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Abstract

AI research agents combine prior knowledge, public sources, and experimental feedback to produce useful results.
The Discovery Certification Protocol (DCP) turns claims about these results into executable recovery and feedback
tests. Gate 1 validates useful improvement on sealed evaluation. Gate 2 gives matched agents the registered starting
information and observed Web content while withholding the target research history. Every valid method reaching the
numerical target supplies a recovery witness and triggers the Core veto. DCP Core requires adequate controls, zero
observed recoveries, and a finite-sample bound on recovery in one fresh registered episode. Optional Gate 3 measures
the average effect of truthful feedback relative to a specified neutral policy from a shared checkpoint. DCP Evidence
adds this effect after independent null calibration and a registered effect margin. Two controlled audits exercise the
complete protocol in SQLite optimization and virtual catalyst control under different models. Each produced zero
recoveries in 96 episodes, with an upper bound of 0.0468. Each paired study yielded 30 truthful recoveries and zero
neutral recoveries, with passing 60-pair null studies. Additional cases exercise Core, recovered, and audit-incomplete
decisions. A deterministic, LLM-free verifier reproduces the decisions from frozen evidence. DCP provides a common
evidence language for useful outcomes, alternative routes, and feedback effects across AI research.

1 Introduction

AI research agents choose actions, run experiments, inspect measurements, and revise their proposals. Their outputs
include programs, models, data products, and experimental recipes. Recent systems have found useful algorithms and
mathematical constructions and have begun to automate broader research workflows (Fawzi et al., 2022; Mankowitz
et al., 2023; Romera-Paredes et al., 2024; Novikov et al., 2025; Lu et al., 2026). As these systems become research
collaborators, their reports need evidence connecting measured results to the research that produced them.

Consider an agent that runs 87 experiments and reports a program with score x. A sealed test establishes the program’s
utility. A matched agent may also reach x using initial data, public material, and its own reasoning. Separately, truthful
experimental observations may improve the chance of reaching x. These are three measurable questions about one
outcome. Implementation and baseline choices shape measured gains (Melis et al., 2018; Musgrave et al., 2020). In
automated research, independent implementations of a fixed idea can change its ranking (Ning et al., 2026e). DCP
extends this measurement discipline to the information and feedback available to a research agent.

The central design choice is to admit every valid route to the same numerical outcome. A challenger may combine
familiar components, transfer a technique across domains, or produce a different implementation. It receives the
registered background, initial observations, tools, budget, and captured Web content. The target run’s experimental
history is withheld. An executable validity check and a score threshold determine recovery, making the rule portable
across research domains.

Recovery witnesses and recovery probabilities play complementary roles. A witness establishes an available route
within the registered scope and closes the audit as recovered. A positive Core decision requires an adequate audit with
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Figure 1: DCP asks three questions about one numerical outcome. Gate 1 validates result A∗ on sealed data. Gate 2
gives fresh matched agents K, E0, and Wobs while withholding run history L∗. Any valid recovery at x− ε refutes
Core; certification requires adequate controls and bounded non-recovery. Optional Gate 3 adds Evidence when fresh
paired runs show a feedback effect over a null-calibrated neutral channel.

zero recoveries and a bound on a fresh episode’s recovery probability. Evidence adds a randomized comparison of
truthful and neutral feedback from a shared checkpoint. This separation gives a successful target run, a recoverable
outcome, and a beneficial feedback policy distinct evidential meanings.

The paper makes three contributions.

• We define an outcome-level audit that accepts alternative methods through a shared numerical recovery rule and a
registered information and resource boundary.

• We combine qualified recovery witnesses, finite-sample recovery bounds, and randomized feedback effects in
two explicit decisions, Core and Evidence. Their definitions separate certificate eligibility from statistical and
causal conclusions.

• We calibrate the complete protocol across software optimization and virtual experimental control, alongside
recovered and incomplete cases. Portable evidence bundles and a shared deterministic verifier make these
decisions independently replayable.

