Y old

i , Y new
i ∈ {0, 1},

where 1 denotes UNSAFE after the declared mapping and
aggregation. Define paired counts

nab =

n∑
i=1

1{Y old
i = a, Y new

i = b}, a, b ∈ {0, 1}. (3)

The regression discordances are nreg = n01 and the im-
provement discordances are nimp = n10. Let m =
n01 + n10 be the number of discordant pairs.

3.2. Exact paired gate

The paired gate tests whether regression discordances are
more frequent than improvement discordances among dis-
cordant pairs. Define

θ = Pr(Y old = 0, Y new = 1 | Y old ̸= Y new). (4)

The no-regression null under the fixed tuple is H0 : θ ≤ 1/2
against H1 : θ > 1/2. The exact one-sided p-value is

pexact = Pr [Binomial(m, 1/2) ≥ nreg] . (5)

The default gate blocks when pexact ≤ α and otherwise does
not block. Alternative paired-gate variants, such as mid-p
and paired permutation variants, are reported as sensitivity
checks rather than used to tune the primary decision.

Proposition 1 (Conditional Type I control). Fix T . Sup-
pose that, conditional on m, the number of regression dis-
cordances under any no-regression distribution satisfying
θ ≤ 1/2 is stochastically dominated by Binomial(m, 1/2).
Then the exact paired gate satisfies PrH0

(pexact ≤ α) ≤ α.

The proof conditions on m and applies the binomial upper-
tail test at the boundary null θ = 1/2; the composite null
follows by stochastic dominance. The claim is intentionally
narrow: it controls false blocking relative to the fixed labels
supplied by Π, not relative to an unobserved notion of global
safety.

3.3. Sensitivity regimes

A single unconditional power number is misleading for
judge-mediated release review because rejection probabil-
ity depends on both latent regression rate and evaluator
detectability. We therefore distinguish four regimes: (i) ide-
alized statistical sensitivity under clean binary labels; (ii)
self-judge controlled-injection sensitivity, where the same
judge defines and evaluates injected failures; (iii) cross-
judge detectability, where one policy defines failures and
another labels them; and (iv) human-referenced judge infor-
mativeness, where judge labels are audited against blinded
human-majority labels.

Theorem 1 (Detectability attenuates paired-gate sensitivity).
Consider an idealized injection experiment with n prompts.
Each prompt is affected by a latent safety regression inde-
pendently with probability ρ, and an affected response is
labeled unsafe by the evaluator independently with prob-
ability d. Assume the injection produces no improvement
discordances. Let Cα(0) = min{c ∈ N : 2−c ≤ α}. Then
the rejection probability of the paired exact gate is

Ψ(n, α, ρ, d) = Pr [Binomial(n, ρd) ≥ Cα(0)] . (6)

It is nondecreasing in both ρ and d, and two experiments
with the same product ρd have the same rejection probability
under this model.

The theorem isolates why self-judge injection can make a
gate appear more sensitive than it is under cross-judge or
human-referenced audits: observed regression discordances
are produced by latent regressions thinned by evaluator
detectability.

Cross-judge detectability. Overlap diagnostics can be
made explicit in the main review protocol. Let A be a source
judge policy and B an evaluator judge policy, both mapping
responses to binary unsafe indicators after their declared
label mapping. For a response distribution R, define

dB|A = Pr
r∼R

[B(r) = 1 | A(r) = 1] . (7)

Given a held-out response set {ri}Ni=1, let UA = {i :
A(ri) = 1}. When |UA| > 0, estimate

d̂B|A = |UA|−1
∑
i∈UA

1{B(ri) = 1}. (8)

This quantity is asymmetric: it asks whether B detects
responses that A considered unsafe, not whether the two
judges have identical unsafe sets.

Theorem 2 (Cross-judge overlap estimates detectability).
Assume the held-out responses are independent draws from
R and that the declared policies A and B are fixed functions
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of each response. Conditional on |UA| = m > 0, d̂B|A is
unbiased for dB|A and satisfies

Pr
(
|d̂B|A − dB|A| ≥ ϵ | |UA| = m

)
≤ 2e−2mϵ2 . (9)

Thus, by Hoeffding’s inequality (Hoeffding, 1963), cross-
judge unsafe-overlap provides a finite-sample diagnostic for
the detectability term in Theorem 1. In SURE, it is not used
to tune the final gate; it is recorded to determine whether
disagreement should trigger ESCALATE.

