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Abstract

An AT planning system should be evaluated by the feasible decisions it improves, including its ability
to recognize an unattainable target. We study completion milestones under shared resources and
uncertain availability. CLARK Frontier combines exact capacity screening, paired Monte Carlo
outcomes, anytime confidence sequences, and risk-constrained mixture-robust regret bounds. A
resource cut can prove that a target-sized group cannot finish in a sampled future, even under an
omniscient scheduler respecting the same resource plan. Substituting that proved binary outcome
preserves the evaluation distribution. A simultaneous confidence event supports adaptive sampling,
optional stopping, and subsequent changes to mixture stress and relative cost preferences. We
derive the decision guarantee and an explicit contraction bound along zero-discordance paths. These
results compose established inference and scheduling ideas; they do not establish a new universal
Monte Carlo rate. A browser implementation actually fits a ridge priority model before evaluating
fresh futures. In 1,500 fresh-seed analytic comparisons, paired inference needs fewer worlds than
a marginal comparator, but adaptive allocation essentially matches a strong static square-root
allocation. Across 12,288 pathwise checks, screening preserves every target outcome and avoids 6,342
full policy rollouts; its overhead can outweigh savings. Three synthetic profiles cover sport-pilot
training, clinical placements, and military pilot training. No operational cohort, language model,
or superintelligent system is tested. A separate 800-run follow-up tests risk-constrained selection:
the evaluator rejects an entirely unacceptable menu and abstains near the risk boundary. The
contribution is an executable framework for conditional decision evidence, with reproducible negative
controls.

1 Introduction

A training operator deciding whether to add an instructor needs more than a predicted graduation
date. The useful question is whether that intervention improves the probability of meeting a declared
target, at an acceptable cost, despite uncertain weather, staffing, retrials, and learner availability.
Advancing one learner can delay another competing for the same resource. The same structure
appears in flight schools, clinical placements, technical qualification, and maintenance certification.

This is also an operational Al evaluation problem. A model may propose a persuasive schedule
that violates capacity, recommend an expensive intervention without material benefit, or promise a
target that no feasible schedule can meet. An evaluator should distinguish a resource impossibility,
a poor decision, and an unresolved comparison. Its output should identify a supported action, the



remaining uncertainty, and the next experiment that could change that action.

CLARK Frontier evaluates frozen plans against the same simulated futures and adaptively selects
the next disruption regime to sample. It bounds how much worse each plan could be than the
best listed alternative and separately bounds absolute target-failure risk. Being close to the best
plan does not make a target acceptable. When a resource inequality already determines failure, a
checkable witness replaces a full scheduling rollout while retaining the failure in the sample.

The title describes a proposed future evaluation setting. It does not claim to detect superintelligence,
measure general intelligence, or certify global Al safety. An exceptionally capable system would still
be subject to a declared physical resource contract. A proof that one future defeats every compliant
scheduler is relevant even to an arbitrarily capable planner. That is a statement about a bounded
task and resource plan, not the intelligence of a tested model. The live learner is a small fitted ridge
model; no language model is called or ranked.

The candidate contribution is the precise composition of resource proofs, paired sequential inference,
and actionable regret semantics, supplied as reproducible software. Its mathematical ingredients
have substantial prior art. Whether the composition and implementation are sufficiently original for
a particular venue requires independent review. The experiments deliberately retain cases in which
simpler evaluation methods perform as well or better.

2 Related work

2.1 Simulation and resource reasoning

Pilot training simulation predates this work. Okal models F-16 training resources, Erickson studies
aircraft systems and student flow, Dyer and colleagues examine Undergraduate Pilot Training 2.5,
and Case studies weather-sensitive sortie generation (Okal 2008; Erickson 2014; Dyer et al. 2023;
Case 2025). A graduation simulator alone is not a new contribution. Language-model-generated
scheduling priorities and simulation-based prompt selection are also established (Luo, Vanhoucke,
and Coelho 2026; Zhang et al. 2024).

Energetic reasoning for cumulative scheduling already compares required work with available
capacity (Vilim 2009). Bousquet uses monotonicity information to bound and accelerate Monte
Carlo probability estimation (Bousquet 2012). We do not claim to invent capacity bounds or
proof-based acceleration. Our implementation uses a weak aggregate relaxation, shares witnesses
across policies with the same resource plan, retains every proved failure, and passes those exact
labels into the same sequential inference process as rolled-out labels.

2.2 Adaptive evaluation and anytime inference

Active testing selects informative observations for risk estimation (Kossen et al. 2021; Berrada
et al. 2025). Prediction-powered inference corrects model predictions using measured residuals
(Angelopoulos et al. 2023; Angelopoulos, Duchi, and Zrnic 2024). Prediction-Powered Active Testing
directly combines active acquisition and prediction-powered control variates (Ashouritaklimi et
al. 2026). R-AutoEval+, SELECT-LLM, and adaptive confidence-based rankings address reliable
configuration selection (Park, Zecchin, and Simeone 2025; Durmazkeser et al. 2026; Balkir et al.
2026). Evaluating AI with fewer samples is already an established research objective.

Time-uniform inference is established (Howard et al. 2021). Lindon and Malek provide anytime
inference for multinomial counts and Bernoulli contrasts (Lindon and Malek 2022). Our beta-mixture



construction is an elementary instance of this literature. Decomposing a paired binary difference
into disagreement probability and conditional sign makes ties informative, without creating a new
general convergence law. Our allocation heuristic inherits validity from the confidence event, not
from an optimal acquisition theorem.

MIT-linked work by Ao, Jiang, and Simchi-Levi shows how resource constraints can remove support
required for sequential pricing inference (Ao, Jiang, and Simchi-Levi 2026). Their identification
problem differs: their controller affects observable support, whereas we assume fresh resimulation
from every fixed regime remains available. Their work reinforces the need to specify feasibility and
information access. Our resimulation guarantees do not establish identification from observational
deployment records.

