
Preprint

RINI: SEEING THE PRIOR IS NOT ENOUGH

Hongyi Du1*†‡ Tianyi Zhang2* Heng Wang1 Zhelun Gao3 Yimei Liu2

Ambrose Luo2 Annie Hao4 Jiayan Ni5 Jiawei Han1 Jiaxuan You1‡

1University of Illinois Urbana-Champaign 2Harvey Mudd College 3National University of Singapore
4Wellesley College 5Cornell University

ABSTRACT

A research proposal can describe an established mechanism correctly while claim-
ing to introduce it. We study whether providing the earlier paper corrects such
contribution claims. Three controlled experiments compare proposals generated
with a contribution-bearing prior and a same-topic control. Providing the prior
yields no clear aggregate reduction in unsupported novelty. Human analysis of
175 interpretable exposed proposals finds that 137 recognize the prior’s relevance,
but 61 correctly attribute the established contribution. Of 71 proposed remaining
distinctions, 37 are covered by the same prior. We introduce Research Idea Novelty
Inspection (RINI), which audits contribution claims against evidence, checks the
remaining distinction, and applies local revisions. Five human annotators evaluate
1,080 original–revision pairs across three methods. On the same 240 originals
judged to require correction, successful repair is 11.7% for Self-Revision, 39.1%
for Retrieve-and-Revise, and 72.2% for RINI, with research tasks weighted equally.
The improvement over same-evidence direct revision is 33.0 percentage points.
The revised proposals retain their research questions and technical methods. These
results motivate explicit contribution attribution when using literature to generate
and revise research proposals.

1 INTRODUCTION

Consider a research proposal that introduces a retrieval system which searches external information
only when its confidence is low. An earlier paper has already established this uncertainty-triggered
mechanism. Giving that paper to the model seems like a direct remedy: the proposal should credit the
existing trigger and explain what its own study adds. Yet several different responses are possible. The
proposal may cite the paper while continuing to own the trigger. It may relinquish the trigger claim
but present a controller already described by the same paper as a new invention. Or it may correctly
credit the mechanism and retain a concrete comparison of controller settings as a research question.

The distinction concerns contribution positioning: which scientific operation the proposal claims
as its own, how strongly it claims novelty, and how that claim relates to established work. A
mechanism does not need to be new to be useful. Replication, integration, implementation, and
empirical characterization can all motivate a research plan. The error occurs when the text claims
more originality than the available evidence supports. We call that excess unsupported novelty.
Correcting it should preserve the scientific question and usable technical content while changing their
claimed contribution.

We first compare proposals generated with a paper that establishes the central contribution and with a
same-topic paper that does not. Providing the earlier paper produces no clear aggregate reduction
in unsupported novelty. We then inspect the contribution statements directly. Proposals frequently
acknowledge the relevant paper while retaining an incorrect claim of ownership; some present another
component already covered by the same paper as their new contribution. These observations motivate
RINI, which links claims to evidence and checks the remaining distinction before making local
revisions.

*Equal contribution. † Team lead. ‡ Corresponding authors. Correspondence: Hongyi Du, University of
Illinois Urbana-Champaign (hongyid4@illinois.edu); and Jiaxuan You, University of Illinois Urbana-Champaign
(jiaxuan@illinois.edu).
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A The right paper is already visible

Existing proposal

We introduce uncertainty-triggered retrieval:
the system searches external information only
when its confidence is low.

Decisive prior

Retrieval is already triggered by
uncertainty or confidence.

EXPECTED RESPONSE

Credit the established trigger; narrow the
contribution.

Visible

B Citation can leave ownership wrong

Exposed proposal

“Prior work motivates our design. We introduce a new
uncertainty trigger for retrieval.”
Illustrative ownership error

C RINI makes the boundary explicit

Exact claim Prior span Boundary Local edit

“Following the prior’s uncertainty trigger, we will test how
controller settings affect retrieval under a fixed budget.”

72.2% successful repair vs. 39.1% Retrieve-and-Revise

Schematic example. Repair rates: 240 paired common-flaw proposals; seed-balanced over 30 seeds.

Figure 1: The problem in one schematic example. A decisive prior is already visible, yet the
proposal can cite it without correcting ownership of the covered mechanism. RINI connects exact
claims to evidence and checks the contribution boundary before making local edits. Repair rates
compare the same 240 originals requiring correction.

Our contributions are threefold. First, we document the persistence of contribution-attribution errors
when the relevant prior is already available during proposal generation. Second, we analyze how
proposals recognize prior work, assign credit, narrow claims, and propose remaining distinctions.
Third, we introduce RINI and evaluate its local revisions against self-revision and direct revision with
the same added evidence.

2 RELATED WORK

Literature-grounded scientific ideation. Scientific idea-generation systems use literature to de-
velop research problems, methods, and experiments. SciMON retrieves scientific inspirations and
iteratively compares proposed ideas with prior work (Wang et al., 2024). ResearchAgent uses related
publications and feedback from reviewing agents to refine research plans (Baek et al., 2025). The AI
Scientist extends this process to implementation and paper writing, while the AI co-scientist uses
multiple agents to generate, critique, and refine hypotheses (Lu et al., 2024; Gottweis et al., 2026).
These systems motivate our question: when an earlier paper already establishes part of a proposed
method, how does the generated proposal describe what its own study contributes?

Uncredited reuse and novelty assessment. Gupta & Pruthi (2025) find that generated research
documents can substantially reproduce existing methods without acknowledging their sources. Their
evaluation also tests whether models detect overlap when the original paper is supplied directly. Other
work develops literature-grounded novelty assessment through retrieval, comparison of contribution
facets, and evidence-based scholarly critique (Shahid et al., 2025; Zhang et al., 2026; Afzal et al.,
2026). However, novelty judgments remain difficult: Sinhahajari et al. (2026) report that model
judges favor model-generated research questions that human experts assess less favorably. Our study
examines how prior-work evidence changes the contribution claims in generated proposals. We then
evaluate whether revision can correct those claims while retaining the research plan.

Using evidence that is already available. Available evidence can still be used incorrectly. Evidence
position, sufficient-context failures, and context–memory conflicts affect how models use supplied
information (Liu et al., 2024; Joren et al., 2025; Xie et al., 2024; Kortukov et al., 2024). We study the
corresponding question for scientific credit: whether a proposal credits an established method and
states what remains to investigate.

Citations, evidence use, and scientific credit. ALCE evaluates factual correctness and citation
quality in generated answers (Gao et al., 2023b). Wallat et al. (2025) further distinguish citation
correctness from citation faithfulness: a cited document may support a statement without being the
evidence the model actually relied on to produce it. Scientific credit adds another question: does the
text acknowledge that the cited work established the method? A proposal can cite a paper beside an
accurate technical description while still claiming to introduce that technique. Our diagnosis therefore
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examines acknowledgment, contribution ownership, and novelty claims separately. It also checks
whether a claimed extension is already established by the same prior.

Claim verification and evidence localization. SciFact pairs scientific claims with supporting
or refuting evidence and explanatory passages (Wadden et al., 2020). FActScore decomposes
long-form generations into atomic facts before checking their support (Min et al., 2023). Minimal
Evidence Groups studies sets of passages that jointly support a claim (Li et al., 2025). These
approaches motivate explicit claim–evidence links. Contribution assessment also needs the attribution
surrounding a technical statement. Describing a mechanism as adopted and describing it as newly
introduced make different contribution claims. RINI retains this context when checking what the
prior establishes.

Revision with feedback and external evidence. Self-Refine improves outputs through repeated
self-generated feedback and revision (Madaan et al., 2023). RARR retrieves evidence and post-edits
unsupported content while preserving the original text (Gao et al., 2023a). Our baselines compare
direct revision with and without added evidence. RINI focuses on correcting scientific contribution
claims: it checks attribution to prior work, examines any claimed extension, and makes local
replacements. The comparison with direct revision supplies both methods with the same evidence,
allowing us to evaluate their complete revision workflows under a shared prior-work reference.

3 CONSTRUCTING AND MEASURING THE EXPOSURE STUDY

3.1 CASE CONSTRUCTION AND MATCHED GENERATION

A research seed specifies a problem and a possible method. Starting from corpus papers,
gpt-5.4-mini generated 376 candidates. SPECTER2-based deduplication retained 315. Three
human reviewers assessed coherence, specificity, neutrality, and duplication; review and adjudication
retained 314 seeds.

For each case, the target contribution is the central technical operation. A decisive prior establishes
it, while a same-topic control addresses the topic without establishing it. Human literature curation
and cross-review produced 62 evidence bundles. Author finalization formed a 32-seed pool, from
which fixed-key hash ordering selected 30 for Study 1 (Table 1). Appendix B.3 gives the generation,
review, author decisions, and sampling procedure. For seed s, we denote the target, decisive prior,
and control by Xs, Ds, and Ns.

Table 1: Construction and selection of the initial research cases.
Stage Main work

Candidate generation Model drafts 376 paper-anchored seeds; deduplication retains 315.
Human seed review Three reviewers and adjudication retain 314 seeds.
Evidence curation Select reference papers, quote evidence, and cross-review 62 bundles.
Author finalization Form a 32-seed pool; hash ordering selects 30 for Study 1.

Study 2 applies the same ordering to those 32 seeds plus 30 machine-curated additions. Its selected
30 contain 19 Study 1 seeds and 11 additions. Study 3 separately constructs 30 evidence-first cases
(Appendix B.4). Together, the studies contain 71 distinct seed IDs and 90 study–seed observations.

Separate calls generate proposals with the control excerpt (condition H) or decisive-prior excerpt
(condition E). Background literature, instructions, document count, excerpt budget, position, and
generator settings are matched. A supplementary W condition uses neutral filler. Study 1 uses Qwen
and GLM; Studies 2–3 also use Kimi. Each seed–model–condition combination is repeated twice.
Study 3 thus supplies 30× 3× 2 = 180 matched H/E pairs, comprising 360 proposals for diagnosis
and revision.

3.2 MEASURING UNSUPPORTED NOVELTY

Both conditions are scored against the same fixed prior evidence, denoted Es. After claim extraction,
two separate model calls assess each claim c. The asserted view reads the claim alone and judges its
novelty assertion. The supportable view also reads the prior title and excerpt and judges what novelty
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that evidence permits. Each view answers four cumulative questions, ranging from a contribution
beyond repetition to substantive advances and priority or superiority claims. The number of positive
answers gives levels ℓ(c) and ℓ⋆(c; Es) from zero to four. We sum the positive excess across the
proposal:

g(c; Es) =
[︁
ℓ(c)− ℓ⋆(c; Es)

]︁
+
, Gap(p; Es) =

∑︂
c∈C(p)

g(c; Es), (1)

where [x]+ = max(x, 0) and C(p) is the extracted claim set of proposal p. Study 1 uses keyword-
based extraction; Studies 2–3 use whole-proposal model extraction. Exact thresholds, extraction
rules, and scoring prompts appear in Appendices C and G.

3.3 EFFECT OF PROVIDING THE PRIOR

Within each seed, we average the paired H −E score contrasts over models and repeats, then weight
the 30 seeds equally. Positive values indicate reduced unsupported novelty after exposure. Table 2
reports each round and a combined estimate retaining all 90 observations, with bootstrap resampling
by the 71 seed identities (Appendix D.10).

Table 2: Decisive-prior exposure does not produce a clear aggregate reduction in the machine
Gap score.
Round Seeds H − E estimate 95% confidence interval

Study 1 30 −0.07 [−0.60, 0.46]
Study 2 30 −0.32 [−0.92, 0.28]
Study 3 30 −0.13 [−0.74, 0.47]
Combined 71 −0.17 [−0.51, 0.15]

The per-round and combined intervals include zero. Providing the contribution-bearing prior yields no
clear aggregate decrease in measured unsupported novelty. We next inspect the proposals directly: do
they acknowledge the prior, correct contribution attribution, or shift their novelty claims to something
else?

4 WHAT CHANGES AFTER THE PRIOR IS SHOWN?

The aggregate result in Section 3 leaves a more specific question: what do proposals actually change
after receiving the prior? A proposal may recognize that the paper is relevant without changing who
receives credit for the contribution. It may narrow the original claim but move novelty to another part
of the design. We examine these responses directly.

Study 3 contains 180 matched H/E proposal pairs generated from the same seed, model, and repeat.
In each pair, the E proposal is generated with the decisive prior in context, while the H proposal
receives a same-topic paper that does not establish the target contribution. Five E outputs are damaged
or unjudgeable, leaving 175 interpretable pairs.

Human annotators read both proposals and the supplied prior evidence, and check the relevant
parts of the prior paper when judging a remainder. They judge whether E recognizes the relation
between the prior and the target contribution, correctly attributes the covered contribution, contracts
its claim relative to H, or moves its claimed contribution to another concrete distinction. The complete
annotation instructions are reproduced in Appendix I.2.

4.1 RECOGNITION DOES NOT IMPLY CORRECT ATTRIBUTION

We separate three responses to the target contribution. Recognition means that the exposed proposal
substantively acknowledges that the prior bears on the target. Correct attribution means that it credits
the prior for the contribution the prior already establishes. Target contraction means that, relative to
the matched H proposal, the exposed proposal withdraws, narrows, or weakens its own ownership or
novelty claim about the target.

The distinction is substantial in the observed proposals. Among the 175 interpretable exposed
proposals, 137 recognize the relation between the prior and the target, but only 61 correctly attribute
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the covered contribution to the prior. Sixty-nine contract their target claim relative to the matched H
proposal.

A second response is to move the contribution claim elsewhere. We call the new concrete distinction
a remainder Y . It can be a controller, implementation choice, composition, evaluation regime,
or another specific part of the proposed design. Seventy-one exposed proposals introduce such a
remainder.

For every proposed remainder, annotators compare it with the same decisive prior. The remainder is
labeled as covered by the prior, surviving the prior, or unresolved. Of the 71 proposed remainders,
37 are already established by the same prior, 24 survive comparison with that prior, and 10 remain
unresolved.

A valid relocation requires correct attribution of the original target, contraction of the target claim,
a remainder that survives the prior, and no misreading of the prior. Twenty-three proposals satisfy
these conditions.

Table 3: Contribution-level responses after exposure to the decisive prior. Recognition is
common, while correct attribution and valid relocation are much less frequent.
Behavior Count Seed-balanced rate

Recognizes prior–target relation 137/175 78.3%
Correctly attributes target 61/175 34.8%
Contracts target claim 69/175 39.2%
Valid relocation 23/165 13.8%

Coverage of the 71 proposed remainders
Covered by the same prior 37/71 —
Survives the prior 24/71 —
Unresolved 10/71 —

Notes. Five damaged or unjudgeable E outputs are excluded from the 175-pair analysis. Valid relocation
excludes the ten unresolved remainder judgments; proposals without a remainder count as non-successes.
Seed-balanced rates are computed within seed and then averaged equally across the 30 seeds.

The pattern is therefore more specific than whether the prior is noticed. Most exposed proposals
recognize that the prior is relevant, while far fewer correctly reassign the covered contribution. When
proposals move their contribution to a different distinction, more than half of those remainders are
already established by the same prior.

4.2 WHY THE AGGREGATE SCORE CAN HIDE THE TARGET CHANGE

The aggregate Gap and the contribution-level annotation measure different changes. Gap records
the total unsupported novelty across the proposal. The human diagnosis follows the particular target
contribution and its attribution.

Target contraction and aggregate Gap decrease agree in 91 of the 175 interpretable pairs. The
seed-balanced agreement rate is 52.1%, with a 95% interval of [44.8, 59.4].

These quantities can diverge in both directions. A proposal can contract the covered target while
introducing unsupported novelty elsewhere. It can also reduce another claim while continuing to
present the covered target as its own contribution. The aggregate score can therefore remain similar
even when the contribution structure of the proposal changes.

The annotation identifies the operations needed for revision: locate the contribution being claimed,
determine what the prior already establishes, and check any remaining distinction before rewriting
the proposal. Section 5 implements these operations in RINI.

5 RINI: CONTRIBUTION AUDIT AND LOCAL REPAIR

Section 4 suggests that revision requires more than making a proposal less assertive. The text must
identify which contribution is already established, assign that contribution to the prior work, and
check whether anything presented as a remaining contribution actually survives the same evidence.
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A Exact source and evidence spans

Existing proposal

“We introduce
uncertainty-triggered retrieval.”

The method and evaluation remain in context.

Verified prior evidence

“Retrieval is triggered when
confidence is low.”

Contribution-bearing span

B Contribution audit

TRACEABLE CLAIM RECORD

source_quote “We introduce uncertainty-triggered retrieval.”

proposal_owns_claim true

asserted_novelty_level mechanism-level assertion

D_covers_claim yes

D_supporting_quote “Retrieval is triggered when confidence is low.”

C Check the remainder

Candidate distinction: controller
settings

Covered by the same prior
Reattribute or withdraw the claim.

Unresolved by supplied evidence
Retain as a question to test.

Outside displayed coverage
State the limited evidence boundary.

Outside this excerpt does not establish global
novelty.

D Local repair

Reconstructed proposal ≤ 4 edits

“Following the prior’s trigger, we
will test controller settings under
a fixed budget.”

Research problem, mechanism, evaluation

Unique source spans; bounded replacements

E Independent final evaluation

Target attribution Remaining unsupported novelty

New contribution errors Question / method / evaluation preserved

Schematic audit and edit content. The final reconstructed proposal enters a separate evaluation stage.

Figure 2: RINI audits the contribution boundary before editing. Exact proposal statements
are linked to prior evidence and checked for ownership and coverage. Any proposed remainder is
checked against the same prior before RINI makes at most four local replacements. The reconstructed
proposal enters the human evaluation.