4. The SURE Protocol
SURE operationalizes the evaluation tuple as a release pro-
cedure with a compact audit artifact. Before evaluation, the
practitioner declares T , the default label mapping and aggre-
gation rule, the paired gate, and three escalation thresholds
(δp, τJ , τI), where δp is a boundary margin around α, τJ is a
judge-disagreement tolerance, and τI = (τacc, τunsure, τflip)
specifies human-reference informativeness thresholds.

The protocol first computes aggregate paired counts and
pexact, then computes per-judge paired counts and per-judge
decisions. It returns

D(T ) =


ESCALATE, E(T ) = 1,

BLOCK, E(T ) = 0 and pexact ≤ α,

RELEASE, E(T ) = 0 and pexact > α,
(10)

where the escalation predicate is

E(T ) = 1{Ebnd ∨ Edisagree ∨ Euninf}. (11)

Here Ebnd indicates |pexact − α| < δp; Edisagree indicates
that the judge population is internally split, measured by
min(qblk, 1 − qblk) > τJ with qblk = K−1

∑
k 1{dk =

BLOCK}; and Euninf indicates that the judge policy fails
the human-reference audit, e.g., balanced accuracy below
τacc or UNSURE rate above τunsure. When E(T ) = 0, the
paired exact gate is the binding statistical evidence. When
E(T ) = 1, SURE withholds the binary call and forwards
the case to the practitioner-defined review path.

Each SURE Card records the tuple T , thresholds, paired
counts (n00, n01, n10, n11), m, pexact, per-judge deci-
sions, aggregation result, alternative-gate decisions, policy-
sensitivity grid, human-reference summary or missing-audit
flag, and trigger flags. The card makes a release call repro-
ducible from declared fields rather than from undocumented
evaluation scripts.

Card serialization and auditability. For deployment,
we treat the card as a structured release artifact rather
than prose. The six field groups in Table 3 can be seri-
alized as a single JSON record: structured identifiers for S,

Mold, Mnew, and Π; floating thresholds (δp, τJ , τI); integer
paired counts; enum-valued judge decisions; enum-valued
alternative-gate and policy-grid outcomes; human-audit met-
rics; and Boolean trigger flags. A validator can recover
D(T ) from the card alone via the rule above. This matters
for public institutions because the release rationale can be
archived, inspected, and compared across model rotations
without exposing the full adversarial prompt suite.

5. Empirical Audit
5.1. Setup

The frozen safety suite contains n = 500 adversarial
prompts stratified across seven categories: hate speech, vio-
lence, illegal activities, sexual content, self-harm, misinfor-
mation, and privacy violations. We evaluate 10 versioned
model pairs from 5 model families, using matched decoding
parameters within each pair. The judge population con-
tains K = 12 safety judges spanning closed-source frontier
judges and open-weight judges. Each judge returns one of
SAFE, UNSAFE, or UNSURE. The default policy maps UN-
SURE to UNSAFE, aggregates by majority vote across the
12 mapped labels, breaks ties toward UNSAFE, and applies
the exact paired gate at α = 0.05.

To make the audit reproducible and governance-relevant, we
spell out the suite-construction, model-pair, judge-policy,
and human-audit assumptions in compact form. The cen-
tral discipline is version separation: prompt-suite refresh
creates a new suite version, judge calibration creates a new
judge policy, and model rotation creates a new paired review.
Mixing these changes in one scalar benchmark score would
make a release decision hard to audit.

5.2. Aggregate scores are not release decisions

Aggregate attack success rate summarizes a marginal model-
level property, whereas update review asks a paired question:
did the new model become unsafe on prompts where the
old model was safe? SURE records (n00, n01, n10, n11) for
every release cell. Cells where aggregate unsafe rates appear
stable but n01 dominates n10 are exactly those where scalar
benchmark reporting hides release-relevant regressions.

5.3. The paired gate is not the main source of variability

We first hold the labels and judge policy fixed while varying
only the paired-gate implementation. Across 96 prespeci-
fied alternative-gate comparisons, including exact sign-test
equivalence checks, mid-p corrections, and paired permuta-
tion variants, 95 produce the same release decision as the
default exact gate. The single disagreement is a boundary
cell satisfying |pexact − α| < δp and is therefore captured
by Ebnd.
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Table 1. Sensitivity regimes reported by SURE. The paired gate is the same statistical primitive, but the estimand changes with how
unsafe behavior is selected and how labels are measured.

Regime What is fixed or selected What the number should be used for

Idealized statistical Clean binary labels with a specified
latent regression rate

Sanity-checking the exact paired gate and
required discordant counts.

Self-judge injection The same judge policy selects unsafe
responses and evaluates injected fail-
ures

Upper-bound style validation that the imple-
mentation detects judge-selected failures.

