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Abstract
Coding-agent scores depend not only on model capability, but also
on the evaluation protocol that determines what information the
agent receives, how outputs are produced and checked, how success
is measured, and how cost is counted. Building on prior evaluation-
documentation frameworks, we empirically study these dependen-
cies and organize them into information, procedure, and measure-
ment protocols for coding-agent evaluation.

Across 7,200 code-review records and 1,350 SWE-bench Lite
oracle-file apply-level repair records, we find that evaluation con-
clusions are protocol-sensitive. In code review, full-raw context
yields a statistically reliable but small improvement over diff-only
context under deterministic file-level scoring (ΔSNRfile = 0.007,
𝑝 = 0.002). Increasing post-generation verification depth from V0
to V3 is not reliably beneficial (ΔSNRfile = 0.003, 𝑝 = 0.330). Under
oracle-file access, clean-apply rate varies from 8.0% with diff-only
context to 50.4% and 54.7% with structured and full-raw context,
respectively; this conditional apply-level result is not an official
SWE-bench resolved-rate comparison. Semantic-judge rescoring
changes which factors appear significant, while alternative cost-
accounting rules reverse the relative ordering of the two multi-call
workflows.

These findings motivate reporting coding-agent outcomes as
paired objects consisting of a score and the protocol under which
it was produced. We operationalize this recommendation through
protocol cards that record coding-agent-specific protocol choices
and cross-cutting run metadata.

CCS Concepts
• Computing methodologies → Artificial intelligence; • Soft-
ware and its engineering→ Software testing and debugging.

Keywords
coding agents, agentic AI evaluation, protocol cards, trustworthy
AI, LLM-as-a-judge, benchmark auditing

1 Introduction
Coding agents are evaluated as compound systems rather than
isolated model calls. A reported score may depend on the task
evidence shown to the agent, the workflow used to generate or
revise outputs, the checks applied after generation, the metric used
to score the output, and the way computation is counted.

These dependencies become especially important in repository-
level software-engineering settings, where agents retrieve files,
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review pull requests, generate patches, call tools, and participate
in iterative repair loops. A leaderboard score can therefore appear
model-intrinsic even when it is partly produced by hidden choices
in context construction, orchestration, verification, measurement,
and cost accounting.

This paper studies the evaluation protocol rather than proposing
a new coding agent. Our motivating question is:

When a coding agent is reported to achieve a score,
what protocol information must be disclosed for that
score to be interpretable, reproducible, and trustwor-
thy?

This question is related to broader work on evaluation cards,
benchmark documentation, and run-level reporting. We do not
claim that documenting evaluation conditions alongside scores is it-
self new. Instead, we study which protocol choices are particularly
consequential for coding agents and provide controlled empiri-
cal evidence for their effects. Coding-agent evaluation introduces
domain-specific reporting needs, including repository context con-
struction, file-access assumptions, tool availability, the distinction
between verification and refinement, patch-application rules, se-
mantic matching, and accounting for generation and verification
calls.

We organize these choices into three dimensions: the informa-
tion protocol, which records what evidence the agent can access;
the procedure protocol, which records how the agent produces and
checks outputs; and the measurement protocol, which records how
outputs and costs become reported scores. Cross-cutting run meta-
data, including model identity, prompts, decoding settings, and
failure policies, is disclosed alongside these dimensions.

This paper does not introduce a new coding model, learned
router, or agent architecture. Its primary contribution is an empiri-
cal audit of how evaluation conclusions vary with context, work-
flow, verification, measurement, and cost accounting. We use these
findings to operationalize a coding-agent-specific reporting schema
that complements broader evaluation-card and benchmark- docu-
mentation frameworks.

We make three contributions:
(1) A controlled empirical audit of protocol sensitivity in

coding-agent evaluation. Across 7,200 code-review records
and 1,350 oracle-file apply-level repair records, we quantify
how context construction, workflow, verification depth, metric
family, and budget accounting affect measured conclusions.