RINI performs these checks before editing. It takes an existing proposal, the contribution under
review, and the decisive-prior excerpt as input. It first builds an evidence-linked contribution audit,
then checks any proposed remaining distinction, and finally applies a small number of local edits
(Figure 2). The goal is to correct contribution positioning while leaving the research question,
technical mechanism, and evaluation plan intact.

5.1 AUDIT THE CONTRIBUTION IN ITS ATTRIBUTION CONTEXT

RINI first identifies the proposal statements most directly related to the target contribution. It
keeps each statement in its original attribution context, including nearby citation language, because
describing an existing method and claiming ownership of that method are different contribution
statements.

For each audited statement, RINI asks two questions. First, does the proposal present this contribution
as its own? Second, does the supplied prior already establish it? A positive coverage judgment must
be linked to an exact passage from the supplied prior. The audit connects the proposal’s claim, its
attribution, and the evidence used to assess it.

The audit may also identify a concrete distinction that the proposal presents as remaining after the
target contribution is challenged. We call this the remainder.

5.2 CHECK WHAT REMAINS AFTER THE PRIOR IS CREDITED

The remainder check directly addresses the relocation behavior observed in Section 4. If the same
prior already establishes the remainder, moving the novelty claim there does not resolve the original
contribution problem. The revision should credit or withdraw that claim as well.

When coverage is unresolved, the proposal retains the idea as a question, implementation choice, or
experiment to investigate. A distinction supported by the comparison is stated together with the prior
work to which it is being compared.

This produces a simple contribution boundary: established content should receive credit, unre-
solved content should remain explicitly uncertain, and only distinctions supported by the available
comparison should be retained as differences from the prior.
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5.3 REPAIR ONLY THE AFFECTED TEXT

After the audit, a second model call proposes at most four local replacements in the original proposal.
Each edit identifies an exact source span and its replacement. Covered contribution claims are reat-
tributed or narrowed; unsupported relocation claims are removed or reframed; unresolved distinctions
become questions to test.

The reconstruction is intentionally local. A deterministic validator checks that the cited source spans
exist uniquely in the original text and that the proposed edits satisfy the configured locality and size
constraints. If a reconstruction violates these constraints, the original proposal is retained. The exact
prompt, output schema, and validator thresholds are reported in Appendix I.

The audit records the contribution decision; local edits implement it in the original text. Human
evaluation then assesses the reconstructed proposal in Section 6.

6 REVISION BENCHMARK AND HUMAN EVALUATION

We evaluate whether explicit contribution auditing improves revision over simpler alternatives. The
benchmark starts from the 360 frozen H/E proposals generated in Study 3. Each proposal is revised
under three policies, producing 1,080 original–revision items.

6.1 THREE REVISION POLICIES

Table 4 summarizes the three methods.

Self-Revision receives the original proposal and target contribution but no additional decisive prior.

Retrieve-and-Revise receives the decisive prior and the explicit relation that the prior establishes the
target contribution, then revises the proposal directly.

RINI receives the same decisive prior and target relation as Retrieve-and-Revise. It first constructs the
contribution audit from Section 5, checks any proposed remainder, and then applies bounded local
edits.

Table 4: Revision policies evaluated on the same 360 frozen proposals.
Policy Added prior-work evidence Revision procedure

Self-Revision None Direct revision from the original proposal and target.
Retrieve-and-Revise Decisive prior D and the

D–X relation
Direct evidence-grounded revision of the full
proposal.

RINI Same D and D–X relation Contribution audit, remainder check, and bounded
local repair.

All revision calls use the same revision model. The complete prompts and executed settings appear in
Appendices I and G.

6.2 HUMAN EVALUATION

Five human annotators evaluated all 1,080 original–revision items. The items were shuffled across
the three policies and divided equally, with 216 items assigned to each annotator and one annotation
per item. Before formal annotation, a separate colleague completed a 90-item pilot, with 30 items
from each revision policy. Discussion of the pilot established the final evaluation rubric.

Each evaluation item contains the original proposal, one revised proposal, the target contribution X ,
the decisive prior D, and the corresponding evidence. Revision policy, original H/E condition, and
source-generator identity are hidden.

Annotators assess original and revised contribution-revision need, target attribution, remaining
unsupported novelty, and new contribution errors. They also assess preservation of the question,
method, and evaluation plan.

A successful repair resolves a substantive contribution problem, introduces no new contribution error,
and retains the useful research content. The full rubric and annotation fields appear in Appendix J.
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6.3 MATCHED COMPARISON

The primary comparison uses the 240 original proposals labeled as requiring contribution revision in
all three method-specific evaluations. These sources cover all 30 Study 3 seeds.

Rates average within seed and then equally across the 30 seeds. Confidence intervals use 20,000
paired whole-seed bootstrap resamples. Final contribution states are also reported for all 360 sources.

7 REPAIR RESULTS

7.1 RINI IMPROVES CONTRIBUTION REPAIR

Table 5 reports the matched comparison on the 240 common-flaw proposals.

RINI successfully repairs 72.2% of the proposals after seed balancing, compared with 39.1% for
Retrieve-and-Revise and 11.7% for Self-Revision. Relative to Retrieve-and-Revise, which receives
the same decisive prior and target relation, RINI improves successful repair by 33.0 percentage points,
with a 95% paired whole-seed bootstrap interval of [24.5, 41.4].

The attribution fields show the same pattern. Correct target attribution reaches 75.3% under RINI,
compared with 53.2% under Retrieve-and-Revise and 12.0% under Self-Revision. The proportion
still requiring contribution revision is 25.9% for RINI, 60.9% for Retrieve-and-Revise, and 87.2% for
Self-Revision.

Table 5: Contribution repair on 240 matched common-flaw proposals.

Method Successful repair ↑ Correct target
attribution ↑ Still needs revision ↓

Self-Revision 11.7%
[7.4,16.2]

12.0%
[7.5,16.7]

87.2%
[82.6,91.6]

Retrieve-and-Revise 39.1%
[32.9,45.7]

53.2%
[47.2,59.3]

60.9%
[54.3,67.1]

RINI 72.2%
[67.8,76.6]

75.3%
[70.7,80.0]

25.9%
[21.1,30.7]

RINI − RR
+33.0 pp

[24.5,41.4]
+22.1 pp

[14.6,29.8]
-35.0 pp

[-43.4,-26.4]

Notes. Rates are seed-balanced over the same 240 originals from all 30 seeds. Intervals use paired whole-seed
bootstrap resampling. RINI and Retrieve-and-Revise receive the same decisive prior and target relation.

7.2 FINAL CONTRIBUTION STATE ACROSS ALL 360 SOURCES

Across all 360 sources, 279/360 RINI outputs (77.5%) require no further contribution revision,
versus 163/360 RR (45.3%) and 124/360 Self-Revision (34.4%); RINI–RR is +32.2 pp (95% CI
[24.2, 39.7]). Excluding the 88 sources with discordant RR/RINI original four-way labels leaves a
similar +31.2 pp effect ([23.2, 39.0]; Appendix H.7). Final-text-only reannotation on one source per
seed also preserves the direction: under the conservative rule that repeated items count as no only
when both reviewers return no, 24/30 RINI versus 19/30 RR outputs need no further revision, while
3/30 versus 11/30 still need revision (Appendix H.8).

RINI also preserves the underlying research content. The research question is preserved in 359
of 360 outputs under every policy. The technical method is preserved in 358 RINI outputs, 344
Retrieve-and-Revise outputs, and 359 Self-Revision outputs. Evaluation-plan preservation and the
availability of an original plan are reported separately in Appendix H.

Annotators record new contribution errors in 16 Self-Revision outputs, 29 Retrieve-and-Revise
outputs, and zero RINI outputs.

Across the 30 research seeds, 26 favor RINI, three tie, and one favors direct revision; Appendix H
gives the full outcome distributions and seed-level summary.
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8 CASE STUDY: CORRECTING A COLBERT-BASED PROPOSAL

Figure 3 shows one evaluated RINI repair. The original proposal introduces a Token-Level Max-Sum
retriever. It independently encodes query and passage tokens into contextualized representations and
scores a passage by summing the maximum similarity for each query token.

The supplied prior is ColBERT. Its evidence establishes contextualized token representations and the
same late-interaction MaxSim scoring operation. The RINI audit therefore identifies the proposal
statement as a proposal-owned contribution that is already covered by the prior.

RINI makes four local edits. The first changes the mechanism statement from an ownership claim into
attribution to ColBERT. Another edit changes claimed generalization and retrieval advantages into
questions for the evaluation to test. The proposal retains its retrieval method, candidate-generation
design, baselines, and evaluation plan.

The final human annotation labels the result as a successful contribution repair. The research question,
technical method, and evaluation plan are all preserved, and no new contribution error is introduced.

A Original proposal D Repaired proposal

Token-Level Max-Sum passage retrieval Credit the established mechanism

We propose a Token-Level Max-Sum (TLMS) retriever
that encodes query and passage tokens
independently into contextualized vectors using
separate Transformer encoders.

Following ColBERT (2004.12832v2), TLMS
encodes query and passage tokens independently
into contextualized vectors using separate
Transformer encoders.

Edit 1 of 4 · exact source sentence Exact replacement in the final proposal

B Decisive prior

ColBERT (2020) · arXiv:2004.12832v2

“…is contextualized based on the other terms…”

“…via late interaction, which we define as a summation of
maximum similarity (MaxSim) operators.”

Exact fragments from the supplied prior excerpt

C Recorded RINI audit

CLAIM OWNERSHIP AND COVERAGE

Proposal owns claim yes
Prior covers claim yes
Asserted novelty level 3

Remaining distinction Offline token indexing and two-stage
candidate generation

Status Unresolved by supplied evidenceUNCHANGED EVALUATION TEXT

“We will compare TLMS against BM25, standard single-vector DPR
[3], and multi-vector Poly-DPR [5].”

Edit 4 of 4 A claimed advantage becomes an evaluation question
By pre-computing and indexing individual passage-token
vectors, TLMS is expected to significantly improve in-domain
generalization on entity-centric queries where standard DPR
struggles [2], and outperform multi-vector approaches like
Poly-DPR in the biomedical domain by avoiding information
loss from vector pooling [5].

The evaluation will test whether pre-computing and indexing
individual passage-token vectors improves in-domain
generalization on entity-centric queries where standard DPR
struggles [2], and whether this approach outperforms
multi-vector approaches like Poly-DPR in the biomedical
domain [5].

Research question preserved Technical method preserved Evaluation plan preserved

Evaluated case revision_6bc465ad0c1fe04b. Successful repair; no new contribution error. Two of four actual edits shown.

Figure 3: An evaluated repair of a ColBERT-based proposal. RINI credits ColBERT’s late-
interaction mechanism and reframes performance claims as evaluation questions. Two of the four
local edits and the content-preservation judgments are shown.

9 DISCUSSION, FUTURE WORK, AND CONCLUSION

Discussion. The findings distinguish access to prior work from correct scientific attribution. A
proposal can recognize relevant evidence while claiming an established mechanism as its own. RINI
makes attribution explicit, checks the remaining distinction, and translates these decisions into local
edits. Its improvement over direct same-evidence revision accompanies high retention of the original
question and method. Crediting the established retrieval trigger, for example, still leaves a concrete
experiment on controller settings.

Future work. Contribution auditing can be integrated into idea development and extended to
evidence distributed across multiple papers. Interactive research workflows could use claim–evidence
records to refine hypotheses, assess distinctions, and guide experiments.
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Conclusion. We connect controlled evidence exposure and human contribution diagnosis to RINI’s
evidence-linked local repair. On matched proposals requiring correction, RINI raises successful
repair from 39.1% to 72.2% over direct same-evidence revision, preserving the research question and
technical method while correcting scientific credit.
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ETHICS STATEMENT

The study evaluates model-generated scientific text and its attribution of prior work. Human annotators
served as labelers for proposal and evidence judgments; no sensitive or identifiable personal data
were collected. Annotators participated voluntarily without compensation, gave verbal consent to
the annotation task, and are represented only by anonymous identifiers. Source passages retain their
original citations, and schematic examples are identified in their captions.

REPRODUCIBILITY STATEMENT

The appendices specify the research-case construction, matched generation, claim extraction and
scoring, contribution diagnosis, revision methods, and human evaluation. They include the task
instructions, recorded model settings, scoring rules, complete categorical results, and paired seed-level
estimators. The source package contains one LaTeX file for the main text and appendices, a separate
BibTeX database, and the accompanying figures and styles.

AI USE STATEMENT

Generative AI tools, including ChatGPT, Codex, Claude, and Claude Code, assisted benchmark
construction and experimental pipeline development, including specification drafting, implementation
support, analysis scripting, manuscript organization, language editing, mathematical exposition, and
figure and manuscript-asset preparation. Model-based components used as part of the experiments—
including evidence vetting, claim extraction, scoring, and proposal revision—are described explicitly
in the methods and appendices. The authors reviewed the experimental design, implementation,
outputs, analyses, citations, and final manuscript, and take responsibility for the content of the
submission.
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A STUDY ACCOUNTING AND WORKFLOW

This appendix summarizes the analysis units and the end-to-end study workflow. Detailed con-
struction, measurement, diagnosis, revision, and evaluation procedures appear in the following
appendices.

A.1 SAMPLE COUNTS AND ANALYSIS UNITS

The Study 3 counts refer to nested objects, with a common research-seed structure. The core chain is
30 seeds × 3 generators × 2 repeats = 180 H/E pairs −→ 360 originals −→ 1,080 repair items.

The last step applies three revision policies to each original. The same 30 seeds remain the resampling
units. Table 6 also distinguishes analysis exclusions, annotation workload, and machine-scoring
counts.

Table 6: Where the reported sample counts come from.

Count Unit Derivation Use in analysis

30 Study 3 research
seeds

Frozen evidence-anchored
cohort

The 30 resampling clusters used for
seed-balanced analyses.

3 / 2 Source generators /
repeats

Three generator families,
two repeats each

Qwen, GLM, and Kimi; repeated
observations within each seed.

180 Matched H/E pairs 30× 3× 2 One H and one E proposal for each
seed–generator–repeat block.

360 Frozen original
proposals

180× 2 (H and E) Both originals in every pair enter the repair
benchmark.

540 Machine-scored
proposals

180× 3 (W, H, E) The neutral W arm is scored in the exposure
study but is not a repair source.

1,080 Formal repair items 360× 3 revision policies Self-Revision, RR, and RINI; one human
annotation for each original–revision item.

5 / 216 Formal annotators /
items each

1,080/5 = 216 The full task set was shuffled, then divided
equally; no repeated formal annotation.

90 Pilot annotations 30× 3 revision policies One separate colleague; pilot and discussion
preceded the final rubric. Not added to the
1,080 formal labels.

240 Common-flaw
originals

Original need=yes in all
three returns

Primary repair cohort, across all 30 seeds;
720 corresponding method-specific
judgments.

255 RR–RINI
common-flaw
originals

Original need=yes in both
returns

Pairwise sensitivity cohort; a subset of the
same 360 originals.

272 RR–RINI
original-agreement
originals

Complete original-need
category matches in both
returns

Sensitivity cohort after excluding 88
disagreement sources; spans all 30 seeds.

175 / 170 /
165

Diagnostic
denominators

180− 5; 175− 5;
175− 10

Main fields, decided misreading, and valid
relocation, respectively. No-remainder cases
remain in the relocation denominator.

71 Proposals with a
remainder

37 + 24 + 10 Covered by the same prior, survives that prior,
and unresolved; 23 meet the valid-relocation
conjunction.

4,493 /
8,986

Claims / machine
judgments

4,493× 2 = 8,986 Claims extracted from 540 proposals;
asserted and supportable scoring views.
Neither count is a human sample size.

90 / 71 Study–seed
observations / unique
IDs

30 + 30 + 30
observations; 19 shared
IDs

The common hash ordering yields 19 shared
Study 1/2 seeds. Study 3 contributes 30
separate IDs. Combined inference clusters by
seed ID.

The diagnostic dataset contains 180 matched pairs and 175 interpretable exposed proposals. The
repair benchmark uses both source proposals in every pair, giving 360 originals. A separate 90-item
repair pilot informed the rubric before the 1,080 formal repair annotations. Seed-balanced rates
average the eligible observations within each seed and then give each seed equal weight.
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A.2 END-TO-END WORKFLOW

Table 7: Study construction, machine measurement, human diagnosis, and repair.

Stage Actual object and operation

Earlier preparation 376 model-drafted candidates; 315 after deduplication; 314 after human review; 62
evidence bundles; 32 author-finalized seeds; 30 sampled for Study 1.

Study 3 construction Author selects D/N and writes seed; program locates spans and model vets
coverage/non-coverage. The source text and contribution coverage are checked
separately.

Controlled generation 30 seeds × 3 generators × 2 repeats × W/H/E = 540 proposals, including 180 H/E
pairs.

Machine measurement Core-claim extraction, two scoring views, raw proposal Gap, then equal-weight seed
H–E means. The reported numerical outcome is the machine-scored raw Gap.

Human diagnosis 180 H/E pairs; 175 interpretable exposed proposals, including 71 proposed
remaining distinctions.

Revision Same 360 H/E originals × Self-Revision, RR, and RINI = 1,080 outputs. Rejected
RINI edits retain the original.

Human evaluation Separate 90-item pilot and discussion; 5 annotators receive 216 shuffled items each,
one annotation per item.

Analysis Common-flaw repair success, full-360 final contribution states, preservation, new
errors, and execution/label consistency.