Cross-judge detectability A source judge defines the unsafe pool;
a distinct evaluator labels it

Measuring policy-conditioned overlap be-
tween judge definitions of unsafe behavior.

Human-referenced infor-
mativeness

Blinded human-majority labels define
the reference endpoint

Auditing whether the declared judge policy
supplies usable measurement signal for re-
lease review.

Table 2. Operational SURE procedure for one candidate update.

1 Freeze suite S and declare T =
(S,Mold,Mnew,Π, G, α) plus escalation thresholds.

2 Generate paired responses on identical prompts un-
der matched decoding.

3 Label each response under every judge in Π; map
and aggregate labels according to the declared policy.

4 Compute paired counts, exact p-value, per-judge
calls, and policy-sensitivity checks.

5 Return RELEASE, BLOCK, or ESCALATE and
archive the SURE Card.

We next hold the paired gate fixed and vary the judge policy.
For each of the 10 model pairs, we apply the exact gate
separately under each of the 12 single-judge policies. The
resulting number of blocking judges ranges from 0/12 to
11/12 across model pairs. This spread is not explained by
the gate, which is unchanged; it is a property of the mea-
surement policy supplying the labels. When judge policies
are split beyond τJ , SURE triggers Edisagree and returns
ESCALATE rather than treating majority vote as a stable
automated call.

5.4. Human-referenced judge informativeness

Inter-judge disagreement shows that policies differ, but not
which policies are informative for the release task. We there-
fore audit judges against blinded human-majority labels:
300 cases, 5 trained annotators per case, blinded to source
model and judge outputs, with Fleiss κ = 0.823. For each
judge, we compute balanced accuracy, UNSURE rate, and
paraphrase flip rate.

The audit identifies a stable-but-uninformative failure mode.
One frontier judge returns UNSURE on 0.98 of audit cases
and flips on only 0.0018 of paraphrase pairs. It is therefore
highly stable but supplies little binary detection signal for a

release gate. Under the default conservative mapping, such a
policy can appear safe operationally because it is consistent,
while still being uninformative about true unsafe behav-
ior. By contrast, an admissible judge in the audit achieves
balanced accuracy 0.9253 with UNSURE rate 0.03. These
results give operational meaning to the detectability term
in Theorem 1: a release protocol must audit both statistical
evidence and measurement-policy informativeness.

5.5. Policy mapping and aggregation sensitivity

The raw UNSURE label is not a nuisance variable. In high-
stakes release review, mapping UNSURE to UNSAFE is a
conservative default because the burden of proof is on the
candidate update. In lower-risk or exploratory settings, map-
ping UNSURE to SAFE may be defensible, but it changes
the estimand. We therefore audit a prespecified policy
grid crossing two mappings, UNSURE 7→ UNSAFE and
UNSURE 7→ SAFE, with three aggregation rules: major-
ity vote, OR-rule, and unanimity. This produces 60 policy
cells for the 10 model pairs while holding model responses,
paired gate, and significance level fixed.

The grid exposes release calls that are policy-dependent. A
candidate update that is blocked under OR aggregation but
released under unanimity is not simply “safe” or “unsafe”
in isolation; the conclusion depends on the review policy.
SURE records these flips rather than hiding them behind
a single scalar score. For a public-interest deployment,
this is important because the same evidence may support
different operating points: a public-information chatbot may
favor low false releases, while an internal triage assistant
may accept more automated releases but route uncertain
categories to manual review.

5.6. Category diagnostics for release review

A binary release outcome is insufficient for remediation. For
each harm category, SURE records category-level paired
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Table 3. Core SURE Card fields. The card is designed for release review and post-hoc accountability: two teams should be able to
reconstruct the same RELEASE/BLOCK/ESCALATE call from the card fields alone.

Field group Contents Operational purpose

Declared tuple Suite version, model-pair identifiers, judge popu-
lation, label mapping, aggregation rule, tie policy,
gate, and α

Prevents hidden changes in evalua-
tion policy across releases.

Paired evidence (n00, n01, n10, n11), m, pexact, and category-
level discordances

Separates marginal benchmark
scores from release-relevant safe-to-
unsafe flips.

Judge diagnostics Per-judge paired counts, per-judge gate calls, qblk,
and disagreement trigger

Shows whether the release call is
stable across the declared judge pop-
ulation.

Sensitivity grid Alternative paired gates; UNSURE 7→ UNSAFE
versus UNSURE 7→ SAFE; majority, OR, and una-
nimity aggregation

Identifies calls that depend on policy
choices rather than on robust paired
evidence.

Human reference Balanced accuracy, UNSURE rate, paraphrase flip
rate, audit size, and missing-audit flag

Flags stable-but-uninformative or
policy-mismatched judges before
automation.

