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Abstract—Agentic software engineering often adds review
agents (panels, debate, critics, votes) over an open target. An
alternative is to close the target so that many errors become
mechanical events (a parse, test, or differential failure) rather
than a reviewer’s judgment. We ran a small, pre-registered pilot
on a public substrate (EvalPlus HumanEval+) to compare the
two. Over 25 reviewed seeded defects, mechanical gates and a
cross-vendor LLM reviewer catch defects about equally (25/25
for the gates, 25/25 and 24/25 for two review baselines); the
gates also cost no model calls. Reviewers false-rejected 3-5 of 40
correct programs while the gates false-rejected none, but that last
number is largely structural, since the gates judge against the
same canonical solutions the correct controls are drawn from, and
we do not lean on it. The substance is the per-case adjudication
of the eight false-rejection events. Three are genuine reviewer
misreads of a clear specification; four are the reviewer flagging a
reference or specification that is itself buggy, self-contradictory,
or ambiguous; one is oracle-uncertain. So the disagreements we
saw split between review misreading clear specs and review
catching defects in the reference that a reference-agreement
gate cannot see. At this scale we read this as suggestive of
complementary failure modes rather than established. A concrete
by-product is a handful of candidate defects in a widely used
benchmark’s references and specifications. We release the pre-
registration, harness, and per-case adjudication.

Index Terms—agentic software engineering, LLLM code review,
differential testing, benchmark oracle validity, pre-registration

I. INTRODUCTION

Much recent work on agentic software engineering improves
reliability by adding review: role pipelines, debate, critic mod-
els, and voting [1|-[5]. A counter-current questions whether
the agents are needed at all: Agentless [[6] shows a simple
validation-heavy pipeline matching complex scaffolds, and
SWE-agent [7]] finds that interface design, not agent count,
drives performance.

We look at one narrow version of this question for code
tasks whose target can be closed. On one side, reviewers
judge an open output. On the other, the toolchain closes the
target so an error becomes a mechanical event: a parse or
type failure, a failed test, or a differential divergence against
a reference. None of these mechanisms is new; constrained
decoding [J8], differential testing, and verified references all
predate LLMs. Our question is empirical and small: on a
public code benchmark, how do a mechanical closure gate
and an LLM reviewer compare, and where do they disagree?

The honest answer from our pilot is unglamorous and, we
think, more useful than a clean winner. On the defects we
reviewed, the mechanical gate and the LLM reviewer catch
bugs equally well, and the gate is far cheaper. Reviewers do

reject some correct programs, which at face value favors the
gate, but that comparison is confounded (the gate is graded
against the very reference the “correct” programs come from).
What survives is qualitative: we adjudicated every reviewer
rejection of a correct program, and they divide into reviewers
misreading a clear spec and reviewers correctly catching a
reference or spec that is itself broken, which the gate, trusting
that reference, cannot flag. Our contributions are:

o A pre-registered protocol and open harness comparing a
mechanical closure gate against two cross-vendor LLM
review baselines on a public substrate, with an indepen-
dent audit set held out from the gate.

¢ A same-denominator comparison showing the gate and
review catch these seeded defects about equally, so the
interesting axis is false rejection, not missed bugs.

o A transparent, per-case adjudication of all false-rejection
events, and the observation that they split between re-
viewer spec-misreads and reviewers catching defects in
the reference.

o A short list of candidate defects in a widely used bench-
mark’s references and specifications, surfaced by review
and invisible to reference-agreement gates.

This is an exploratory pilot with small samples. We treat
its counts as preliminary and its per-case analysis as the
substance, and we flag the confounds explicitly.

II. RELATED WORK

More agents, or fewer. Ensemble and debate frameworks
[1]-[5] push toward larger panels; Agentless [6] and interface-
centric work [7] push back, arguing structure and validation
matter more than agent count. We share the skepticism and ask
a narrower question: for a targetable task, does a mechanical
gate add anything a reviewer does not, and vice versa.

Closing the target. Constrained decoding [8] makes mal-
formed output mechanically rejectable; differential testing
turns cross-implementation disagreement into an oracle. We
reuse these; the only new thing here is the direct, if small,
comparison against LLM review and the case analysis of
where each fails.

Oracle validity. EvalPlus [9] argues the original Hu-
manEval tests are insufficient and augments them. Our adjudi-
cation reaches a related point from a different direction: some
augmented references and specs are themselves wrong on valid
inputs, which matters for any technique, ours included, that
treats a reference as ground truth.



