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Abstract

Agents improve quickly against a reliable automatic metric and stall without one,
and the applications that need them most, report generation among them, are the
ones nobody knows how to score. Can the metric write itself? Saying what makes
an answer good is hard; pointing at something wrong with one is easier, so the
metric we evolve is a pool of small Python operators that each flag a candidate
for one named defect, or abstain, and vote. Asking a model for operators directly
does not work: 183 candidates realise only 96 distinct behaviours, from one narrow
region of an enormous space. EvalCEGAR instead borrows counterexample-guided
abstraction refinement from program verification. It reads the pool as an abstraction
and searches for a collision, two answers the operators score identically, one correct
and one not. That pair, not a prompt, is the authoring request, and when a collision
defeats every attempt the loop widens what an operator may read rather than
resampling. On MBPP+ and HumanEval+, whose hidden unit tests give exact
ground truth, six of eight runs admit an operator and all six help on 428 unseen
tasks, 4 of them significantly, at a median +0.0029 and a best +0.0065: 55 lines of
Python closing 15.4% of the gap between flagging nothing and a perfect filter, at a
quarter of our best hand-written operator’s flags. On the benchmark the loop never
saw, the best of them matches that operator’s effect exactly at a third of its flags.
Our 15 hand-written operators applied together as one filter lose accuracy. An LLM
judge on the same information ties that delta on a nearly disjoint set of candidates,
and charges a model call per candidate forever where the operator charges none.

1 Introduction

A self-improving system needs a metric before it needs a policy. Given a reliable automatic metric,
LLM agents improve rapidly against it: self-refinement, self-debugging and reflective loops all
assume a signal separating better answers from worse [13, 20, 5]. Without one, progress stalls,
and the substitutes are weak: reference overlap misses semantics by construction [16, 10], and an
LLM judge carries position, verbosity and self-preference biases that belong to the judge, not the
answer [24, 21]. This bites hardest on open-ended output, a report or a plan, where there is neither a
reference answer nor a settled account of what a good one looks like.

This paper asks whether the metric can be evolved automatically. What we evolve is not a score but a
pool of operators: small Python functions that each read a task and one candidate answer and either
flag it for one specific defect, pass it as clean, or abstain. A pool becomes a metric by voting: a
candidate is rejected when enough members flag it. This form follows an asymmetry that survives
the absence of a reference: saying how good an answer is needs a standard nobody has written down;
pointing at something wrong with it usually does not. Each operator states one such objection, so it
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can be read, run and falsified on its own, and the pool’s validity is a measured property rather than an
assumed one: every member had to earn its place on a downstream decision before it joined.

What our first runs showed. We first ran the obvious loop: ask the model for an operator, keep it
if a gate accepts it, repeat. It stalls in two ways, and we take both as the problem statement. Obstacle
1: the space of operators is enormous, and a model asked for “an evaluation operator” samples a
tiny, fixed region of it. Resampling does not move that region: scoring all 295 operators the study
authored at that narrow interface yields no discovery at all (Section 5.2). Obstacle 2: what it does
write repeats itself behaviourally, and most of it is rejected. Five runs produced 183 operators that
flag anything, realising only 96 distinct flag sets (Section 6). A rejection teaches nothing either: the
loop learns that a candidate failed, not which distinction it failed to draw.

Our approach. We borrow a discipline from program verification: counterexample-guided abstrac-
tion refinement sharpens an abstraction only when a concrete counterexample proves the current
one too coarse [7]. The operator pool is that abstraction, mapping each candidate answer to a
signature, the vector of verdicts the pool returns for it. Two answers with the same signature are
indistinguishable to the metric, so a pair sharing one while disagreeing on ground truth proves the
metric cannot express the distinction. EvalCEGAR hands that pair to the model as the specification.
Each admission re-partitions the signatures, so the next specification differs by construction: the
target, not the sampler, supplies the diversity pressure (Obstacle 2). When a pair defeats every attempt,
the loop widens the interface an operator may read rather than sampling again, since a distinction the
interface cannot see is unreachable at any sample count (Obstacle 1). An operator is admitted only
if it improves the decision the metric is deployed to make, not if it covers more known faults, and
admitted operators vote.

Why we validate on code. The motivation is domains without a usable metric, yet every number
here comes from a domain that has an exact one: Python problems from MBPP+ and HumanEval+ [1,
4, 11], whose hidden unit-test suites settle correctness outright. A method that writes metrics cannot
be evaluated where the truth is unknown, so we build it where the truth is known and withheld. The
operators are domain-specific by construction, so a new domain inherits the loop, not this pool. What
transfers is narrow but checkable: the operators never read the oracle, four screens enforce that they do
not reconstruct one (Appendix B), and oracle labels enter only on the training split, at a price a human
labeller can pay: of our 75 training tasks only 10 carry both a correct and an incorrect candidate that
survive the visible checks, and that was enough to admit operators that transfer (Appendix C).

Contributions.

• EvalCEGAR. A loop that evolves an evaluation metric from its own blind spots, the
authoring request being a counterexample it finds for itself (Section 4).

• Operators that hold up out of sample. Six of eight runs admit an operator and all six
help on 428 unseen tasks; the best is 55 lines of Python and matches our best hand-written
operator on a second benchmark at a third of its flags, where a model judge on the same
information ties it while flagging a near-disjoint set (Section 5.1).

• What each mechanism is worth. Ablated inside the loop on identical information: the
admission question alone moves admissions from zero to one, and the narrow interface
admits nothing in 336 attempts (Section 5.2).

• Composition solved exactly, not searched. Scoring all 2.3M subsets the loop can compose
ranks the objective it used to combine them as low as the 5th percentile of that space, and a
class-weighted one, chosen on that same space, at the 91st or above (Section 5.3).

2 Related work

Automatic evaluation of open-ended output. Both substitutes above have been sharpened without
changing shape: learned metrics replace overlap counting with a model’s own similarity judge-
ment [23], and judge frameworks hand the judge explicit criteria to fill in [12], refined by decompos-
ing coarse ones and filtering the redundant [19]. The output is still a single scalar whose parts a reader
cannot separate. EvalCEGAR produces a different object, a pool of small, executable, individually
falsifiable objections. A pool can gain or lose one without retraining, which is what makes a metric
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of this form evolvable. We compare against both kinds: the judge ties us on the endpoint while
dissenting on which candidates to drop (Section 5.1), so the claim is about how a checkable metric is
produced, not about beating a scalar.

LLM-driven program search and CEGAR. FunSearch evolves programs against a given evalua-
tor [18], and automated agent design searches agent code against a given benchmark [9]. Ours is the
complement: with the evaluator itself as the artefact there is no fixed fitness function, so the design
problem moves from how candidates are mutated to what a candidate must prove before it is kept.
Closest in output are methods that induce executable checks with an LLM and combine them, either
into a compact set of Python verifiers whose joint satisfaction approximates a labelled objective [17]
or into an unweighted vote over model-written yes/no questions [8]. Those search for checks that
predict a label; we search for the counterexample showing the current ones cannot, and admit on the
deployed decision instead. We run that recipe as a baseline (Section 5.2). CEGAR is a verification
technique [7]; to our knowledge its transfer to metric synthesis is new (Section 4).