Ao and colleagues also combine biased LLM proxies, selective human audits, propensity correction
and anytime confidence sequences for best-arm identification (Ao et al. 2026). That work is directly
relevant to model choice and limits broad claims that adaptive Al evaluation is new. Our exact
outcome substitution uses a sound resource proof rather than a noisy judge. It does not estimate
judge bias or selectively missing human labels.

2.3 Harder benchmarks and predictive validity

FrontierMath, Humanity’s Last Exam, MathArena, and MIT-linked MathNet motivate difficult
tasks, maintained evaluations, and externally checkable answers (Glazer et al. 2025; Center for Al
Safety, Scale AI, and HLE Contributors Consortium 2026; Dekoninck et al. 2026; Alshammari et
al. 2026). We adopt those principles without claiming comparable reasoning difficulty. Proposed
challenge families include false-premise targets, coupled bottlenecks, nearly tied plans, censoring,
and shift. Challenge cases must remain separate from representative operational risk estimation.

Conformal prediction addresses predictive coverage under exchangeability, which can deteriorate
under shift (Lei et al. 2018; Barber et al. 2023). That is distinct from Monte Carlo uncertainty
conditional on a simulator. Neither a valid conditional confidence sequence nor a correct capacity
proof validates the simulator against an actual training organization.

3 The operational contract

3.1 Milestones and target outcomes

A context contains N learners, ordered residual stages, release days, deadline D, horizon H > D,
resources, and availability laws. Each stage requires successful work units. An attempt consumes a
stated nonnegative integer amount of each required resource; failure can require repetition. A learner
attempts at most one unit per working day. The generic engine uses a five-day week beginning on a
Monday; it does not model real holidays or consecutive clinical rotation blocks.

A frozen action a supplies a priority rule, a resource change, and nonnegative relative cost c,. It
obeys stage order and capacity. Future W contains environment, resource availability, attendance,
and success draws. For completion time T;(a, W) and target fraction 7, define

m = [nN7, Y, (W) —1{%1{1}((1,1/[/) < D} <m}.



Thus Y, = 1 is a cohort target miss. Practical-test readiness, certification, graduation, and licensure
are different events; an adapter must define the actual milestone.

Stateless draws indexed by seed, channel, day, and entity couple actions. Adding a resource preserves
existing entities” draws. Common random numbers pair plans without assuming their outcomes
independent. Python and JavaScript share the integer hash generator. Theory assumes ideal
independent world streams; the implementation uses a seeded pseudorandom approximation.

3.2 Regimes and decision losses

There are K regimes with nominal probabilities p, > 0. Examples use (.65, .15,.15,.05) for ordinary,
environment, resource, and coupled disruptions. Conditions can persist within a world; worlds are
independent conditional on regime. These probabilities are assumptions, not measured military,
medical, or flight-school frequencies.

Let ppa = EpY, and Apgp = pihe — pipp- For mixture ¢ and cost preference A > 0, set

La(qa)‘> = ZQtha + ACa, Qp = {q >0: ZQh = 17 %Hq _pHI < p} .
h h

Only mixture masses vary. Conditional laws, curriculum, cutoff, learners, deadline, and actions
remain fixed. Costs are illustrative dimensionless inputs, not prices or measured API bills. Robust
regret is

Ra(p,A) = sup |La(g, A) — min Lp(q, A)] = max sup {QTAab + Aea — Cb)} :
9€Q, b b qeQ,

The maximum includes b = a, making regret nonnegative. Tolerance .10 permits .10 extra risk-
plus-cost loss against the best listed plan under the declared ambiguity. It does not prove baseline
improvement or real-world safety.

4 Exact capacity screening

4.1 A policy-independent witness

Fix a future and resource plan. Let C). be total available resource r through D. Let w;, be learner i’s
minimum residual successful-work demand, ignoring retries. Remove learners whose total minimum
work exceeds their available attendance days after release; call the remaining set F. This removal is
sound because at most one unit can be attempted daily.

For weights y, > 0, set v;(y) = >, yrws and sort these values over E as v(l)(y) < --.. Timing
conflicts, failures, and prerequisites are relaxed. The resulting condition is necessary, not sufficient,
for feasibility.

Proposition 1. If |[E| < m, or if some y > 0 satisfies
m
Z V() (y) > Z yrCr, (1)
] T

J=1



then Y, (W) = 1 for every policy respecting the same work, attendance, daily attempt rule, and
resource plan, including an omniscient scheduler.

Proof. Every completed learner belongs to E. If m finish, select a completed group S of size
m. Successful work alone consumes at least »>;c g wi, units of resource r. Hence 377", v(;)(y) <
Yies Vi(y) <>, yrC,, contradicting (1). Retries and other constraints cannot reduce this required
work. [

The browser searches nonempty zero-one weight subsets for its three resources. A separate verifier
accepts nonnegative integer weights within exact safe-integer arithmetic. This is not a complete
separation oracle: no witness does not mean feasible. Changed resources need a new capacity
calculation; changed work requirements are outside the frozen contract.

An exported witness records resource weights, minimum target-group demand, available capacity,
seed, and regime. It proves impossibility in that sampled future, not every future or the actual
organization. It can refute an Al promise within an explicit contract without trusting the model’s
explanation.

4.2 Substitution preserves the experiment

Proposition 2. In an evaluator whose choices depend on past binary target outcomes, substitute
label one whenever a sound cut proves failure; otherwise run the original policy. With identical
world streams, all binary labels, counts, adaptive sampling choices, and stopping decisions are
unchanged.

Proof. Proposition 1 gives label equality in screened worlds. Other labels use the same simulator.
Inductively, equal observed histories give equal sampling and stopping decisions, followed by equal
next labels. [J

Proved failures remain in the sample; none are rejected or redrawn. Completion dates and completed
fractions remain unknown when only a binary miss is proved. Screening reduces work to obtain a
label, not variance or the number of worlds. Cut computation may cost more than an inexpensive
rollout.

5 Anytime paired inference

5.1 Primitive confidence sequences

For s successes in n Bernoulli observations, the Jeffreys beta-mixture process at hypothesized mean
U is

M, (u) = . (2)

Invert M,(u) < 1/§ and include boundary endpoints conservatively. At n = 0 the set is [0, 1]. This
is a mixture likelihood-ratio martingale for interior means and a nonnegative supermartingale at
boundary means. Ville’s inequality gives coverage over all counts. Running intersections preserve
validity. Software uses bisection; theoretical statements concern exact arithmetic. Independent root
and cross-language checks assess the numerical implementation.