B CORPUS, CASE CONSTRUCTION, AND SAMPLING

B.1 FROZEN LITERATURE AND THE MEANING OF A CUTOFF

The frozen corpus holds 50,932 arXiv papers from cs.CL, cs.LG and cs.CV, 2018–2023. Collection
returned 50,938 rows; title deduplication kept the lowest paper identifier per normalized title and
dropped six (five distinct duplicated titles), leaving 50,932 with no duplicate identifiers. Records
carry title and abstract, and retrieval fuses BM25 and SPECTER2 rankings over them. Full text was
fetched only for papers considered during evidence curation, not for the corpus.

Each case records its date restriction together with the exact paper version and evidence span. Version
identity determines which text establishes the contribution. Curators retain the publication date,
version, and source passage used in the comparison, so the evidence can be read under the same
case-specific cutoff.

Table 8: Frozen corpus fields and their interpretation.

Corpus field Recorded content

Paper count 50,938 collected; six title duplicates dropped (lowest identifier kept); 50,932
frozen.

Corpus scope cs.CV 18,233, cs.LG 17,147, cs.CL 15,552; 2018: 9,282, each of 2019–2023:
8,328–8,331.

Retrieval Reciprocal-rank fusion of BM25 and SPECTER2 over titles and abstracts of
all 50,932 papers.

Full-text availability Fetched for 3,024 curation candidates: 2,797 converted (92.5%); 108 HTTP
404/406, one network failure, 118 too short after conversion.

Version and date Record the exact source version used for contribution coverage and its
eligibility under the case cutoff.

Duplicates Preserve a canonical paper identity and a deterministic treatment of versions;
avoid giving one work multiple ranking opportunities.

B.2 NEUTRAL RESEARCH SEEDS

Seeds state a research problem and a plausible method direction using neutral wording. The initial
seed-first preparation assigned independent review of neutrality, specificity, and interpretability.
Study 3 used the D/N-first construction below. The seed text and shared proposal-writing instruction
are fixed across literature conditions.
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The seed records enough detail to identify a focal technical contribution while leaving the proposal’s
attribution and novelty wording to the generator. The task supports a coherent research plan in each
condition. Earlier curation packets also asked whether a useful extension or empirical question
remained after the established contribution was identified.

The preparation records link model drafting, deduplication, human seed review, literature curation,
author finalization, and sampling. The initial 376 candidates yield 315 deduplicated seeds and 314
retained human-reviewed seeds. Two curation rounds produce 62 evidence bundles. Author decisions
define the 32-seed Study 1 sampling pool. A separate intake snapshot records 43 adjudicated-
rubric seed records and 242 rows awaiting processing. The finalized experimental cohorts and the
cross-study sampling relation are described below.

B.3 CONSTRUCTION OF THE INITIAL SEED COHORT

The initial seed-first preparation spanned approximately two months. The process combined model-
drafted candidate briefs with human seed annotation, literature selection, cross-review, and author
finalization. It started with 376 candidates and formed a 32-seed sampling pool; fixed-key hash
ordering selected 30 seeds for Study 1.

B.3.1 GENERATING AND DEDUPLICATING CANDIDATE BRIEFS

Experiment 157 used gpt-5.4-mini to generate 376 candidate research seeds, each attached to a
paper in the corpus. A candidate contained a research problem and a possible method direction. The
method direction identified a technical operation for subsequent comparison with prior work, while
leaving the full proposal to the experimental generators.

The deduplication program treated SPECTER2 similarity of at least 0.85 as duplication. It removed
61 candidates, leaving 315 seeds for human review. Three reviewers, identified as vetter a,
vetter b, and vetter c, reviewed this set, with two reviewers assigned to each seed. The
preparation records contain 711 review rows across the review process. The 236-row packet belongs
to one reviewer’s workload.

Human review directly accepted 296 seeds and identified 19 with split judgments. Adjudication
retained 18 after revision and rejected one, producing 314 retained seeds.

B.3.2 ANNOTATING SEED SUITABILITY

Reviewers assessed the problem and method direction as written. The seed-review task did not ask
them to establish scientific novelty or search for a decisive prior. It asked whether the candidate was
suitable for subsequent literature-based assessment.

The review dimensions covered scope and coherence, technical specificity, auditability, support of
the method direction by the stated problem, duplication, and neutral wording. Neutrality required
avoiding instructions that presupposed firstness, declared the approach novel, or revealed the intended
effect of providing prior work.

The final response for a candidate was accept, revise, or reject. A revision required a concrete change
to the problem, method direction, or both. Rejection required a reason. An acceptance could not
contradict a duplicate, out-of-scope, not-auditable, or non-neutral judgment. Review findings were
incorporated into the task wording before the case was finalized. The issued seed-review handout
appears in Appendix K.

B.3.3 ASSEMBLING AND ANNOTATING REFERENCE LITERATURE

For the research directions taken forward, candidate papers were organized into literature-review
packets. The human curator curator 1 selected decisive and control papers in two rounds, produc-
ing 62 evidence bundles. The bundles recorded each paper’s contribution-level relationship to the
seed, with supporting passages and rationales.

The first selection was a decisive prior: a paper that already established the seed’s central technical
operation. The curator named that operation, copied an exact supporting passage, and explained how
the passage established it. Topical similarity, shared terminology, or use of the same dataset alone did
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not establish this relation. The comparison retained assumptions and qualifications that could change
the technical meaning.

The second selection was a same-topic control. It needed to be relevant to the research direction
without establishing the same operation. The curator recorded a source passage, explained the
non-coverage, and described what the paper would have to establish to cover the target. This last
description was a reviewer-written comparison statement, kept separate from the paper’s verbatim
quotation.

The curation forms retained paper identifiers, evidence passages, and rationales for both selections.
They also recorded the background and control materials required for context construction. The
original curation instructions and allowed exclusion reasons are reproduced in Appendix K.

B.3.4 CROSS-REVIEWING THE CONTRIBUTION RELATIONS

The reviewers rater a, vetter b, and vetter c performed red-team checks of the evidence
bundles. Coverage review examined whether the decisive passage established the target under the
relevant assumptions. Control review assessed topical relevance and possible coverage of the same
contribution.

A further challenge considered distinctions that the initial curation might have overlooked. For
example, two methods could share a trigger while differing in a consequential constraint or evaluation
setting. Reviewers examined whether such a distinction changed the claimed coverage relation. They
could challenge a decisive-paper assignment, identify coverage in the control paper, or request clearer
supporting material.

Review findings could lead to revised task wording, replacement of a reference paper, correction of a
quoted passage, or exclusion of the case. Review findings and revisions fed into the author-finalization
step below. Literature reading, annotation, cross-review, and case revision made up the extended
preparation period.

B.3.5 AUTHOR FINALIZATION AND STUDY 1 SAMPLING

The authors narrowed the method directions of 38 seeds to one central technical operation. They
retained 27 with evidence bundles and removed 11 without bundles. Adding five seeds that passed all
review checks formed the 32-seed sampling pool.

The author-finalization record contains 124 waived checks. These concern missing red-team returns,
revised seeds accepted without another review, control-paper topicality below the specified threshold,
and control ratings supplied by one reviewer. The finalization record retains these decisions alongside
the selected task and evidence.

The sampling program orders eligible seed identities using the fixed hash key 20260710. The first
20 seeds supply the blinded variance pilot, and the first 30 supply the formal Study 1 experiment.
Thirty is the lower bound selected by the sample-size rule. The research briefs, evidence assignments,
and selected seed identities are fixed before the corresponding proposals are generated.

B.3.6 STUDY 2 EXPANSION AND CROSS-STUDY OVERLAP

Study 2 combines the 32-seed Study 1 pool with 30 reserve seeds, forming a 62-seed candidate
pool. The additions have model-drafted method directions and evidence selected and checked by
deepseek-v4-pro. Their evidence preparation is machine-based; the original 32-seed pool
carries the human preparation described above.

The same hash key, 20260710, orders the expanded pool, and the program selects its first 30 seeds.
The selected set contains 19 seeds from the original pool and 11 machine-curated additions. Because
the original 32 seeds keep their relative order, these 19 are the first 19 seeds in the Study 1 ordering.
Reapplying the ordering reproduces both reported seed lists.

Studies 1 and 2 therefore contain 41 distinct seed identities. Study 3 uses a separate 30-seed
evidence-first cohort, described in Appendix B.4. Across all three studies, there are 90 study–seed
observations and 71 distinct seed identities. Appendix D.10 reports aggregation and uncertainty with
this shared-seed structure.
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The later contribution diagnosis and repair evaluation use the Study 3 H/E proposals. Their tasks and
instructions appear in Appendices I and J.

B.4 STUDY 3 MACHINE EVIDENCE LOCATION AND SEMANTIC VETTING

The implemented builder is 266_build_evidence_anchored_cohort.py, us-
ing curate pinned seed in machine curation.py. The construction report names
deepseek-v4-pro-0813 as the vetting model and includes 30 seeds with 60 successful D/N
fetches. The author selected the papers and seed directions; the program located candidate spans, and
the model judged their semantic relationship to the target. These are distinct checks.

Source-text checks. The program first seeks the author’s pinned excerpt in cached full-text sections
and can expand it to its containing sentence. Matching normalizes Unicode with NFKC and collapses
whitespace. If that excerpt cannot be found, lexical sentence candidates are ranked by content-word
Jaccard overlap with the method direction/target mechanism and problem. Reference-section spans
and specified title leakage in N candidates are skipped. A usable span contains at least six words, is
located in the cached text, and fits inside the visible evidence budget. The visibility test compares
contiguous lowercase alphanumeric token sequences after the evidence window is truncated to its first
180 whitespace-delimited words. These checks locate the source text and establish its containment in
the displayed evidence window.

Semantic checks and input scope. The vetting model receives the seed problem and method
direction, paper title, candidate span, and the expanded cached context; N additionally includes its
abstract. The stored D/N context windows range from 180 to 1,901 words, while generation uses
the normalized 180-word display window. The semantic input combines the selected span with its
cached surrounding context. D is accepted at the first parseable answer with decisive_span_
caps_claim=yes. N is accepted only with hard_negative_span_non_covering=yes,
topicality at least 3 on the 1–4 scale, and near-decisiveness in 0–2 on the 0–3 scale. Failure to
obtain a qualifying span excludes the seed; alternative span candidates can be tried. Rationales and a
technical-slot description are stored with the accepted evidence.

Recorded execution. All 30 selected seeds were included. The trail contains 30 accepted decisive-
prior verdicts, 24 accepted control verdicts at topicality four, and six at topicality three, all with
near-decisiveness zero. It also records seven negative intermediate verdicts, two pinned-excerpt
lookup failures followed by lexical candidates, and three skipped reference-section spans. The
construction records comprise the build report, 30 evidence bundles, source implementations, and the
prompt templates below. The author paper selections and machine evidence checks are recorded as
separate construction steps.

Exact semantic-vetting prompts. The following are the source-rendered templates; braces name
runtime inputs. The system instruction is shared by both questions.

You are an independent reviewer of evidence for a study of scientific
novelty claims. Answer only with the JSON object requested; no
commentary.

SEED PROBLEM: {seed_problem}
SEED METHOD DIRECTION: {seed_method_direction}

DECISIVE CANDIDATE TITLE: {D_title}
CANDIDATE SPAN: {candidate_span}
SPAN IN CONTEXT: {context_window}

Question 1: Does the span, read in its context, already cover the seed's
central technical move, so that the method direction would no longer be
new if this paper were on the desk? Answer yes only when the span itself
caps the claim; unclear when the displayed text cannot settle it.
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Also name the central technical move the span covers in at most eight
words (technical_slot), and give one sentence saying why the span caps
the claim (decisive_rationale).
Reply with one JSON object: {"decisive_span_caps_claim":
"yes"|"no"|"unclear", "technical_slot": "...", "decisive_rationale":
"..."}

SEED PROBLEM: {seed_problem}
SEED METHOD DIRECTION: {seed_method_direction}

HARD-NEGATIVE CANDIDATE TITLE: {N_title}
ABSTRACT: {N_abstract}
CANDIDATE SPAN: {candidate_span}
SPAN IN CONTEXT: {context_window}

A hard negative is a paper on the seed's topic that does NOT cover the
seed's central technical move: a tempting but genuinely non-covering
paper.
Question 2: Is this candidate on the seed's topic WITHOUT covering that
central move? Answer yes only when the displayed text is on topic and
does not cover the move; no when it arguably covers it or is off topic;
unclear when the text cannot settle it.
Rate hard_negative_topicality from 1 (unrelated) to 4 (same problem and
closely related approach).
Rate near_decisiveness from 0 (clearly does not cover the move) to 3
(arguably covers the move).
Write one sentence stating what this paper would have to contain to cover
the move and does not (hard_negative_covering_sentence), and one sentence
of rationale (hard_negative_rationale).
Reply with one JSON object: {"hard_negative_span_non_covering":
"yes"|"no"|"unclear", "hard_negative_topicality": 1-4,
"near_decisiveness": 0-3, "hard_negative_covering_sentence": "...",
"hard_negative_rationale": "..."}

The earlier neutral-seed and evidence-curation handouts appear in Appendix K. They retain the
selection questions, response vocabularies, quotation rules, and case-exclusion categories used in
preparation.

B.5 ATTRITION AND REPLACEMENT

Curation dispositions record no decisive evidence, no valid hard negative, insufficient candidate
materials, role collision or duplication, cutoff violation, unavailable verified spans, or context-budget
failure. Case preparation fixes the task and evidence before proposal generation. The overview below
distinguishes the stored preparation pools, final generation records, and subsequent human evaluation.

Table 9: Preparation pools and experimental records.

Flow stage Recorded preparation and execution

Candidate frame 376 model-generated candidates; SPECTER2 deduplication removes 61 and
retains 315 for human review.

Neutrality review Three reviewers; 711 review rows. Of 315 seeds, 296 pass directly and 18 are
retained after adjudicated revision, giving 314. The 236-row packet is one
reviewer’s assignment.

Evidence construction Two human curation rounds produce 62 bundles. Author finalization yields
32 seeds; fixed-key ordering selects 30. Study 2 selects 19 original-pool and
11 machine-curated seeds. Study 3 separately supplies 30 cases and 60
pinned-prior fetches.

Continued on next page
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Table 9 (continued)

Flow stage Recorded preparation and execution

Generation Study 3: 540 W/H/E outputs in 180 complete blocks, including 360 H/E
repair sources. The three revision methods produce 1,080 final conditions.
The revision driver records 273 failed attempts across retries.

Assessment Five human annotators complete 216 shuffled repair items each. One
separate colleague pilots 90 items before the formal rubric is fixed.

Analysis Repair uses 30 seeds, three source generators, two repeats, and H/E sources.
Equal seed weights sum to one. The primary repair cohort contains 240
original proposals.

The task identifiers link the preparation records, source proposals, revision methods, and final
outcomes. Public summaries use anonymous identifiers and aggregate counts.

C UNSUPPORTED NOVELTY MEASUREMENT

Unsupported Novelty Burden (UNB) names the unsupported part of a proposal’s novelty assertions.
The main text defines the raw total Gap in Equation 1; the controlled exposure studies retain that raw
total as their original machine outcome. For the secondary word-normalized view, set u(c) = g(c)/4
and let L(p) be proposal word count:

UNBdensity(p; Es) =
100

L(p)

∑︂
c

u(c) =
100

4L(p)
Gap(p; Es). (2)

A zero score denotes the absence of a positive asserted–supportable level gap under the assessed
reference.

C.1 CANDIDATE EXTRACTION AND THE ACTUAL SCORED INVENTORY

The extraction prompt receives the whole proposal and requests up to eight core scientific claims
with a type, source sentence, and core-claim flag. The parser accepts problem, method, mechanism,
evaluation, and contribution types. It rejects empty claim text or an unknown type, defaults a missing
type to mechanism, defaults a missing source sentence to the claim text, and treats a missing core flag
as true. The record builder removes entries whose core flag is false. It does not truncate the returned
list at eight.

The machine chain retains claims marked as core and records novelty-language and overclaim-type
flags descriptively. Ordinary technical descriptions can therefore enter the inventory. An asserted
level of zero contributes no positive gap; across the retained inventory, 834 claims receive that level.
The ledger preserves the original extracted statements and their source sentences, including the
distinctions, repetitions, and granularity produced by the extractor.

Table 13 reports the actual inventory without retrospective clipping. All 4,493 retained claims have
two machine view scores (8,986 records). The mean exceeds the prompt request because the parser
did not enforce its eight-claim limit.

C.2 THE FOUR CUMULATIVE THRESHOLDS

The reported machine outcome judges render their questions from the predicates in threshol
d_claim_lattice_v2. The asserted framing asks whether the text asserts each predicate; the
supportable framing asks whether the claim could honestly assert it given only the displayed prior.
The four predicates are:
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Table 10: Shared novelty predicates in the instrument.

Threshold Canonical predicate

T1: contribution Any novelty or contribution beyond repeating known work.
T2: beyond application More than ordinary application, adaptation, or setting-specific variation.
T3: substantive advance Substantive methodological, mechanistic, empirical, or evaluative novelty.
T4: strongest force Firstness, superiority, uniqueness, or field-level novelty.

Answers follow a yes-prefix: 0000, 1000, 1100, 1110, or 1111. The novelty level is the number of
positive thresholds. The response parser checks the expected fields and their monotonicity. The two
views use the same threshold predicates, with their respective asserted and supportable instructions.

The yes-prefix defines an ordinal coding convention. The fourth threshold includes firstness on a
dataset, superiority on a metric, uniqueness, and field-wide priority language. Scope is therefore
retained with the underlying scientific claim: a dataset-specific assertion and a methodological-priority
assertion can both trigger the predicate while referring to different contributions. The examples below
distinguish these cases.