Diversity and test generation. Quality-diversity search keeps a population from collapsing by
maintaining an explicit archive of behaviours [15]; our diversity pressure comes instead from re-
partitioning the target after each admission, and Section 6 measures what that does not buy. Nor is
this test generation: a property-based tester needs a property to falsify [6] and differential testing
needs a second implementation [14], and our setting supplies neither.

3 Preliminaries

Tasks and data. Every task is a Python programming problem from MBPP+ or HumanEval+ as
distributed by EvalPlus [11], whose hidden test suite is the exact oracle. It labels the training samples
the loop targets and admits on, and nothing but the scoring script reads it anywhere else. A task
statement also shows a few example calls with their expected results, which the solver sees too; we
call these the visible checks, and they are not held-out information. We drew 150 MBPP+ tasks, split
75 to run the loop on and 75 held out, and added the 228 remaining MBPP+ tasks and 125 of the 164
HumanEval+ tasks to the held-out side.2 Results are reported on those 428 unseen tasks as MBPP+
held-out (75), MBPP+ additional (228) and HumanEval+ (125), the only group from a different task
distribution.

Selection accuracy. For each task t we sample many model solutions and let V (t) be those that
pass the visible checks, duplicates included: the candidates a deployed system would plausibly accept,
so the faults that matter are the ones surviving them. A metric must choose among them. It drops
from V (t) what it flags, leaving the kept set K(t), and one sample is drawn uniformly from K(t), or
from V (t) if the metric flagged everything. Selection accuracy is the probability that this sample is
correct, averaged over tasks; ∆ always means its change against the metric that flags nothing.

Decidability and headroom. A task is decidable only if V (t) holds both a correct and an incorrect
sample; on any other task the drawn sample’s correctness is settled whatever the metric does. Only
58 of the 428 held-out tasks are decidable at our sampling depth, so selection accuracy over all 428
runs from 0.7170, when nothing is flagged, up to 0.7593 for a perfect operator. Absolute ∆ values
are small for that reason, so we also report each as a fraction of that reachable range, the headroom.
The endpoint is also recall-dominated: a flagged correct sample merely leaves the kept set, while a
caught incorrect one changes what remains to draw from.

What we compare against. Before building the loop we wrote 15 operators by hand, ten static
checks on the candidate’s syntax tree and five that run it. They are the pool the loop starts from
and, applied together as one filter, our human baseline. Our strongest single hand-written operator,
called the comparator throughout, flags a candidate whose behaviour disagrees with the plurality
of the other samples for its task. The second baseline is an LLM judge, asked one question per
candidate given exactly a level-1 operator’s information, in four configurations over two models and
two prompts (Appendix J).

2HumanEval+ statements contain no asserts, so its visible checks are synthesised from the docstring examples; we keep the
125 tasks that yield at least one such check the reference solution passes.
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operator pool
P, the current

metric vocabulary

find a blind spot
a class the pool
cannot separate

author
one LLM call; spec
is a fault class

admit
on the deployed

decision, not recall

compose
>=2-of-k vote,
class-weighted

deployed
metric: k small

executable checks

admission re-partitions the signatures, so the next request has moved

escalation: after r_max level-1 failures the SAME
target moves to the wider interface, not resampled

only the blind-spot search and admission read
oracle labels, and only on the training split

the blind spot that starts a round

candidate o1 o2 o3 signature oracle label (train split)

c_i 0 1 0 (0,1,0) correct

c_j 0 1 0 (0,1,0) INCORRECT

two survivors of the same task t, both passing the visible checks
each column is one operator's verdict: 1 = flag, 0 = clean
Identical signature, disagreeing labels: the pool provably
cannot express this distinction. The request is therefore not
"write an evaluation metric" but "catch faults like c_j".

A target that survives both interfaces is abandoned; when
all are, the language itself, not the author, is the limit.

the two interfaces escalation moves between

level 1 op(task, code)
-> flag | clean | abstain

level 2 op(task, code, ctx)

peers the candidate population
observe run it, under a budget
visible_ok who passes the asserts
suggest_inputs generated probe inputs
n_specified outputs the task pins

Level 2 changes the coordinates; sampling cannot.

Figure 1: EvalCEGAR. The authoring request is a blind spot: answers the pool maps to one signature while
ground truth disagrees (left). Admission re-partitions the signatures, so the next request has moved, and a blind
spot that resists level 1 escalates (right) rather than being resampled.

The model that writes operators. One frozen model (Claude Opus 4.7, no fine-tuning and no
gradient update anywhere in this work) emits operator source code, at 47–48 calls per run under a
60-call ceiling across 8 rounds. The faulty candidates its operators are judged on come from weaker
models (Llama 3.1 8B Instruct and Claude Haiku 4.5, with Amazon Nova Micro and Mistral 7B
Instruct added for the deeper draw of Section 6), so the model that writes bad code never wrote the
operators that judge it. What EvalCEGAR ships, the operator pool and its vote, is pure Python with
no inference-time model call.

Keeping the loop honest. Four screens reject an authored operator before the gate sees it, each
closing a way an earlier round of this work reconstructed the oracle by accident: deciding from
the candidate’s syntax without running it, keying on a constant the fault generator happens to emit,
branching on prompt keywords, and reaching a flag by text match while executing the candidate
elsewhere. None fires on any of the 15 hand-written operators, so they are not a ban on ordinary
detectors (Appendix B). Every ∆ is tested against a size-matched shuffle null: per task the operator’s
own flag count is redrawn from that task’s own samples, so the null fixes how much it flags and
randomises only where the flags land. That licenses “this rule beats flagging nothing” but not “rule A
beats rule B”, the claim Section 6 reports on, and multiple comparisons carry a Bonferroni correction
within a family of related tests and a Benjamini–Hochberg one across a screen of many [2]. And
registered means the prediction was written down before the script that tests it existed.

4 Method

In one sentence. Find two candidate answers the current pool scores identically, one correct and
one incorrect; ask the model for an operator that catches faults of that kind; widen what an operator
may read when the request proves unreachable; and admit on whether the deployed decision improves.
Figure 1 is the loop and Algorithm 1, in the appendix, one round of it.

Collision targeting. A collision, or blind spot, is a signature class holding both correct and incorrect
candidates, and the largest one in the pool becomes the next target. The colliding pair locates the
request but does not state it: the request covers every training sample that fails in the same way,
because a specification naming two samples is satisfiable by a lookup table (Appendix B). A target
that survives every attempt at both interfaces is abandoned, and once every target has been abandoned
the loop returns an insufficiency certificate for the operator vocabulary: the metric language, not
the author, is the limit. That is what makes a failed run informative: it names the distinction the
vocabulary could not express.
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Table 1: The authored operator against the strongest hand-written one and an LLM judge, on the 428 held-out
tasks and their 2592 samples. % of headroom is ∆ as a fraction of the 0.0424 a perfect operator could add
(Section 3); calls is model requests per candidate scored. ∗best of a family picked by held-out ∆, four judge
configurations and six admissions, so uncorrected for the pick; 0.004 and 0.006 under Bonferroni.