For pair (a,b) in regime h, Z =Y, — Y, € {—1,0,1}. Write



dhay = Pr(|1Z] = 1), s =Pr(Z=1]|Z|=1), Apa = dpap(25hap — 1).

When d = 0, the sign parameter is immaterial. Apply (2) to disagreement indicators and to positive
signs in the disagreement subsequence. A rectangle [d~,d"] x [s7, sT] maps to a contrast interval
by taking the extrema of d(2s — 1) at its corners. Dependence between the two confidence sequences
is allowed: coverage uses a union bound.

5.2 Adaptive sampling and a joint error budget

For A frozen actions and J = (‘3) unordered pairs, allocate

e
0= ———— 3

K(2J+A) (3)
to each disagreement, sign, and action-risk process. Denote the intersected contrast intervals by
[Chab,ts Unhab,t) and absolute-risk intervals by [v,_ ., v;[a B

Proposition 3. Conditional on independent pilot fitting, suppose each regime supplies an iid
stream of fresh world outcomes for a frozen action set. Regime selection may depend on observed
history, without access to unseen outcomes. With probability at least 1 — «, every contrast and
absolute-risk interval covers its target at every count, under adaptive allocation and any stopping
time.

Proof. Reveal a fixed infinite iid stream for each regime. For each pair, disagreement indicators
are Bernoulli and signs at disagreement occurrences form an iid Bernoulli subsequence. Each
primitive confidence sequence fails at some local count with probability at most ¢ by (2) and Ville’s
inequality. A union bound over K (2J 4+ A) processes gives the joint event. Adaptive revealing and
stopping select counts already included in it. Rectangle mapping and intersection preserve coverage.
Conditioning on independent pilot data leaves this argument unchanged. [

An entire world is the independence unit. Correlated students and paired plans within it are
permitted. Reusing a seed as a fresh world or selecting a new policy after examining evaluation
labels violates the experiment. Revised policies require fresh evaluation or a different selection-valid
analysis.

5.3 Regret and absolute risk

For a # b, compute

Uab,t(p7 )‘) = sup unab,t + )\(Ca - cb)7 Uaa,t =0, Ra,t = Inax Uab,t- (4)
q€Qp b
Reverse intervals use £y, = —uqp and up, = —f4p. Exact finite-mixture optimization transfers

probability mass from low-valued to high-valued coordinates within the total-variation budget.
Independent linear programming checks it. A maximizing mixture witnesses the confidence envelope,
not necessarily the true losses.

Proposition 4. On the event of Proposition 3, simultaneously over counts, actions, p € [0, 1], and
finite A > 0, Rq(p, A) < Rat(p, A). The absolute-risk interval



inf qu;t, sup quIt (5)
qGQ/’ QEQp

contains risk for every permitted mixture. Selecting an action and stopping when its upper regret is
at most € certifies that tolerance within this simulator contract.

Proof. Nonnegative weights give g Ay < unab,t. Take the supremum and finite maximum over b.
The same reasoning gives (5). Since primitive coordinates are bounded before queries over p or A,
all such queries hold on the same event. Selecting a query, action, or count requires no additional
union bound. [

Equation (4) describes an unconstrained comparison, retained to reproduce the earlier experiments.
It must not by itself authorize a recommendation under a hard risk ceiling. Improvement over
baseline requires a positive lower bound on baseline-minus-candidate loss. Relative qualification
alone is insufficient.

5.4 What observed ties imply

Proposition 5. Along n > 1 observed ties for a pair and regime, the disagreement upper endpoint
in (2) is

@ < log(2/0) + %logn. (©)

=y n

ug =1—(6C)HY",  C,

Before further valid intersection the contrast interval is [—ug, ug].

Proof. Zero disagreements give M, (d) = C,,/(1 — d)". Solve M,(d) = 1/§. The bound C,, >
1/(2y/n) and 1 — e < z give (6). With no observed sign, its interval is [0, 1], so the product
interval is [—ug, uq]. O

This path property follows from established confidence sequences. It does not assume future ties,
prove a zero true contrast, or improve a generic Monte Carlo rate. Frequent disagreement and small
decision gaps may require many worlds. Cheap proved labels and faster confidence contraction are
different computational effects.

5.5 Risk-constrained selection and abstention

A cheap plan can minimize risk-plus-cost loss while violating a mandatory risk limit. Ranking all
plans and displaying a separate warning does not solve the constrained problem. Let

9a(p) = sup ¢ pay,  F={a:galp) <k}, we[0.1].
qEQp

Here acceptability concerns worst-case target risk, while cost enters the objective only. Bound the
worst-case risk itself, rather than the wider interval for every mixture in (5):

- T - T
Jar = SUD q Vg, g;ft = sup ¢ v;;t. (7)
qEQp qEQp

The supremum in both endpoints is intentional. Define certified and possible acceptable sets



Ct:{a:gj{,tgm}, Pt:{a:g;tgff}.

For a € C}, use the constrained upper regret
B, = max Uab,ts a; € argmin, o, By . (8)
t

Proposition 6 (conditional constrained decision). On the event of Proposition 3, C; C F' C P,
simultaneously over counts, p, A and k. Whenever C; is nonempty, a selected a; has g,, < k and

sup L(lt ((L )‘) — min Lb(q7 )‘) < Bat,t- (9)
qEQp beF

Thus recommending only when B, ; < € controls both requirements on that same event. If P;
is empty, no listed action satisfies the modeled risk requirement. Otherwise an empty C; means
unresolved risk; a bound above tolerance means unresolved comparison. No action is recommended
in these three cases.