Table 11: Constructed examples of claim scope.

Boundary case Interpretation

Absent from the supplied
papers

Retain the explicitly bounded comparison; do not expand it to the entire field.

First application of a known
method to dataset X

Local firstness may coexist with routine application. Preserve the dataset and
application scope when interpreting the machine score.

A first retrieval mechanism
and a new controller

Separate independently challengeable contributions; evidence covering the
mechanism need not cover the controller.

Higher accuracy on
benchmark X

Distinguish a bounded performance assertion from a new mechanism or
general superiority.

Insufficient evidence about a
distinction

Keep the evidence judgment unresolved; missing counterevidence does not
prove priority.

The two machine scoring views use the recorded questions. Their inputs and response fields are listed
below, with exact templates in Appendix G.

C.2.1 ASSERTED VIEW

The reviewer judges what the text commits to. Polite language can contain a strong claim, and
confident prose can describe an ordinary adaptation. The reviewer does not look up the candidate
prior or infer which treatment arm produced the proposal. Where the task packet includes proposal
context for claim validity, that context helps interpret the proposition; it does not supply the separate
decisive-reference assessment.

C.2.2 SUPPORTABLE VIEW

The reviewer sees the claim and the seed’s fixed decisive evidence, with verified spans and necessary
provenance. The question is not whether the claim has a citation or whether the paper is topically
similar. The reviewer assesses contribution coverage, relevant assumptions, and a surviving technical
distinction. The same reference is used across arms so that the outcome does not change its standard
of judgment with the treatment.

C.3 WORKED CALCULATION

Consider a constructed 400-word proposal with three claims. The following values demonstrate the
arithmetic of raw Gap and its word-normalized form.
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Table 12: Raw Gap and UNB-density calculation for a constructed example.

Claim-level decomposition
Claim Asserted bits Supported bits ℓ ℓ⋆ [ℓ− ℓ⋆]+/4

Trigger firstness 1111 1000 4 1 3/4

Evaluation distinction 1110 1110 3 3 0

Overstated application 1100 1000 2 1 1/4

The normalized unsupported burden is 3/4 + 0 + 1/4 = 1. The primary Gap is 4, and Equation 2
gives secondary UNB density 100(1)/400 = 0.25. Thus the raw gap is four rungs, two of the three
claims have any positive gap, and the proposal contains 0.75 claims per 100 words. These quantities
have different numerators and are not interchangeable.

Removing the trigger’s firstness phrase changes its asserted level while the retained evaluation
distinction remains a separate claim. For numerical rescoring, the revised text defines the updated
inventory and word count. The primary raw Gap sums claim-level excess, while density additionally
divides by proposal length. In the repair benchmark, the reported endpoint is the human contribution-
repair category, accompanied by attribution and content-preservation fields.

C.4 ORDINAL DECOMPOSITION AND REPORTING SCOPE

For ock = ⊮{ℓc ≥ k > ℓ⋆c}, the identity [ℓc − ℓ⋆c ]+ =
∑︁4

k=1 ock expresses raw Gap as a sum
of threshold crossings. The reported score gives every crossed rung one unit and retains the raw
within-proposal sum. This decomposition connects the ordinal answers to the proposal-level outcome.

C.5 OBSERVED CLAIM COUNTS AND LENGTH SENSITIVITY

Raw Gap depends on both the retained claim inventory and the asserted–supportable gap of each
claim. Word-normalized density also depends on proposal length. Table 13 reports the complete
extracted inventory by condition, including the mean, range, and number of outputs with more than
eight retained claims. Repair content preservation is evaluated separately for the research question,
method, and evaluation plan.

Table 13: Actual retained core-claim counts in the 540-proposal machine exposure run.

Arm Proposals Claims Mean Range More than 8

W 180 1,516 8.42 7–16 19
H 180 1,499 8.33 7–16 16
E 180 1,478 8.21 0–16 14
All 540 4,493 8.32 0–16 49

Notes. Median = 8 and interquartile range = 8–8 in each arm and overall. Overall histogram (claims per
proposal: proposals): 0: 1, 4: 1, 7: 8, 8: 481, 9: 12, 10: 10, 11: 1, 12: 3, 13: 6, 14: 7, 15: 6, 16: 4. One E
proposal has an empty extracted inventory; its empty-sum machine Gap is recorded as zero. All counts preserve
the exported inventory.

C.6 EVIDENCE SCOPE AND COMPLEMENTARY JUDGMENTS

A decisive reference can establish that a mechanism is already known while leaving a setting,
implementation, or evaluation question unresolved. The human diagnosis records these evidence
relations separately. The repair evaluation adds contribution attribution, remaining errors, and content
preservation. Qualification results appear in Appendix E. The human diagnosis and repair evaluation
record contribution attribution, remaining errors, and content preservation separately.

D MATCHED EXPOSURE EXPERIMENT

This appendix specifies the matched W/H/E context construction, generation blocks, numerical
outcome, and seed-level estimator. The three studies retain their respective case cohorts and generator
panels. Study 3 uses three generator families and two repeats per condition.
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D.1 TREATMENT CONSTRUCTION

For each eligible seed, shared background Gs is combined with exactly one focal document. W
supplies neutral filler, H supplies a same-topic non-covering hard negative, and E supplies the
decisive prior. These are three contexts, not three prompts asking the model to behave differently.
The generator receives no arm name, expected score, or instruction that one document should reverse
novelty. The neutral seed and proposal-writing instruction are identical across arms.

Table 14: Matched evidence-exposure design. Only the focal evidence role varies across W/H/E.

Shared context, distinct evidence roles
Matched component W H E

Research seed and background Same Same Same
Focal role Neutral filler Topical,

non-covering
Decisive prior

Document count and word budget Same Same Same
Focal position within seed Same draw Same draw Same draw
Generator and output budget Same Same Same
Decisive reference at evaluation ds ds ds

The intervention changes the focal document’s contribution coverage. Its document count, excerpt
budget, position, and surrounding materials are matched within a generation block. The source texts
retain the exact scientific language used for the decisive and control roles, and the curation record
documents the contribution relation supporting those assignments.

D.2 POTENTIAL OUTCOMES AND THE REPORTED MACHINE ESTIMAND

Let Psmr(a) be a proposal for seed s, generator m, repeat r, and arm a. Let Y M
smr(a) =

GapM (Psmr(a); Es) be its machine-extracted and machine-scored raw Gap. The reported estimator
is

DM
s =

1

MR

∑︂
m,r

{Y M
smr(H)− Y M

smr(E)}, ˆ︁∆M
H−E =

1

N

N∑︂
s=1

DM
s . (3)

The outcome Y M is computed from the extracted claims and their two machine-scored threshold
views. Human contribution diagnosis and human repair evaluation retain their own categorical
endpoints, linked to the same source proposal identities.

Study 3 has N = 30, M = 3, and R = 2. Each literature condition is generated through a separate
call. Six matched H–E contrasts are averaged within each seed, and the estimator assigns equal
weight to the 30 seed means. The finite generator panel comprises Qwen, GLM, and Kimi.

D.3 WHY H–E IS PRIMARY

H–E compares relevant but non-covering evidence with decisive coverage. W–E additionally changes
the presence of seed-relevant topical information in the focal slot. The exact contrast identity is

∆W−E = ∆W−H +∆H−E . (4)

The identity decomposes the matched W–E contrast into W–H and H–E. W–H compares neutral
filler with relevant non-covering material. H–E compares that relevant control with the decisive
prior. The curation rubric and rendered-context checks define these evidence roles and their matching
dimensions.

The executed contexts contain W, H, and E. The neutral filler, same-topic control, and decisive prior
occupy the same focal slot with a matched word budget. A cross-topic placebo identifier is retained
in the earlier curation form as a preparation field.
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D.4 RANDOMIZATION AND INFORMATION SEPARATION

The focal position is randomized within seed and reused across model families and arms for that seed.
API execution order is randomized within each seed–model–replicate block. Separate calls prevent
one arm’s proposal, feedback, or judge response from entering another. Shared caches may serve
identical corpus inputs, but generated content and evaluation feedback cannot become another arm’s
context.

The design fixes tool availability, system instructions, decoding parameters, and output budgets within
a block. The execution records retain requested model identifiers, prompt identities, and the rendered
context used for each proposal.

D.5 REPLICATION STRUCTURE AND CUTOFF STRATA

The Study 3 panel contains 30 seeds, three generator families, two repeats, and three source conditions
W/H/E. It produces 540 completed generation records, 180 per condition, in 180 complete seed–
model–repeat blocks. The H/E subset contains 360 proposals, 120 per generator family and 180 per
literature condition. The generation schedule records random seed 20260710. Every H/E source
enters all three revision methods, giving 1,080 revision conditions.

The case records retain cutoff and paper-version fields. These identify the reference text associated
with each contribution comparison and connect the cohort construction to the generation inputs.

D.6 CONDITIONS NEEDED FOR THE CAUSAL INTERPRETATION

Table 15: Matched-design conditions and implementation.

Condition Operational specification

Stable generator setting Same recorded model identifier, instruction, tools, and decoding settings
within each block.

No cross-arm carryover Independent generation calls with separate outputs and evaluation feedback.
Valid evidence roles Study 3 paper selection, source-span checks, and semantic evidence vetting

precede generation.
Matched context Rendered inputs are checked for document count, normalized word budget,

format, and focal position.
Stable outcome target The same decisive reference and threshold predicates are used across arms.
Outcome-blind inclusion Seed and evidence eligibility precede outcomes; incomplete blocks follow

the frozen disposition rule.

The estimand is the change in the generated claims’ machine-scored unsupported novelty when the
focal context changes from same-topic non-covering evidence to the decisive prior. The matched
input construction and common outcome reference specify this contrast.

D.7 MISSING BLOCKS AND FAILURES

A block must preserve its exact seed, model revision, replicate, and arm identities. A successful call
from another model cannot fill a missing cell. A timeout or non-return is not a low Gap score; it is a
failed generation. The causal analysis requires the complete matched structure defined by its frozen
protocol, with planned, returned, excluded, and included counts shown separately.

Completeness checks operate on the required seed–model–repeat blocks. Generation records distin-
guish successful outputs, failed requests, and retained final completions. Retries retain the same cell
identity. Study 3 contributes 180 complete blocks to the numerical exposure analysis.

D.8 REPORTED CLAIM SCOPE

The exposure tables report the estimated machine H–E contrast and its confidence interval for each
study. Positive values indicate reduced unsupported novelty in the decisive-prior condition. The
reported estimates use the raw Gap score defined in Section 3.2.
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D.9 ANALYSIS AND UNCERTAINTY

Study 3 uses all 180 complete W/H/E blocks and aggregates six H–E contrasts within each of 30 seeds.
Its 95% interval is the seed-level Student-t interval with 29 degrees of freedom. The three rounds
retain their per-study summaries. The combined analysis below groups the 19 shared Study 1/2 seeds
under their common identities.

D.10 COMBINING STUDIES WITH SHARED SEED IDENTITIES

The three rounds contain 90 study–seed observations from 71 unique seeds. A seed-level outcome
within a round averages the matched H–E contrasts over that round’s models and repeats. The
combined analysis retains all 90 observations and uses seed identity as the bootstrap cluster. Sampling
a shared seed retains both of its study observations in the same cluster. The combined H–E estimate
is −0.17, with a 95% interval of [−0.51, 0.15].

A second aggregation first averages the two observations of each shared seed, then gives all 71 distinct
seeds equal weight. It yields −0.15, with a 95% interval of [−0.48, 0.18]. Both aggregations retain
the observed H–E outcome from each round and incorporate the documented overlap between the
first two studies. The corresponding summaries appear in Table 21.

E HUMAN PREPARATION AND QUALIFICATION

This appendix reports the preparation packages, role-specific instructions, and qualification results
used for case preparation. The final contribution-repair rubric appears in Appendix J.

E.1 GENERAL TASK RULES AND PARTICIPANT REPORTING

Participants label only the information displayed in their assigned task. The final repair task uses the
supplied original, revision, target, and prior evidence. They do not infer hidden treatment, generator,
desired outcome, or another panel’s judgment. Source columns and task-specific opaque identifiers
are retained unchanged. Notes identify ambiguity instead of supplying invented evidence.

The repair stage involved five formal annotators and one separate pilot annotator. Participants were
student volunteers, received no compensation, and gave verbal consent. Records use anonymous
participant identifiers. The repair pilot informed the final rubric before the formal task allocation.

Preparation packets begin with a completed example marked EXAMPLE DO NOT LABEL, excluded
from analysis counts. Qualification responses are scored against the construction targets provided in
a separate answer key. Formal repair items each receive one annotation.

E.2 PREPARATION PACKAGES AND TASK SEQUENCE

The earlier preparation round issued five role-specific packages. Each package contains a stable
annotator identifier, task instructions, an instructional example, a response file, and an independence-
attestation template. Qualification is the first task and determines eligibility for subsequent annotation.
Seed vetting and evidence curation are assigned by role. The table preserves the assigned item counts
and the earlier-return status of the Vetter B/C seed tasks.
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Table 16: Preparation-round allocation by task and role.

Qualification and pre-generation review
Package role Qualification Seed vetting Evidence curation

Curator 1 60 items — 140 rows
Rater A 60 items — —
Vetter A 60 items 236 rows —
Vetter B 60 items Not reissued —
Vetter C 60 items Not reissued —

Notes. Vetter B/C had previously returned seed-vetting work, so those tasks were not reissued. A dash denotes a
task not assigned in the corresponding package.

Stable anonymous identifiers link tasks across preparation rounds. Recipients work from their own
packets, with other participants’ answers and the answer key withheld. The seed-vetting and evidence-
curation handouts appear in Appendix K, and their construction role is described in Appendix B.3.

E.2.1 KNOWN-PERTURBATION QUALIFICATION

Each recipient receives 60 claim-pair items. The statements differ in asserted novelty force, including
paraphrase pairs for which equality is a substantive possibility. The task asks which statement carries
the stronger unsupported assertion based on its wording, not whether the scientific contribution
is actually novel. Left/right order is randomized and is not informative about the target direction.
Reviewers record observed direction and optional notes, without searching the literature or
using another person or a generative model to choose an answer.

The four responses are left greater than right, left less than right, equal, and unclear; greater denotes
stronger unsupported assertion, not higher research quality. Sentence length and fluent writing are
not scoring rules. The qualification key consists of directions known by construction and is withheld
from recipients. The qualification rule requires at least 48 decided responses among the 60 items, an
accuracy lower bound of at least 0.75, and an unclear share no greater than 0.20. The stored report
records five eligible returns, all passing, as detailed below.

Table 17: Qualification outcomes in the stored repository report.

Packet ID Labeled Decided Correct Unclear 95% LB Verdict

curator 1 60 60 59 0 0.9114 Pass
rater a 60 58 54 2 0.8357 Pass
vetter a 60 57 53 3 0.8330 Pass
vetter b 60 58 58 2 0.9379 Pass
vetter c 60 60 59 0 0.9114 Pass

Notes. Each packet contains 60 items. Accuracy uses decided responses under the issued qualification rule. The
five recorded returns all pass the preparation eligibility thresholds.

Qualification compares constructed claim pairs whose intended assertion ordering is known. The
recorded responses determine eligibility for the subsequent preparation tasks. The table retains
decided counts, correct counts, unclear responses, and lower confidence bounds for all five returns.

E.3 RELATION TO THE COMPLETED REPAIR EVALUATION

The qualification and pre-generation review document case preparation. The repair evaluation uses a
separate 90-item pilot completed by a colleague outside the five formal annotators. Discussion of that
pilot established the rubric before the 1,080 formal items were shuffled and divided equally, 216 per
annotator. Each formal item received one annotation.
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F REPAIR BENCHMARK CONSTRUCTION AND PROVENANCE

Source-linked prompts establish the three policy identities. The analysis uses 1,080 human annotations
from the single formal annotation round.

F.1 TWO INTERVENTIONS AND THEIR DISTINCT UNITS

The controlled exposure experiment generates H and E proposals independently under different
focal literature. The repair experiment starts from each frozen source proposal and evaluates the
revised text. Both H and E sources enter the repair benchmark, including proposals whose generators
received the decisive prior during initial writing.

The executed batch is study3_paired_proposal_repair_v3. It evaluates Self-Revision,
Retrieve-and-Revise, and the contribution-audit and local-repair workflow on the same frozen sources.
The template and gate interfaces are reproduced in Appendix I.

F.2 GENERATION BATCH AND SOURCE IDENTITY

The generation handoff records 360 source proposals and 1,080 completed conditions: 360 each for
Self-Revision, RR, and RINI. It records 359 RINI contribution audits and one source-degenerate
proposal. The revision endpoint is gpt-6-sol with low reasoning effort, as recorded by the local
run. The final analysis contains one human annotation per source and policy, linked to the frozen
source, prompt, and generation key. Original label values are preserved.

The source-matched analysis table links each original and final text to its revision policy and annota-
tion task. Literal quotation comparison identifies 60 non-verbatim fragments across 48 RR records:
24 original-text, 21 revised-text, eight prior-evidence, and seven new-issue fragments. Outcome
labels are retained as recorded. The source identities, quotation arrays, and final categorical responses
are separate fields in each annotation record.

F.3 STRUCTURAL GATE AND GENERATION DISPOSITIONS

The batch records 291 accepted RINI local-edit reconstructions, one no-change result, and 67
rejections: four for an individual edit exceeding the size cap, ten for overlap with a technical or
evaluation section heading, 23 for a non-unique source or empty replacement, and 30 for excessive
replacement of the original. The remaining source-degenerate RINI condition is a no-op. Each of the
other two methods has 359 generated revisions and one source-degenerate no-op in the handoff.