∆ % of headroom p flags calls

hand-written comparator +0.0069 16.3 0.0130 515 0
all 15 hand-written operators as one filter −0.0067 −15.8 n/a 1425 0
LLM judge, best of four configurations +0.0070 16.5 0.0010∗ 158 1
loop-authored operator +0.0065 15.4 0.0010∗ 126 0

Interface escalation. Level 1 is op(task, code). When rmax=3 level-1 attempts fail on a target,
the same target escalates to level 2, op(task, code, ctx), where ctx lets the operator see the
candidate’s peers and run any of them on inputs of its own choosing, under a hard budget of
600 observations per operator call over at most 16 peers (Figure 1, right, and Appendix B). This
changes the coordinates of the search instead of resampling within them: if the useful operator is not
expressible at level 1, no amount of sampling finds it.

Admission on the deployed decision. The final gate is a floor on the decision, evaluated on the
training split: ∆ > 0, at least 3 tasks helped, helped > hurt. It is not a floor on fault-class recall,
which matters more than it sounds: a sparse, precise operator fails a recall floor by construction and
is exactly what the endpoint wants. The recall-gated arm rejected our best operator for covering none
of the 140 known faults the pool still missed (Appendix E).

Composition by error independence. Admitted operators are composed by a vote: a candidate is
flagged when at least m of the k operators in a chosen subset S flag it, with m=2 and k = |S| ≤
Kmax=6 unless stated otherwise. The subset is the one maximising an objective computed on the
labelled training samples alone, with no development split, no tuned threshold and no tie-break, and
unit weights rather than learned ones, since a unit-weight vote is hard to beat when the positive class
is scarce [8]. The objective was originally J = TP− FP over corroborated flags, those on which
the vote fires; Section 5.3 shows J works against deployment and replaces it with TP − λFP at
λ = nTP/nFP read off the training split.

5 Results and analysis

Three questions: whether the metric works on unseen tasks (Section 5.1), what each mechanism
contributes when it is removed (Section 5.2), and how good the composition step is once its whole
search space can be scored exactly (Section 5.3).

5.1 Main result

Table 1 compares single operators. The loop’s is 55 lines of Python and reaches 94.2% of the
comparator’s effect with a quarter of its flags. Its +0.0065 rises to +0.0481 over the 58 decidable
tasks alone (Table 2), and its flags overlap the closest hand-written operator at Jaccard 0.245, against
the >0.84 of this study’s own rediscoveries: a shared idea drawn differently, not a copy. What it
does reads in one sentence: keep the peers that pass the prompt-visible asserts, run them and the
candidate on perturbed inputs, and flag disagreement with the surviving plurality. Every admitted
level-2 operator is a variant of that algorithm, since the loop rewards a new distinction rather than
a new way to draw one (Section 6). The same table holds the contrast that motivates the loop: in a
domain people find easy, the 15 hand-written operators as one filter lose accuracy.

A model judge on the same information. Asked one question per candidate under a level-1
operator’s exact interface, and scored as a metric on the identical endpoint and null, the best of four
judge configurations reaches +0.0070 (Table 1), so we do not claim to beat it. The two flag sets meet
at Jaccard 0.105, 27 flags of 257; each side’s exclusive flags are null alone (+0.0010 at p=0.068,
and −0.0007); and the 27 they agree on are worth +13/−1 tasks, with the union above both parts at
+0.0073. A checkable operator and a model judgement fail on different inputs, so their agreement
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Table 2: Per-pool transfer of the authored operator, each against its own shuffle null (b=1000 resamples).
HumanEval+ differs from the authoring pool in oracle module, prompt style and difficulty, and nothing was
re-tuned. +/− counts tasks helped and hurt; false alarms is the rate at which correct samples are flagged,
authored / hand-written. Per-pool headroom: 0.0392, 0.0429, 0.0433.

pool tasks decidable ∆ p z +/− false alarms

MBPP+ held-out 75 6 +0.0047 0.0400 1.74 +2/−1 0.054 / 0.168
MBPP+ additional 228 34 +0.0038 0.0020 3.38 +8/−4 0.041 / 0.129
HumanEval+ 125 18 +0.0125 0.0010 6.28 +10/−1 0.027 / 0.071

Table 3: The two mechanism ablations, each run inside the loop on its own candidates, over the same three
seeds and the same training-split labels, with only the named component changed. Calls is the model’s authoring
calls per seed, so neither ablation is a starved run.

arm what changes calls admissions

the loop (reference) – 47 / 48 / 47 1 / 1 / 1
recall floor at the gate the admission objective 48 / 48 / 48 0 / 0 / 0
level 1 only, no escalation the interface 48 / 48 / 48 0 / 0 / 0

is a high-precision region neither reaches alone. Cost separates them permanently: 47 authoring
calls and nothing per candidate, against one call per candidate forever, 1762 for a single pass here.
Two asymmetries belong with that comparison: the author model judges at +0.0040, below what it
authors, and both benchmarks are public, so a judge may have memorised solutions where an operator
cannot (Appendix J).

A pool, not one operator. Eight runs differ only in the model’s sampling, so their spread is
EvalCEGAR’s own sampling distribution: 6 of 8 admit an operator, all 6 are positive out of sample
(median +0.0029, range +0.0009 to +0.0065, 4 of 6 individually significant), all 6 are at level 2,
and all four fitting screens are clean on all 6. Table 1’s row is that range’s top, picked on held-out ∆,
and the distribution rather than that row is the result. Across the whole study the gate has admitted 26
operators: on the held-out tasks 25 are non-harmful and 17 are individually significant against their
own nulls, where chance predicts 1.3, at a median of +0.0036. The 15 hand-written operators are
not such a pool: 9 flag anything at all, 5 are non-harmful, and 1 is significant. Admission reads the
training split alone, so this is transfer.

Transfer to an unseen benchmark. Two facts stand out (Table 2). Of 13 rules measured on all
three pools, 12 loop-authored operators and the comparator, this one alone is positive and clears its
own per-pool null on all three, where the comparator reaches p < 0.05 on HumanEval+ alone. And
on HumanEval+, the pool from a different task distribution, it matches the comparator exactly and
beats it on parsimony: the same 10 helped tasks, the same single hurt task and the same +0.0125,
which is 28.8% of that pool’s headroom, with 36 flags against 103. Each pool was first checked to
hold enough decidable tasks for a perfect operator to register, so a zero would mean absence, not
no power. Transfer also holds along a second axis, to 9320 candidates from three generators the
composed rule never saw, at 22.1% of that draw’s headroom against 18.9% here (Appendix H).