2 Related Work

AI research agents and their evaluation. AlphaTensor, AlphaDev, FunSearch, and AlphaEvolve combine search
with objective evaluation (Fawzi et al., 2022; Mankowitz et al., 2023; Romera-Paredes et al., 2024; Novikov et al.,
2025). The AI Scientist family and AI co-scientist automate broader research and hypothesis development (Lu et al.,
2026; Yamada et al., 2025; Gottweis et al., 2026). Specialist-agent studies remove prior-trial history while retaining
current-best code and score (Ning et al., 2026a). Molecular and materials agents freeze selected interventions for
held-out evaluation (Ning et al., 2026b,c). MLE-bench, MLGym, MLR-Bench, and PaperBench evaluate engineering,
open-ended research, and replication (Chan et al., 2025; Nathani et al., 2025; Chen et al., 2025; Starace et al., 2025).
DiscoveryWorld measures task success, scientific actions, and explanatory knowledge (Jansen et al., 2024). FIRE-Bench
evaluates rediscovery of published scientific insights (Wang et al., 2026), while Bhushan et al. (2026) distinguish
psychological novelty, historical novelty, and usefulness. DCP contributes an outcome-recovery test and a separate
feedback intervention that can accompany these forms of evaluation.
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Iterative feedback and experimental design. ReAct, Tree of Thoughts, Reflexion, and Self-Refine develop tool
use, search, reflection, and feedback (Yao et al., 2023b,a; Shinn et al., 2023; Madaan et al., 2023). Controlled revision
studies separate additional solving, prompt structure, and draft content (Ning et al., 2026d). SkillLearnBench compares
execution-derived and teacher-guided skill refinement (Zhong et al., 2026). DCP tests feedback through randomized
pairs (Rubin, 1974), an equivalence region for independent null calibration (Schuirmann, 1987), and preregistered
confirmatory choices (Nosek et al., 2018).

Evaluation integrity and process attestation. Broad evaluation, contamination studies, and memorization research
examine the influence of prior exposure (Hendrycks et al., 2021; Srivastava et al., 2023; Liang et al., 2023; Golchin and
Surdeanu, 2025; Carlini et al., 2021). DeepResearchGym provides stable retrieval from fixed Web corpora (Coelho
et al., 2026). Query initialization also affects search success at matched budgets (Murali et al., 2026). SWE-bench
emphasizes executable outputs (Jimenez et al., 2024). Proof-of-Learning records training states to attest a training
procedure (Jia et al., 2021). DCP couples executable outcomes with registered counterfactual experiments. Provenance
establishes the evidence source, and the statistical verifier evaluates the registered claim.

3 Method

3.1 The outcome and its information boundary

DCP organizes an audit around a useful outcome, its recovery under a registered challenger, and the effect of subsequent
feedback. Table 1 defines the five objects that specify the outcome and the available information.

Table 1: The objects in a DCP audit
Object Meaning Examples

K Background fixed before the run Model, task rules, starter code, tools, public methods,
known components

E0 Task observations fixed independently of the
run’s research actions

Initial measurements, training examples, labels
supplied with the task

L⋆ Research history created during the target run
and used by a later research action

Hypotheses, submitted candidates, experiment results,
scores, error analyses, adaptive queries

A⋆ Final output selected by a rule fixed before the
sealed test

Program, model, policy, data product

P Machine check for recovering the claimed
result

Validity rules, resource limits, and a numerical
performance threshold

The E0 and L⋆ boundary follows information provenance. An example present at the start belongs to E0. A measurement
returned because the agent chose an action belongs to L⋆. Fixed human guidance enters E0; guidance chosen after
intermediate results enters a human-agent lineage. Core targets adaptive research with at least one new observation
consumed by a later research action. A pool of independent candidates followed by final score-based selection is a
search-and-selection baseline.

The validity predicate and numerical threshold define recovery across all admissible artifacts. Historical priority is a
separate scholarly assessment. The same outcome audit applies to programs, models, data products, and experimental
recipes.

3.2 Precommitment and sealed evaluation

Registration precedes the target run and fixes the task, model, information, interface, tools, budgets, baseline, validity
rules, selection and stopping procedures, and statistical analysis. It covers the complete production procedure named in
the claim. Every started confirmatory audit consumes a preallocated error budget, including recovered and incomplete
audits. The registered selection rule freezes A⋆, and all candidate generation closes before sealed evaluation. One
symmetric evaluator checks the baseline, target, and controls for validity and score.
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3.3 Gate 1 establishes useful improvement

Let Valid(a) denote compliance with the registered artifact constraints. Let b denote the baseline artifact and x the
mean sealed score of A⋆, on a registered [0, 1] scale. For the smallest useful gain δmin > 0, Gate 1 requires

LCB[µ(A⋆)− µ(b)] ≥ δmin, (1)

where µ is mean utility over the registered evaluation population. Sampled populations use a finite-sample confidence
interval; exhaustive finite evaluations use an exact mean. Gate 1 also requires valid baseline and target artifacts and a
baseline below the recovery region. Confirmed target invalidity or insufficient utility fails the audit. Unresolved checks
produce an inconclusive decision.

3.4 Gate 2 tests recovery under a registered challenger

Gate 2 gives a fresh matched agent the same K, complete E0, model, interface, known components, and registered
production opportunities. It withholds L⋆ and gives the challenger all Web bytes observed by the target run, denoted
Wobs. The agent may reason, compile, and perform engineering checks. Responses to its actions follow a frozen policy
that supplies non-directional messages and withholds new task scores and scientific measurements. An independent
research rerun with fresh truthful experiments evaluates rediscovery under its own lineage.