(2) A coding-agent-specific operationalization of evaluation
reporting. Building on broader evaluation-documentation
frameworks, we organize score-producing conditions into
information, procedure, and measurement protocols. The
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schema explicitly separates verification, which observes an
output, from refinement, which is permitted to modify it.

(3) Practical reporting guidance. We instantiate the proposed
disclosure structure for the headline experiments and provide a
proposed core set of protocol and run-level fields for interpret-
ing coding-agent results.

2 Background and Positioning
Coding-agent benchmarks and evaluation protocols. SWE-bench

evaluates repository-level software repair using real GitHub issues
and developer tests [6]. SWE-bench Lite provides a smaller subset
for lower-cost iteration [14]. Recent benchmark-auditing work has
argued that benchmark construction, solution leakage, weak tests,
and harness details can materially affect conclusions [1, 15]. These
studies motivate treating benchmark construction, execution, and
reporting choices as part of the interpretation of an agent score.

Evaluation documentation and reporting frameworks. Protocol
cards build on a broader line of work that documents the conditions
under which evaluation results are produced. BenchmarkCards
document benchmark-level properties, intended uses, methodolo-
gies, and limitations, while EvalCards and Evaluation Cards pro-
vide broader schemas for disclosing evaluation and run-level meta-
data [2, 3, 13]. Recent coding-agent work such as Claw-SWE-Bench
further shows that prompting, workspace construction, runtime
budgets, patch extraction, and evaluator configuration form part of
the effective benchmark contract [18].

Our contribution is narrower and empirical. We do not propose
protocol cards as a replacement for these frameworks or claim
that score-plus-metadata reporting is new. Instead, we identify
a coding-agent-specific decomposition—information, procedure,
and measurement protocols—and use controlled comparisons to
measure how context construction, verification and refinement,
matcher choice, and budget accounting are associated with different
evaluation conclusions.

Harnesses, context, and workflows. Recent harness- andworkflow-
engineering work argues that LLM-system performance depends
not only on model weights, but also on external code and workflow
structure that control context construction, retrieval, memory, and
orchestration [7, 11, 16]. Meta-Harness, for example, optimizes
executable harness code by giving a coding-agent proposer access
to prior source code, scores, and execution traces [7]. Whereas
these studies optimize harnesses or workflows for performance, we
treat harness- and workflow-level choices as variables that must be
disclosed and audited when reporting scores.

Metric validity and LLM-as-a-judge. LLM-based judging can re-
cover semantic equivalencemissed by deterministic matching, but it
can also introduce reliability and bias concerns, including prompt-,
position-, style-, and scoring-related biases [4, 8, 17]. We there-
fore treat semantic judging as a validation layer rather than the
only headline metric. Our headline metric remains deterministic
and reproducible, and we explicitly test whether semantic judging
changes factor-level conclusions.

Workflow, refinement, and escalation. Prior systems such
as MetaGPT and ChatDev decompose software-development

Table 1: Organizing dimensions of a coding-agent protocol
card. Cross-cutting run metadata is required in addition to
the three dimensions.

Dimension What it records Audit question

Information Dataset/version, task
selection, context and
oracle access, retrieval,
packaging, token budget

What evidence could the
agent access?

Procedure Workflow, tools, envi-
ronment, revision policy,
verification depth, retry
and failure handling

How was the output
produced and checked?

Measurement Metric, matcher/judge,
human audit, aggrega-
tion, uncertainty, cost
accounting

How did the output be-
come a reported score?

Cross-cutting run metadata: model/provider/version, prompts, decoding settings, seed
support, dates, and software environment.

tasks across role-specialized agents [5, 10], while Reflexion and
Self-Refine improve agents through feedback, memory, or revi-
sion [9, 12]. Recent workflow benchmarks further treat workflow
structure itself as an evaluation target [11]. Our workflows are
narrower controlled evaluation conditions, not new collaborative
coding architectures. We also include a bounded human audit
inspired by selective prediction and escalation, but because it
uses one annotator, it is diagnostic rather than population-level
validation.

