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Abstract

Early multi-agent LLM systems often used role-
separated teams that debate or aggregate indepen-
dent outputs, yet scaling agent count yields dimin-
ishing returns on repository-level coding tasks. In
comparison, recent work has shifted towards a
main-agent-plus-subagents paradigm, where sub-
agents act like tools rather than independent col-
laborators. We study whether this paradigm can
support a middle ground: minimal agentic coop-
eration without the overhead of large multi-agent
teams. We introduce Adversarial Review (AR),
a cooperative code-review protocol in which a
main agent works with a reviewer and a critic.
The reviewer evaluates code, while the critic au-
dits the review through structured disagreement
before the main agent edits or commits. On Live-
CodeBench, AR achieves the highest pass rate
among tested methods, outperforming a six-agent
baseline. On SWE-PRBench, naive AR exposes a
false-consensus failure mode, where agents con-
verge on agreement without sufficient evidence,
but with textual constraints it achieves the high-
est F1 among tested methods. On SWE-bench
Verified, AR also show improvements over the
baselines on repository-level coding tasks. Over-
all, AR demonstrates that cooperative oversight is
useful when disagreement is minimal, structured,
and evidence-grounded.

1. Introduction

Early multi-agent LLM systems often framed agents as role-
separated teams of largely independent peers, mirroring
human divisions of labor by assigning agents to generate,
review, debate, or aggregate outputs (Islam et al., 2024;

! Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the International Conference
on Machine Learning (ICML). Do not distribute.

Huang et al., 2023; Pan et al., 2025; Islam et al., 2025).
However, recent work suggests that scaling the number of
peer agents can yield diminishing, and sometimes negative,
returns on complex repository-level coding tasks, partly
because unconstrained communication introduces coordi-
nation overhead and failure modes of its own (Smit et al.,
2023; Kim et al., 2025). In contrast, many production-grade
agent systems have converged on a main agent with tools
paradigm, where invoking a subagent is treated as another
tool call rather than as collaboration with an independent
peer (Anthropic, 2024).

We ask whether there is a productive middle ground between
these two paradigms: can a main-agent-plus-subagents
system support lightweight cooperation among indepen-
dent agents without incurring the overhead of large role-
separated teams? Our goal is to design a minimal protocol
that preserves the benefits of agentic disagreement while
constraining communication enough to remain useful on
real coding tasks.

We introduce Adversarial Review (AR), a cooperative cod-
ing protocol built step by step from naive zero-shot code
generation. Each step adds one design choice motivated
by a measurable failure of the previous step. We first
evaluate this construction on LiveCodeBench (LCB) (Jain
et al., 2024). We then probe the resulting protocol in
two directions: review quality on SWE-PRBench (Kumar,
2026) and repository-level repair on SWE-bench Verified
(Jimenez et al., 2024). We use two execution modes. On
LCB and SWE-PRBench, a Python orchestrator enforces
matched-budget comparisons across methods. On SWE-
bench Verified, we express each method as a portable pure-
text SKILL . md protocol followed by autonomous agents
such as Claude Code.

Our contribution is a constructive study of minimal agentic
cooperation in real-world coding tasks. First, we show that
a reviewer—critic loop can improve coding agents within the
main-agent-plus-subagents paradigm. Second, we identify
a core Cooperative Al failure mode: agents can optimize for
agreement rather than truth. Third, we show that structured
disagreement can remain useful even when implemented as
a portable text protocol for autonomous agent systems.
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Figure 1. Workflow of Adversarial Review (AR). The main agent first produces artifact version /N (code or plan). The protocol then
enters an inner loop in which the artifact is frozen: reviewer R generates Reviewy, critic C evaluates and may revise that review, and R
responds until a consistent review is reached. If the review converges on the first pass and identifies no flaws, the artifact is accepted
immediately. Otherwise, the main agent edits the artifact to produce version N+1, updates the change log, and the process repeats. The
key separation is that the inner loop exchanges review text only, while artifact edits occur only in the outer loop.