Every valid method is eligible. For a registered tolerance ε, the recovery rule is

P (a) = Valid(a) ∧ score(a) ≥ x− ε. (2)

The tolerance expresses a small substantively equivalent score difference. Registration requires 0 ≤ ε < δmin and
ε < x− score(b). Repeated paired evaluation and simultaneous confidence intervals handle measurement uncertainty.
When the target depends on x, generators receive the metric and selection rule; the verifier computes x after all artifacts
are committed.

A qualified recovery witness satisfies both Equation 2 and the registered execution, information, and provenance
conditions. It establishes an alternative route and triggers the Core veto, recorded as recovered with Core refuted. This
is a certificate eligibility rule. The probability bound below quantifies recovery in a fresh episode. A rare recovery and a
small recovery probability can coexist.

Let QB be the registered distribution of complete challenger episodes at budget B. An episode includes its model calls,
candidate opportunities, and selection rule. A best-of-k procedure counts as one k-candidate episode. Let H = 1 when
any admissible candidate in the episode recovers the target, and define pB = PrQB

(H = 1). With zero recoveries in n
independent episodes, the fixed-sample upper bound is

pupper = 1− α1/n
recovery. (3)

Core requires pupper ≤ ρ, zero qualified witnesses, and a complete adequate audit. Adequacy checks the opportunity
budget, access to the information packet, independent draws, valid-output rates, and positive controls that solve known
instances with the necessary information supplied. Candidate score tests have a separate simultaneous error budget.
These requirements attach the bound to a specified generation procedure and make weak or incomplete controls
inconclusive.

3.5 Gate 3 estimates a feedback-policy effect

Gate 2 measures recovery from the starting information. Gate 3 measures how subsequent feedback changes fresh
outcomes from a shared checkpoint c. A rule registered before the run selects c, including its files and available history.
Fresh paired branches receive either truthful feedback from their own actions or messages from a specified neutral
policy. Both arms share the model, tools, remaining budget, starting state, and output checks.

The neutral policy preserves message timing, schema, and approximate length while withholding information about the
correct next action. Later actions may diverge in response to the two policies. Arm assignment, pair count, selection,
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and stopping are frozen before the study. Both arms use fresh replicates, which separate an average feedback effect
from the selected target run’s success.

For registered utility u, the estimand is

∆feedback = E[u(Atruthful)− u(Aneutral) | c] . (4)

A binary utility compares recovery probabilities. This is the total effect of the two registered feedback policies,
conditional on c, including their downstream influence on the agent’s actions.

Independent null tasks compare the neutral policy with a second non-directional policy on problems whose answers are
determined by E0. Calibration requires their confidence interval to lie inside a registered equivalence band ±δsham.
The calibration applies to that family. Evidence additionally requires LCB(∆feedback) ≥ δevidence + δsham, where the
positive effect threshold and calibration margin are fixed before testing. The target effect and null contrast retain separate
intervals. A frozen attrition rule may replace a whole pair after a pre-action infrastructure failure while preserving every
started slot.

3.6 Web access

A recording gateway stores each query, response time, and exact model-visible bytes. Gate 2 discloses the complete
observed packet at the start, so its recovery bound conditions on Wobs. Gate 3 pairs inherit the pages available at their
checkpoint and share a frozen environment for later Web requests. A claim about the contribution of Web access uses
an additional Web-withholding intervention.

3.7 Threat model and trust boundary

DCP treats the claimant and evidence producer as potentially strategic. An independent audit authority approves the
registered question and resource match, holds the sealed test, and anchors the records before execution. Complete
ledgers and bound execution records expose omitted attempts, substituted models, early private-score access, and
altered evidence. The checker evaluates numerical and record consistency under the accepted registration. Independent
provenance verification and registry countersigning complete formal issuance.

Evidence production and decision checking have separate interfaces. Task adapters specify validity, scoring, and
feedback; a shared deterministic verifier evaluates the resulting records. The reported audits were produced by task-
specific runners. A lightweight reusable harness supports collection and control execution, and the offline verifier
recomputes decisions from the resulting bundles. This separation lets independent readers check the same evidence
across agent implementations.

3.8 Decisions and their meaning

Core combines useful improvement, qualified control execution, zero observed recoveries, and a bound on pB . Evidence
adds a supported checkpoint-conditional feedback effect and passing null calibration. Failed registration, weak controls,
and broken interfaces yield audit incomplete. A complete audit whose interval crosses a threshold yields statistical
uncertainty. The decision record reports these outcomes together with their model, information, budget, and evaluation
scope.

4 Experimental Audit Cases

4.1 Study design

We use two complete three-gate audits and three diagnostic cases to calibrate the protocol across controlled information
boundaries. Each case has a clear numerical target and a known role in testing the decision rule. Every candidate was
committed before sealed scoring, and the baseline, target, and controls shared one evaluator. Each positive case used a
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prospectively allocated confirmatory audit slot. The reported audits produce locally registered kernel decisions; formal
issuance adds independent provenance verification and countersigning.