Proof. Coordinate coverage and nonnegative mixture weights imply g,; < g, < g;t, giving the set
inclusions. Every member of C; is truly acceptable. For such an action, take the supremum and
finite maximum of the covered paired losses over F' C P, to obtain (9). The same joint coordinate
event holds before preferences or stopping times are selected, so these post-query projections spend

no additional error budget. If P; is empty then F is empty. [J

This is a composition result, not a claim to invent constrained selection. Cai and Kandasamy study
fixed-confidence identification with feasibility tests (Cai and Kandasamy 2026). Li and Zhu explicitly
project certified and possible feasibility sets for conformal model selection (Li and Zhu 2026). Our
target differs: fixed-regime paired simulation, an unknown paired loss objective, total-variation
mixture stress, deterministic costs, and exact resource-proof labels. No new lower bound, optimal
allocation, or universal efficiency theorem follows from Proposition 6. At a binding risk boundary,
abstention may persist indefinitely without a separation assumption.

6 Implementation and experimental protocol

6.1 Actual local model fitting

The live application fits weighted ridge regression to learner features and restricted completion labels
from 32 independent baseline-policy pilot worlds, eight per regime. Features include remaining
work, stage count, a resource-demand summary, target day, and an intercept. The response is
min(T, H)/H. Priority is predicted target lateness, rounded identically across Python and JavaScript.
Coeflicients and training cost are exported. Restricted labels are not known eventual graduation
dates.

Four actions are FIFO, frozen learned priorities, one added mentor, and one added gate resource.
Costs are (0,.02,.12,.18). The browser additionally accepts one to four frozen priority /resource
proposals in a bounded JSON schema. Provenance is self-declared; import does not authenticate a
model. No arbitrary imported code executes. These are static proposals, not interactive agents or
the complete space of feasible schedules.



Evaluation starts with eight observations per regime. The current heuristic targets unresolved
risk classifications and the active paired competitor. It favors a regime with a large interval-width
contribution, using adverse-mixture weights, nominal mass, and an approximate batch contraction
factor. Every fifth batch explores the least-sampled regime; batch size is 16. Future allocation
depends on current evidence, making this actual online adaptive Monte Carlo. No optimal acquisition
result is claimed.

The local browser shows actions, regret, absolute risk, next sampling regime, disagreement examples,
capacity witnesses, fitted coefficients, and rollout counts. Changing mixture stress or cost preference
reuses the joint evidence. Changing context or action set invalidates it. The current browser stops
at risk-constrained qualification or exclusion of the listed menu. The earlier canonical studies
below stop at unconstrained relative qualification and remain separately labeled; they must not be
reinterpreted as risk-constrained recommendations. A separate legacy tool retains detailed date
forecasts and earlier recorded studies. Calculations need no provider API, key, telemetry, or network
service.

6.2 Known-truth validation and stronger baselines

The final-run protocol fixes a = .05, p = .05, A = .25, ¢ = .10, and at most 2,048 paired worlds.
It was saved before canonical runs but not externally preregistered. Three categorical joint-
outcome laws have known exact risks: all ties, disagreement concentrated in stressed regimes, and
homogeneous disagreement. An initial 900 runs compare paired adaptive, paired target-proportional,
and target-proportional marginal inference.

After examining those results, a fresh-seed study adds uniform allocation and static allocation
proportional to \/pp + p. It uses 100 replications per law and method, totaling 1,500 runs, without
retuning the adaptive algorithm. This subsequent analysis is disclosed. Every method receives paired
worlds. The marginal comparator discards pair dependence for inference and uses its appropriate
a/(K A) risk budget; it is not asserted to be the strongest possible marginal method.

Methods share world streams within replications. Comparisons are descriptive, not independent
cross-method replications. Coverage is checked at reported batches; the theorem concerns all counts.
Exact categorical risks supply true regret. Independent linear programs check those regrets, and
Python replays verify selected JavaScript inference paths.

6.3 Separate risk-constrained follow-up

A protocol saved before the follow-up runs fixes four Bernoulli laws, 100 replications per law and
method, and the same 2,048-world cap. The conflict law deliberately uses cost weight 6, while
the other laws use .25. Common uniforms couple all four actions. One law deliberately makes the
unconstrained cost-preferred plan risk-unacceptable; another makes every plan unacceptable. A
third places risks at or near the .20 ceiling; a fourth has comfortably acceptable alternatives. Both
the new risk-aware heuristic and the square-root allocator use the same gate, error budget and
within-replication streams. This is a subsequent study, not a retrospective change to the original
experiments. It contains 800 runs and no learned pilot or screening costs.

An independent SciPy linear program recomputes true robust risks and constrained regrets. Every
recorded decision is checked against that truth; the first and last replication per law and method
are independently replayed in Python, including allocation, counts, confidence coverage and all 711
reported stages across 16 runs. Source hashes bind the protocol and original engines to the results.



6.4 Domain and proof studies

The synthetic profiles contain six sport-pilot learners, ten clinical learners, and twenty military-
training learners. Four fresh-seed replications per profile under adaptive and target-proportional
paired sampling give 24 runs. Profiles were constructed using separate design and pilot seeds. Four
seeds do not represent variation across actual institutions or curricula.

For proof validation, each profile uses default deadline 100 and tight deadline 55, with 128 worlds
per regime and four plans: 3 x 2 x 4 x 128 x 4 = 12,288 comparisons. Every screened target label
is checked against the original full-world scheduling implementation. Separately selected positive
witnesses are checked by an independent mixed-integer relaxation maximizing completed learners
under aggregate capacity and individual-workday constraints. Timing paths share prepared tapes
and charge tape generation to both. One-host runtime measurements are not portable performance
guarantees.

7 Results

7.1 Paired inference helps and static allocation remains competitive

Table 1 gives mean paired worlds in the 1,500-run subsequent study. A budget-capped unresolved
result is not successful certification. Every law-method cell has 100 runs.

Law Adaptive  Target Uniform Square root Marginal
All ties 320.00 384.00 368.00 320.00  2,048.00
Localized 848.64 1,033.60 934.08 842.08  2,048.00
Homogeneous 522.56 665.60 607.20 523.84  1,328.64

Table 1. Worlds to stopping or budget. All paired methods certify in all runs. The marginal
comparator certifies 0/100, 0/100, and 100/100 respectively. Analytic policy-outcome cost equals
four times worlds.