5.2 Mechanism ablations

Removing either mechanism stops admission outright (Table 3): each is necessary, not merely helpful.
The narrow-only arm’s failure is not a budget artefact, because level 1’s own ceiling is below chance:
scoring all 295 level-1 operators the study authored on the pooled 503 tasks, with no split and no
selection cost, gives 9 at p < 0.05 against 14.75 expected by chance, so Benjamini–Hochberg returns
no discoveries at a 10% false-discovery rate.

An independent search agrees on where that wall is. Commissioning checks against a balanced
labelled sample and admitting them for predicting the label, as the induction methods of Section 2
do, admits 2 of 48 candidates at level 1, whose +0.0016 does not clear its own null, and 6 of 16 at
level 2 for +0.0054 under a training-only combiner (Appendix J). Two searches sharing nothing but
the interface both fail at level 1 and both work at level 2, which also bounds what the recall-floor
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(a) 26-operator pool
313,911 subsets, every one scored

0

.01

.02

.03

held-out Δ

med

oracle max
C6 98.7%
frozen 91.7%
C7 89.2%

C2 76.2%

C1 56.3%

C5 40.8%

C3 14.5%

C4 1.5%

(b) 35-operator pool
2,007,327 subsets

0

.01

.02

.03

held-out Δ

med

oracle max

frozen 92.1%
C6 91.1%
C7 85.7%

C2 66.2%

C1 42.3%
C5 29.6%
C3 29.5%

C4 0.5%

(c) why: J ranks Δ backwards
within each subset size k, larger pool

corr(J, held-out Δ)
+0.2

0

-0.2

-0.4
2 3 4 5 6

+0.146

-0.338

C1 = J = TP - FP, the original C2 = the endpoint's own formula C3 = per-task capped J

C4 = (TP-FP)/(TP+FP+1) C5 = J - 2k, size-penalised C6 = TP - (n_TP/n_FP) FP, adopted

C7 = label-prediction F1, added after the fact

Figure 2: The composition search space, enumerated. (a,b) Held-out ∆ of every ≥ 2-of-k subset (k ≤ 6) of the
26- and 35-operator pools, as a density, with C1–C7 of Table 4, the frozen rule and the oracle argmax each at its
exact percentile. C7 was added after the fact. (c) Spearman correlation between J and the endpoint within each
subset size on the larger pool: positive only at k=2, so the misalignment is no size artefact.

row claims: an admission objective must not reward coverage, but predictive fit does not fail the way
recall gating does.

The gate ledger. Recording every gate consultation locates that wall exactly. Admission needs
three helped tasks; the narrow interface reaches two and stops there 55 times with no task hurt, and
none of its 124 consultations reaches three, while the wider interface reaches three 6 times and every
one was admitted (Figure 3). The extension does not buy the direction, which the narrow interface
finds easily; it buys generality, the third distinct task. Targeting itself buys candidate viability rather
than admissions: an operator abstains everywhere 34.5% of the time undirected against 2.1% directed
(Appendix D).

5.3 Composition, enumerated

Composition chooses a subset of size at most 6 from the loop’s admitted operators, with no hand-
written operator in either pool. Both pools collect the gate’s admissions across the study’s authoring
arms and seeds, 26 operators and 35, the larger containing the smaller, and they realise 17 and 20
distinct flag behaviours, giving 313,911 and 2,007,327 subsets, small enough to enumerate. We
scored every one on the held-out endpoint through the same code used everywhere else (Figure 2),
so questions previously answered by inference become arithmetic and no p-value appears in this
subsection. Two terms recur: a subset is vacuous when its vote flags nothing, and the oracle argmax
is the best held-out ∆ in the enumeration, an upper bound no training-data rule should reach. Every
result spans four cells: each pool at each of two pinned settings of the peer set a level-2 operator
reads.

The defect. J ranks its own argmax anywhere from the 4.9th to the 85.7th percentile of the space
it searches across the four cells (C1 in Table 4), against an oracle argmax of roughly twice its delta
(+0.0300/+0.0314 against J’s +0.0155/+0.0140), and its within-k correlation with the endpoint
is positive only at k=2, falling to −0.338 by k=6 (Figure 2c). Enumeration also shows the cause is
bias, not variance: refitting on more labelled data converges (16–18 distinct selections at n=210 to
3–5 at n=1195), and it converges below the frozen rule, the subset pinned under an earlier rule of
thumb. So freeze the selection rather than refitting it.

The repair. We registered six selection criteria before running, each computed from the training
split alone (nTP=222 true and nFP=1183 false flags), ranked by the unchanged ≥ 2-of-k rule and
scored against the exact landscape they are therefore chosen on (Table 4). Balanced accuracy is best
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of the six in all four cells, closing 39.8–90.2% of the gap to the oracle argmax, and it also beats
label-prediction F1, the criterion the induction baseline admits on, in all four.

Why it works. Our registered prediction blamed aggregation, that J counts per sample while the
endpoint averages per task; but C2, the endpoint’s own formula, never reaches the 85th percentile,
so that was not the defect. What matters is the class weight: balanced accuracy is monotone in
TP− 0.188FP, penalising a false alarm 5.33× less than J’s 1:1, and C4 falls to the 1.5th percentile
or below. That is the recall dominance of Section 3 resurfacing as a mis-specified objective, and it
means refitting is safe once the objective is right, which a self-evolving library needs. Two registered
checks hold: a split-half protocol on the same tasks re-selects C6 in 4 of 4 cells, and on a 12-point
sweep HumanEval+’s optimal λ-plateau contains the MBPP training ratio in 4 of 4 cells while λ=1
never does, so the weight is a property of selection endpoints, not of those labels (Appendix G).

Safety over the whole closure. Of the 2,007,292 non-vacuous subsets of the larger pool, zero harm
the endpoint (minimum +0.0007): admission makes composition safe over its entire combinatorial
closure, exactly and with no power argument. The converse holds on the 15 hand-written operators,
which admission accepts none of: the same combiner converges there to flagging nothing.

6 Negative results and limitations

Behavioural duplication. The pool repeats itself behaviourally rather than textually: no source-text
pair among 187 candidates reaches Jaccard 0.8, yet the 183 that flag anything realise only 96 distinct
flag sets (Figure 5). Neither cure worked. Targeting made it worse, the directed arm being the least
diverse of three, and a novelty term at admission recovers a genuinely new operator in only 2 of
the 11 candidates it blocks; handed the incumbent it duplicated, the model duplicates it again. So
the restriction sits in the operator prior, not at the gate, which argues for an explicit behavioural
archive [15].

Waste, not exhaustion. Nine of 14 admissions on three fresh seeds rediscovered an operator already
selected, and a composition headline of +0.0076 on that pool did not survive the rediscovery screen
we then added (Appendix I). Rarefaction over behavioural classes [3] still yields 2.00 new classes at
the sixth seed: wasteful, not exhausted.