3 Protocol Cards for Coding-Agent Evaluation
3.1 Protocol-card dimensions
A protocol card is a concise description of the evaluation protocol
that produced a coding-agent score. It is intended to accompany
leaderboard-style results, not replace them. The goal is to make
explicit the assumptions that determine how an agent score should
be interpreted.

The three dimensions provide an organizing decomposition of
the evaluation conditions that produce a coding-agent score. They
answer three distinct audit questions: what the agent was allowed
to see, how it was allowed to act, and how its output was scored. We
do not claim that these dimensions exhaust all variables required for
reproducibility. Cross-cutting run metadata—including exact model
and provider versions, prompt templates, decoding settings, seed
support, retry and failure policies, execution dates, and environment
versions—remain first-class disclosure fields within the card.

3.2 Verification and refinement as separate
operations

A coding-agent evaluation may either verify an output or allow
the agent to refine it. Verification scores, filters, flags, or escalates
an already generated output without modifying the final answer.
Refinement returns a draft or feedback to the generator and permits
a revised answer.

For example, a verifier may determine whether a review
finding correctly localizes an unlocked read–write path in
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Figure 1: Overview of the measured forms of protocol sensitivity. Under oracle-file access, context construction is associated
with large differences in clean patch applicability; in code review, verification depth has no reliable effect under deterministic
file-level scoring; semantic judging changes factor-level conclusions; and cost accounting changes the relative ordering of
the two multi-call workflows. Protocol cards record these information, procedure, and measurement choices together with
cross-cutting run metadata.

CacheManager.get(), but it cannot rewrite the finding. A
self-refine workflow may instead replace a vague statement such
as “there may be a concurrency issue” with a localized explanation
of the read–write race. Protocol cards therefore report verification
and refinement separately.

3.3 Procedure protocol: workflow and
verification depth

The procedure protocol records both the workflow that produces
the output and the verification depth applied to it. A single-agent
workflow produces one final answer; self-refine permits revision;
and a verification pipeline separates generation from checking and
may trigger one additional generation after checking an initial draft.

Verification depth is an orthogonal factor. V0–V3 apply increas-
ingly restrictive post-generation checks to the finalized candidate,



KDD 2026 Workshop, August 2026, Jeju, Republic of Korea Keqin Zhang and Sharon Lee

but do not themselves permit revision. Workflow can therefore
change the generated answer, whereas final-scoring verification
changes only how that answer is checked. Table 2 gives the exact
E1 operations.

3.4 Measurement protocol: what counts as
signal or noise

The measurement protocol specifies how an agent output becomes
a reported score. For code review, an output usually contains one or
more findings. A finding is treated as signal if it matches a ground-
truth concern under a specifiedmatcher. A finding is treated as noise
if it is unmatched, too vague to localize, or points to an irrelevant
file.

Our headline deterministic metric is file-level signal-to-noise
ratio, denoted SNRfile. Under matcher family𝑚, let𝑀𝑚 be the set
of generated findings that match a ground-truth concern, and let
𝑈𝑚 be the set of unmatched findings. We define:

SNR𝑚 =
|𝑀𝑚 |

|𝑀𝑚 | + |𝑈𝑚 | . (1)

For example, suppose an agent produces five review findings. If
two findings point to files that match ground-truth concerns and
three findings are unmatched, vague, or irrelevant, then SNR𝑓 𝑖𝑙𝑒 =

2/(2 + 3) = 0.40. This metric rewards useful localized findings and
penalizes extra unmatched findings. It is conservative because it
measures file-level localization rather than full semantic correct-
ness.

The same generated output can look different under different
matchers. File-level matching asks whether the finding localizes
to the relevant file. A semantic judge can recover findings that
use different wording but describe the same underlying issue. This
distinction motivates a measurement protocol that records whether
the score is produced by deterministic file-level matching, semantic
judge-based scoring, or both. We therefore use SNRfile as the repro-
ducible headline metric and use judge-based scoring as a validation
layer.