III. STUDY DESIGN
A. Pre-registration

The claim, task-selection rule, closure levels, seeded-bug
classes, metrics, a 5% false-rejection cap, and the analysis plan
were frozen before any result was seen, in a document released
with the artifact. The pre-registered primary endpoint was
wrong acceptance under an audit oracle at that cap. We report
below that this endpoint was a non-differentiator, and we mark
every other analysis, including the adjudication, as exploratory.
Deviations (for example, operationalizing the strong reviewer
as test-authoring plus harness execution) are logged there.

B. Substrate and tasks

We use EvalPlus HumanEval+ (release v0.1.10), a public
benchmark with a documented history of oracle strengthen-
ing [9]. Tasks are a frozen systematic sample: every fourth
problem by canonical id, the first 40. Each ships a prompt
(signature and docstring), a canonical reference, a small base
test set, and a much larger extended test set.

C. Gate levels and the audit set

A candidate is scored by its earliest catching gate. L1 is
parse, import, and signature; L2 is the base test set; L3 is
a differential check against the canonical on a fixed random
subset of the extended inputs. We reserve the remaining
extended inputs, disjoint from the L3 subset, as an audit set
that no gate level uses, so a defect the gates pass can still
be caught later. We keep gate outcomes (L1-L3) and audit
outcomes separate throughout.

D. Producer, reviewers, defects

A single producer (an Anthropic Claude model) generates
candidates. Two review baselines use an OpenAl model of a
different vendor through its command-line agent, so producer
and reviewer never share a vendor. LO-weak judges by reading
only. LO-strong authors its own test cases from the spec,
computing expected outputs itself, and the harness runs them; a
candidate is accepted iff it matches the reviewer’s expectations
on every case. Reviewers never see the hidden tests, the audit
set, or the reference. Defects are 81 seeded bugs across four
AST-injectable classes (wrong comparison operator, off-by-
one, sign error, boolean operator flip), each verified to change
behavior; correct-code controls are the canonical solutions. We
note now that this control choice is a confound (§VI).

E. Adjudication scheme

Every reviewer rejection of a correct program is classified
from the strong reviewer’s captured failing case, or by hand
for the weak reviewer, into: reviewer misread (the reference
returns a value that the benchmark treats as correct, and
the reviewer expected another), reference/spec defect (the
reference errors on a valid input, or disagrees with its own
written spec), or oracle-uncertain (the failing input may be
out of the spec’s domain). The first author adjudicated; we
release each case for scrutiny, and we return to adjudicator

bias in

TABLE I
EARLIEST CATCHING GATE FOR THE 81 SEEDED DEFECTS, AND
CORRECT-CONTROL OUTCOMES. GATE LEVELS (L1-L3) AND THE
HELD-OUT AUDIT SET ARE KEPT SEPARATE.

Caught first by seeded defects

L1 (parse/signature) 0
L2 (base tests) 79
L3 (differential subset) 0
closure gates L1-L3 79 /81
audit set (gates missed these) 2 /81
correct controls passing all gates 40/ 40

TABLE II
SAME-DENOMINATOR CATCH ON THE 25 REVIEWED DEFECTS, AND FALSE
REJECTION ON 40 CORRECT CONTROLS. THE 0/40 GATE FIGURE IS
STRUCTURAL (SEE TEXT).

gates  LO-weak LO-strong
catch, 25 defects 25725 25725 24/25
false reject, 40 controls  0/40 ' 3/40 5/40

T structural: controls are the reference the gate uses.

IV. RESULTS
A. Where defects terminate

Table [I] gives the earliest catching gate for the 81 seeded
bugs. The base tests (L2) catch 79; the differential subset (L3)
catches none beyond them; the held-out audit set catches the
remaining 2. So the closure gates (L1-L3) catch 79/81, and
the audit set catches 2/81 the gates missed. All 40 correct
controls pass every gate. For these seeded, AST-level defects
on tasks that ship tests, base testing does most of the work,
and the differential subset adds nothing here.

B. Same-denominator catch, and false rejection

Comparing the gate and the reviewers requires the same
defects. We reviewed a class-stratified subset of 25 seeded
bugs. On exactly those 25, the closure gates catch 25/25 (all
at L2), LO-weak catches 25/25, and LO-strong catches 24/25
(the miss was a harness parse failure, with no reviewer verdict
produced, not a substantive miss). On catching these defects
the gate and review tie (Table [II)).

The gate and the reviewers differ on correct code. Reviewers
rejected 3/40 (LO-weak) and 5/40 (LO-strong) correct pro-
grams; the gates rejected 0/40. We do not present the 0/40 as
a finding: the correct controls are the canonical solutions, and a
reference-agreement gate accepts the reference by construction
(§VI). The informative part is not the rate but what the
rejections were.