What the numbers do not show. Every ∆ is measured against flagging nothing, never against
another rule: no two rules separated in 9 paired tests [22], their differences living on 2–9 tasks, and
the three loop operators that appeared to beat the comparator were rediscoveries of it. A level-2
verdict is also a function of the peer electorate: growing it threefold changes a verdict for all 35
operators, so their flags need a pinned electorate, though held-out ∆ moves up rather than down
(Appendix H). What admission discards is unmeasured (Appendix D). Both benchmarks come from
one distribution family, so an out-of-sample task list needs a third oracle port. And the loop is not the
only route to an operator of this quality: a judge ties its delta, so what it buys is a complementary
error profile, not a higher ceiling.

7 Conclusion

An evaluation metric can be authored automatically, and the artefact is small enough to read: 55 lines
of Python, no weights, closing 15.4% of the distance to a perfect operator on 428 unseen tasks. The
loop asks with a counterexample rather than a prompt, and three rules behind it carry over to any
pool of executable checks:

• Admit on the decision, not on coverage. That change alone moved admissions from none
to one per seed.

• When nothing resolves a counterexample, widen the interface. 336 attempts at the
narrow interface admit none; the wider one admits six.

• On a selection endpoint, weight the classes. TP− (nTP/nFP)FP, read off the training
labels, reaches the top decile of a space whose precision-flavoured objective sits in the bottom
2%. That ranking is retrospective on this one landscape, not an independent validation.
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Where unit tests exist, run the unit tests. What remains is the setting that motivated the method, where
an unresolved counterexample is the only evidence that a metric’s vocabulary, and so the claim it can
support, has run out.
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A The loop, in pseudocode

Algorithm 1 EvalCEGAR, one round on one target. ∆D is the change in selection accuracy on the
training tasks D. Ground-truth labels y are read on the training split only, at lines 2 and 10; AUTHOR
sees the specification and the interface, never y.

Require: operator pool P , training tasks D with candidate sets V (t) and labels y, level-1 retry budget rmax,
total attempt budget R

1: σP (c)←
(
o(t, c)

)
o∈P

for every c ∈ V (t), t ∈ D ▷ the pool is the abstraction
2: C ← { signature classes containing both a y=1 and a y=0 candidate } ▷ the blind spots
3: if C = ∅ then return P ▷ the pool already separates every labelled pair
4: κ← argmaxclass∈C |class| ▷ the target
5: spec← every incorrect training sample that fails as κ’s do, and every correct one ▷ not just the pair
6: ℓ← 1 ▷ interface level: op(task, code)
7: for r = 1 . . . R do
8: o← AUTHOR(spec, ℓ) ▷ one LLM call; a stated request, not “write a metric”
9: if o fails a leakage screen, does not shrink κ, or is a function of σP then continue

10: if ∆D(P ∪ {o}) > 0 ∧ helped ≥ 3 ∧ helped > hurt then
11: return P ∪ {o} ▷ admission re-partitions σP , so the next κ has moved
12: if r = rmax then
13: ℓ← 2 ▷ same κ, wider interface op(task, code, ctx)
14: return P ▷ κ abandoned: unreachable at either interface

B Request scope, screens and nulls

The request handed to the author covers a whole fault kind rather than the two colliding samples,
because a two-sample request is satisfiable by a lookup table: an earlier round of this work measured
exactly that, with operators firing on a handful of training faults and on none of a held-out class. The
two kinds are faults that already fail the visible checks and faults that pass them but fail the hidden
suite; the request covers whichever kind the colliding sample belongs to.

The subtlest of the four screens of Section 3 is the prompt-keyword one: an operator that branches
on a keyword answers from the task’s identity rather than from the candidate in front of it, which is
oracle reconstruction by dispatch table.
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Level 2’s ctx exposes the candidate’s peers, a runner, the prompt-visible asserts and a generator of
inputs, and nothing that reads the hidden suite. Inputs come from perturbing the arguments of the
prompt-visible asserts, which the solver also saw, with the number of unperturbed ones exposed so
that an operator can tell the two apart. An operator that exceeds the observation cap abstains rather
than stalling.

The shuffle null of Section 3 uses b=1000 resamples throughout, seeded so that a rerun reproduces
them exactly.

C The transfer budget

Because oracle labels enter only on the training split, the cost of moving EvalCEGAR to an oracle-free
domain is the cost of that split’s labels, and it must be quoted in decidable examples: an example
informs the loop only if it carries both a good and a bad candidate that survive the visible checks. Of
our 75 training tasks 10 are decidable, giving 80 (correct, wrong) pairs and four distinguishable levels
of the training objective. That is demonstrably enough to admit operators that transfer (+0.0065)
and demonstrably not enough to tune one scalar: a ≥ 4-of-26 vote is worth +0.0087 held-out, and
neither training ∆ nor cross-validation inside training can distinguish it from the union.

Three measurements complete the budget. (i) The crossover for tuning aggregation is 20–30 decidable
tasks: below it the choice collapses to the union in 9 of 9 directions; above it, rotating a held-back
fold recovers +0.0077 (p ≤ 0.0004, identical at m=2, 3, 4), 57% of the oracle’s gain. (ii) A better
gate removes that requirement rather than paying it: 9 operators from three seeds of the target-only
gate (Appendix D) score +0.0071 (p=0.0022) as a plain union with no threshold to set, so gate
quality and aggregation are substitutes. (iii) Composition changes the currency altogether, and this is
the cheapest line item: error independence needs labelled flags, not decidable tasks, and the same
training split holds 426 of them. The ≥ 2-of-k rule matches (i)’s rotated selection with 5 operators
instead of 26 and nothing to tune, at a measured price of ∼60 labelled candidates (at half that sample
it degrades to +0.0065/+0.0033). So the budget line for a new domain is ∼10 decidable examples
to author and admit plus ∼60 labelled candidates to decide which admitted operators vote, and the
second number is the one a practitioner can actually produce, because it does not require a single
example to hold both a correct and an incorrect candidate.

D Targeting versus accepting

An early ablation on a synthetic bank favoured the collision 4 admissions to 0, with 31 of 36 undirected
candidates rejected as untargeted. That did not replicate on the natural bank and we discard the claim
it licensed. What did replicate there is the viability effect Section 5.2 quotes: on the 422 training
witnesses, 49 of 142 undirected candidates return no verdict anywhere, 34.5%, against 4 of 187
directed, 2.1%. A later single-flag experiment settles the division of labour instead: keeping the
collision as the target but dropping it as the acceptance test raises distinct-metric yield from 0.38 to
1.67 per seed (4.4×) with peak quality unchanged (+0.0063 vs +0.0065), and moves the binding
rejection stage to the objective (60.3% of rejections, up from 28.6%). So the collision is doing two
separable jobs, and only the first is worth its cost. What the gate discards is unmeasured in the other
direction too: one operator it turns down for flagging nothing in training is our most reliable one held
out.