2. Related Work

Self-refinement and external verification. Test-time re-
finement methods improve an initial model output by adding
critique, feedback, or revision. Self-Refine uses the same
model as generator, feedback provider, and refiner, keeping
revision within a single model’s judgment loop (Madaan
et al., 2023). However, subsequent work shows that lan-
guage models do not reliably self-correct reasoning errors
without external feedback (Huang et al., 2024). AR builds
on test-time refinement but makes two changes: it separates
the reviewer and critic roles, and it makes disagreement
an explicit part of the protocol rather than an optional self-
check.

Multi-agent debate and structured disagreement.
Multi-agent debate uses interaction among model instances
to improve reasoning, factuality, or decision quality. Prior
systems allow agents to exchange arguments before a judge
or final answer is selected (Du et al., 2024; Liang et al.,
2024). However, debate-style systems can be sensitive to
prompt and protocol choices, and may fail to outperform
cheaper non-debate baselines (Smit et al., 2023). MARS
reduces this overhead by replacing round-table debate with
independent reviewers whose comments are aggregated by
a meta-reviewer (Wang et al., 2025). AR takes a different
middle position. It preserves interaction, but restricts it to a
single reviewer—critic channel. The goal is not open-ended
debate, but evidence-grounded pushback before the main
agent edits or commits.

Multi-agent systems for code generation and review.
Several coding systems use role-separated agents to di-
vide programming into specialized subtasks. MapCoder
decomposes competitive-programming tasks into example
recall, planning, code generation, and debugging (Islam
et al., 2024). AgentCoder separates implementation, test
design, and test execution (Huang et al., 2023). CodeSim
uses simulation-driven planning and debugging to guide
code generation (Islam et al., 2025). CodeCoR uses a self-
reflective multi-agent framework to prune, refine, and re-
pair generated code (Pan et al., 2025). For code review,
CodeAgent studies communicative agents for automated
review and adds a QA-Checker to keep generated review
contributions aligned with the original question (Zhang
et al., 2024). AR is intentionally smaller than these systems.
Rather than adding many specialized coding roles, it asks
whether a minimal reviewer—critic pair can provide useful
oversight within a main-agent-plus-subagents workflow.

Agentic coding systems and portable protocols. Pro-
duction agent systems increasingly rely on a main agent
that calls tools, subagents, or reusable instruction bundles.
Anthropic describes agentic systems as systems that reason,
use tools, and adapt their process over multiple steps (An-
thropic, 2024). In this setting, subagents are separate agent
instances spawned for focused subtasks, while Skills are
portable instruction bundles activated through a SKILL . md
file (Anthropic, 2026; 2025). This motivates evaluating AR
in two forms. The Python orchestrator isolates the protocol
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under matched-budget comparisons. The pure-text SKILL
form tests whether the same cooperative-review protocol
can be followed by an autonomous coding agent without an
external controller enforcing each step.

Benchmarks for coding and review. Coding-agent evalu-
ation now spans algorithmic programming, repository-level
repair, and code review. LiveCodeBench evaluates code
generation using a contamination-resistant benchmark that
is updated over time (Jain et al., 2024). SWE-PRBench eval-
uates Al code-review quality against pull-request feedback
(Kumar, 2026). SWE-bench evaluates whether agents can
resolve real GitHub issues by editing repositories and pass-
ing tests (Jimenez et al., 2024). Together, these benchmarks
separate three claims that are often conflated: whether a
method solves standalone programming problems, whether
it helps with repository-level repair, and whether it produces
useful review comments. We use this separation to evaluate
AR as both a coding protocol and a cooperative-oversight
protocol.

3. Constructive design progression on
LiveCodeBench

This section builds the Adversarial Review protocol step by
step. Each subsection adds one design choice. Each result
reports two metrics on LCB: pass-rate over all 105 stdin-
style tasks (pass/105) and pass-rate over the 57 hard-tagged
subset (pass-on-hard/57). Full results are shown in Table 1.
The hard tier is where the methods separate. We use Claude
Sonnet 4.5 Medium Reasoning for all subsequent agent and
subagent calls for all benchmarks.