Adaptive allocation beats target-proportional allocation here. However, square-root allocation
matches it on ties, slightly improves the localized case, and is essentially equal in the homogeneous
case. Results support paired inference and informative ties relative to this marginal comparator.
They do not establish a distinctive adaptive-acquisition advantage over strong static allocation.
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Figure 1: Mean paired worlds in the fresh-seed comparison. Marginal bars at the budget cap are
unresolved in the first two laws. Square-root allocation essentially matches adaptive allocation.

All 100 runs in each cell contain true contrasts and risks at every reported batch, with no observed
false certificates. Per cell, exact two-sided 95% binomial intervals are [.9638, 1] for coverage and
[0,.0362] for false-certificate frequency. These are not pooled across heterogeneous laws or correlated
methods. Zero observed errors does not imply zero error probability. The theoretical conditional
guarantee remains 1 — a.

7.2 Risk limits change the decision

Outcome in each

Known-truth law Adaptive worlds Square-root worlds 100-run cell

Cost versus risk 332.32 340.00 Qualified acceptable
conflict plan

Every listed plan fails 70.24 76.32 Listed menu excluded
At the risk boundary 2,048.00 2,048.00 Risk unresolved at cap
Comfortable 479.04 482.88 Qualified acceptable
acceptable choices plan

Table 2. Separate 800-run constrained follow-up. Mean worlds include budget-capped unresolved
runs. Both methods enforce the same hard risk constraint. Every final unconstrained candidate in
the first two laws violates the risk ceiling; it is diagnostic, not a recommendation.

There are no observed false recommendations or incorrect menu exclusions. Each 100-run cell
has an exact two-sided 95% error-frequency interval [0,.0362]; heterogeneous cells are not pooled.
Independent replay supports implementation consistency. Modest allocation differences do not
establish a new sample-complexity advantage. Persistent boundary abstention is the correct
uncertainty output, not successful selection.
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Figure 2: The risk-constrained gate returns different actionable states. Bars show mean worlds, not
real-world performance. Boundary cases consume the entire budget without a recommendation.

7.3 Earlier unconstrained choices in synthetic domains

Synthetic profile Adaptive worlds Target worlds Choice in all four seeds
Sport pilot 448 472 Learned priorities
Clinical placements 388 480 Add one preceptor
Military pilot training 288 376 Add one instructor

Table 3. Mean paired worlds. All runs meet .10 relative-regret tolerance. Each additionally charges
32 baseline-policy pilot evaluations; each world charges four candidate outcomes.

These unconstrained choices compare four plans under assumed costs. They do not establish the
best action at a real school, a general preference for more staff, or superiority over language models.
No independent exact risk oracle is available for the complete domain simulator here. The theorem
supplies conditional inference; the small domain study demonstrates the workflow. Absolute risk
must still be checked before acceptance.

7.4 Proof screening preserves labels with selective cost benefits

All 12,288 target outcomes match the original simulator; 6,342 full rollouts are replaced by proved
failures. Each of 200 separately selected witnesses is confirmed by the independent mixed-integer
relaxation. Proposition 2 is deterministic; the tests exercise the implementation rather than prove a
population error rate.
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Profile Default avoided Tight avoided Default time ratio  Tight time ratio

Sport pilot 46.68% 99.22% 0.79 2.87
Clinical 0.00% 87.55% 0.92 2.18
Military 8.11% 68.12% 0.95 2.08

Table 4. Fraction of 2,048 policy outcomes per context obtained without a full rollout. Ratio
is unscreened time divided by screened time, including tape generation; below one means slower
screening. Fractions are equally stratified test frequencies, not nominal-mixture failure probabilities.

Tight targets provide many inexpensive witnesses. Default cases may be cheaper to simulate: even
sport-pilot default, with almost half of rollouts avoided, is slower in this timing run. Avoided rollouts
must not be advertised as equal time savings. Screening may be more attractive for expensive
downstream policies or frequent infeasibility; no expensive deployed Al policy is tested here.

Default target ~ mEE Tight target

100 99.2%

87.5%

68.1%

46.7%

Full policy rollouts avoided, %
[@)]
o

8.1%
0.0%

1 1
Sport pilot Clinical placements Military pilot training

Figure 3: Full rollouts avoided in equally stratified test futures. Every binary target outcome is
retained. Default and tight-target cases are different experiments, not operational risk estimates.

7.5 Preserved negative controls

The release retains the earlier manuscript and raw studies. Its pilot-frozen learned-control-variate
allocator resolves 27/36 policy contrasts at an 8,192-world budget, versus 34/36 for pilot-free stratified
evaluation. Training overhead and weak allocation gains can erase a benefit. The new anytime
method is a separate mode; the old finite-stage empirical-Bernstein analysis is not unrestricted
anytime inference.

The earlier 170-cohort forecasting study fits three regressors and compares three procedural forecasts.
A validation-selected 48-world simulator forecast has matched-test restricted-completion MAE 3.942
days and whole-cohort coverage 37/40, falling to 8/20 under shift. Access to the true generating
simulator limits this predictive-model comparison. These retained results expose calibration failure
under shift, not operational validity. The new three-profile study does not close that gap.
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8 Applications and deployment

8.1 Sport pilot planning under MOSAIC

A flight school can use this contract to compare instructor availability, usable aircraft, weather
windows, learner attendance, repeated training, and examiner access. The output can identify a
supported intervention, target-risk interval, or future-specific impossibility witness.

MOSAIC expands the planning setting but does not equate residual work units with FAA eligibility.
The FAA identifies separate effective dates for pilot privileges and aircraft certification provisions
(Hartman 2026). Current airplane sport-pilot experience requirements include total, dual, and
solo flight time plus specific cross-country and practical-test preparation requirements (Electronic
Code of Federal Regulations 2026a). Aircraft eligibility and endorsements have additional rules
(Electronic Code of Federal Regulations 2026b). A deployable adapter needs actual logged hours,
event types, endorsements, aircraft and instructor qualifications, and current rule versions. The
example has residual sessions and one practical-test attempt with possible repetition. It is not a
complete regulatory engine or a minimum-hours certification promise.