E The mechanism ablations in full

Both arms run inside the loop on the loop’s own candidates, so neither is a re-scoring of operators
authored under the other. Both read the same training-split labels, and no gate call in either arm hit its
abort guard. The floor the recall-gated arm applies asks an operator to fire on at least 30% of the 140
fault classes the pool still misses, at no more than a 2% false-alarm rate on the samples that must pass.
The narrow-only arm was also given double the level-1 attempts per target, 48 per seed against the
full loop’s 24, and pooling its 144 with every level-1 attempt the eight full runs made gives the 336.
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F The gate ledger in full

Of the 336 level-1 attempts of Table 3, the 124 that survived every earlier screen are the ones the gate
saw and Figure 3 draws; a target is attempted at the narrow interface first, so most of an escalating
run’s consultations are narrow ones and reading a run’s ledger as one interface would over-attribute
them. Each of the six operators admitted across the eight runs has a recorded level-1 rejection
immediately before it. The ledger doubles as the sensitivity analysis for the admission floor: at helped
≥ 2 the narrow interface would admit 55 of its 124 consultations, so the floor is what an interface has
to clear, and what those admissions would transfer to is unmeasured.

no narrow-interface candidate ever passes two helped tasks; the wider interface does
tasks helped

28
34

1
0

3
41

18
37

20
2

6
3+

the gate needs 3

narrow: 0 of 124 consultations ever got here, escalating or not
wider: 6 of 27 did, and every one was admitted

narrow, in the arm that cannot escalate (49) narrow, inside the eight full runs (75) wider, after escalation (27)

Figure 3: Every consultation of the admission gate, not just the ones that ended in an admission, by how many
tasks the candidate helped on the training split the gate reads. Admission needs three, and only the wider
interface ever gets there, whether or not the narrow run could escalate.

G The selection criterion: registration, robustness, and the class weight

All six criteria, their formulas and their predicted ranking were written down before the landscape
was scored, so Table 4 reports where each choice lands rather than which choice was searched for.

Table 4: Six a-priori criteria, and one added afterwards, against the enumerated landscape of Figure 2. Cells
run (26-operator pool, 35-operator pool) at each peer-set setting. C6 is the rule we adopt, and nothing is tuned:
0.1877 is the training split’s class ratio nTP/nFP. C7 is the induction baseline’s own admission signal and the
only row not registered in advance.

criterion (training split only) landscape percentile, 4 cells held-out ∆

C1 J = TP− FP (the original) 56.3 / 42.3 / 85.7 / 4.9 +0.0079 . . .+0.0220
C2 the endpoint’s own formula on training data 76.2 / 66.2 / 78.3 / 82.1 +0.0184 . . .+0.0209
C3 per-task capped J 14.5 / 29.5 / 50.4 / 44.1 +0.0098 . . .+0.0138
C4 precision-flavoured (TP−FP)/(TP+FP+1) 1.5 / 0.5 / 0.4 / 0.1 +0.0043 . . .+0.0062
C5 size-penalised J − 2k 40.8 / 29.6 / 32.5 / 2.3 +0.0072 . . .+0.0130
C6 balanced accuracy ≡ TP− (nTP/nFP) FP 98.7 / 91.1 / 92.7 / 94.1 +0.0236 . . .+0.0286
C7 label-prediction F1 (not registered) 89.2 / 85.7 / 85.0 / 85.8 +0.0218 . . .+0.0244

Both registered robustness checks behind Section 5.3 are reported here in full. (i) Split-half. Choosing
the criterion on half A of the held-out tasks and reporting on half B, with the split fixed in the
registration, re-selects C6 in 4 of 4 cells at the 85.2–98.2nd percentile of half B’s own landscape,
against J’s 9.3–82.4th. (ii) Per-benchmark. The endpoint decomposes exactly by task, so the
same held-out tasks re-partition by provenance at zero cost, recombining to the reported landscape
maximum to 6 decimal places. On HumanEval+, which shares only the operator pool with the
training split, C6 ranks at the 95.9 / 97.6 / 95.9 / 97.5th percentile, its best pool of the three, beating
J in 4 of 4 cells and separating from it in a paired test in 3 of 4. Reading the same 428 tasks three
ways adds no independent evidence for the overall comparison, but it does rule out the gain being an
artefact of the benchmark the labels came from.

The sweep (Figure 4). λ = nTP/nFP is read off the MBPP training split, so the question is
whether it is a property of those labels or of selection endpoints generally. Twelve values of λ were
scored in each of the four cells of Table 4. HumanEval+’s optimal plateau contains the training-split
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ratio in 4 of 4 cells, λ=1 lies strictly outside it every time, and λ=0, which ignores false alarms
altogether, is never strictly better.

the class weight is a property of the endpoint, not of the MBPP+ label ratio
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Figure 4: Sweeping λ in TP − λFP, one line per held-out pool: HumanEval+’s optimal plateau (shaded)
contains λ=nTP/nFP=0.1877, read off the MBPP+ training split, and excludes J’s λ=1.

H Peer-dependent verdicts

A level-2 operator reads ctx, which is built from every raw sample for the task, so its verdict is a
function of that peer electorate and not of the candidate alone. The two effects were measured apart.
Against a frozen electorate, 0 of 35 operators change a single verdict, held-out or training, an exact
identity we check rather than assume, and one every number here relies on. Against an electorate
grown from 3424 to 12744 samples, all 35 change at least one, 1996 flags added and 440 removed,
one operator more than doubling its own flag count on rows whose code never changed. So the wider
interface buys discriminating power at the cost of referential stability, and a deployed level-2 operator
has to pin its electorate the way we pin ours.

The direction of the change is what answers a conformity objection, and it is favourable. Every frozen
selection gains +0.0009 to +0.0036 under the grown electorate with no material reordering, so the
operators are reading signal out of peer context rather than tracking consensus for its own sake. On
the same draw the five-operator rule of Section 5.3, selected on the training split and never re-selected,
scores +0.0220 (z=8.34, p=0.0010, +79/−12 tasks) on 9320 candidates from three generators it
was never fitted to. Raw deltas are not comparable across the two draws, because the deeper one is
roomier (headroom 0.0995 against 0.0424), which is why both are quoted as a fraction of their own
headroom: 22.1% against 18.9%. The operators are out of sample there; the task list is not.

I Redundancy and the diversity veto

Figure 5 holds the redundancy evidence behind Section 6. The veto itself was run, not
merely proposed: under the fold rotation of Appendix C it is at or below the plain union
(+0.0065/+0.0057/+0.0047 at m=2, 3, 4, harming 9/11/11 tasks against the union’s 8), and de-
velopment folds disable it in 5 of 9 directions. On the rediscovery-heavy pool of Section 6 the frozen
rule holds on the 5 novel operators (+0.0040). It buys parsimony, 7 operators for the effect of 26,
rather than quality. It vetoes flag-set overlap at admission, which makes it a weaker instrument than
the behavioural-novelty gate of Section 6, and the two fail differently.