3.1. Zero-shot — Self-Refine: adding verification

Zero-shot writes code with no verification step. So we
add one. Self-Refine (Madaan et al., 2023) has the same
agent self-critique its own code, then revise. On LCB, the
improvements are barely noticeable. Zero-shot pass-rate is
77%. Self-Refine pass-rate is also 77%. Pass-on-hard also
stays at 35/57. The reason is that the critic and the generator
are the same model making the same mistakes. So the critic
struggles to catch what the generator missed (Olausson et al.,
2024). This motivates using a separate model call for the
critic.

3.2. Self-Refine — Single-reviewer: external verification

Single-reviewer employs separate model call. Specifically,
M writes the code, R reviews M’s code, and M edits once.
On LCB, pass-rate is 77%. Pass-on-hard is 36/57. This is a
small change from Self-Refine and stays in the same cluster
as Zero-shot. One issue may be that a single external re-
viewer has high variance. It can approve everything without

checking, or flag many small nits to look thorough without
targeting the real issue. This motivates running multiple
independent reviewers.

3.3. Single-reviewer — Two-reviewers: independence
reduces variance

Two independent samples should reduce variance. Two-
reviewers-in-series has R; and R, review M’s code inde-
pendently, then M edits once based on the union. On LCB,
pass-rate is 75%. Pass-on-hard is 34/57. This is within noise
of Single-reviewer, Self-Refine, and Zero-shot. So indepen-
dence alone gives little improvement. We read this as a
four-method cluster at the same level. The four methods are
Zero-shot, Self-Refine, Single-reviewer, and Two-reviewers.
Naive verification cannot push past this level. This moti-
vates pushing for diversity rather than more independent
samples.

3.4. Two-reviewers — MARS: diversity, but with a
known limit

Multi-agent debate (MAD) is the standard way to add diver-
sity in multi-agent LLM systems (Du et al., 2024). However,
MAD has two costs that grow with the number of agents and
rounds. The first cost is communication overhead, because
each agent must read every other agent’s messages. The
second cost is that pass-rate can even drop as the system
scales (Smit et al., 2023; Kim et al., 2025).

MARS (Wang et al., 2025) reduces MAD-style communica-
tion costs by removing message passing between reviewers.
Rather, reviewers work independently, each providing a
decision, review comments, and a confidence score. A meta-
aggregator combines their reviews at the end.

On LCB, MARS pass-rate is 82% and pass-on-hard is 39/57.
So MARS is the first method whose pass-rate is clearly
higher than Zero-shot, Self-Refine, Single-reviewer, and
Two-reviewers. MARS gains +5pp on pass/105 over the
four-method cluster and +3 hard tasks over Single-reviewer.
But MARS has two issues. First, the gain is small relative to
the token cost from using 5 agents per task (4 personas plus
a meta-aggregator). Second, while MARS avoids MAD’s
communication overhead, all agent interactions are removed
completely. This motivates a natural question: can we im-
prove coding performance through agent interaction, yet
without paying MAD’s overhead, and with fewer agents?

3.5. MARS — AR: interaction with two agents

The smallest interactive structure that still permits mean-
ingful cooperation is one reviewer plus one critic of that
reviewer. We call this Adversarial Review (AR). As shown
in Figure 1, the protocol operates over successive artifact
versions produced by a main agent M (artifact is either code
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Table 1. LCB results. The leader is bold. The first four methods
cluster at the same pass-rate. MARS breaks out of the cluster.
AR scores highest with the fewest agents among the methods that
broke out.

Method | pass/105 pass-on-hard /57 | #agents
Zero-shot 77% 35/57 (61%) 1
Self-Refine 77% 35/57 (61%) 1
Single-reviewer 77% 36/57 (63%) 2
Two-reviewers 75% 34/57 (60%) 3
MARS 82% 39/57 (68%) 6
AR 87 % 43/57 (75%) 3

or a plan). At outer iteration N, M produces an artifact
version [V, together with a change log that records how the
artifact evolved.

AR then enters an inner loop in which the artifact is never
edited. Instead, an independent reviewer subagent R in-
spects the frozen artifact and generates a review Reviewy.
A fresh critic subagent C then evaluates that review and may
revise or challenge it. If the review and critique are not yet
consistent, the protocol returns to R, who responds with a
revised review Reviewy_ ;. This reviewer—critic exchange
repeats until the review converges (or, for cost control, until
a cap of 5 inner rounds is reached). Thus, the inner loop
is a review procedure over a fixed artifact, not an editing
procedure over the artifact itself. This means that we can
evaluate the inner loop separately as a code-review method
(see Section 4).