8.2 Clinical and other milestones

The clinical example models placement workdays, preceptor capacity, release days, assessment
repetition, and assessor access. It does not implement consecutive rotation blocks, specialty
prerequisites, accreditation, licensure, competency judgments, or a medical school’s graduation
rules. Those require an institution-specific adapter and independent validation. This is scheduling
research, not clinical decision support.

The same event contract could cover maintenance signoffs, industrial apprenticeships, professional
recertification, and technical onboarding. Correct work semantics and measured disturbances are
prerequisites; relabeling the interface is insufficient. Commercial value should be tested prospectively
through reduced delay at matched resource cost or fewer unnecessary resource additions, not inferred
from a synthetic leaderboard.

8.3 Evaluating actual AI proposals

To choose among Al models, freeze each complete workflow at the same cutoff and record version,
prompt, tools, failures, cost, and resource assumptions. Execute its proposed plans on hidden
futures. Compare with FIFO, a strong operations-research policy, a local learner, and strong static
evaluators; count proposal generation and verification work. Use executable feasibility and outcomes
rather than self-reported confidence as ground truth.

The import interface supplies a narrow first step: static proposals from a model or human. It does
not call providers or authenticate provenance. Interactive agents need a causal action interface,
tool budgets, nonanticipation checks, repeated-run accounting, and hidden contexts. Selecting new
proposals from the same evaluation stream needs a different analysis. General or superintelligent
capability claims additionally require an explicit capability target, strong human and algorithmic
baselines, and held-out tasks beyond this family.

8.4 A hands-on decision workflow

Start with the browser’s Snapshot download. It records ordered residual work, learner release
days, named resource counts and availability, four regime probabilities and factors, deadline, and
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cohort target. Edit a local copy, retain the built-in action definitions, and Import snapshot. Use
Import JSON separately for frozen Al proposals. The adapter rejects unsupported templates
rather than silently inventing a syllabus. Its practical scope remains residual sequential work, not
full medical or aviation eligibility.

For an explicit example, retain the sport profile’s day-100 target, 80% cohort completion and 20%
maximum failure risk. The fixed browser stream excludes all four listed plans after 48 paired worlds;
this is conditional statistical exclusion of that menu, not proof that every conceivable intervention
fails. A capacity witness is a different object: a deterministic proof for one sampled future and one
resource plan. To inspect a looser requirement, move the risk limit to 80% and resume. This reuses
the evidence because only the query changed. Increasing a resource or changing work invalidates
the old evidence and starts a fresh evaluation. A larger compute budget cannot repair a wrong
simulator.

Export Decision brief for the operational discussion and Evidence JSON for an audit. The
authoritative decision object has status, nullable recommended_action, certified and possible
acceptable sets, worst-case risk bounds, constrained upper regret and the active sampling question.
The unconstrained comparison is explicitly diagnostic. For example, status: risk_unresolved
with recommended_action: null means collect more evidence or revise assumptions; an integration
must not substitute candidate_action as advice. Preserve the context, frozen model, training cost,
seed, counts and preferences with every record.

The next operational milestone is a blinded replay of completed cohorts using only information
available at the historical cutoff. Predeclare acceptable date error, target-risk calibration, abstention
burden, compute cost, and intervention value against the existing workflow. Measure the time
saved by a decision brief and the cost of a wrong intervention. Only after those checks should a
recommendation affect real scheduling.

9 Limitations and research priorities

The strongest result is a conditional composition: sound capacity cuts preserve exact labels,
established confidence sequences survive adaptive revealing, and simultaneous intervals support post-
query regret and absolute-risk bounds. These are auditable guarantees, not a verified foundational
breakthrough. Equation (6) is a special path property. Screening does not solve scheduling, and
adaptive allocation has not outperformed the strongest simple static comparator.

Simulator validity is the central evidence gap. Historical replay must preserve the cutoff, split
by whole cohorts, handle censoring, and test fleet, curriculum, staffing, and population shifts.
Counterfactual resource advice needs prospective or otherwise causally justified validation. A
total-variation ball over four weights cannot absorb arbitrary errors in within-regime laws, missing
rules, or incorrect work demands. More simulation only reduces conditional Monte Carlo uncertainty.

A substantive mathematical program would derive instance-dependent complexity in disagreement,
decision gaps, proof cost, and resource structure, with matching lower bounds or an independently
verified new separation algorithm. A substantive practical study would evaluate actual frozen Al
proposals on hidden, independently validated tasks and compare with strong static and operations-
research baselines. Any advantage must survive proposal, pilot, proof-search, and verification costs.
These are research objectives, not accomplishments claimed here.
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10 Reproducibility and disclosure

The release includes matching Python and JavaScript engines, frozen profiles, protocols, raw
outcomes, analytic laws and traces, witnesses, and source hashes. Forty-nine Python tests cover
simulator behavior, independent root calculations, a beta-mixture expectation identity, interval
contraction, absolute-risk alarms, cross-language parity, and resource cuts. An independent audit
checks 48 exact-regret linear programs, 30 Python stream replays, 200 mixed-integer witnesses,
source hashes, and the raw domain-file hash. Maximum replayed regret-bound discrepancy is below
1.7 x 10712, These checks assess consistency, not peer-reviewed correctness or operational validation.

The canonical reproduction commands are:

node experiments/run_anytime.cjs analytic

node experiments/run_anytime.cjs domains

node experiments/confirm_anytime.cjs

node experiments/validate_screening.cjs

PYTHONPATH=src python3 experiments/audit_v3.py

node experiments/run_risk_gate.cjs

PYTHONPATH=src python3 experiments/audit_risk_gate.py
PYTHONPATH=src python3 -m unittest discover -s tests -v

Protocols specify seeds, budgets, and subsequent analyses. The prior study remains separately
documented and reproducible.

All cohorts are synthetic. No operational Air Force records, external endorsement, or MIT affili-
ation is claimed. The requested byline is retained as supplied. Al assistance supported drafting,
implementation, retrieval, and analysis; the author remains responsible for claims, proofs, sources,
credentials, and submission. This is a research preprint and executable prototype, not a completed
dissertation, peer-reviewed result, or verified evaluation of superintelligence.