The producer configured Claude CLI for the registered model endpoint and checked the model identity reported in
the provider response. SQLite-Web used DeepSeek-v4-flash; catalyst optimization used DeepSeek-v4-pro. Target
and control sessions matched the registered model, tools, files, policy, and opportunity budget. Gate 1 exhaustively
evaluated each finite sealed workload. Gate 2 drew randomized equivalent presentations of the same hidden task from
a fixed QB , with fresh sessions and committed draw receipts. Gate 3 sampled fresh pairs conditional on a frozen
lineage-prefix checkpoint. These are separate sources of evaluation, episode, and feedback uncertainty.

Development cases guided neutral-channel design. The neutral generator, checkpoint rule, effect threshold, equivalence
band, and pair distribution were frozen before fresh confirmatory target and null branches were opened.

4.2 SQLite-Web with DeepSeek-v4-flash

The first task models a SQLite event service with 16 query families and one partial-index candidate per family. Exactly
four families carry high hidden traffic, and the agent may select four indexes. A valid plan must preserve every query
result. Its score is

clip

(
1− traffic-weighted VM steps with the plan

traffic-weighted VM steps without secondary indexes
, 0, 1

)
.

The sealed evaluator counts deterministic SQLite virtual-machine work on a private database and fresh query parameters.

Before its first experiment, the agent read two public SQLite documentation pages through a recording gateway. Its first
committed plan scored 0.0369 in development. The harness returned per-family traffic-weighted work, and the final
plan selected the four high-traffic families. It scored 0.8855 on the sealed workload, which means an 88.55% reduction
from the no-index baseline.

Gate 2 received the public workspace and the exact model-visible bytes from both Web responses. The target plan,
score, traffic measurements, and reasoning trace remained sealed from the challengers. Gate 3 began from a checkpoint
after the Web snapshot and before the first experiment. Truthful branches received traffic-weighted feedback from
their own plans. Neutral branches received the same schema and timing with uniform family weights. Fresh null tasks
compared that neutral channel with a second non-informative channel.

4.3 Virtual catalyst optimization with DeepSeek-v4-pro

The second task presents five experimental controls with eight legal levels each, giving 85 = 32,768 possible recipes.
The controls have familiar laboratory meanings such as temperature, hydrogen pressure, catalyst loading, ligand ratio,
and residence time. The environment is virtual, deterministic, and fully sealed.

The agent first commits an anchor recipe. A trusted harness expands that anchor into a 36-well one-factor plate and
returns yield, selectivity, and usable-product measurements. The agent then submits one static final recipe. A score
of 1 means that all five hidden optimal levels were selected and the recipe achieved optimal behavior over 256 sealed
conditions. The fixed baseline scored 0.5990, while the final recipe scored 1.0.

Gate 2 withheld the target plate and all downstream reasoning. Gate 3 started from the frozen anchor checkpoint.
Truthful branches received measurements from their own plate, and neutral branches received matched non-directional
measurements. A separate 60-pair family whose answer was fixed by its starting information tested whether the neutral
channel itself changed performance.

4.4 Calibration cases

The device case has 24 controls with hidden gains in {−1,+1}. Four gains are given initially. The main agent requests
the remaining measurements and predicts 300 sealed single-control and paired-control outputs. The hidden gains create
a controlled information deficit, providing a Core calibration positive with a known information boundary.
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Table 2: Primary DCP audit outcomes. Scores are normalized and higher is better within each task. Flash and Pro
identify the models recorded in the provider responses.

Case Model Main, baseline Recovery line Gate 2 Decision

SQLite-Web Flash 0.8855, 0 0.8805 0/96, best 0.6734 Core + Evidence
Virtual catalyst Pro 1.0000, 0.5990 0.9500 0/96, best 0.8146 Core + Evidence
Device calibration Flash 1.0000, 0.3667 0.9500 0/80, best 0.7133 Core
Multidimensional knapsack Flash 0.9349, 0.9140 0.9329 recovered at 0.9363 Dev. refuted

0.0 0.2 0.4 0.6 0.8 1.0
Sealed score

SQLite-Web

Virtual catalyst

Device calibration

Multidimensional
knapsack

Core + Evidence

Core + Evidence

Core

Refuted by recovery

Baseline Main result Recovery line Best challenger (color = decision)

Figure 2: DCP applies the same outcome rule across artifacts. The best no-lineage challenger stays below the registered
recovery line in the three Core cases and crosses it in knapsack. The challenger may use any valid method.

The multidimensional knapsack case exercises the recovery rule. Its target improved a fixed baseline, and one matched
episode produced two different legal solutions above the recovery line. A low-sample affine case exercises audit
incompleteness. Its two positive-control episodes leave the registered adequacy requirement unresolved despite an
observed positive feedback contrast.

5 Results

Table 2 reports the primary decisions. Each score comparison is scoped to one task.