Once a consistent review is reached, the protocol exits the in-
ner loop and applies an outer-loop decision rule. If R and C'
converged immediately and found no flaws, AR terminates
and the artifact is accepted. This is the first-pass termina-
tion rule. Otherwise, the consistent review is returned to the
main agent M, which edits the artifact to produce version
N+1, updates the change log, and launches a new inner
round of review on the updated artifact. In this way, AR al-
ternates between (i) an inner loop that seeks consensus over
review text of the artifact and (ii) an outer loop in which the
main agent edits the artifact only after a stable review signal
has been produced.

On LCB, AR has the highest pass-rate of all six methods we
test (pass-rate is 87%. Pass-on-hard is 43/57). In particular,
AR scores +5pp over MARS while using fewer agents: 2
reviewing roles versus MARS’s 5.

Table 1 summarises all six methods. Evaluation on LCB
first validates the middle ground we seek. AR shows that
in the main-agent-plus-subagent paradigm, two interact-
ing agents can perform better than five non-interacting
personas.

3.6. The minimal interactive structure

AR has the smallest number of roles that still has interaction.
AR has three roles: M, R, and C. R and C interact. This
matches the main-plus-subagent shape used by production
agent systems like Claude Code, Cursor, and Copilot (An-
thropic, 2024). If we remove C, the loop becomes Single-
reviewer. If we add more reviewers or more rounds, the
loop becomes MARS-style or MAD-style.

AR has the highest LCB pass-rate, but we further probe the
protocol in two directions. Section 4 looks at review quality
of the inner loop on SWE-PRBench. Section 5 looks at real
agentic scenarios on SWE-bench Verified.

4. Inner Loop review quality on
SWE-PRBench

This section does two things. First, it shows that AR’s LCB
win does not transfer naively to review-quality benchmarks.
Second, it finds the failure modes and fixes them with one
prompt iteration. The fix points to a cooperative-Al lesson
that applies beyond AR.

4.1. Experiment Setup

SWE-PRBench (Kumar, 2026) contains 100 real GitHub
PR diffs. The agent’s job is to review the diff. A GPT-
5.2 judge matches the agent’s comments against the actual
human reviewer’s comments. The judge agrees with human
annotators at Cohen’s kappa = 0.75. Cohen’s kappa is a
standard agreement score, where 1.0 is perfect agreement
and 0 is chance agreement. The metric is F1 over matched
comments.

We restrict the comparison to four methods: AR, MARS,
Two-reviewers, and Single-reviewer. We exclude Zero-shot
and Self-Refine, because they do not apply to a review-only
benchmark. Zero-shot has no review step. Self-Refine has
the agent critique its own work, but SWE-PRBench gives
the agent a third party’s PR, so there is no “own work”
to refine. Evaluating the four methods answers whether
AR’s interactive R—C structure produces better reviews than
methods that run reviewers in parallel.

4.2. AR underperforms naively

The naive AR protocol from Section 3.5 gives F1 = 0.457
on SWE-PRBench. This is the lowest of the four methods
in the subset. The other three subset methods all reach F1
around 0.50. So review quality is a setting where AR’s
interactive R—C loop gives a lower F1 than methods without
it. The rest of Section 4 finds out why and fixes it.

Table 2 shows the leaderboard. Two case studies in Sec-
tion 4.3 surface two failure modes. Section 4.4 describes
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Table 2. SWE-PRBench review-relevant subset. The leader is
bold. vl and v2 are prompt-level iterations of the same R+C
structure. The number of agents and the way they connect did not
change between v1 and v2. The prompt iteration is described in
Section 4.4.

Method \ F1 N

AR (v2) 0.533 100
Two-reviewers 0.503 100
MARS 0.501 100
Single-reviewer | 0.495 100
AR (vl) 0.457 100

the prompt iteration that fixes both. The fixed protocol is
labelled v2 and reaches F1 = 0.533, the highest in the subset.