Execution dispositions record whether the local replacements were accepted, returned no change,
or retained the original after rejection. The independent repair annotation records the resulting
contribution outcome. Table 29 joins the two records for all 360 RINI sources.

F.4 COMMON-FLAW SUBSET AND FULL-SET REPORTING

All three completed returns label the same 240 sources as needing contribution revision. This
intersection includes 30 seeds and is the common denominator for every primary method row. Self
and RINI alone also agree on 65 no, two unclear, and one unjudgeable original, with 52 other
judgments differing; these pairwise counts are not claimed as three-way agreement. The RINI–RR
pairwise common-flaw set contains 255 sources and is reported separately as a sensitivity.

The three-way cohort is the intersection of the original-need judgments from the method-specific
evaluation items. Each such item displays an original and its revised text. All three methods use the
same 240 sources in the primary comparison. The full 360-source endpoint separately reports the
final contribution-revision need, with the original categorical responses retained.

Rates average first within seed and then equally across 30 seeds. Intervals use 20,000 paired
whole-seed resamples, NumPy random seed 20260925, and the 2.5th and 97.5th percentiles. Every
comparison uses the same resampled seed indices for its methods. The full-set analysis gives every
seed 12 source proposals under each method.

27



Preprint

Table 18: Source-arm breakdown within the common 240-source cohort.

Source arm Sources Self successes RR successes RINI successes

H 178 1 68 126
E 62 30 26 46
Total 240 31 94 172

Notes. Counts by original literature condition; seed-balanced rates are reported in the primary table.

The E-source subset contains proposals whose original generators received the decisive prior. In the
common 240-source cohort, it contains 62 originals, with 30 Self-Revision, 26 RR, and 46 RINI
successes. The H-source subset contains 178 originals, with one, 68, and 126 successes, respectively.

F.5 SAFETY, PRESERVATION, AND UNRESOLVED DISTINCTIONS

The full matched set records 16 positive new-contribution-error labels for Self-Revision, 29 for RR,
and zero for RINI; unclear labels number three, two, and zero. Research-question preservation is
359/360 for all methods. Method preservation is 359/360 Self, 344/360 RR, and 358/360 RINI;
partial preservation is zero, 15, and one, with one unclear each.

Evaluation plans are preserved in 323 Self-Revision, 286 RR, and 322 RINI outputs. Original-
unavailable labels number 36, 66, and 37; unclear labels number one, seven, and one; RR additionally
has one partially preserved evaluation. Missing original content is not counted automatically as
revision-induced deletion. Contribution-error labels are distinct from technical correctness.

The repair returns record the remaining distinction and its evidence status independently of the final
repair category. A successful repair can preserve a concrete research question after correctly crediting
established content. Complete coverage and uncertainty counts appear in Table 24.

F.6 REVISION-RECORD INTERFACES

The revision records retain the original text, supplied prior, target relation, output text, edit objects,
and generation disposition. The audit records additionally retain source and evidence quotations and
coverage judgments. These fields support the source-aligned comparisons and preservation analyses
reported in Appendix H.

G GENERATION, SCORING, AND EXECUTION DETAILS

G.1 PROPOSAL PROMPT AND INVARIANT INSTRUCTION

The causal generation path uses a shared instruction across W/H/E. The following display reproduces
its wording with line wrapping for the page. Braced variables identify fields inserted by the builder;
they are not instructions to be shown literally to a model. The generation record stores the rendered
prompt and input context.

SYSTEM
Write the requested scientific proposal using the supplied
literature. Do not mention hidden study conditions or design
metadata.

USER TEMPLATE
Write a concise scientific research proposal for the seed below.
Include the problem, proposed mechanism, expected contribution
relative to the supplied literature, and an evaluation plan.
Make technically specific statements and cite supplied sources
by bracketed number.

Seed problem: {problem}
Method direction: {method_direction}

Supplied literature:
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[1] {title} ({publication_year}): {text}
...

The evidence lines enumerate the actual documents assembled by the matched-context builder. The
generator sees titles, years, and excerpts, together with the research problem and method direction.
The execution record retains the rendered input and prompt identity after formatting and truncation.

G.2 MACHINE ASSESSMENT INSTRUCTIONS

The asserted judge reads the claim alone; the supportable judge reads the claim and the seed’s
fixed prior title/excerpt. They receive neither the local context bundle nor the other judgment. The
canonical system instructions below are reproduced with line wrapping, not rewritten for a new
protocol.

ASSERTED VIEW
You judge how much novelty one scientific claim ASSERTS, reading
the claim text alone. Do not consider whether the claim is true
or supported; judge only the strength of the novelty being
asserted. Answer four cumulative yes/no thresholds, monotone:
a yes at a higher threshold requires yes at every lower one.
Return exactly one JSON object with the requested keys and
no commentary, Markdown, or extra keys.

SUPPORTABLE VIEW
You judge the strongest novelty level one scientific claim
could HONESTLY assert given ONLY the prior-work document shown.
Do not consider how the claim is phrased; judge what the shown
prior work leaves available to claim. Answer four cumulative
yes/no thresholds, monotone: a yes at a higher threshold requires
yes at every lower one. Return exactly one JSON object with the
requested keys and no commentary, Markdown, or extra keys.

The user prompt supplies the claim, adds the prior only in the supportable view, and renders four
questions from the canonical predicates in Appendix B. The response keys are the four machine-
generated or machine-supportable novelty-at-least fields, respectively. Each value is yes/no. The
human audit and machine judge render these same predicates from threshold_claim_lattic
e_v2; their surrounding information views still differ.

Reference-title mentions of at least three normalized words are replaced with a neutral marker by the
same rule across arms. The asserted view receives the resulting claim, while the supportable view
adds the fixed prior title and excerpt. The parser validates response fields and monotone threshold
answers before the numerical outcome is computed.

G.3 COMPLETE EXTRACTION AND SCORING INTERFACES

The following templates reproduce the extraction and scoring builders. In Study 3, the completed
extraction and judge ledgers retain the corresponding prompt identities. These interfaces produce the
numerical Gap values, while the later H/E diagnosis uses the human behavioral fields in Appendix I.2.

Claim extraction.

SYSTEM
You extract atomic auditable claims from scientific proposals. Return
valid JSON only. Do not include prose outside JSON.

USER TEMPLATE
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Extract atomic scientific proposal claims from the proposal below. Return
JSON only: a list of objects with claim_text, claim_type,
source_sentence, and is_core_claim. claim_type must be one of problem,
method, mechanism, evaluation, contribution. Only include claims that are
concrete enough to audit against prior work. Return at most 8 core
claims, prioritizing the central problem, method, mechanism, evaluation,
and contribution claims.

Proposal ID: {proposal_id}
Proposal text:
{proposal_text}

The requested JSON is a list of objects with claim text, claim type, source sentence,
and is core claim. Types are problem, method, mechanism, evaluation, or contribution. The
parser also accepts an object containing a claims list; it rejects an empty claim and unknown type.
Missing type defaults to mechanism, missing source sentence to the claim, and missing core flag to
true. Only retained core rows enter the claim ledger. The eight-claim ceiling is a prompt instruction,
not a parser-enforced truncation.

Asserted scoring view.

SYSTEM
You judge how much novelty one scientific claim ASSERTS, reading the
claim text alone. Do not consider whether the claim is true or supported;
judge only the strength of the novelty being asserted. Answer four
cumulative yes/no thresholds, monotone: a yes at a higher threshold
requires yes at every lower one. Return exactly one JSON object with the
requested keys and no commentary, Markdown, or extra keys.

USER TEMPLATE
CLAIM: {claim_text}

Answer four cumulative yes/no thresholds about the novelty this claim
ASSERTS:

"machine_generated_novelty_at_least_1": is it any novelty or
contribution beyond repeating known work?
"machine_generated_novelty_at_least_2": is it more than ordinary
application, adaptation, or setting-specific variation?
"machine_generated_novelty_at_least_3": is it substantive
methodological, mechanistic, empirical, or evaluative novelty?
"machine_generated_novelty_at_least_4": is it firstness, superiority,
uniqueness, or field-level novelty?

Answers must be monotone: a yes at any threshold requires yes at every
lower threshold. Reply with one JSON object whose keys are exactly
"machine_generated_novelty_at_least_1",
"machine_generated_novelty_at_least_2",
"machine_generated_novelty_at_least_3",
"machine_generated_novelty_at_least_4" and whose values are "yes" or
"no".

Supportable scoring view.

SYSTEM
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You judge the strongest novelty level one scientific claim could HONESTLY
assert given ONLY the prior-work document shown. Do not consider how the
claim is phrased; judge what the shown prior work leaves available to
claim. Answer four cumulative yes/no thresholds, monotone: a yes at a
higher threshold requires yes at every lower one. Return exactly one JSON
object with the requested keys and no commentary, Markdown, or extra
keys.

USER TEMPLATE
CLAIM: {claim_text}
PRIOR WORK TITLE: {prior_title}
PRIOR WORK: {prior_excerpt}

Answer four cumulative yes/no thresholds about the strongest novelty this
claim could HONESTLY assert given the prior work shown:

"machine_supportable_novelty_at_least_1": is it any novelty or
contribution beyond repeating known work?
"machine_supportable_novelty_at_least_2": is it more than ordinary
application, adaptation, or setting-specific variation?
"machine_supportable_novelty_at_least_3": is it substantive
methodological, mechanistic, empirical, or evaluative novelty?
"machine_supportable_novelty_at_least_4": is it firstness, superiority,
uniqueness, or field-level novelty?

Answers must be monotone: a yes at any threshold requires yes at every
lower threshold. Reply with one JSON object whose keys are exactly
"machine_supportable_novelty_at_least_1",
"machine_supportable_novelty_at_least_2",
"machine_supportable_novelty_at_least_3",
"machine_supportable_novelty_at_least_4" and whose values are "yes" or
"no".

G.4 PROVIDER AND MODEL IDENTITY

The Study 3 generation manifest identifies the source-generator families below. The configured
identifiers, decoding settings, and output budgets are reported as recorded. All three revision methods
share the same revision endpoint.

Table 19: Executed Study 3 source-generation configuration and revision endpoint.

Role Configured identifier / family Settings

Qwen source qwen3.7-max-2026-06-08; Qwen/Alibaba Temperature 0.7; 900 output
tokens; thinking off

GLM source glm-5.2; GLM/Zhipu Temperature 0.7; 900 output
tokens; thinking off

Kimi source kimi-k3; Kimi/Moonshot Temperature 0.6; 900 output
tokens; thinking off

Revision gpt-6-sol; requested endpoint label Reasoning low; chat
completions; direct 5,500,
audit 4,200, local-edit 4,500
output-token caps

All 360 H/E source IDs join to the generation manifest, with 120 sources per family and two replicates
per seed–family–arm combination. Their source texts match the retained generation outputs. Study 3
claim extraction uses deepseek-v4-pro-0813: 540 extraction records yield 4,493 retained
claims. The asserted and supportable judges use the same model identifier, temperature zero, thinking
off, and 120 output-token caps. All 8,986 judge records parse. The extraction and judge records
retain the corresponding source and prompt identities.
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The primary outcome field is total novelty force gap. The word-normalized field, decisi
ve_evidence_unsupported_novelty_burden, records a density. The raw-gap exposure
contrasts and the formula in Appendix C retain these separate units.

G.5 RETRY AND RETENTION POLICY

The local repair driver constructs its client with a 180-second timeout and max retries=2 per
SDK request. The outer resume process skips completed source–method identities, validates frozen
source and prompt identities, and reuses valid cached RINI audits. Uncompleted conditions remain
eligible on later resumes. The process stops after three consecutive surfaced HTTP 503 errors; other
errors reset that counter. Across retries, the execution record contains 273 failed attempts: 254
InternalServerError, ten JSONDecodeError, and nine ValueError. The final output set contains all
1,080 assigned conditions.

A completed structural rejection retains the original as that source’s RINI output. Direct outputs
outside 0.65–2.0 times the original word count raise a format error and remain eligible for retry.
The records distinguish failed requests, final generation dispositions, and human contribution-repair
outcomes.

G.6 MEASUREMENT AND EVALUATION WORKFLOW

The numerical exposure workflow is:

author-selected D/N -> author-written seed -> machine span vetting
freeze evidence and matched W/H/E generation settings
30 seeds x 3 generators x 2 repeats x 3 arms = 540 proposals
core-claim extraction -> 4,493 retained claims
asserted + supportable scoring -> 8,986 view records
sum claim gaps per proposal -> six H-E differences per seed
30 equally weighted seed means -> machine exposure estimate

The resulting numerical table contains the machine raw-gap contrast for each seed. Human contribu-
tion diagnosis and final repair outcomes are stored and analyzed as separate categorical records.

Two branches use the frozen H/E texts. The human contribution diagnosis contains 180 matched
pairs and evaluates 175 interpretable exposed proposals. The repair branch applies three methods to
360 originals. RINI reconstructs accepted edits and retains the original after structural rejection. An
independent colleague pilots 90 repair items, discussion fixes the rubric, and five annotators then label
216 shuffled formal items each. Source and method identities join the resulting labels to seed-level
analyses.

G.7 RECORD LINKAGE AND DEPENDENCY CHECKS

Each final repair label links to a source, seed, policy, generation disposition, and reconstructed
output. The records separately retain numerical machine outcomes and the 180-pair diagnostic
dataset. Source-level checks join edit dispositions to final outcomes and compare unchanged text and
new-error labels with repair success. Complete category counts appear in Appendix H.

H ADDITIONAL RESULTS AND SENSITIVITY ANALYSES

This appendix reports the exposure summaries, final repair labels, source-aligned descriptive compar-
isons, and execution consistency checks.

H.1 CONTROLLED-EXPOSURE RESULTS

The main paper reports the machine-scored H–E result for each exposure study and the combined
estimate with seed-clustered uncertainty. Positive H–E favors decisive-prior exposure. Studies 1
and 2 share 19 seed identities, while Study 3 contributes 30 separate seeds.
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Table 20: Controlled exposure results used in the main text.

Decisive-prior exposure
Scope Seeds H–E [95% CI]

Study 1 30 −0.07 [−0.60, 0.46]
Study 2 30 −0.32 [−0.92, 0.28]
Study 3 30 −0.13 [−0.74, 0.47]
Combined 71 −0.17 [−0.51, 0.15]

Notes. Each study uses 30 seeds. The combined row retains 90 study–seed observations from 71 distinct seed
identities and clusters the bootstrap by identity. Study 3 has estimate −0.133333 and seed-level Student-t 95%
interval [−0.740337, 0.473670].

Table 21: Combined exposure estimates under alternative seed aggregation.

Aggregation H–E 95% interval

Earlier pooled calculation −0.16 [−0.48, 0.15]
71 unique seeds; shared observations averaged −0.15 [−0.48, 0.18]
90 observations; bootstrap clustered by seed −0.17 [−0.51, 0.15]

H.2 ALL RETURNED REPAIR OUTCOMES

Table 22: Full 360-source outcome distributions for all completed policies.

Outcome Self-Revision RR RINI

Successful repair 49 145 186
Partial repair 18 158 20
No repair 194 8 44
Original already acceptable 75 17 81
Regressed 16 29 0
Unclear 7 2 28
Unjudgeable 1 1 1

Total 360 360 360

Notes. Pooled counts, not the 240-source conditional seed-balanced rates. Already acceptable originals are not
newly repaired successes.

The original-need yes/no/unclear/unjudgeable counts are 267/87/5/1 for Self, 340/17/2/1 for RR, and
255/81/23/1 for RINI. Revised-need counts are 228/124/7/1, 195/163/1/1, and 64/279/16/1. Original
labels are not harmonized retrospectively. All 1,080 records and source/seed identities are included.
The pairwise RINI–RR sensitivity uses 255 joint-positive originals and yields 73.4% versus 39.7%, a
+33.7 pp difference (95% interval [25.0, 42.0]). The primary table instead holds the cohort at 240 for
all three methods.

Table 23: Preservation and technical judgments across all 360 sources per policy.

Recorded judgment Self RR RINI

Research question preserved 359 359 359
Technical method preserved 359 344 358
Technical method partially preserved 0 15 1
Evaluation plan preserved 323 286 322
Evaluation plan unavailable in original 36 66 37
New contribution error: yes 16 29 0
New contribution error: unclear 3 2 0
Other technical issue: substantive 67 92 121
Other technical issue: minor only 150 106 201

Notes. Counts are descriptive pooled judgments. A technical issue describes the final text and is not necessarily
introduced by revision. Original-unavailable evaluation content is not revision-induced loss. Each item has one
human annotation; complete category counts appear in Table 24.
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H.3 FULL-SET OUTCOMES AND SEED-LEVEL VARIATION

A All 360 final outcomes per revision policy
Full-set pooled counts; seven mutually exclusive outcomes; one human label per item

Self-Revision 49 75 18 194 16 360

RR 145 17 158 29 360

RINI 186 81 20 44 28 360

0 90 180 270 360

Number of original-revision items

Successful repair Originally acceptable Partial repair No repair

Regressed Unclear Unjudgeable

Small segments are retained; exact counts are in the accompanying outcome table.

B RINI minus RR within each of the 30 seeds
Successful repair on the same 240-source common-flaw cohort; 6-11 eligible sources per seed

-30

0

+30

+60

+90

S01 S02 S03 S04 S05 S06 S07 S08 S09 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 S25 S26 S27 S28 S29 S30

Difference (pp) 26 favor RINI / 3 tie / 1 favors RR

Seeds receive equal weight in the primary estimate (+33.0 pp); these bars are descriptive differences, not per-seed tests.