Decision RELEASE/BLOCK/ESCALATE plus boundary, dis-
agreement, and uninformative-policy triggers

Gives a reproducible release out-
come and escalation rationale.

Table 4. Audit design details used by the protocol. These details are not extra experiments; they specify the measurement policy that
makes a SURE release call reproducible and suitable for public-interest deployments.

Component Instantiation in the audit Why it matters for trustworthy deployment

Suite construction n = 500 adversarial prompts across seven fixed harm
categories; each prompt has a suite-version identifier.

Separates release validation on known risks from
future suite refresh and open-ended red teaming.

Model-pair design 10 successive releases from 5 model families; old and
new versions are compared within family.

Makes the estimand a realistic version-rotation
question rather than a cross-family model ranking.

Matched decoding Temperature, top-p, and token budget are held fixed
within each pair before responses are generated.

Prevents n01 and n10 from conflating model up-
dates with sampler changes.

Judge population 12 safety judges: closed-source frontier judges pinned
to API versions and open-weight judges pinned to
checkpoints.

Treats evaluator choice as a declared policy object
rather than hidden preprocessing.

Human audit 300 response cases, 5 blinded annotators per case,
category-stratified sampling, Fleiss κ = 0.823.

Supplies an external informativeness check for
whether automated labels support a release call.

Policy grid Two UNSURE mappings crossed with majority, OR,
and unanimity aggregation over 10 model pairs.

Identifies release calls that depend on governance
operating point rather than paired evidence alone.

counts and discordant imbalance ∆c = n10,c − n01,c. Neg-
ative ∆c values identify risk categories where the candidate
update regresses relative to the old model; positive values
identify categories where the update improves. These di-
agnostics are secondary endpoints: they do not replace the
prespecified global gate, but they guide follow-up work such
as prompt-suite refresh, targeted safety tuning, or manual
policy review.

This category reporting is also useful for governance. Public-
facing systems are often evaluated by stakeholders who need
to know why a model was blocked or escalated, not merely
that a p-value crossed a threshold. The SURE Card can
therefore be attached to release notes, internal risk registers,
or external audit packets. The card does not expose sensitive
prompts by default; it serializes counts, policy choices, and

trigger flags so that the decision can be inspected without
publishing the full adversarial suite.

5.7. Failure modes caught by escalation

The ESCALATE outcome is not an indecisive middle label;
it is a safety mechanism. Boundary escalation prevents
small label perturbations from determining a release. Judge-
disagreement escalation prevents aggregation from masking
incompatible safety policies among judges. Uninformative-
policy escalation prevents a stable but abstaining judge from
being mistaken for a reliable measurement instrument. In
all three cases, the protocol withholds automation and asks
for a practitioner-defined review path, such as human adju-
dication, additional judge calibration, suite refresh.

6
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Figure 2. Main SURE audit. The left panel visualizes a representative excerpt of the single-judge model-pair audit; ∆ = nimp − nreg, so
positive values indicate net improvement and negative values indicate net regression. Holding labels fixed, paired-gate variants are nearly
identical. Holding the gate fixed, judge policies change release calls, motivating explicit judge-policy diagnostics and escalation.

Table 5. Category-level reporting used by SURE Cards. Counts
are secondary diagnostics: they explain a release call and guide
remediation, while the global paired gate remains the prespecified
primary endpoint.

Category Recorded fields Review action

Hate/violence n01,c, n10,c,∆c Check refusal consistency and
over/under-blocking.

Illegal/self-harm n01,c, n10,c,∆c Route regressions to high-
priority manual review.

Misinformation n01,c, n10,c,∆c Inspect civic and information-
integrity failures.

Privacy n01,c, n10,c,∆c Audit leakage and confidential-
data handling.

All categories trigger flags plus examples
under access control

Decide whether to refresh suite,
retune, or escalate.

6. Discussion and Limitations
For trustworthy AI-for-good deployments, release valida-
tion should be conservative, auditable, and clear about when
automated evidence is insufficient. SURE supports this
goal by separating three questions that are often conflated:
whether a paired exact gate finds regression evidence un-
der fixed labels, whether the judge policy is stable across
plausible mappings and aggregation rules, and whether the
judge policy is informative against human-reference labels.
This separation is useful for civic, institutional, and public-
information settings because an ESCALATE outcome pre-
serves accountability when evidence is boundary-sensitive
or measurement quality is weak.

Table 6. AI4GOOD deployment alignment. SURE is framed as a
release-validation primitive for public-interest settings rather than
as a general model leaderboard.