References

Alshammari, Shaden, Kevin Wen, Abrar Zainal, Mark Hamilton, Navid Safaei, Sultan Albarakati,
William T. Freeman, and Antonio Torralba. 2026. “MathNet: A Global Multimodal Bench-
mark for Mathematical Reasoning and Retrieval.” In International Conference on Learning
Representations. https://arxiv.org/abs/2604.18584v2.

Angelopoulos, Anastasios N., Stephen Bates, Clara Fannjiang, Michael I. Jordan, and Tijana Zrnic.
2023. “Prediction-Powered Inference.” Science 382: 669-74. https://doi.org/10.1126 /science.ad
i6000.

Angelopoulos, Anastasios N., John C. Duchi, and Tijana Zrnic. 2024. “PPI++: Efficient Prediction-
Powered Inference.” https://arxiv.org/abs/2311.01453v2.

Ao, Ruicheng, Hongyu Chen, Siyang Gao, Hanwei Li, and David Simchi-Levi. 2026. “Best Arm
Identification with LLM Judges and Limited Human.” https://arxiv.org/abs/2601.21471.

Ao, Ruicheng, Jiashuo Jiang, and David Simchi-Levi. 2026. “Resource-Constrained Adaptive
Inference for Sequential Pricing.” https://arxiv.org/abs/2606.03736v1.

Ashouritaklimi, Kianoosh, Valentin Kilian, Daolang Huang, Tom Rainforth, and Francois Caron.
2026. “Prediction-Powered Active Testing.” https://arxiv.org/abs/2607.08347v1.

Balkir, Esma, Alice Pernthaller, Marco Basaldella, Jose Hernandez-Orallo, and Nigel Collier. 2026.
“Confident Rankings with Fewer Items: Adaptive LLM Evaluation with Continuous Scores.”
https://arxiv.org/abs/2601.13885v2.

16


https://arxiv.org/abs/2604.18584v2
https://doi.org/10.1126/science.adi6000
https://doi.org/10.1126/science.adi6000
https://arxiv.org/abs/2311.01453v2
https://arxiv.org/abs/2601.21471
https://arxiv.org/abs/2606.03736v1
https://arxiv.org/abs/2607.08347v1
https://arxiv.org/abs/2601.13885v2

Barber, Rina Foygel, Emmanuel J. Candes, Aaditya Ramdas, and Ryan J. Tibshirani. 2023.
“Conformal Prediction Beyond Exchangeability.” The Annals of Statistics 51 (2): 816-45.
https://doi.org/10.1214/23- AOS2276.

Berrada, Gabrielle, Jannik Kossen, Freddie Bickford Smith, Muhammed Razzak, Yarin Gal, and
Tom Rainforth. 2025. “Scaling up Active Testing to Large Language Models.” https://arxiv.or
g/abs/2508.09093v2.

Bousquet, Nicolas. 2012. “Accelerated Monte Carlo Estimation of Exceedance Probabilities Under
Monotonicity Constraints.” Annales de La Faculte Des Sciences de Toulouse Mathematiques 21
(3): 557-91. https://doi.org/10.5802/afst.1345.

Cai, Ting, and Kirthevasan Kandasamy. 2026. “Constrained Best Arm Identification with Tests for
Feasibility.” https://arxiv.org/abs/2511.09808.

Case, Markus. 2025. “Evaluating Weather Effects on Sortie Generation Using Discrete Event
Simulation.” Master’s thesis, Air Force Institute of Technology. https://scholar.afit.edu/etd/823
5/.

Center for Al Safety, Scale Al, and HLE Contributors Consortium. 2026. “A Benchmark of
Expert-Level Academic Questions to Assess Al Capabilities.” Nature 649: 1139-46. https:
//doi.org/10.1038/s41586-025-09962-4.

Dekoninck, Jasper, Nikola Jovanovic, Tim Gehrunger, Kari Rognvaldsson, Ivo Petrov, Chenhao Sun,
and Martin Vechev. 2026. “Beyond Benchmarks: MathArena as an Evaluation Platform for
Mathematics with LLMs.” https://arxiv.org/abs/2605.00674v2.

Durmazkeser, Yavuz, Patrik Okanovic, Andreas Kirsch, Torsten Hoefler, and Nezihe Merve Gurel.
2026. “Large Language Model Selection with Limited Annotations.” https://arxiv.org/abs/2510
.09418v2.

Dyer, Allie, Laurel Klawes, Skyler Royse, Keane Singleton, John Miller, and Colby Shufeldt. 2023.
“Optimizing Undergraduate Pilot Training 2.5 at Vance Air Force Base” Industrial and Systems
Engineering Review 11 (1-2): 15-20. https://doi.org/10.37266/ISER.2023v11i1-2.pp15-20.

Electronic Code of Federal Regulations. 2026a. “14 CFR 61.313 What Aeronautical Experience
Must i Have to Apply for a Sport Pilot Certificate.” https://www.ecfr.gov/current /title-
14/chapter-I/subchapter-D /part-61/subpart-J /section-61.313.

. 2026b. “14 CFR 61.316 What Are the Performance Limits and Design Requirements for
the Aircraft That a Sport Pilot May Operate.” https://www.ecfr.gov/current/title-14/chapter-
I/subchapter-D/part-61/subpart-J/section-61.316.

Erickson, Bryngel J. 2014. “Simulation Modeling of Advanced Pilot Training: The Effects of a
New Aircraft Family of Systems.” Master’s thesis, Air Force Institute of Technology. https:
//scholar.afit.edu/etd /671/.

Glazer, Elliot, Ege Erdil, Tamay Besiroglu, et al. 2025. “FrontierMath: A Benchmark for Evaluating
Advanced Mathematical Reasoning in AI” https://arxiv.org/abs/2411.04872v7.

Hartman, Nicole. 2026. “MOSAIC Fact Sheet.” FAA Safety Briefing, March/April 2026, page 25.
https://www.faa.gov/sites/faa.gov/files/MarApr2026.pdf.