J The judge and induction baselines

The judge, in four configurations. The judge sees the task statement, the prompt-visible asserts
and the candidate source, which is exactly the level-1 interface op(task, code), and never the hidden
suite. Only the 1762 distinct (task, candidate) pairs that pass the visible checks are judged, because
those are the only ones the endpoint scores. The configurations cross two models, the one that
authors operators and the cheaper Claude Haiku 4.5, which is also one of the candidate generators of
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re-derives while classes remain
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shared core: 8 of 24 classes span >= 2 schemes, holding 32 of 49 operators

(b) the indicated remedy blocks the
duplicates without producing alternatives

11 live novelty rejections

9 abandoned 2

4 of them blocked at flag-set Jaccard 1.00
both 2 escapes fall in ONE class, which the
ungated control also reached on its own

as a filter it bites: it would block 7 of 11 (63.6%)
of the control's own admissions. Recovery: 18.2%.

layer distinct pairs >=0.8 largest

source text -- 0.0% 2/187
behaviour 96/183 6.9% 55/183
ctx strategy 5/114 -- 88/114

Figure 5: (a) Exact rarefaction over all 63 seed subsets and 720 arrival orders, not a bootstrap: the 23 operators
admitted across those six seeds fall into 16 distinct behavioural classes, and the curve does not saturate. (b) The
indicated remedy, run live: what became of each of the 11 candidates a behavioural-novelty term at admission
blocks. The strip below reads redundancy at three layers, textual, behavioural and strategic, giving for each the
distinct classes, the share of pairs at Jaccard ≥0.8 and the largest class.

Section 3, so the cheap judge scores some of its own output; and two prompts: a one-word verdict,
and a reason-then-verdict form whose wording states the training split’s own class balance, so the
judge is given no statistic the operators are denied. Replies are cached by (pool, task, source hash)
and a reply naming no verdict flags nothing, which is the conservative reading; rescoring the caches
twice reproduces byte-identical output.

Table 5: The judge as a metric, on the endpoint and null of Table 1. Precision, recall and accuracy read the judge
as a classifier of the same pairs, which is a different question from the endpoint delta. The last two rows are the
same two references as Table 1.

model prompt ∆ p +/− % headroom precision recall accuracy

cheap reason-then-verdict +0.0070 0.0010 +21/−8 16.5 0.403 0.161 0.818
cheap one word +0.0044 0.0130 +20/−9 10.3 0.369 0.199 0.807
author reason-then-verdict +0.0040 0.0040 +14/−8 9.5 0.677 0.154 0.845
author one word +0.0036 0.0060 +17/−7 8.6 0.600 0.203 0.844

hand-written comparator +0.0069 0.0130 +22/−10 16.3
loop-authored operator +0.0065 0.0010 +20/−6 15.4

In Table 5, reasoning before answering raises the cheap model’s delta and lowers its flag count, and
both author-model configurations sit at roughly half that delta. As a classifier the author model is the
more precise (0.677 against 0.403) and the less useful, which is the recall dominance of Section 3
again: a precise judge that says nothing on most bad candidates cannot change what is left to draw
from. No reply in either reason-then-verdict configuration failed to name a verdict; the one-word
configurations lost 1 of 1762 and 5 of 1762, and an unnamed verdict flags nothing.

Overlap and cost. Table 6 scores the two flag sets and their Boolean combinations through the
same code. Read the overlap before the union delta: a union that beats both parts is only interesting
when the parts disagree, and here they do.

Cost comes from the call ledgers rather than an estimate. The run that wrote the operator made 47
calls, and every candidate it has scored since cost nothing; all eight runs together made 376. The
judge costs one call per candidate with nothing amortised, so a single pass over this endpoint is 1762
calls, 37.5× the run that produced the operator or 4.7× all eight runs including the two that admitted
nothing, and every future candidate costs that again.
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Table 6: The loop-authored operator and the best judge configuration as flag sets, on the same endpoint. Jaccard
between the two is 0.105: 27 flags in common of 257.

flag set ∆ p +/− flags

operator only (set difference) +0.0010 0.0679 +8/−6 99
judge only (set difference) −0.0007 0.6563 +9/−9 131
both agree (intersection) +0.0053 0.0010 +13/−1 27
either (union) +0.0073 0.0010 +27/−12 257
operator +0.0065 0.0010 +20/−6 126
judge +0.0070 0.0010 +21/−8 158

Verifier induction. Same author model, same system prompts, same four screens in the same order,
same training split, endpoint and null. Two things change deliberately: candidates are commissioned
against a balanced random labelled sample rather than against a signature collision, and they are
admitted for predicting the label, at least 3 true positives at precision at least 0.5, which are the
label-space analogues of the deployed gate’s three helped tasks and helped > hurt. Table 7 reports
both interfaces under three ways of combining whatever was admitted.

Table 7: Verifier induction at each interface. Combiners are the plain union of admitted checks, a ≥ 2-of-k vote,
and the single check with the best training F1; only the last is a rule a practitioner could apply without held-out
labels.

level 1, detect(task, code) level 2, detect(task, code, ctx)

candidates commissioned 2 runs × 24 1 run × 16
admitted 2 6
union of the admitted checks +0.0016 (p=0.19) +0.0053 (p=0.0120)
≥ 2-of-k vote +0.0000 (p=0.52) +0.0053 (p=0.0010)
best single by training F1 +0.0016 (p=0.19) +0.0054 (p=0.0060)

Level 1 fails the way our own level-1 search fails: 48 calls, 2 admissions, one run admitting nothing,
and no combination separating from its null. Level 2 works. The screens fired on this baseline as they
do on our own author path, rejecting candidates for source-pattern fitting and for prompt dispatch, so
it was given no exemption our method does not have. Its best single check reaches +0.0074, above
both the comparator and our operator, but that check is chosen by reading held-out deltas and is not a
legitimate headline. The legitimate reading is the warning: on this endpoint the ceiling reachable by
predictive-fit admission at the wider interface is at least as high as the one we report.

Label prediction as a composition criterion. The same criterion swap can be made with no model
and no sampling at all, because Section 5.3’s enumeration puts every subset in memory, so a criterion
is a total order over a finite set and its choice, delta and percentile are counts rather than estimates.
Carrying J as the instrument check, its argmax reproduces the published one in all four cells.