5.1 Useful outcomes have different recovery decisions

All four outputs passed Gate 1. SQLite-Web and catalyst each returned 0/96 recoveries. Their positive controls
passed 45/45, giving a recall lower bound of 0.8889 above the registered 0.8 minimum, while the zero-hit upper bound
was 0.0468 < ρ. Device calibration returned 0/80 with 60/60 positive controls and an upper bound of 0.0477. The
deterministic verifier returned DCP Core in all three scopes.

Developmental knapsack supplied an alternative route to the target. One matched episode returned legal artifacts
scoring 0.9363 and 0.9356, both above the 0.9329 recovery line and the better one above the target run. These qualified
witnesses triggered the Core veto through the shared numerical rule. Their evidential role is constructive recovery. The
three positive Core audits additionally supply finite-sample probability bounds.
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Each column presents a registered audit with separately computed estimates.

Figure 3: Complete three-gate evidence in two domains and model scopes. The upper row shows all 96 no-lineage
scores per audit. The lower row shows the registered 99% intervals for the checkpoint-conditional feedback effect and
the separate null calibration. Each column is one audit.

5.2 Two complete audits support a feedback increment

Figure 3 reports the two model-specific audits separately. SQLite-Web challengers received every captured Web byte
and reached at most 0.6734, against a recovery target of 0.8805. Catalyst challengers reached at most 0.8146, against
0.95.

Both paired studies yielded 30/30 truthful recoveries and 0/30 neutral recoveries. The estimated binary policy effect
was 1.0, with a conservative exact paired-binary 99% interval of [0.6379, 1.0]. Each separate 60-pair null study
gave a contrast of 0 and a 99% interval of [−0.0950, 0.0950], inside the registered ±0.17 band. The target lower
bound exceeded the required total margin 0.34 + 0.17 = 0.51. Equivalently, the recorded margin calculation was
0.6379− 0.17 = 0.4679 > 0.34. The verifier returned Evidence in both scopes.

These Evidence decisions concern the average truthful-versus-neutral policy effect after the registered checkpoint. The
records separately report a neutral-recovery upper bound of 0.1619 at 30 episodes. Average feedback benefit and neutral
recovery therefore remain distinct reported quantities.

5.3 Controlled cases cover the decision space

Five cases exercise four decision outcomes. SQLite and catalyst support Evidence, device calibration supports Core,
knapsack supplies qualified recovery, and affine remains audit incomplete. These controlled cases test the same rule
across distinct information and execution conditions. Appendix Figure 4 gives the decision map.
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6 Discussion

6.1 An outcome contract admits alternative methods

A component ablation evaluates an intervention within a chosen implementation. DCP evaluates recovery across every
admissible implementation offered by the registered challenger. A recombination of known modules, a transfer from
another domain, or a different program can all supply the same numerical witness. The knapsack case demonstrates this
rule directly. Task adapters contribute the validity and utility definitions; the shared protocol contributes the information
boundary and decision procedure. This gives heterogeneous research outputs a common audit interface.

6.2 Reporting a research contribution

A reusable report gives the outcome threshold, model and information scope, complete episode budget, qualified
recovery witnesses or probability bound, and any checkpoint-conditional feedback interval. Authors can use this profile
to state precisely what their experiments support. Reviewers can inspect alternative routes and replay the numerical
decision. Later studies can register a new model or budget and compare recovery under that scope. Core and Evidence
summarize these records while preserving the quantities needed for comparison.

Together, these fields turn discovery reporting into a common experimental record that authors can submit, auditors can
challenge, and readers can verify.

6.3 Deployment and retrospective recovery

Prospective use starts with an approved registration and sealed evaluator, followed by evidence collection, control
execution, offline replay, and independent countersigning. Auditors can stop at the first qualified recovery and reserve
fresh paired studies for claims that request feedback evidence. The catalyst and SQLite-Web audits used 435 and 507
recorded sessions and cost 56.40 and 61.17 USD, respectively. Their completed decisions now replay offline. The
expensive unit is the registered generation episode; a reader’s verification operates on its saved evidence.

Retrospective use reconstructs an outcome target and seeks a qualified recovery witness. An audit with pre-publication-
equivalent model and information access can test the original recovery scope. An audit using post-publication knowledge
measures present-day recoverability. The record identifies this temporal scope explicitly. Positive Core and Evidence
decisions use prospective registration and complete evidence collection.

7 Conclusion

The Discovery Certification Protocol makes evidence about AI research contributions executable. It follows one
numerical outcome through sealed utility validation, recovery by matched agents given the starting information, and
an optional randomized feedback comparison. Any qualified alternative method can supply a recovery witness. Core
requires an adequate audit with zero recoveries and a finite-sample bound for one fresh registered episode. Evidence
adds a checkpoint-conditional effect of truthful feedback over a specified neutral policy, supported by independent
null calibration and a registered margin. These decisions give utility, alternative routes, and feedback effects separate,
checkable meanings.