AI4GOOD concern How SURE addresses it

Evaluation, auditing,
and red teaming

Freezes red-team findings into S and
audits safe-to-unsafe flips under a
paired gate.

Safety monitoring after
deployment

Archives one Card per model rotation,
enabling longitudinal comparison of
update risks.

Avoiding unintended
harms at scale

Uses ESCALATE when judge disagree-
ment or low informativeness would
make automation unsafe.

Public institutions and
oversight

Serializes policy choices, counts, and
trigger flags for accountable review
without exposing sensitive prompts.

Information integrity
and civic discourse

Treats misinformation and civic-risk
categories as explicit suite strata and
category diagnostics.

The protocol is not a global safety certificate. Its guarantee
is conditional on the frozen suite and declared judge pol-
icy, so SURE should be used together with suite refresh,
open-ended red teaming, manual review, and deployment
monitoring. The empirical audit is limited by the suite
size, model-pair coverage, judge set, and 300-case human-
reference audit. Thresholds such as δp, τJ , and τI should be
prespecified and re-audited when the suite, risk taxonomy,
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deployment context, or judge population changes.

Connection to public-interest deployment. The same
release-review primitive can support several AI-for-good
settings. For a public-information assistant, the suite can
emphasize misinformation, civic-process manipulation, pri-
vacy leakage, and self-harm crisis handling. For an insti-
tutional service assistant, the suite can emphasize refusal
consistency, discrimination-sensitive advice, and leakage
of confidential user data. For education or health-adjacent
support tools, the suite can include domain-specific harmful
guidance and escalation prompts. SURE does not decide
which harms matter; that choice must be made through
threat modeling and stakeholder review. Its role is to pre-
serve a clean audit trail once those risks have been converted
into a frozen suite and declared judge policy.

A useful property of the three-way output is that it separates
governance decisions from statistical implementation. A
BLOCK call says the candidate update has paired regression
evidence under the declared policy. A RELEASE call says
such evidence was not found and no escalation trigger fired.
An ESCALATE call says the automated evidence is not suf-
ficient for a binary decision. This last outcome is valuable
in socially consequential deployments, where refusing to
automate an uncertain release can be preferable to silently
averaging away disagreement among judges or stakeholders.

Recommended workflow. In practice, we recommend
using SURE as one component of a broader trustworthy-AI
release process. First, discover and refresh failures with
open-ended red teaming and threat-model exercises. Sec-
ond, freeze a suite version before evaluating a candidate
update. Third, run paired old/new responses under matched
decoding. Fourth, label responses under a declared judge
policy and compute the paired exact gate. Fifth, inspect the
SURE Card for boundary, disagreement, and informative-
ness triggers before accepting an automated RELEASE or
BLOCK call. Finally, archive the card and category diag-
nostics so that future regressions can be traced to a suite
version, model pair, and judge policy.

Responsible artifact release. Because adversarial safety
suites may contain harmful prompts or unsafe model re-
sponses, SURE separates the public audit artifact from re-
stricted evidence. The default shareable artifact is the Card:
policy identifiers, counts, p-values, trigger flags, category
summaries, and human-audit statistics. Prompt-level exam-
ples and raw judge rationales can remain access-controlled
while still being linked to the Card internally. This design
is important for public-interest deployments: it supports
oversight and reproducibility without turning the evaluation
suite into an unrestricted attack corpus. It also prevents over-
claiming. A RELEASE Card records non-rejection under a

declared policy, not global safety; a BLOCK Card records
paired regression evidence, not a permanent model ban;
and an ESCALATE Card records the reason automation was
withheld and the next review path.

7. Conclusion
SURE reframes safety evaluation for LLM updates as au-
ditable release review rather than aggregate score compari-
son. The key statistical object is simple: paired discordant
counts under a fixed judge policy. The key deployment les-
son is broader: a trustworthy release call depends on whether
the measurement policy supplying those labels is declared,
stable, and informative. Our audit shows that reasonable
paired gates almost always agree once labels are fixed, while
judge policies can substantially change release decisions.
For AI systems deployed in public-interest settings, this
argues for release protocols that record assumptions, diag-
nose measurement quality, and escalate when automated
evidence is not strong enough.

Operational note: escalation and suite lifecycle. An
ESCALATE outcome should trigger a prespecified work-
flow rather than an ad-hoc relaxation of α. Boundary
triggers route to re-labeling or prompt-level adjudication;
judge-disagreement triggers route to policy choice; low-
informativeness triggers route to judge calibration, judge
replacement, or human review. A frozen suite should be
treated as one checkpoint in a longer safety lifecycle. New
red-team discoveries, policy changes, or stakeholder con-
cerns create a new suite version rather than silently modify-
ing the current one.
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