Table 8: Held-out ∆ and exact landscape percentile of four criteria across the four cells of Table 4. C8 is
precision under the same floor of 3 true positives, and it is degenerate with the floor in place: it picks the same
two-operator set flagging ten tasks in every cell.

criterion 26 ops, full 35 ops, full 26 ops, frozen 35 ops, frozen

C1, J = TP− FP +0.0155 (56.3) +0.0140 (42.3) +0.0220 (85.7) +0.0079 (4.9)
C6, balanced accuracy +0.0286 (98.7) +0.0253 (91.1) +0.0236 (92.7) +0.0236 (94.1)
C7, label-prediction F1 +0.0244 (89.2) +0.0231 (85.7) +0.0219 (85.0) +0.0218 (85.8)
C8, precision +0.0038 (0.0) +0.0038 (0.0) +0.0038 (0.3) +0.0038 (0.1)

Table 8 adds two criteria to the six of Table 4, and one of them wins against J : C7 beats it in three
cells, matches it in the fourth (+0.0219 against +0.0220, inside the 0.002 tolerance the study calls
a tie), and does not collapse when the pool grows from 26 operators to 35, which J does. So the
gap Section 5.3 measures is partly recoverable by the criterion the related work already uses, and C6
recovers more of it in all four cells. C7 selects a different subset from J each time, at Jaccard 0.22 to
0.67 against J’s choice, so this is not two names for one ranking.
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K Broader impacts

Used as intended, the loop makes a metric’s validity a measured quantity rather than an assumed
one, and what it ships costs nothing per candidate to run, so the positive case is a cheap screen that
catches faulty answers before a person or a downstream agent accepts one. The negative case runs
through the same mechanism: an operator is admitted on its measured effect over a sample, so a pool
that helps where it was gated can be silently blind elsewhere, and a rule that flags nothing on some
subpopulation changes what survives for that subpopulation alone. Reporting the flag budget, the
headroom and the electorate a rule depends on, as Section 5.1 and Section 6 do, is what keeps that
visible rather than assumed, and it is why we confine the loop here to a setting where an exact oracle
can check the claim.
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1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction claim exactly what Sections 5.1 and 5.3 measure,
with the headline numbers stated there, and they scope the claim to selection accuracy
among candidates that already pass the visible checks on the two benchmarks used. Where
a result does not support a stronger reading we say so in the same breath, including that
the LLM judge ties our operator on ∆ and that the pool of hand-written operators applied
together loses accuracy.
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• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.
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[N/A] answer to this question will not be perceived well by the reviewers.
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are not attained by the paper.
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Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Section 6 is a dedicated section and names the ones we can measure: be-
havioural duplication across runs, a loop that is wasteful rather than exhausted, no separation
between any two rules in nine paired tests, dependence on the peer electorate being fixed,
discarded attempts we do not score, and both benchmarks coming from one distribution
family.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [N/A]
Justification: The paper states no theorem and proves nothing. It borrows counterexample-
guided abstraction refinement as an engineering pattern rather than a result, and every claim
in it is empirical.
Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Section 3 gives the public benchmarks, the exact task splits, the models by
name and version with their call ceilings, and the endpoint definition; Algorithm 1 gives
the loop; Section 4 gives every threshold it uses; Appendix B gives the four screens, the
shuffle null and its resample count; and Appendix G gives the selection criteria as they were
registered. The residual gap is that we do not reproduce the authoring prompts verbatim
or the sampling temperatures, so a replication would match the protocol and the interfaces
rather than the exact text sent to the model.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
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(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [No]
Justification: No code or data artefact accompanies this submission. The reproducibility path
is the written protocol instead: the tasks come from a public benchmark cited in Section 3,
and the loop, the screens, the gate, the null and the registered selection criterion are each
specified in the paper.
Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: Nothing is trained and there is no optimizer, so the settings that matter are the
split, the interfaces and the loop’s constants, and they are all stated: the split in Section 3, the
escalation rule, the admission gate, the composition search and the level-2 execution budget
in Section 4, the ablation protocol in Section 5.2, and the criterion sweep in Appendix G.
Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

19

https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy
https://neurips.cc/public/guides/CodeSubmissionPolicy


7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Every reported ∆ carries a p-value against a size-matched shuffle null that fixes
how much an operator flags and randomises only where the flags land, defined in Section 3
and run with b=1000 resamples throughout (Appendix B); the variability it captures is which
candidates get flagged at a fixed flag count, and rule-versus-rule claims use paired Wilcoxon
tests instead (Section 6). Families of related tests carry a Bonferroni correction and screens
of many carry a Benjamini–Hochberg one, and outcomes are reported over eight independent
runs rather than one. One limit is stated where the number appears (Section 5.1): the single
operator of Table 1 is the top of that run distribution and was picked by reading its held-out
effect, so the p reported for it is not corrected for that choice, and the run distribution is given
beside it, a median of +0.0029 with 4 of the 6 admissions individually significant. Table 1
stars that p and the judge’s, which is selected the same way over four configurations, and
gives both under a Bonferroni correction over the family they were picked from, 0.006 and
0.004. The abstract reports the run distribution and how many of its members are significant
rather than a selected p. The percentile at which a selection criterion lands in Section 5.3 is
likewise a rank measured on that one enumerated landscape after the fact, which Section 5.3
states and the conclusion repeats, not an independent validation of the criterion.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Cost here is dominated by model calls, and those are counted from the run
ledgers rather than estimated: 47 authoring calls for the run that produced the operator, 376
across all eight runs including the discarded ones, and 1762 for one judge-baseline pass over
the endpoint, which Appendix J reports as 37.5× and 4.7× those two figures. The rest is
CPU-only sandboxed execution under the budget of Section 4, and no model is trained, so
there is no GPU or accelerator budget to report; we do not report machine specifications or
wall-clock time.

Guidelines:
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• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The work uses public programming benchmarks and frozen models through
their providers’ ordinary interfaces, involves no human subjects and no personal data, and
introduces no artefact with misuse potential.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Appendix K states both directions: a metric whose validity is measured rather
than assumed is a cheap screen on faulty answers, and the same admission rule means a
pool gated on one sample can be silently blind elsewhere, so a rule that flags nothing on a
subpopulation changes what survives for that subpopulation alone. The mitigation it names
is the reporting this paper already does, the flag budget, the headroom and the electorate
each rule depends on (Sections 5.1 and 6), together with confining the loop to a setting
where an exact oracle can check the claim.

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.
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• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A]
Justification: The paper introduces no model, no dataset and no scraped material, so there is
nothing whose release would need gating.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: The tasks are used as distributed by EvalPlus, which is cited in Section 3 and
licensed Apache-2.0, and it credits the original HumanEval (MIT) and MBPP releases, both
of which we cite as well; the MBPP data carries no separate licence statement of its own, so
we credit it by citation. Every model is named with its version in Section 3 and was accessed
through its provider’s interface under that provider’s terms of use.
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [N/A]
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Justification: No asset is introduced alongside the paper. The operator the loop writes is
described in the paper, by what it reads and what it flags, rather than distributed.
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [N/A]
Justification: The work involves no crowdsourcing and no human subjects. Every label
comes from the benchmark’s hidden test suite, and the 15 baseline operators were written
by the authors.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [N/A]
Justification: There are no study participants, so no risk disclosure or review was required.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
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Answer: [Yes]
Justification: Language models are the core of the method, not a writing aid, and Section 3
declares each role with the model and version: one frozen model authors the operator source
code under a per-run call ceiling, four weaker models generate the candidates being judged,
and a model judge in four configurations is one of the two baselines (Appendix J). No model
was fine-tuned or updated in any way, and what the method ships is pure Python with no
inference-time model call.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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