Two controlled audits exercise the full protocol under distinct models. DeepSeek-v4-flash reduced traffic-weighted
SQLite virtual-machine work by 88.55%; DeepSeek-v4-pro reached the optimum in virtual catalyst control. Each audit
recorded zero recoveries in 96 episodes and 30 truthful recoveries against zero neutral recoveries, with passing 60-pair
null calibration. Device, knapsack, and affine cases exercised Core, recovered, and incomplete decisions. A shared
deterministic verifier reproduced the complete decisions from frozen records. The resulting contribution is a portable
experimental language that authors can report, auditors can challenge, and readers can verify across research domains.
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Reproducibility Statement

Frozen machine-readable bundles and evidence records support the numerical claims. The appendices report task
construction, registrations, model and interface contracts, evaluation units, thresholds, statistics, budgets, costs, and iden-
tifiers. The release provides the installable dcp-audit, task-specific evidence producers, reusable dcp-harness,
example bundles, and figure-generation scripts. The package and repository links appear on the first page. Decision
replay is deterministic and offline. Fresh evidence production uses the model and environment specified in the registra-
tion. The harness exposes capture, challenge, paired feedback testing, finalization, and bundle generation as separate
operations.

Ethics Statement

AI research agents can accelerate useful discovery while increasing the need for clear and contestable evidence. DCP
supports accountable reporting by binding each decision to a registered model, information boundary, budget, probability
bound, and replayable record. Certificates should be presented with this scope, and captured Web data should follow
applicable privacy, licensing, and security requirements. Deterministic replay gives authors, reviewers, and independent
auditors a common record on which to examine a research claim.

AI Use Statement

Generative AI tools supported ideation, protocol and statistical design, adversarial review, experiment design, im-
plementation, testing, evidence inspection, result interpretation, literature work, and manuscript editing. GPT and
Codex assisted these activities. Claude interfaces supported review and provided the registered CLI execution layer.
DeepSeek-v4-flash and DeepSeek-v4-pro served as the audited agents and matched challengers. Image generation
informed early teaser drafts; the publication teaser is native SVG artwork with vector export. Quantitative plots were
generated with Matplotlib from frozen evidence. Executable evaluators and statistical code determine scores and
decisions. The authors review the scientific claims, check numerical evidence and primary sources, test the code, and
take responsibility for the final content and artifacts.
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João Magalhães, Bruno Martins, and Chenyan Xiong. DeepResearchGym: A free, transparent, and reproducible
sandbox for deep research. In Proceedings of the 2026 International ACM SIGIR Conference on Innovative

10

https://arxiv.org/abs/2608.30047
https://www.usenix.org/conference/usenixsecurity21/presentation/carlini-extracting
https://www.usenix.org/conference/usenixsecurity21/presentation/carlini-extracting
https://arxiv.org/abs/2410.07095


Concepts and Theories in Information Retrieval, pages 34–43. ACM, 2026. doi: 10.1145/3805713.3820409. URL
https://doi.org/10.1145/3805713.3820409.

Alhussein Fawzi, Matej Balog, Aja Huang, Thomas Hubert, Bernardino Romera-Paredes, Mohammadamin Barekatain,
Alexander Novikov, Francisco J. R. Ruiz, Julian Schrittwieser, Grzegorz Swirszcz, et al. Discovering faster matrix
multiplication algorithms with reinforcement learning. Nature, 610:47–53, 2022. doi: 10.1038/s41586-022-05172-4.

Shahriar Golchin and Mihai Surdeanu. Data contamination quiz: A tool to detect and estimate contamination in
large language models. Transactions of the Association for Computational Linguistics, 13:809–830, 2025. doi:
10.1162/tacl.a.20. URL https://aclanthology.org/2025.tacl-1.37/.

Juraj Gottweis, Wei-Hung Weng, Alexander Daryin, Tao Tu, Petar Sirkovic, Artiom Myaskovsky, Grzegorz Glowaty,
Felix Weissenberger, Alessio Orlandi, et al. Accelerating scientific discovery with co-scientist. Nature, 655:487–496,
2026. doi: 10.1038/s41586-026-10644-y.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Jacob Steinhardt. Measuring
massive multitask language understanding. In International Conference on Learning Representations, 2021. URL
https://openreview.net/forum?id=d7KBjmI3GmQ.
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Figure 4: The suite spans two complete Evidence positives, one constructed information-deficit Core positive, one
developmental recovery refutation, and one intentionally undersampled audit. Rings show the declared calibration role
and filled dots show the deterministic verifier decision.

A Statistical Decision Details

A.1 Main result

For paired private evaluation units, DCP computes differences between A⋆ and the baseline. The sampled-population
profile uses a bounded empirical-Bernstein interval on the registered [0, 1] score scale. A claim over a fully enumerated
finite set uses its exact mean. Score uncertainty, episode recovery uncertainty, and randomized feedback uncertainty
each follow their registered sampling unit.