4.3. Two failure modes (case studies)

We show two case studies. Each is one task from SWE-
PRBench. We use verbatim trace excerpts.

Case A — Over-decomposition. vl R writes a review
with one real bug and two to three hedged concerns. vl C
agrees with all of R’s flags and adds another speculative bug
on top. A format-review step turns each flag into a separate
comment. The judge marks 3 of 5 comments as fabricated,
because the comments are too thin or too speculative. The
mechanism is that the R—C loop adds findings without filter-
ing them. R hedges often. C confirms most of R’s hedges.
So the result is too many thin comments, which the judge
marks as fabricated. On this task AR (v1) has F1 = 0.250.

Case B — Cyields to R. vl R produces an APPROVE
review. vl C raises a real concern, which we verified man-
ually. v1 R rebuts C with weak signals; R uses a file-level
argument yet cites no code. vl C gives in and the verdict
flips to AGREE. So the real bug is dropped from the final
review. Case B reveals a structural mechanism: the protocol
pushes R and C to agree, so C tends to agree. R can end the
disagreement by writing a confident-sounding rebuttal, even
when R is wrong. What looks like “structured disagreement”
becomes false agreement. On this task, AR (v1) has F1 =
0.286, while MARS catches the same bug at F1 = 0.667.

The two cases share one cause. In Case A, R adds many
hedged findings, and C confirms them all. In Case B, R
rebuts a real concern from C with confident-sounding text,
and C drops a real concern right away. In both cases, a
recurring theme stands out: two cooperating LLM agents
asked to agree on a joint output tend to agree with each
other. They do not always find the truth. This means that a
collaborative agentic protocol must encode truth forcefully—
any agent pushback must be evidence-grounded. Without
grounded pushback, R can add weak findings and C will not
stop them, and C can agree on R’s rebuttal even when the

rebuttal cites no code.

44. AR (v2)

We explicitly guide pushback constraints in text, producing
AR (v2). Everything else stay the same. AR (v2) is still one
R, one C, with inner and outer loops.

The textual constraint of AR (v2) specifies that all flags
should be grounded in concrete evidence. Specifically,
C used to choose between two verdicts (AGREE or
DISAGREE). Now C must choose one of three:

* AGREE means C accepts R’s review.

* DISAGREE_EVIDENCE: <code citation>
means C cites specific code that contradicts a flag.

* DISAGREE_CONCERN: <epistemic
objection> means C raises an objection that
cannot point to contradicting code.

R’s response rule depends on which kind of disagreement
it sees. On AGREE, R keeps every flag unchanged. On
DISAGREE_EVIDENCE, R revises the flag based on the
cited code. On DI SAGREE_CONCERN, R must cite code in
the diff that confirms the bug (and keep the flag) or cite code
that refutes the bug (and drop the flag).

4.5. Result

AR (v2) F1 = 0.533. This is the highest among the four-
method subset. Recall is 0.596 (v1: 0.520). Precision is
0.640 (v1: 0.505). Since AR (v2) already achieves the high-
est F1 in the SWE-PRBench, we stop iterating intentionally
to maintain the minimal protocol structure we motivated to
design: one R, one C, with only changes in the prompts.

The case studies show that when two LLM agents are asked
to agree on a joint output, they tend to agree with each other.
They do not always find the truth. So the protocol must
include explicit pushback. Without pushback, what looks
like “structured disagreement” becomes false agreement.

5. Real-world agentic performance on
SWE-bench Verified

5.1. Experimental Setup

SWE-bench Verified (Chowdhury et al., 2024) contains 500
real GitHub issues in open-source Python repos. The set is
human-filtered for solvability. The agent must read the issue,
navigate the repo, find the bug, and emit a patch. The metric
is pass@ 1, measured through the official Docker harness.

The execution mode here is different from Section 3 and
Section 4. We use Claude Code with full tool access. Claude
Code loads the adversarial—-review skill, which is
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Table 3. SWE-bench Verified pass-rate of three methods: Zero-
shot, MARS, and AR.

Method | pass-rate (%) N

AR 75.2% 500
Zero-shot 71.6% 500
MARS 72.6% 500

simply a markdown document (SKILL.md) that records the
AR protocol in pure text (rather than Python orchestration
logic).