Howard, Steven R., Aaditya Ramdas, Jon McAuliffe, and Jasjeet Sekhon. 2021. “Time-Uniform,
Nonparametric, Nonasymptotic Confidence Sequences.” The Annals of Statistics 49 (2): 1055-80.
https://doi.org/10.1214/20- AOS1991.

Kossen, Jannik, Sebastian Farquhar, Yarin Gal, and Tom Rainforth. 2021. “Active Testing: Sample-
Efficient Model Evaluation.” In Proceedings of the 38th International Conference on Machine
Learning, 139:5753-63. Proceedings of Machine Learning Research. https://proceedings.mlr.pr
ess/v139/kossen2la.html.

Lei, Jing, Max G’Sell, Alessandro Rinaldo, Ryan J. Tibshirani, and Larry Wasserman. 2018.
“Distribution-Free Predictive Inference for Regression.” Journal of the American Statistical

17


https://doi.org/10.1214/23-AOS2276
https://arxiv.org/abs/2508.09093v2
https://arxiv.org/abs/2508.09093v2
https://doi.org/10.5802/afst.1345
https://arxiv.org/abs/2511.09808
https://scholar.afit.edu/etd/8235/
https://scholar.afit.edu/etd/8235/
https://doi.org/10.1038/s41586-025-09962-4
https://doi.org/10.1038/s41586-025-09962-4
https://arxiv.org/abs/2605.00674v2
https://arxiv.org/abs/2510.09418v2
https://arxiv.org/abs/2510.09418v2
https://doi.org/10.37266/ISER.2023v11i1-2.pp15-20
https://www.ecfr.gov/current/title-14/chapter-I/subchapter-D/part-61/subpart-J/section-61.313
https://www.ecfr.gov/current/title-14/chapter-I/subchapter-D/part-61/subpart-J/section-61.313
https://www.ecfr.gov/current/title-14/chapter-I/subchapter-D/part-61/subpart-J/section-61.316
https://www.ecfr.gov/current/title-14/chapter-I/subchapter-D/part-61/subpart-J/section-61.316
https://scholar.afit.edu/etd/671/
https://scholar.afit.edu/etd/671/
https://arxiv.org/abs/2411.04872v7
https://www.faa.gov/sites/faa.gov/files/MarApr2026.pdf
https://doi.org/10.1214/20-AOS1991
https://proceedings.mlr.press/v139/kossen21a.html
https://proceedings.mlr.press/v139/kossen21a.html

Association 113 (523): 1094-1111. https://doi.org/10.1080,/01621459.2017.1307116.

Li, Jing, and Haibin Zhu. 2026. “Sequential Confidence Sets for Coverage-Constrained Conformal
Model Selection.” https://arxiv.org/html/2609.28522v1.

Lindon, Michael, and Alan Malek. 2022. “Anytime-Valid Inference for Multinomial Count Data.”
In Advances in Neural Information Processing Systems. Vol. 35. https://papers.nips.cc/paper
_files/paper/2022/hash /12f3bd5d2b7d93eadc1bf508a0872dc2- Abstract-Conference.html.

Luo, Jingyu, Mario Vanhoucke, and Jose Coelho. 2026. “Automated Priority Rule Design for the
Resource-Constrained Project Scheduling Problem: A Large Language Model-Guided Population-
Based Search.” https://arxiv.org/abs/2609.03754v1.

Okal, Adem. 2008. “Simulation Modeling and Analysis of f-16 Pilot Training Squadron.” Master’s
thesis, Air Force Institute of Technology. https://scholar.afit.edu/etd/2814/.

Park, Sangwoo, Matteo Zecchin, and Osvaldo Simeone. 2025. “Adaptive Prediction-Powered
AutoEval with Reliability and Efficiency Guarantees.” https://arxiv.org/abs/2505.18659v2.
Vilim, Petr. 2009. “Max Energy Filtering Algorithm for Discrete Cumulative Resources.” In
Integration of AI and OR Techniques in Constraint Programming for Combinatorial Optimization

Problems. https://vilim.eu/petr/cpaior2009.pdf.

Zhang, Haoting, Jinghai He, Rhonda Righter, and Zeyu Zheng. 2024. “Language Model Prompt

Selection via Simulation Optimization.” https://arxiv.org/abs/2404.08164v2.

18


https://doi.org/10.1080/01621459.2017.1307116
https://arxiv.org/html/2609.28522v1
https://papers.nips.cc/paper_files/paper/2022/hash/12f3bd5d2b7d93eadc1bf508a0872dc2-Abstract-Conference.html
https://papers.nips.cc/paper_files/paper/2022/hash/12f3bd5d2b7d93eadc1bf508a0872dc2-Abstract-Conference.html
https://arxiv.org/abs/2609.03754v1
https://scholar.afit.edu/etd/2814/
https://arxiv.org/abs/2505.18659v2
https://vilim.eu/petr/cpaior2009.pdf
https://arxiv.org/abs/2404.08164v2

	Abstract
	Introduction
	Related work
	Simulation and resource reasoning
	Adaptive evaluation and anytime inference
	Harder benchmarks and predictive validity

	The operational contract
	Milestones and target outcomes
	Regimes and decision losses

	Exact capacity screening
	A policy-independent witness
	Substitution preserves the experiment

	Anytime paired inference
	Primitive confidence sequences
	Adaptive sampling and a joint error budget
	Regret and absolute risk
	What observed ties imply
	Risk-constrained selection and abstention

	Implementation and experimental protocol
	Actual local model fitting
	Known-truth validation and stronger baselines
	Separate risk-constrained follow-up
	Domain and proof studies

	Results
	Paired inference helps and static allocation remains competitive
	Risk limits change the decision
	Earlier unconstrained choices in synthetic domains
	Proof screening preserves labels with selective cost benefits
	Preserved negative controls

	Applications and deployment
	Sport pilot planning under MOSAIC
	Clinical and other milestones
	Evaluating actual AI proposals
	A hands-on decision workflow

	Limitations and research priorities
	Reproducibility and disclosure
	References