The value x is the registered evaluation mean of A⋆, selected before sealed scoring. The baseline must be valid and lie
below the recovery region under its adjusted uncertainty check.

A.2 Candidate decisions

Each challenger candidate is scored on the same private units as A⋆. Let di be its paired score difference from A⋆.
Candidate i is a confirmed hit when its adjusted lower confidence bound is at least −ε. It is a confirmed miss when its
adjusted upper confidence bound is below −ε. Every other candidate is unresolved.

The family of candidate intervals shares a registered error budget. A simple profile assigns Bonferroni corrected error to
every possible candidate slot, controlling false recovery across candidates that can change the decision. Equation 3
receives a separate error budget. Its prerequisites are zero qualified hits, resolved candidates, and a complete adequate
control ledger.

Both complete audits allocated 0.005 each to main validation, candidate classification, positive-control adequacy, and
neutral recovery, and 0.01 each to challenger recovery, the target feedback effect, and null calibration. The allocations
total 0.05. Both used ρ = 0.05, 45 positive controls, and minimum control recall 0.8. Their feedback threshold was
δevidence = 0.34 and calibration margin was δsham = 0.17.

When αrecovery = 0.05, 59 independent misses put the one-sided upper bound near 0.05. With αrecovery = 0.025, 72
misses are required. Device calibration allocated 0.02, required at least 77 misses, and registered 80 episodes. Each
bound concerns one fresh episode from its registered model, policy, information, and budget distribution.
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A.3 Recovery witnesses and repeated search

For independent Bernoulli episode outcomes with recovery probability pB , the probability of zero recover-
ies in n episodes is (1 − pB)

n. Thus a fixed-sample zero-hit audit reaches the registered bound when n ≥
⌈log(αrecovery)/ log(1 − ρ)⌉. For the two complete audits, αrecovery = 0.01 and ρ = 0.05 require 90 episodes;
the registered count was 96. Candidate score classification and the other statistical gates retain their separate error
allocations.

A witness establishes an available route, while the binomial bound quantifies the probability that a fresh episode
produces any admissible recovery. DCP assigns them different decision roles. A campaign of k independent episodes
from the same QB has recovery probability 1− (1− pB)

k. A best-of-k production procedure therefore includes its full
search and selection budget in one registered episode. Fresh Gate 3 pairs estimate the checkpoint-conditional feedback
effect separately from selection of a successful target.

A.4 Feedback decisions

The paired feedback estimator uses normalized utility differences or paired differences in recovery success, conditional
on the frozen checkpoint. The utility and both policies are registered before the pairs start. Let δevidence > 0 be the
minimum effect and δsham > 0 the registered calibration margin. Support requires passing null calibration and

LCB(∆feedback) ≥ δevidence + δsham.

The effect-below-threshold decision requires

UCB(∆feedback) + δsham < δevidence.

Remaining interval positions are inconclusive. The null interval describes equivalence on the registered calibration
family. Neutral recovery receives its own candidate checks and probability bound.

B Audit Validity

Valid numerical interpretation requires both branches to implement the registered comparison. DCP records the
following evidence.

• The registration is sealed before any private result or confirmatory null case is opened.

• Model identity, interface, tools, information packet, and resource budget match their registered values.

• Every started attempt remains in the ledger, including timeouts, invalid outputs, and infrastructure failures.

• Candidate outputs are committed before private scores are returned.

• The main output, baseline, and controls use one symmetric evaluator.

• Each independent episode identifier corresponds to a committed draw record; its internal candidate opportunities
share one statistical unit.

• All Web responses given to the model are recorded byte for byte when Web access is enabled.

A model failure under the correct contract remains a failed attempt. A model, information, or tool-contract violation
makes the audit inconclusive. Pre-action infrastructure failures follow the registered attrition rule. Local hashes establish
internal consistency; external registration and independent signatures establish the additional provenance required for
formal issuance. These records specify the experimental comparison across agent architectures.
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C Audit Case Details

C.1 SQLite with captured Web access

The registered assistant payload was DeepSeek-v4-flash. The main score was 0.8855470, the baseline score was 0,
and the recovery line was 0.8805470. All 96 matched challenger episodes were valid confirmed misses. Their scores
took four values between 0.0368978 and 0.6733847. The zero-hit upper bound was 1− 0.011/96 = 0.0468381. All 45
positive controls succeeded, giving a one-sided recall lower bound of 0.8889268. Gate 1 used the exact enumerated
finite workload and required a gain of δmin = 0.5.