Figure 4: Outcome accounting and seed-level variation. (a) The complete outcome distribution for
all 360 sources per method. (b) Direction of the within-seed successful-repair comparison on the
common-flaw cohort: 26 seeds favor RINI, three tie, and one favors RR. Each seed contributes 6–11
common-flaw sources.

The mean seed contrast is +33.0 percentage points, with its paired whole-seed bootstrap interval
reported in the main result table. The RINI–RR pairwise common-flaw cohort contains 255 originals
and yields 73.4% versus 39.7% successful repair, a contrast of +33.7 percentage points with 95%
interval [25.0, 42.0].

H.4 COMPLETE REPAIR ANNOTATION FIELDS

Table 24: Every categorical repair judgment, with 360 labels per method in each
field.

Field / category Self RR RINI

Original contribution-revision need
yes 267 340 255
no 87 17 81
unclear 5 2 23
unjudgeable 1 1 1
Revised contribution-revision need
yes 228 195 64
no 124 163 279
unclear 7 1 16
unjudgeable 1 1 1

Continued on next page
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Table 24 (continued)

Field / category Self RR RINI

Target attribution
correct 126 217 291
partial 33 126 20
incorrect 194 16 38
unclear 7 1 11
not applicable 0 0 0
Proposed remainder Y
yes 261 344 336
no 99 16 24
Y coverage by D
covered by d 25 85 3
not covered by d 6 6 2
unclear 230 253 331
not applicable 99 16 24
Unsupported novelty remains
yes 97 138 64
no 257 219 280
unclear 6 3 16
New contribution error
yes 16 29 0
no 341 329 360
unclear 3 2 0
Other technical issue
yes 67 92 121
minor only 150 106 201
no 142 158 37
unclear 0 3 0
unjudgeable 1 1 1
Research-question preservation
preserved 359 359 359
partially preserved 0 0 0
lost 0 0 0
unclear 1 1 1
Method preservation
preserved 359 344 358
partially preserved 0 15 1
lost 0 0 0
unclear 1 1 1
Evaluation-plan preservation
preserved 323 286 322
partially preserved 0 1 0
lost 0 0 0
original unavailable 36 66 37
unclear 1 7 1

Every categorical field sums to 360 within each method. Y coverage is unresolved for 230 of 261
Y-bearing Self outputs, 253 of 344 RR outputs, and 331 of 336 RINI outputs. The final repair category
assesses contribution correction with content preservation, while the technical-issue field records
issues in the final proposal. These questions retain separate counts.

H.5 FINAL CONTRIBUTION STATE ON THE FIXED 360-SOURCE SET

All 360 sources enter this comparison irrespective of original-need labels. The unit is the source-
specific final text returned by each policy. Each of the 30 seeds contributes 12 sources under every
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policy, so equal seed means and pooled fractions coincide; paired uncertainty still resamples whole
seeds.

Table 25: Final contribution state across all 360 sources per policy.

Final judgment Self RR RINI RINI–RR pp [95% CI]

No contribution revision needed 124 (34.4%) 163 (45.3%) 279 (77.5%) +32.2 [24.2, 39.7]
Still needs contribution revision 228 (63.3%) 195 (54.2%) 64 (17.8%) −36.4 [−43.9,−28.6]
Unclear revision need 7 (1.9%) 1 (0.3%) 16 (4.4%) +4.2 [1.7, 6.7]
Unjudgeable 1 (0.3%) 1 (0.3%) 1 (0.3%) +0.0 [0.0, 0.0]
New contribution error: yes 16 (4.4%) 29 (8.1%) 0 (0.0%) −8.1 [−12.2,−4.4]
New contribution error: unclear 3 (0.8%) 2 (0.6%) 0 (0.0%) −0.6 [−1.7, 0.0]

Notes. Cells are counts (percent of 360). The first four rows partition final contribution-revision need; the last
two are separate new-error fields. Intervals use 20,000 paired whole-seed bootstrap draws, seed 20260925, and
hold labels fixed. The new-error outcome is reported separately from final revision need.

For the no-further-revision endpoint, marginal seed-bootstrap 95% intervals are [30.3,38.6]% for Self,
[39.2,51.7]% for RR, and [73.3,81.4]% for RINI. RINI–Self is +43.1 pp [37.2,48.6]. This final-state
endpoint includes already acceptable originals; successful repair is separately defined for sources
with an initial contribution problem.

H.6 SOURCE-ALIGNED JUDGMENTS ABOUT THE ORIGINAL TEXT

The same originals received different judgments in the shuffled, method-specific evaluation tasks.
Table 26 keeps these labels intact and aligns them by source. Its binary indicators are only a display
of cross-task agreement, not replacement labels. Full four-category original-need cross-tables are
included in the machine-readable audit.

Table 26: Three-way source-aligned original-text judgments, 360 shared sources.

Self RR RINI Original needs revision Original evaluation unavailable

Yes Yes Yes 240 36
Yes Yes — 27 0
Yes — Yes 0 0
Yes — — 0 0
— Yes Yes 15 1
— Yes — 58 29
— — Yes 0 0
— — — 20 294

Yes totals 267 / 340 / 255 36 / 66 / 37

Notes. Each column of counts uses the yes-indicator pattern at left for its own field. A dash means not-yes,
which includes no, unclear, and unjudgeable for original need. No uncertainty is converted into a definite no.
Each count column sums to 360.

Exact original-need labels differ on 75 Self–RR sources, 52 Self–RINI sources, and 88 RR–RINI
sources. Original evaluation-unavailability indicators differ on 30, one, and 29 sources, respectively.
All three evaluations mark the original evaluation plan unavailable on 36 sources. Another 29 receive
this label only in RR, and one further source receives it in RR and RINI. The complete original and
final categories remain source-aligned in the tables.

H.7 SENSITIVITY TO DISAGREEMENT IN ORIGINAL-TEXT JUDGMENTS

The method-specific evaluation tasks occasionally assign different original-revision-need labels
to the same frozen source proposal. To test whether the final-state advantage is concentrated in
those sources, we repeat the RINI–RR comparison after excluding every source for which the two
evaluations disagree on the complete four-category original-need label (yes, no, unclear, or
unjudgeable). This restriction removes 88 sources and retains 272 sources spanning all 30
research seeds.
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Table 27: Final-state sensitivity after excluding RR–RINI disagreement on the original four-way revision-need
label.

Method Count Pooled rate Seed-balanced rate [95% CI]

Retrieve-and-Revise 119/272 43.8% 43.2% [37.0, 49.7]
RINI 202/272 74.3% 74.4% [69.9, 78.9]

RINI − RR +83 +30.5 pp +31.2 pp [23.2, 39.0]

Notes. Seed-balanced rates average eligible sources within seed and then weight the 30 seeds equally. Intervals
use 20,000 paired whole-seed bootstrap resamples, with RR and RINI sharing each sampled seed draw and the
272-source retained set held fixed. Recorded labels are not changed.

For reference, the full 360-source final-state comparison gives a +32.2 pp RINI–RR difference. The
full-set pooled count advantage is 116 sources; 83 of these arise from the 272 retained sources and 33
from the 88 excluded sources. Before observing the retained counts, excluding 88 sources from a
116-source advantage gives an arithmetic pooled-difference lower bound of 28/272 = 10.3 pp. The
observed pooled difference on the retained set is 30.5 pp, while the seed-balanced paired estimate is
+31.2 pp with 95% CI [23.2, 39.0]. Thus, under the recorded labels, the final-state advantage is not
concentrated in sources with observed disagreement about the unchanged original text.

This sensitivity analysis holds the recorded final labels fixed. It therefore does not rule out shared
annotation error or systematic differences in final-output evaluation; it addresses the narrower
possibility that the reported RINI–RR advantage is driven by sources with observed disagreement on
the original-text revision-need judgment.

H.8 INDEPENDENT FINAL-TEXT-ONLY REANNOTATION

As an additional robustness check, we use a separate final-text-only annotation protocol that does not
ask whether the original proposal required revision and does not compare revision methods. The check
samples one source from each of the 30 Study 3 research seeds before inspecting these new labels.
For each selected source, the final Retrieve-and-Revise and RINI proposals are evaluated, giving
60 unique final-proposal items. Source pairs remain linked through an opaque pair id; method
identity is hidden and item order is randomized. Two reviewers use fixed anonymous identifiers
reviewer 01 and reviewer 02. Each reviewer returned 18 RR and 18 RINI judgments, so six
items per method were reviewed by both reviewers and the remaining 24 by one reviewer, yielding
30 unique RR items and 30 unique RINI items spanning all 30 seeds.

Reviewers see only the final proposal, the target contribution, and the same decisive-prior title,
identifier, and evidence excerpt used in the experiment. They do not see the original proposal,
previous labels, revision-policy identity, internal RINI audits, or another annotator’s judgments.
The primary endpoint is final contribution revision needed with values yes, no, or
unclear. A yes requires a substantive remaining attribution or novelty-positioning problem; no
means that no such problem is identified within the supplied evidence; unclear is used when the
displayed evidence cannot support a reliable binary judgment. Each record also requires confirmation
that the complete final text was read, one to three exact proposal quotations, up to two exact prior-
evidence quotations, and a short written rationale. Appendix J.10 reproduces the issued instructions
and output schema.

For the source-level summary, overlapping judgments are combined conservatively. A source
reviewed by both reviewers receives a final no only when both reviewers return no. If either reviewer
returns yes, the source-level label is yes; if neither returns yes but at least one returns unclear,
the source-level label is unclear. Sources reviewed by only one reviewer retain that reviewer’s
label. This rule produces one final label for each of the 30 sampled sources per method and prevents
a single permissive judgment from turning a disputed item into a no-revision success.
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Table 28: Independent final-text-only reannotation on the fixed 30-source sample.

Method / reviewer Returned No Yes Unclear

RR / reviewer 01 18 13 5 0
RR / reviewer 02 18 12 6 0
RR / unique set 30 19 11 0
RINI / reviewer 01 18 16 1 1
RINI / reviewer 02 18 14 2 2
RINI / unique set 30 24 3 3

Notes. No/Yes/Unclear are judgments of whether the final proposal requires substantive contribution revision.
Reviewer-specific rows include the six overlapping items per method. The source-level rows apply the
conservative consensus rule: an overlapping source is labeled No only if both reviewers return No; any Yes takes
precedence; otherwise an Unclear takes precedence over No. Singly reviewed sources retain their single
judgment.

Under the conservative source-level aggregation, 24/30 RINI final proposals (80.0%) are judged to
need no further contribution revision, compared with 19/30 RR proposals (63.3%), a descriptive
difference of +16.7 percentage points. Conversely, 3/30 RINI proposals (10.0%) are judged to still
need revision, compared with 11/30 RR proposals (36.7%); the remaining three RINI proposals
are marked unclear. The direction also appears in each reviewer-specific return: the no-revision
counts are 16/18 versus 13/18 for reviewer 01 and 14/18 versus 12/18 for reviewer 02. Because an
overlapping item can enter the no-revision count only with two no judgments, the 24/30 and 19/30
source-level counts do not award a no-revision success to a disputed item. This check evaluates
final contribution positioning without conditioning on method-specific judgments of the unchanged
original text. We report it as a descriptive robustness check rather than attaching a paired confidence
interval or an inter-reviewer agreement statistic.

H.9 RINI GATE DISPOSITION JOINED TO FINAL EVALUATION

Table 29: Execution disposition by final human repair outcome, all 360 RINI sources.

Final outcome Accepted No change Rejected Damaged Total

Successful repair 186 0 0 0 186
Partial repair 20 0 0 0 20
No repair 0 0 44 0 44
Original already acceptable 66 1 14 0 81
Regressed 0 0 0 0 0
Unclear 19 0 9 0 28
Unjudgeable 0 0 0 1 1

Total 291 1 67 1 360

Notes. Rejection retains the original text. Accepted means structurally accepted edits, not an independently
certified successful repair. The no-change and damaged dispositions are separate from rejected edits.

The source/output join finds ten exactly unchanged texts in Self-Revision, one in RR, and 69 in
RINI. Across the 1,080 evaluation items, none of these unchanged texts receives a successful-repair
label, and no successful repair also receives a positive new-contribution-error label. Rejected RINI
reconstructions receive 44 no-repair, 14 originally-acceptable, and nine unclear outcomes.

H.10 TRACEABLE ILLUSTRATIVE CASE

Figure 3 uses source cg 6f4a08f9df1933e8 and RINI annotation revision_6bc465ad0
c1fe04b. The recorded case contains the supplied ColBERT excerpt, four local edits, reconstructed
proposal, and final human outcome. Reapplying the four unique-span replacements reproduces the
recorded final text.
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H.11 NUMERICAL PROVENANCE

Repair points, intervals, full-set distributions, and source-arm counts use the source-matched final
returns. The seed is the resampling unit, and all methods share each bootstrap draw. Study 3’s numer-
ical exposure estimate is −0.133333, with seed-level Student-t 95% interval [−0.740337, 0.473670]
and 29 degrees of freedom. The diagnosis uses 180 matched pairs and 175 interpretable exposed
proposals. Valid relocation has 23 positives among 165 eligible pairs, and its seed-balanced rate is
13.8%. The detailed tables retain all final category counts and source-condition summaries.
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I CONTRIBUTION DIAGNOSIS AND REVISION PROMPTS

I.1 MATCHED PROPOSALS AND TASK INPUTS

Proposal A is the E output generated with the decisive prior in context. Proposal B is the matched H
output from the same seed, generator, and repeat. The contribution diagnosis assesses A and uses B
to compare the claim about the target contribution. The exact instruction below is the final version
supplied by the authors.

The fields distinguish recognition, correct attribution, target contraction, a proposed remainder, its
relation to the decisive prior, misreading, non-response, and damaged output. Attribution wording
and citation markers are retained with the quoted evidence.

I.2 FINAL H/E CONTRIBUTION-DIAGNOSIS INSTRUCTIONS

You will review one matched pair of original research proposals.

TARGET X is the focal technical contribution. PRIOR D is a paper that
establishes X. Proposal A was generated with D in its context. Proposal B
was generated for the same seed by the same model and repeat, but with a
same-topic paper that does not establish X in D's place. Judge Proposal
A; use B only to compare claims about X.

Read the complete proposals and the supplied D evidence. Preserve the
meaning of attribution verbs, negations, qualifiers, and citations. A
citation alone is not substantive acknowledgment or correct attribution.
Judge each field separately; the answers may overlap.

1. damaged (yes / no): Is A empty, corrupted, or too incomplete to judge
X? If yes, leave the remaining semantic fields unscored and record why.

2. ack_D_X (yes / no / unclear): Does A substantively acknowledge that D
bears on X? A citation or generic related-work mention alone is no.

3. attribute_X_D (correct / partial / incorrect / unclear): Does A credit
D for the contribution it already establishes?

- correct: A treats the D-covered core of X as prior work, not as its
own new contribution.
- partial: A credits D for some of X but still claims another
D-covered core component as its own.
- incorrect: A claims the covered X as new, says D lacks it, credits
the wrong source, or cites D without assigning the covered
contribution to it.
- unclear: The text or evidence does not permit a reliable judgment.

4. contract_X_vs_H (yes / no / unclear): Compared with B, does A
withdraw, narrow, or weaken its ownership or novelty claim about X? Judge
X only, not the novelty of the whole proposal. Adding a citation or
claiming a different contribution does not by itself count as
contraction.

5. move_to_Y (yes / no): Does A locate its claimed contribution in a
different, concrete distinction Y? A generic promise of better
performance or further evaluation is not enough. If yes, record the
passage defining Y in Y_text; otherwise leave Y_text empty.

6. Y_vs_D (covered_by_D / survives_D / unclear / not_applicable): Does D
already establish the specific Y claimed by A? Check the relevant parts
of D's original paper, not just its title or the supplied excerpt. Use
not_applicable when move_to_Y=no. Use unclear when coverage cannot be
resolved. survives_D means only that this D does not establish Y; it does
not mean Y is globally novel.
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7. misread_D (yes / no / unclear): Does A incorrectly describe D's
method, findings, scope, or coverage? Mere silence about D is not
automatically a misreading.

8. no_substantive_response (yes / no): Does A fail to use D to frame its
own contribution, even if it lists or cites D?

For each item, record short verbatim passages from A and B supporting the
judgment about X, and the relevant D passage or section supporting the
coverage judgment. Retain attribution wording and citation markers in
quotations. Explain every unclear answer. Do not consult previous labels,
machine Gap scores, or aggregate results.

I.3 DIAGNOSTIC FIELD COUNTS

The final export contains 180 matched pairs. Recognition has 137 yes, 38 no, and five unclear
labels. Attribution has 61 correct, 22 partial, 92 incorrect, and five unclear labels. Target contraction
has 69 yes, 106 no, and five unclear labels. Misreading has 96 yes, 74 no, and ten unclear labels.
Five damaged exposed proposals leave 175 interpretable pairs. The main diagnosis uses these
proposal-level labels under the instruction above.

Among 71 proposed remainders, 37 are covered by the same prior, 24 survive comparison with that
prior, and ten are unresolved. Valid relocation requires correct attribution, contraction, a surviving
remainder, and misreading=no. It has 23 positive cases among 165 eligible pairs: the ten unresolved
remainders are excluded, while cases with no remainder are retained as non-successes. Misreading
uses 170 eligible pairs after five further unclear answers.