C. Per-case adjudication of the rejections

There are eight false-rejection events across the two re-
viewers and six distinct tasks (Table [III). Three are genuine
reviewer misreads of a clear specification. Four are the re-
viewer disagreeing with the reference where the reference is
itself at fault: on a root-finding task the canonical raises a



division-by-zero on the valid input [1,0, 0, 1] (the polynomial
1 + 23, root —1), which both reviewers computed correctly;
on a bracket task the spec asks about a nested subsequence
while the reference checks only contiguous nesting; on a bit-
count sort the spec says “non-negative” but ships a negative
example. One case is oracle-uncertain (the reviewer’s failing
input for a base conversion is likely out of the stated domain).
A reference-agreement gate is blind to all four reference/spec
cases by construction, since it defines correctness as agreement
with that reference.

D. Cost

The gates add no model calls; L1-L3 and the audit run in
the harness. Each review costs on the order of 10* tokens (a
single judgment for LO-weak, an agentic loop that writes and
reasons over tests for LO-strong). The asymmetry is large and
one-directional, so review is worth its cost only if it catches
something the gate cannot. On these tasks the only such cases
were the reference/spec defects above.

V. WHAT THE DISAGREEMENTS SUGGEST

The pre-registered primary endpoint, wrong acceptance at
a fixed false-rejection cap, did not separate the methods: the
reviewers catch these seeded defects as well as the gate. We
report that null plainly. The useful content is the per-case
structure of the disagreements, and it points, tentatively, in
one direction. The reviewer errs by misreading a clear spec
and rejecting correct code, most often on counterintuitive or
loosely worded specs. The gate errs by inheriting whatever is
wrong in its reference: it cannot flag a reference that crashes,
disagrees with its own spec, or rests on a contradictory spec,
because agreement with that reference is its definition of
correct.

We are cautious about how far this generalizes. With eight
events on six tasks it is a set of illustrative cases, not a
rate. But the cases are close to disjoint (where the reviewer
is wrong the reference is right, and the reviewer’s “false”
rejections include the cases where the reference is wrong),
which is at least consistent with a division of labor: a cheap
reference-agreement gate as the primary filter, and scarce
review aimed at the reference and spec themselves, where the
gate is blind. Establishing it would need a larger study whose
correct controls are independently written programs that differ
from the reference, so that the gate’s false-rejection rate is
no longer measured against its own answer key; that is the
follow-up we think matters most. The cost asymmetry already
points to a working default, though: on targetable tasks, run
the mechanical gate as the first filter, and spend review on the
reference and specification rather than on re-judging code the
gate has already checked.

VI. THREATS TO VALIDITY

Same-reference confound. The gate, the tests, the audit
inputs, and the correct controls all derive from the same
benchmark reference. This makes the gate’s 0/40 false re-
jection near-tautological and is also the source of its blind

spot; the same design choice that flatters the gate on false
rejection is what the adjudication penalizes it for. Reviewing
independently produced correct programs that differ from the
reference is the main follow-up.

Small and non-independent samples. Forty tasks, 25
reviewed defects, 40 controls, eight rejection events on six
tasks. Intervals are wide; some tasks contribute both a weak
and a strong event. We do not lean on any rate.

Adjudicator bias. The first author adjudicated cases central
to the thesis, without independent blinded adjudication. We
mitigate only by releasing every case; independent adjudica-
tion is needed.

Reviewer configuration. One reviewer model in two
prompting modes is not “review” as a method; results may
be sensitive to model, prompt, and temperature.

Defect realism. Seeded bugs are four AST-mutation classes
that base tests largely catch; they are not a representative
distribution of generated-code failures, so the catch tie should
not be read as a general claim.

Benchmark dependence. Using EvalPlus as both substrate
and adjudication authority is partly circular; our reference/spec
cases are candidate defects worth independent confirmation,
not a settled indictment of the benchmark.

VII. CONCLUSION

On a small pre-registered pilot, a mechanical reference-
agreement gate and a cross-vendor LLM reviewer catch seeded
defects about equally, and the gate is far cheaper. The gate
rejects no correct control, but only because it is graded against
the reference those controls come from. Adjudicating every
reviewer rejection of correct code, we find the rejections
split between the reviewer misreading a clear spec and the
reviewer correctly catching a reference or spec that is itself
wrong, which the gate cannot see. We read this, cautiously, as
suggestive of complementary failure modes and as a reason
to point review at the reference rather than only at the code.
Along the way the reviewers surfaced several candidate defects
in a widely used benchmark’s references and specs. All of
this is preliminary at this scale, and we release the protocol,
harness, and cases so it can be checked and extendedE]
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