Evaluation of the skills form of AR has several desirable
characteristics. First, the skills form, by design, let a main
LLM agent drive the protocol itself. Specifically, the agent
can decide when to invoke R and C as Task subagents, and
it also decides when to edit. While our evaluation harness of
AR for LCB and SWE-PRBench intentionally used Python
orchestrating logic for fair comparisons in token cost, this
leans more towards an agentic workflow, where the structure
is rigid. On the other hand, a more general notion of LLM
agent can decide when to invoke and how to structure its own
workflow. Coding agents, which often need flexibility and
innovative decision-making to solve complex, repository
level coding tasks, fall under the latter notion of agents.
Hence, the skills form of AR provides a natural way to
evaluate the protocol on flexible coding agents. Additionally,
the loose constraint of text (rather than code) intentionally
puts the cooperative-Al claim to a strong test, because an
external orchestrator does not force cooperation on the agent,
we observe how an agent may organize cooperation through
its given instruction solely.

We evaluate only three methods on SWE-bench Verified
because full benchmark runs for each method estimate over
300 hours. We choose Zero-shot as the internal baseline,
MARS as the strongest prior multi-agent baseline from LCB,
and AR as our proposed method.

5.2. Result

As shown in Table 3, AR reaches 75.2% pass-rate on N=500.
Zero-shot on the same Claude Code scaffold without the
AR skill reaches 71.6%. MARS reaches 72.6%. Though
notably, AR uses about 4.5 the tokens of Zero-shot (see
Section 6), trading off token-efficiency for performance
gains.

5.3. Case studies

We use two case studies to further analyze AR’s results
on SWE-bench Verified. The first case shows when AR
helps: the reviewer—critic loop pushes the agent toward the
root cause. The second case shows when AR hurts: the
same loop amplifies a speculative concern and expands the

patch beyond the issue scope. Both cases come from AR’s
skills-form evaluation.

Case 1 — Structured disagreement helps find the root
cause. Task: matplotlib_matplotlib-20826.
The issue occurs after Axis.clear () resets the per-
tick keyword argument dictionaries. As a result,
when a user calls ax.clear () on shared or subplot
axes, tick-visibility settings such as labels hidden by
label outer () are lost.

Zero-shot and MARS both patch the caller:
lib/matplotlib/axes/ base.py. Their patches
re-apply tick visibility settings after the reset has already
destroyed them. This fixes the symptom, but not the
underlying cause. Zero-shot produces a 45-line patch, and
MARS produces a 50-line patch. Both fail the hidden tests.

In comparison, AR instead patches the callee:
lib/matplotlib/axis.py. Rather than re-applying
visibility settings after the reset, AR removes the over-broad
reset and preserves the relevant tick keyword state directly:

- self. _resetmajor_tick _kw()
- self._reset_minor_tick_kw()
self. major_tick_kw[’gridOn’ ]
+ self. minor_tick kw[’gridOn’]

+

This difference matters. Zero-shot and MARS repair the vis-
ible symptom at the public-API layer. While AR’s reviewer
subagent 2 makes the same mistake in the initial round of re-
views, the critic subagent C' catches the mistake right away,
and the agents converge to agreement immediately. As a
result, AR actually repairs the state-destroying operation at
the implementation layer. AR’s patch is shorter, about 20
lines, and is the only patch that passes the hidden tests. We
interpret this as a case where the reviewer—critic loop helps
the main agent inspect one frame deeper in the call chain,
moving from symptom repair to root-cause repair.

Case 2 — Structured disagreement amplifies scope creep.
Task: astropy__astropy—-14182. The issue asks the
agent to add a header_rows argument to the RST writer.
Zero-shot solves the task with a minimal 24-line patch that
threads the parameter through __init__and write. The
patch stays within the issue scope and passes the hidden
tests.