Rates are calculated within seed and then averaged equally over the 30 seeds. Valid relocation has
seed-balanced rate 13.8333%; its 10,000-draw whole-seed bootstrap interval is [6.5556,22.4444]%.
Target contraction and a decrease in aggregate Gap agree in 91 of 175 pairs. Their seed-balanced
agreement is 52.1%, with a 20,000-draw whole-seed bootstrap 95% interval [44.8,59.4]%.

I.4 CONTRIBUTION FIELDS AND SOURCE LINKAGE

The diagnostic fields are evaluated separately and can co-occur. Recognition, target contraction,
misreading, and a proposed distinction each describe a different part of the text. The diagnostic
questions were developed following the aggregate exposure analysis. All 180 matched-pair identities
link to the 360 frozen repair-source proposals.

I.5 REVISION METHODS AND THEIR SUPPLIED PROMPTS

I.6 THREE METHODS BEGIN FROM THE SAME ORIGINAL

The batch contains 360 source proposals and 1,080 method-specific outputs. The source-linked
templates associate 1.csv with Self-Revision, 2.csv with Retrieve-and-Revise, and 3.csv with
RINI Local Repair. Anonymous task and source identities link the outputs and final evaluations.

All revision calls use the same developer instruction. Self-Revision receives the original and target
description without an additional prior document. Retrieve-and-Revise receives the same D excerpt
and explicit D–X relation supplied to RINI, and directly returns a complete proposal. RINI makes an
audit call, validates the returned source/evidence quotations, and places the audit JSON in a second
call requesting local replacements.
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Table 30: Revision inputs and requested outputs in the supplied templates.

Method Evidence and instruction Requested output

Self-Revision Original text and target; no additional D Complete revised proposal, or the
original verbatim

Retrieve-and-Revise D excerpt and explicit D–X relation;
direct revision

Complete revised proposal, or the
original verbatim

RINI Local Repair Same D and target relation; source-linked
audit followed by local correction

Audit JSON, then zero to four exact-span
replacements

Retrieve-and-Revise and RINI both receive an explicit statement that the prior establishes the target
contribution. The RR prompt requests a complete revised proposal. RINI requests a contribution
audit followed by exact-span edit objects. The primary comparison uses the same 240 originals
requiring correction under all three method-specific evaluations.

I.7 SHARED DEVELOPER INSTRUCTION

You are revising a machine-generated scientific research proposal. Keep
its research problem, technical mechanism, evaluation design, and
existing attribution unless a local novelty correction requires a precise
change. Never invent a result, citation, or experimental outcome.

I.8 SELF-REVISION USER PROMPT

Self-Revision control. No additional prior-work document is supplied.
Audit novelty and attribution using only the original text. Do not assume
that X is already known merely because it is named.

Target contribution X: {target_X}

Original proposal (revise this exact document, not a new proposal):
{original_text}

Return the complete revised proposal only, preserving its problem,
technical mechanism, evaluation plan, and existing citations. If no
justified change exists, return the original verbatim.

I.9 RETRIEVE-AND-REVISE USER PROMPT

Retrieve-and-Revise control. The same decisive prior and target relation
given to RINI are supplied here; revise directly without a required
atomic-claim audit. The prior establishes X, but any proposed surviving
distinction Y must not be called novel without support.

Decisive prior D: {D_title} ({D_paper_id})
D excerpt as shown in Study 3: {D_context_as_shown}

Target contribution X: {target_X}

Original proposal (revise this exact document, not a new proposal):
{original_text}

Return the complete revised proposal only, preserving its problem,
technical mechanism, evaluation plan, and existing citations. If no
justified change exists, return the original verbatim.
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I.10 RINI STEP 1: CONTRIBUTION-LEVEL AUDIT

This call does not revise the proposal. It prioritizes target-related claims and requests one to five
items, each tied to a unique contiguous source quotation. A positive coverage judgment must include
a verbatim quotation from the supplied D excerpt. The source and supporting strings are checked
before the returned audit is used. Source containment links the returned record to the exact supplied
texts.

RINI contribution-level audit. D establishes target X. First identify the
proposal's atomic contribution claims in their original attribution
scope; then judge which claim D covers, what novelty the proposal
actually asserts, and what distinction Y, if any, survives the supplied D
excerpt. Treat absence from this excerpt as UNCERTAIN, not proof of
novelty. Do not revise the proposal yet.

X: {target_X}
D: {D_title} ({D_paper_id})
D excerpt: {D_context_as_shown}

Original proposal:
{original_text}

Return ONLY one valid JSON object with `claims` (1 to 5, prioritize
claims about X). Each claim has `source_quote` (copy an exact, unique
contiguous substring of the proposal, including any adjacent citation and
attribution wording), `proposal_owns_claim` (boolean),
`asserted_novelty_level` (integer 0..4), `D_covers_claim`
(yes/no/uncertain), `D_supporting_quote` (exact substring copied verbatim
from the supplied D excerpt if yes, otherwise empty), and `surviving_Y`
(a concrete distinction or empty). Also include
`target_X_revision_needed` (boolean) and `audit_note` (short string). Do
not turn cited/adopted prior work into a proposal-owned claim. Use JSON
booleans and numbers; no markdown fences or commentary.

The direct integer novelty field in this prompt is auxiliary repair metadata. It does not reproduce
the cumulative-threshold measurement used for the earlier aggregate outcome. The prompt’s use of
uncertain for D coverage also differs from unclear in the final evaluation schema; those fields
belong to different records.

I.11 RINI STEP 2: LOCAL REPAIR

The second call receives the audit JSON, original text, target, and D excerpt. Each proposed edit
must identify an exact, unique substring of the original and give a replacement and reason. At most
four edits are requested. An empty list is an allowed no-change proposal.

RINI local repair. Use the audited claim/evidence relations below.
Withdraw or narrow proposal-owned novelty for X where D covers it;
attribute the covered move to D. Keep only Y distinctions that the
supplied evidence does not cover, and phrase uncertain Y as a testable
possibility, not established novelty. Preserve the technical mechanism
and evaluation plan. Make at most four LOCAL textual edits; do not
rewrite the whole proposal and do not add a new contribution.

X: {target_X}
D: {D_title} ({D_paper_id})
D excerpt: {D_context_as_shown}

Audit JSON: {audit_json}

Original proposal:
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{original_text}

Return one JSON object with `edits`, a list of 0..4 objects. Each edit
has `source_quote` (exact contiguous substring of original, unique in the
document), `replacement_text`, and `reason`. If the audit calls for no
change, return an empty list. No text outside JSON.

The local-repair instruction pairs attribution of known covered content with a testable formulation of
unresolved distinctions. The audit is included in the second call with the original text and same prior
excerpt. Exact source spans define where each replacement is applied.

I.12 RECONSTRUCTION CHECKS AND OBSERVED DISPOSITIONS

The frozen validator accepts at most four disjoint edits. Each source quote must occur exactly once
and each replacement must be nonempty. A source span is at most 1,100 characters; its replacement
is at most max(1600, 3|source|) characters. Source spans containing the case-insensitive phrases
“evaluation plan,” “proposed mechanism,” or “methodology” are rejected. Total replaced source
characters may not exceed max(300, ⌊0.35|original|⌋), and the reconstructed proposal must retain
at least 75% of the original whitespace-split word count. Violation returns the unchanged source.
These rules define the reconstruction gate. They are bound to the frozen prompt-and-gate code digest
recorded in the execution plan.

Table 31: RINI generation dispositions across 360 source proposals.

Disposition Count

Accepted local reconstruction 291
No change 1
Rejected: individual edit exceeds size cap 4
Rejected: protected section-heading overlap 10
Rejected: non-unique source or empty replacement 23
Rejected: excessive total replacement 30
Source-degenerate no-op 1

The 67 rejected reconstructions retain the source text. Each direct-revision condition records 359
generated proposals and one source-degenerate no-op. There are 359 RINI audits and one degenerate
source without a substantive audit. The independent human evaluation assigns the final repair category
to the returned original or reconstructed text.

I.13 PROMPT AND IMPLEMENTATION PROVENANCE

The revision templates are reproduced from the frozen implementation at source commit 0ffb836b
1271ea9d2f105287abdb1508dcb83d3c. The source package includes the revision templates
and validator implementation used for the reported runs. Human annotation of the resulting revisions
follows the procedure and rubric below.

J HUMAN REPAIR EVALUATION PROTOCOL

J.1 TASK AND EVIDENCE

This is the final human repair-evaluation task, distinct from the pre-repair H/E diagnosis and from the
internal RINI audit in Appendix I. The 1,080 items were shuffled across methods and divided equally
among five annotators, 216 items each. Each item was annotated once, without repeated annotation or
adjudication. Before formal annotation, one additional colleague who did not take part in the formal
round piloted 90 items, sampled as 30 from each of the three revision policies. Discussion after the
trial established the rubric, including the three strict and three permissive boundaries below. Items
were presented through an Azure web interface with the original proposal, revised version, target X,
prior D, and its excerpt; method, generator, and original H/E identities were hidden.
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The primary question is whether the revision accurately distinguishes what prior work establishes
from what remains a defensible research question. An evaluator reads the entire revised proposal
rather than stopping at the first corrected sentence. Core attribution can be correct in one section
and contradicted elsewhere. At the same time, a minor imperfection should not by itself invalidate a
repaired contribution claim.

Judgments use the supplied original, revision, target, and prior excerpt. Citation mapping, evidence
uncertainty, and unreadable text have explicit labels. Evaluators assess the text under the displayed
evidence and the common rubric.

J.2 THREE STRICT BOUNDARIES

Unrepaired source attribution. If D establishes X, deleting “novel” or changing “no method does
X” into “whether a method can do X remains unknown” does not resolve the prior-work error. The
text must make the established provenance clear. An identifiable citation connected to the mechanism
can suffice; spelling out a full title in every paragraph is not required. The verb “propose” alone is
not proof of an ownership claim.

Relocating novelty to covered content. If the evidence establishes both a trigger X and controller
Y, crediting X while claiming Y as a new mechanism still leaves a contribution problem. A change of
name, notation, or granularity does not by itself create an extension. A carefully delimited experiment
using Y can remain acceptable when its existing status is acknowledged.

Creating a new contribution error. A revision that removes valid provenance and newly claims
an established mechanism, assigns the mechanism to the wrong source, or introduces an unsupported
priority claim has regressed on contribution positioning. Deleting a redundant citation while retaining
clear correct attribution is not by itself such an error. The decision concerns the final meaning of the
text.

J.3 THREE PERMISSIVE BOUNDARIES

Peripheral empirical language. After the trigger is correctly attributed, a noncentral expectation
such as “this design may improve stability” can remain an empirical hypothesis. Slightly strong
wording can be recorded as a minor technical issue. A guarantee or a supposed established advantage
used to support the main contribution warrants stricter scrutiny.

An unresolved but honestly framed Y. If the excerpt cannot establish whether a proposed con-
troller is covered, use unclear. The proposal can still pass contribution repair if it treats the
controller as a testable implementation choice rather than certified novelty. No global originality
proof is required. The qualifier “we will test” does not excuse a false statement that D lacks a
component it explicitly includes.

A separate technical imperfection. A noncentral baseline description, local terminology issue,
or numerical error can be recorded separately after contribution ownership has been repaired. If the
same error is used to justify a supposed new distinction, it also affects contribution repair. Severe
removal of the research plan is captured in preservation and the final repair outcome.

J.4 EVALUATE X, Y, REMAINING PROBLEMS, AND PRESERVATION

For the original and revised text, record whether substantive contribution revision is required. At-
tribution of X is correct, partial, incorrect, unclear, or not applicable. Partial attribution means that
meaningful credit is supplied but another important passage retains a conflicting ownership claim.

Record whether Y is proposed and give its shortest faithful description. A positive covered by d
requires evidence of substantive coverage. not covered by d requires affirmative support for the
stated distinction being outside D’s scope; it cannot be assigned solely because a truncated excerpt
omits it. Otherwise use unclear. No Y uses not applicable.

Record remaining unsupported novelty and any new contribution error separately. A known error
repeated from the original is a remaining error; it is not automatically a new one. other_tech
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nical_issue describes technical issues present in the final text, not necessarily introduced by
revision. It therefore cannot establish a rate of newly caused technical errors.

Assess preservation separately for the research question, method, and evaluation plan. Replacing
“we introduce X” with “we adopt X from D and evaluate Y” can preserve all three. Removing
the method to avoid an overclaim does not. If the original contains no usable evaluation plan, use
original unavailable; this is not evidence of deletion by the reviser.

J.5 UNCHANGED, TRUNCATED, AND DAMAGED OUTPUTS

An unchanged original can remain acceptable if it had no contribution problem. It remains unrepaired
if it had a known problem. A partial truncation need not make the entire item unjudgeable when
the relevant contribution and method can still be evaluated; the unavailable component is labeled
separately. An empty, corrupted, or substantively unreadable proposal receives unjudgeable and
cannot become a low-novelty success.

J.6 FINAL OUTCOME CATEGORIES

Table 32: One final contribution-repair label per task.

Label Meaning

successful repair An original substantive contribution problem is resolved, with no new
substantive contribution error and useful research content retained.

partial repair A meaningful contribution correction occurs, but an important contribution
problem remains.

no repair The central contribution problem is essentially unchanged.
original_already_acc
eptable

The original needed no substantive contribution repair, and the revision
preserves that acceptability.

regressed Revision introduces a new substantive contribution error or causes serious
loss of useful research content.

unclear The supplied evidence cannot settle the outcome.
unjudgeable The text does not permit a meaningful outcome judgment.

Successful contribution repair and a separately recorded technical issue can coexist. An error affecting
the claimed remaining contribution or operational research plan enters the corresponding contribution
or preservation judgment.

J.7 JSONL OUTPUT CONTRACT

The result is UTF-8 JSONL: one complete JSON object per anonymous task, on one physical line,
with no comments, Markdown fences, or surrounding prose. IDs are copied from the task rather than
invented. All fields below are required. Evidence arrays contain verbatim source quotations; use an
empty array when no quotation is available. Explanatory fields are written in English. Do not include
method or treatment guesses.

Local aliases and source-file line numbers are bookkeeping fields. They can differ across exports
and are not reliable cross-method join keys. The task-to-source map supplies the stable identity for
pairing.

Table 33: Allowed categorical values in the repair-evaluation JSONL.

Field Allowed values

Original contribution-revision
need

yes, no, unclear, unjudgeable.

Revised contribution-revision
need

yes, no, unclear, unjudgeable.

x attribution correct, partial, incorrect, unclear, not applicable.

Continued on next page
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Table 33 (continued)

Field Allowed values

has y yes, no.
y vs d covered by d, not covered by d, unclear, not applicable.
Unsupported novelty remains yes, no, unclear.
New contribution error yes, no, unclear.
Other technical issue no, minor only, yes, unclear, unjudgeable.
Research-question and
method preservation

preserved, partially preserved, lost, unclear.

Evaluation-plan preservation The preservation values above, plus original unavailable.
repair outcome The seven final categories defined above.

The exact JSON field names, identifiers, explanations, and quotation arrays appear in the com-
plete example and the distributed schema. If has y is no, y text is empty and y vs d is
not applicable. Uncertainty about an honestly bounded Y is compatible with a successful
repair. A new substantive contribution error is incompatible with successful repair. An
original that was already acceptable cannot be counted as a newly successful repair.

J.8 COMPLETE CONSTRUCTED OUTPUT EXAMPLE

The following example is illustrative only and is not included in the study counts. It is displayed
across lines for reading; the distributed example JSONL stores the entire object on one line. The
quotation strings are from this constructed example, not from a real paper.

{
"anonymous_task_id": "EXAMPLE_DO_NOT_LABEL",
"original_file_line": 1,
"original_alias": "O_EXAMPLE",
"evidence_unit": "D_EXAMPLE",
"original_contribution_revision_needed": "yes",
"original_reason": "The original claims to introduce a trigger
established by the supplied prior.",
"revised_contribution_revision_needed": "no",
"x_attribution": "correct",
"has_y": "yes",
"y_text": "A comparison of controller settings under a fixed retrieval
budget.",
"y_vs_d": "unclear",
"unsupported_novelty_claim_remains": "no",
"new_contribution_error": "no",
"other_technical_issue": "minor_only",
"technical_issue_note": "A peripheral stability expectation should
remain a hypothesis.",
"research_question_preservation": "preserved",
"method_preservation": "preserved",
"evaluation_plan_preservation": "preserved",
"repair_outcome": "successful_repair",
"original_evidence": ["We introduce a new uncertainty-triggered
retrieval mechanism."],
"revised_evidence": ["We adopt the uncertainty-triggered mechanism from
D and will compare controller settings."],
"d_evidence": ["Our method retrieves when the model uncertainty exceeds
a threshold."],
"new_issue_evidence": [],
"preservation_note": "The trigger, controller comparison, and
evaluation plan remain concrete.",
"final_rationale": "The target receives credit and the controller is
retained as a test rather than established novelty."

}
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J.9 FORMAL ANNOTATION RECORD

The rubric was established after the 90-item pilot and discussion. Five formal annotators then labeled
the 1,080 shuffled items once each. The resulting records retain the categorical outcomes and evidence
fields used in the reported analyses.

J.10 INDEPENDENT FINAL-TEXT-ONLY ROBUSTNESS ANNOTATION

This post-hoc robustness annotation is deliberately narrower than the formal original–revision evalua-
tion above. It evaluates only the contribution state of a final proposal. Reviewers are not asked to
reconstruct whether the source originally needed repair, to compare revision quality, or to identify
which revision method produced the text. The fixed sample contains one selected source from
each Study 3 seed and both corresponding final outputs from Retrieve-and-Revise and RINI. Pair
membership is retained only for record matching and reviewer assignment; it does not reveal the
expected judgment.