The gateway recorded two HTTPS responses from sqlite.org. Gate 2 received the normalized model-visible text
and content hash for every response. The target feedback test used 30 fresh pairs. Truthful and neutral recovery counts
were 30/30 and 0/30. The paired exact 99% interval was [0.6379275, 1]. In 60 fresh null pairs, both arms succeeded in
every pair, giving a difference of 0 and an exact 99% interval of [−0.0950339, 0.0950339].

The machine-readable record is artifacts/dcp_sqlite_event_web_fullflow_confirmatory_v1_
certificate/certificate.json. Its identifier begins with b3f0af47968ba2cb. The self-contained pub-
lication Bundle containing the same certificate is examples/audits/sqlite-web and its identifier begins with
eff6cf27afa58da5. All SQLite-Web decisions and Gate 3 numbers in this paper are read from this certificate.

The full recorded run used 507 model sessions and cost 61.17 USD.

C.2 Virtual catalyst optimization

The registered model identity was DeepSeek-v4-pro. The main score was 1.0, the baseline score was 0.5989989,
and the recovery line was 0.95. Gate 1 required δmin = 0.35, with recovery tolerance ε = 0.05. All 96 matched
challenger episodes were valid confirmed misses, and the best score was 0.814649. The zero-hit upper bound was
1− 0.011/96 = 0.0468381. All 45 positive controls succeeded, giving a one-sided recall lower bound of 0.8889268.

The target feedback study used 30 fresh pairs. Truthful and neutral recovery counts were 30/30 and 0/30. The paired
exact 99% interval was [0.6379275, 1]. In 60 fresh null pairs, both arms had equal outcomes in every pair, giving a
difference of 0 and an exact 99% interval of [−0.0950339, 0.0950339].

The public replay bundle is examples/audits/virtual-catalyst. Its identifier is fa17603f2184bb7.
The archived source bundle is artifacts/dcp_catalyst_anchor_pro_confirmatory_v2/full_
bundle. The confirmatory execution used 419 recorded model sessions and 54.27 USD. The frozen development and
confirmatory executions together used 435 sessions and 56.40 USD.

C.3 SQLite with Web disabled

This secondary Core audit predates the Web-enabled case and is retained for direct replay at examples/audits/
sqlite-core. The main score was 0.9432886, the baseline was 0, and the recovery line was 0.9382886. All
80 challenger episodes were valid confirmed misses. The best challenger scored 0.7947267. The zero-hit upper
bound was 1− 0.021/80 = 0.0477239. All 45 positive controls succeeded, giving a one-sided recall lower bound of
0.8889268. Gate 1 used the exact enumerated finite workload and required δmin = 0.5. The evidence bundle identifier
is 3690bebc8b3ac882. The 130 recorded model sessions cost 25.56 USD.

C.4 Device calibration

The public replay Bundle is examples/audits/device-calibration-core. The main score was 1.0, the
baseline score was 110/300 = 0.3667, and the recovery line was 0.95. All 80 challenger episodes were valid confirmed
misses. The best score was 214/300 = 0.7133. The zero hit upper bound was 1− 0.021/80 = 0.0477. All 60 positive
controls succeeded, producing a one sided Clopper Pearson lower bound of 0.9155. Gate 1 used the exact enumerated
300-item set and required δmin = 0.5. The evidence bundle identifier is dff7b57b062362e0. The recorded provider
cost was 19.08 USD.
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C.5 Multidimensional knapsack

The main score was 0.9348968, the baseline score was 0.9140206, and the recovery line was 0.9328968. Two candidate
opportunities inside one challenger episode produced scores 0.9362833 and 0.9355607. These qualified recovery
witnesses trigger the Core veto. The record supports a constructive recovery decision. On the deterministic finite sealed
set, the main gain was 0.0208762, above the registered δmin = 0.01.

C.6 Development checks retained as inconclusive

An affine parity run exercised all three gates with two challenger episodes, two target pairs, and two null pairs. The
observed main score and feedback contrast were both 1.0, while the positive-control recall lower bound was 0.0707.
The verifier returned an incomplete audit at control adequacy. An active automaton run showed a 1.0 main score
against 0.5 no-feedback outputs and remained incomplete in challenger adequacy and paired interface records. Earlier
single-response induction tests measure E0-dependence because their labeled examples were available at the start.
These developmental records are reported separately from the primary audits.

D Audit Record

Each record contains the claim, information boundary, final output hash, baseline, sealed score data, recovery predicate,
challenger contract, complete attempt ledger, control adequacy results, statistical intervals, and decision. An optional
feedback record adds the checkpoint, paired branch contracts, neutral channel calibration, and paired estimates.

The reference verifier deterministically recomputes each decision from recorded evidence. Research agents and evidence
producers supply records to this separate calculation. Readers can therefore replay the numerical decision offline.
The reported bundles use a local content-addressed registry and record formal certificate issued=false.
Their Core and Evidence fields contain the replayed kernel decisions. Independent provenance verification and
registry countersigning add formal issuance to an accepted record. Historical priority remains separately recorded as
not assessed.
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