AR produces a larger 32-line patch. It adds header_rows,
but also removes a stable class variable, start_line=3
in SimpleRSTData, and adds a new read () method.
These extra changes were not required by the issue. The
source of the over-edit is visible in the trace: during plan-
ning, the reviewer asks, “what if the user calls read ()
separately?” The critic does not reject this as out of scope.
The main agent then implements the speculative change,
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Figure 2. Per-task median tokens vs. quality on each benchmark. The two y-axes measure different things across panels (binary pass-rate
vs. LLM-judge F1). The within-panel claim is the within-panel trade-off, not a cross-panel comparison. LCB token medians are estimated
from per-method call counts; SWE-PRBench and SWE-bench Verified token medians are computed from per-task logs.

and the patch fails the hidden tests.

This case shows the main failure mode of AR on SWE-
bench Verified. The reviewer—critic loop can improve root-
cause analysis, but it can also turn plausible concerns into
unnecessary edits. In other words, AR helps when disagree-
ment redirects the agent toward the true bug, and hurts when
disagreement expands the repair beyond the issue. This
suggests that future versions of AR could make scope disci-
pline as explicit as the evidence-grounded disagreement we
encoded in AR (v2) (Section 4.4).

6. Cost-quality position across benchmarks

Though AR trades token cost for performance, as we see in
Section 5.2, nevertheless AR is on the cost-quality Pareto
frontier of all three benchmarks we evaluate. The Pareto
frontier is the set of methods where no other method is both
cheaper and better. Figure 2 plots per-task median tokens
against performance on each benchmark.

The takeaway is that AR uses more tokens than Zero-shot
on all three benchmarks. The extra tokens give AR Pareto-
frontier performance on every panel. So no method we
tested is both cheaper and better than AR.

7. Discussion and limitations

AR works because it makes cooperation narrow. The
main result of this paper is not that adding more agents im-
proves coding. In fact, our constructive progression shows
the opposite: adding independent reviewers alone does not
reliably improve LCB, and MARS requires five agents to
obtain a smaller gain than AR. The useful part of AR is more
specific. AR restricts cooperation to one narrow interface:
a reviewer writes a review, and a critic audits that review.
The artifact is frozen during this exchange. Edits occur only
after the review stabilizes. This separation matters because
it prevents the agents from jointly rewriting the solution

while they are still disagreeing about what is wrong. In this
sense, while AR is a small oversight mechanism inserted
into a main-agent workflow, AR behaviorally resolves as a
collaborative agent team with distinct role separation.

The results support a middle ground between tools and
teams. Production coding agents often follow a main-
agent-plus-tools pattern, where subagents are invoked as
tools. Earlier multi-agent coding systems often follow a
team pattern, where many role-separated agents generate,
debate, or aggregate outputs. AR sits between these two
designs. The main agent remains responsible for writing and
editing the artifact, but the reviewer and critic are not merely
passive tools. They interact with each other before the main
agent acts. This design gives AR some benefits of role-
separated cooperation without requiring a large round-table
debate like MAD (Du et al., 2024; Smit et al., 2023; Wang
etal., 2025). The SWE-bench Verified result is important for
this reason: AR still improves performance when expressed
only as a SKILL.md protocol, without a Python orches-
trator forcing every step. This suggests that lightweight
cooperative protocols can be portable across agentic sys-
tems when the roles and decision rules are simple enough
to express in text.

Cooperation is not the same as trustworthiness. The
SWE-PRBench results show why cooperative Al systems
need to be audited, not merely benchmarked. AR v1 per-
forms best on LCB but worst among the review-centered
methods on SWE-PRBench. The case studies make the
failure visible. In one case, the reviewer proposes too many
weak findings and the critic confirms them. In another case,
the critic raises a real concern, but then yields to a confident
rebuttal from the reviewer. Both failures have the same
structure: the agents reach agreement, but the agreement is
not supported by enough evidence. We call this failure mode
false consensus. False consensus is especially concerning
because it can look like independent validation: two agents
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appear to agree, but the agreement may only reflect conver-
sational pressure to converge. Below we discuss how we
could explicitly and transparently ground trustworthiness of
collaborative agents in ways that may mitigate such false
consensus.