The primary field, final contribution revision needed, has three values. yes denotes
a substantive remaining contribution-attribution or novelty-positioning problem that would require
changing the claim, attribution, or stated distinction from prior work. no denotes no such substantive
problem within the supplied target and decisive-prior evidence; it does not certify global novelty.
unclear is used when the supplied evidence or final text is insufficient for a reliable yes/no decision.
Each reviewer must read the complete final proposal, quote exact supporting passages, and provide a
short rationale. The issued instructions are reproduced below.

The aggregation rule is applied after annotation and is not shown to reviewers. For an item reviewed
by both reviewers, the source-level label is no only when both judgments are no; any yes judgment
yields source-level yes; and if there is no yes but at least one unclear, the source-level label is
unclear. An item reviewed once retains its single label. This conservative rule is used only to form
the 30-source-per-method summary reported in Appendix H.8.

ANNOTATOR INSTRUCTIONS

Your task is to assess the contribution claims in the final version of a
research proposal. Read the complete final_proposal_text independently
and evaluate it using target_contribution and the supplied decisive_prior
evidence. Assess the final proposal as it stands. Do not assess whether
an earlier version needed revision or compare the quality of revision
methods.

Materials provided for each task:
- item_id: the identifier of this final proposal. Preserve it exactly in
your submission.
- pair_id: a source-pair identifier used for record matching. Preserve it
exactly if it is provided; otherwise the annotation system will attach
it. It provides no information about the correct judgment.
- target_contribution: the target contribution whose attribution and
novelty positioning should be checked.
- decisive_prior.title and decisive_prior.paper_id: the title and
identifier of the prior paper used for comparison.
- decisive_prior.evidence_excerpt: the prior-paper evidence excerpt
actually used in the original experiment.
- final_proposal_text: the complete final proposal, which you must read
from beginning to end.

CORE QUESTION
Does this final proposal still require a substantive revision to its
contribution claims?

Set final_contribution_revision_needed to exactly one of the following
values:

yes
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The final proposal still contains a substantive problem with contribution
attribution or novelty positioning. Examples include claiming as its own
new contribution a target mechanism or combination that the supplied
evidence shows was already established by the prior paper; citing the
prior paper while still making a materially misleading claim such as "the
first," "unlike prior work," or "the prior paper lacks this mechanism";
or renaming, rephrasing, or recombining material into a combination
already covered by the prior paper and presenting it as new. Use yes when
resolving the problem requires changing a contribution claim,
attribution, or the stated distinction from prior work.

no
Within the supplied evidence, the final proposal clearly and accurately
credits the prior paper and positions its own work as a research plan,
reuse, replication, application, validation, or a specific distinction
supported by the evidence. It does not continue to claim an established
contribution as its own new contribution. A citation, the use of a known
technique, or wording such as "we propose" or "we adopt" does not
determine the answer by itself; read the context to identify the actual
contribution claim. Wording, formatting, or general technical-quality
issues do not warrant yes unless they materially affect contribution
attribution or novelty positioning. A no judgment means that you found no
contribution problem requiring substantive revision within the supplied
materials; it does not establish novelty across the entire research
literature.

unclear
The available evidence is insufficient, the contribution positioning is
materially ambiguous, or the text is damaged in a way that prevents a
reliable yes or no judgment. A detail absent from the excerpt is not
necessarily absent from the full prior paper or other literature. If the
judgment depends on a distinction that cannot be verified from the
supplied materials, identify the missing evidence and use unclear. Do not
guess to force a yes or no answer.

READING AND EVIDENCE REQUIREMENTS

1. Read the complete final proposal, including relevant claims in the
problem statement, method, contribution discussion, and evaluation plan.
Do not assess only the contribution section or rely on keyword matching.
2. The target contribution is a focus for checking, not an assumption
that the proposal is wrong. Base your judgment on the final text and the
supplied evidence.
3. One citation does not automatically make all subsequent novelty claims
correct. Conversely, ordinary research hypotheses, expected experimental
outcomes, and clearly attributed reuse of existing techniques are not
automatically contribution errors.
4. Include one to three short verbatim quotations from
final_proposal_text. When relevant, include one to two short verbatim
quotations from decisive_prior.evidence_excerpt. Explain how they support
your judgment. Copy quotations exactly from the corresponding fields; do
not present paraphrases as quotations or invent missing text. For
unclear, you may leave the relevant quotation array empty if no
supporting passage can be located, but explain what is missing in your
reason.
5. In reason, write two to four sentences explaining the proposal's
contribution claim, its relationship to the supplied prior-paper
evidence, and why substantive revision is or is not needed. For no,
explain why the contribution attribution and positioning are sufficiently
clear.
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6. Do not consult the original proposal, previous labels, method
information, internal audits, or another annotator's judgments. Do not
search for additional literature. Use unclear when the supplied materials
are insufficient. If you encounter another final proposal derived from
the same source, judge each text independently; you do not need to choose
a winner or give them different labels.
7. If the interface fails to display the complete final text, report the
problem and wait for the full text to be restored before submitting. Set
full_text_read to true only after reading the complete displayed
proposal.

FINAL SUBMISSION FORMAT

Submit a UTF-8 JSONL file with one valid JSON object per evaluated item,
on one line. Do not submit a JSON array, Markdown code fences, extra
tables, or explanations outside the JSONL records. Use the reviewer_id
assigned by the organizer, either reviewer_01 or reviewer_02,
consistently throughout your submission.

Every record must contain exactly these fields:

{
"item_id": "Copy the task's item_id exactly",
"pair_id": "Copy the task's pair_id exactly, or retain the value
attached by the system",
"reviewer_id": "Use your assigned reviewer_01 or reviewer_02
identifier",
"full_text_read": true,
"final_contribution_revision_needed": "Use exactly one value: yes, no,
or unclear",
"proposal_quotes": ["A short verbatim quotation from
final_proposal_text"],
"evidence_quotes": ["A short verbatim quotation from
decisive_prior.evidence_excerpt"],
"reason": "Two to four sentences explaining your judgment"

}

This is a field template, not a completed answer to copy literally.
Replace the placeholder strings with actual identifiers, your selected
label, exact quotations, and your reason. In the submitted file, write
each complete object on a single line. Escape any line breaks inside
strings using valid JSON syntax. proposal_quotes and evidence_quotes must
be arrays of strings; they may be empty for unclear under the evidence
rules above. full_text_read must be the JSON boolean true, not the string
"true".

Before submitting, confirm that you have read every assigned final text
in full; submitted each assigned item_id once under your reviewer_id;
preserved the correct pair_id; used only yes, no, or unclear; copied
quotations exactly from their corresponding fields; and omitted method
names, judgments about the original proposal, previous labels, internal
audits, and speculation about another annotator's decisions.
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K HUMAN PREPARATION HANDOUTS

The following preparation handouts retain the issued task wording, response categories, examples,
and decision rules used for seed vetting, evidence curation, and qualification. Formatting and line
wrapping are adjusted for the page.

K.1 NEUTRAL SEED VETTING

# Neutral Seed Vetting

Judge the seed as written, without searching for prior work. Do not
assess whether the idea is novel.

Fill every labelled column on every row. Allowed values:

- `scope_fit`: `borderline` / `in_scope` / `out_of_scope` - Is this a
coherent ML research problem, in scope for an ICLR-level study?
- `specificity`: `needs_tightening` / `specific` / `too_broad` - Is the
method direction technically specific enough to act on?
- `auditability`: `auditable` / `borderline` / `not_auditable` - Could
later evidence curation audit claims made from this seed?
- `source_support_judgment`: `not_applicable` / `partial` / `strong` /
`weak` - How well does the stated problem support the method direction?
- `duplicate_or_redundant`: `no` / `yes` - Is this seed a duplicate or
near-duplicate of another in the packet?
- `review_confidence`: `high` / `low` / `medium` - Your confidence in this
row's judgments.
- `unprimed_by_generation`: `no` / `uncertain` / `yes` - Does the seed
read as neutral - NOT already leaning toward novelty, firstness,
retrieval-boundary, or prior-work language? Answer no if it primes any of
those.
- `review_decision`: `accept` / `reject` / `revise`

Decision rules (the intake enforces these):

- `accept` must not contradict your own labels: a seed marked
`duplicate_or_redundant: yes`, `scope_fit: out_of_scope`, `auditability:
not_auditable`, or `unprimed_by_generation: no` cannot be accepted.
- `revise` requires a concrete rewrite in `revised_problem` and/or
`revised_method_direction`.
- `reject` requires a `rejection_reason`.
- `reviewer_notes` / `human_notes` are free text; use them for any
`revise` or `reject`.

Do not edit the `source` column or any other pre-filled column.

The first data row of `neutral_seed_vetting.csv` is a completed example
whose `annotation_id` starts with `EXAMPLE_DO_NOT_LABEL`. Do not edit it.
It may remain in the returned file because the intake pipeline excludes
it automatically from coverage, agreement, adjudication, and analysis.
The separate example CSV is a read-only duplicate for quick reference.

K.2 EVIDENCE CURATION: FIRST ISSUED ROUND

# Evidence Curation -- Protocol (this task only)

You are choosing the evidence for one research seed at a time. Each row
is
one seed: a `problem` and a `method_direction`. The candidate papers for
that row are listed by opaque id in `CANDIDATES.md`, with their text in
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`CANDIDATES.json`. You will not be told which paper is which; judge only
what is in front of you.

## What the decisive prior is

The candidate that already covers the seed's central technical move. Not
"related", not "same area": if this paper is on the desk, the seed's
method
direction is no longer new. Name that move in `technical_slot` (a few
words), say why in `decisive_rationale`, and paste the sentence that caps
it into `decisive_verified_span`.

`decisive_verified_span` must be copied VERBATIM from that candidate's
text
-- the same characters, no ellipsis, no paraphrase, no re-typing from
memory.
Any sentence listed under the candidate in `CANDIDATES.md` qualifies as
it
stands; so does any passage of its sections in `CANDIDATES.json`, which
is
where to look for a sentence the list does not show. A span from anywhere
else cannot be verified and the row will be refused.

## What the hard negative is

A candidate on the SAME topic that does NOT cover the technical slot. It
should be tempting and wrong: a weak, off-topic pick makes the study's
control arm trivially easy, and a pick that arguably does cover the slot
makes it trivially hard. Paste a verbatim span into
`hard_negative_verified_span`, write the one-line
`hard_negative_covering_sentence` naming what it WOULD have to say to
cover
the slot, and explain in `hard_negative_rationale` why it does not.

## The control documents

- `chosen_filler_id` -- one neutral filler from the filler list.
- `chosen_placebo_id` -- one cross-topic paper from the placebo list.
- `chosen_background_ids` -- copy EVERY id in that row's

`background_candidate_ids`, separated by spaces. The list already holds
exactly the number of background ids an included row needs, and the
completed example shows the same number; if a background candidate is
unusable, exclude the seed rather than shorten the list.

The candidates within each list are in a shuffled order that is fixed per
packet; position carries no information about how the machine ranked
them.

## Disposition

- `disposition`: `included_evidence_eligible` /
`excluded_not_evidence_eligible` - include only when you found BOTH a
decisive prior and a hard negative you would defend.

When you exclude, leave every chosen id and span empty and put one of
these
in `exclusion_reason`:

| reason | when |
| --- | --- |
| no_decisive_evidence | no candidate covers the slot |
| no_valid_hard_negative | no same-topic non-covering candidate |
| insufficient_candidate_pool | the pool is too thin to judge |
| role_collision_or_duplicate | one paper would fill two roles |
| cutoff_violation | the only decisive candidate is too recent |
| verified_span_unavailable | no readable text to quote from |
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| context_budget_failure | the span cannot be shown in context |

A row that proposes `verified_span_unavailable` in `CANDIDATES.md` is a
machine suggestion, not a decision: confirm or overrule it.

## Rules

1. Work alone. Do not discuss rows with other curators or view their
answers.
2. Do not use generative AI or any other assistance to choose or write
answers.
3. Do not look the candidates up. Judge the text in the packet.
4. The first data row is a completed example (`EXAMPLE_DO_NOT_LABEL`); do
not edit it.
5. Do not edit any column other than the answer columns named above.
6. When finished, fill `attestation.template.json` as `attestation.json`
-- see `ATTESTATION_REQUIRED.md`.

K.3 EVIDENCE CURATION: SECOND ISSUED ROUND

# Evidence Curation -- Protocol (this task only)

You are choosing the evidence for one research seed at a time. Each row
is
one seed: a `problem` and a `method_direction`. The candidate papers for
that row are listed by opaque id in `CANDIDATES.md`, with their text in
`CANDIDATES.json`. You will not be told which paper is which; judge only
what is in front of you.

## What the decisive prior is

The candidate that already covers the seed's central technical move. Not
"related", not "same area": if this paper is on the desk, the seed's
method
direction is no longer new. Name that move in `technical_slot` (a few
words), say why in `decisive_rationale`, and paste the sentence that caps
it into `decisive_verified_span`.

`decisive_verified_span` must be copied VERBATIM from that candidate's
text
-- the same characters, no ellipsis, no paraphrase, no re-typing from
memory.
Any sentence listed under the candidate in `CANDIDATES.md` qualifies as
it
stands; so does any passage of its sections in `CANDIDATES.json`, which
is
where to look for a sentence the list does not show. A span from anywhere
else cannot be verified and the row will be refused.

## What the hard negative is

A candidate on the SAME topic that does NOT cover the technical slot. It
should be tempting and wrong: a weak, off-topic pick makes the study's
control arm trivially easy, and a pick that arguably does cover the slot
makes it trivially hard. Paste a verbatim span into
`hard_negative_verified_span`, write the one-line
`hard_negative_covering_sentence` naming what it WOULD have to say to
cover
the slot, and explain in `hard_negative_rationale` why it does not.

## The control documents

- `chosen_filler_id` -- one neutral filler from the filler list.
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- `chosen_placebo_id` -- one cross-topic paper from the placebo list.
- `chosen_background_ids` -- copy EVERY id in that row's

`background_candidate_ids`, separated by spaces. The list already holds
exactly the number of background ids an included row needs, and the
completed example shows the same number; if a background candidate is
unusable, exclude the seed rather than shorten the list.

The candidates within each list are in a shuffled order that is fixed per
packet; position carries no information about how the machine ranked
them.

## Disposition

- `disposition`: `included_evidence_eligible` /
`excluded_not_evidence_eligible` - include only when you found BOTH a
decisive prior and a hard negative you would defend.

When you exclude, leave every chosen id and span empty and put one of
these
in `exclusion_reason`:

| reason | when |
| --- | --- |
| no_decisive_evidence | no candidate covers the slot |
| no_valid_hard_negative | no same-topic non-covering candidate |
| insufficient_candidate_pool | the pool is too thin to judge |
| role_collision_or_duplicate | one paper would fill two roles |
| cutoff_violation | the only decisive candidate is too recent |
| verified_span_unavailable | no readable text to quote from |
| context_budget_failure | the span cannot be shown in context |

A row that proposes `verified_span_unavailable` in `CANDIDATES.md` is a
machine suggestion, not a decision: confirm or overrule it.

## Rules

1. Work alone. Do not discuss rows with other curators or view their
answers.
2. Do not use generative AI or any other assistance to choose or write
answers.
3. Do not look the candidates up. Judge the text in the packet.
4. The first data row is a completed example (`EXAMPLE_DO_NOT_LABEL`); do
not edit it.
5. Do not edit any column other than the answer columns named above.
6. When finished, fill `attestation.template.json` as `attestation.json`
-- see `ATTESTATION_REQUIRED.md`.

K.4 KNOWN-PERTURBATION QUALIFICATION

# Known-Perturbation Qualification -- Protocol (this task only)

Each row shows two claims, **A** and **B**, that differ only in how
strongly
they assert novelty. Judge which claim carries more **unsupported novelty
burden**: how strongly it asserts that its contribution is new, beyond
what
the claim itself substantiates. "We are the first to do X" carries high
burden; "We adapt established techniques to do X" carries low burden.
Judge
the assertion, not whether X is actually novel.

Fill `observed_direction` with exactly one of:
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| If you judge | observed_direction |
| --- | --- |
| A carries more burden than B | `left_gt_right` |
| B carries more burden than A | `left_lt_right` |
| the two are substantively equal | `equal` |
| the displayed text cannot settle it | `unclear` |

Left is A, right is B, and *greater* means *more unsupported novelty
burden*.

Worked example -- A: "We are the first to calibrate sim-to-real
transfer."
B: "We adapt established techniques to calibrate sim-to-real transfer."
A asserts priority, B disclaims it: `left_gt_right`.

Do not force a direction: `unclear` is a real answer, and a forced guess
is
worse than an abstention. Do not count words or compare lengths; the
order of
A and B is random and carries no information. Some pairs are paraphrases
that
carry the same burden -- `equal` is the right answer for those.

## Rules

1. Work alone; do not view anyone else's answers.
2. Do not use generative AI or any other assistance to choose or write
answers.
3. The first data row is a completed example (`EXAMPLE_DO_NOT_LABEL`); do
not edit it.
4. Edit only `observed_direction` and `human_notes`.
5. When finished, fill `attestation.template.json` as `attestation.json`
-- see `ATTESTATION_REQUIRED.md`.
6. Do not open the study repository, its manifests, blinding maps or
answer keys while this packet is open; work from the archive you were
given and nothing else.

This packet qualifies you for the later rating tasks. It is short (60
rows)
and is scored against directions known by construction.
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