Evidence-grounded disagreement is the key design prin-
ciple. AR v2 improves SWE-PRBench performance by
adding textual constraints rather than more agents. The critic
must distinguish agreement, evidence-backed disagreement,
and concern-based disagreement. The reviewer must then
respond with code evidence instead of a plausible rebuttal.
This turns disagreement into an auditable object. The trace
shows whether a decision was supported by code, specula-
tion, or premature agreement. This is the main trustworthy-
Al lesson of AR: multi-agent oversight should not be judged
only by whether agents converge. It should be judged by
whether the path to convergence preserves dissent, evidence,
and accountability. Our textual constraint forces an agent to
discretize its disagreement into exactly one of three types,
which makes agent disagreement clear-cut, explicit, and
transparent. However, textual constraint may not be the best
nor the final solution to enforcing semantic constraints in
LLM agents. While the instruction-following capability of
LLMs continue to grow along its general ability, current
LLM:s are still prone to forgetting or ignoring instructions,
especially as the context window approaches full and past
full. Further work on more powerful methods to guide
LLMs is an orthogonal research direction to our work, yet
nevertheless important to creating trustworthy Al

Cost trade-off. AR is not a free improvement. It uses
more tokens than Zero-shot on all three benchmarks. The
cost-quality plots show that AR lies on the Pareto frontier
among the methods we tested, but this does not mean AR
should always be used. For easy tasks, the review loop may
be wasted computation. For tasks where the issue scope
is narrow, extra review may increase the chance of over-
editing. AR is most justified when the failure cost is high,
when the repository context is complex, or when root-cause
localization is more important than minimizing token cost.
This suggests a natural future direction: an adaptive version
of AR that invokes the reviewer—critic loop only when the
main agent is uncertain or when the patch touches high-risk
code.

Our claims about agent cooperation are empirical, not
formal. We do not prove equilibrium properties of AR. We
also do not claim that reviewer—critic loops are universally
better than independent reviewers, debate, or single-agent
refinement. Our conclusions are based on three empirical
probes: constructive progression on LCB, inner-loop review
quality on SWE-PRBench, and skills-form repository repair
on SWE-bench Verified. These settings are complementary,

but they do not cover all coding tasks or all agent scaffolds.
In particular, the Python-orchestrated experiments isolate
the protocol under controlled budgets, while the SWE-bench
Verified experiment tests a looser skills-form implementa-
tion. These two modes answer different questions. The first
asks whether the mechanism works under controlled exe-
cution. The second asks whether the mechanism survives
when delegated to an autonomous coding agent.

The evaluation is limited by benchmarks and judge
design. LCB measures competitive-programming style
correctness, SWE-PRBench measures similarity to human
pull-request feedback, and SWE-bench Verified measures
repository-level repair through hidden tests. Each bench-
mark captures only one view of quality. In particular, SWE-
PRBench depends on an LLM judge that matches generated
comments to human review comments. This makes it useful
for comparing review methods, but it may penalize valid
comments that differ from the human review or reward com-
ments that match surface form without improving the patch.
Similarly, SWE-bench Verified measures whether the final
patch passes tests, but it does not fully measure maintainabil-
ity, minimality, or long-term code quality. The case studies
partly address this gap by examining mechanism, but larger
and more comprehensive evaluations would be needed to
validate AR as a deployed review assistant.

Future work should study adaptive and auditable cooper-
ation. The next step of collaborative multi-agent systems
may not simply be adding more agents or more rounds. The
main open question is when cooperation should be invoked
and how its traces should be audited. For our line of work,
AR variants could add a scope-checking critic, a confidence
gate that skips review on easy tasks, or a disagreement log
that records which claims were supported by code evidence.
More broadly, our results suggest that cooperative Al pro-
tocols should be designed around explicit failure modes.
Agents should not merely be encouraged to agree. They
should be required to preserve the evidence, uncertainty,
and dissent that make agreement trustworthy.

8. Conclusion

We construct AR step by step on LCB. The progression goes
Zero-shot, Self-Refine, Single-reviewer, Two-reviewers,
MARS, AR. AR achieves the highest measured score among
the methods we test on all three benchmark; yet AR is
the smallest interactive structure in the main-plus-subagent
paradigm. Rather than scaling agents or interaction rounds,
we show through AR that improvement in collaborative
agents may lie in carefully structured disagreement as well
as explicit audits and guidance.
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