Bug-hit rate (BHR) is complementary to SNR. BHR asks whether
the agent finds at least one ground-truth concern for a task. SNR
asks how much of the generated output is useful signal rather than
unmatched noise. A model can have high BHR but low SNR if it
finds one real issue while also producing many irrelevant findings.
Conversely, a model can have moderate BHR but higher SNR if it
produces fewer but more precise findings.

For repair-style tasks, the measurement protocol shifts from
finding-level evaluation to patch-level evaluation. We use clean
apply rate to measure whether a generated patch can be applied
to the base repository state, and gold-file alignment to measure
whether the patch modifies the relevant files. These patch-level
metrics are useful for apply-level repair analysis, but they should not
be interpreted as official benchmark resolved rates unless executable
tests are run.

4 Experimental Design
This section instantiates the protocol-card dimensions defined in
Section 3 into three primary empirical studies and two diagnostic
analyses. Section 3 defines context regime, workflow, verification

depth, andmeasurement protocol as abstract evaluation dimensions.
Here, we operationalize these dimensions as controlled experimen-
tal factors. Table 3 summarizes the design.

4.1 Experimental factors
All studies are organized around the protocol-card dimensions in-
troduced above. The context regime controls how file information is
presented, including diff-only, structured, and full-raw variants. The
workflow controls how outputs are generated or revised, including
single-agent generation, self-refine, and verification-pipeline set-
tings. The verification depth controls the amount of post-generation
checking, using the V0–V3 levels defined in Table 2. The measure-
ment protocol controls which metric observes the output, including
deterministic file-level scoring, semantic judge scoring, apply-level
repair metrics, and budget accounting.

4.2 Empirical studies
E1: code-review evaluation. E1 is the main factorial review sweep

over 200 code-review tasks, four verification depths, three context
regimes, and three workflows. Outputs are review findings evalu-
ated with deterministic file-level scoring and bug-hit rate. E1-Judge
rescoring applies a semantic judge to the same E1 outputs to test
metric-family sensitivity.

E2: oracle-file conditional patch construction. E2 isolates patch
construction after file localization has succeeded. We select the first
150 SWE-bench Lite test instances with at least one FAIL_TO_PASS
test using a deterministic procedure. Oracle patches are used only to
identify the relevant repository-relative file paths; patch contents,
edit locations, and target edits are not exposed to the model. The
corresponding file contents are retrieved from the base commit and
serialized under the three context regimes.

Conceptually, E2 estimates

𝑃 (clean apply | relevant files correctly identified),
rather than the end-to-end probability that an agent independently
localizes the correct files, constructs a semantically correct patch,
and passes executable tests. E2 therefore varies context regime and
workflowwhile holding oracle-based file identification fixed. It does
not measure official SWE-bench resolved performance.

E3: cost accounting sensitivity. E3 reinterprets outputs from E1
under alternative cost-accounting schemes. Task inputs and gener-
ated outputs are held fixed; only the cost aggregation rule changes.
The goal is to test whether workflow rankings remain stable when
cost is counted as total calls versus generation calls.

E4–E5: diagnostic analyses. Additional diagnostic analyses ex-
amine human-audit boundaries and granularity sensitivity. They
support interpretation of E1–E3 but are not treated as headline
empirical evaluations.

4.3 Unit of analysis and statistical protocol
The unit of analysis is a generated record under a fixed task, con-
text regime, workflow, and verification depth. For E1, paired con-
trasts compare protocol conditions that share the same task iden-
tity, reducing variance from task difficulty. Tasks are loaded from
the preprocessed c-CRAB JSONL in file order, and the first 200
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Table 2: Operational definition of verification depth in E1. All checks are local and deterministic, introduce no additional
LLM calls, and do not revise the finalized candidate. Detailed acceptance rates and verifier-event counts are reported in the
supplement.

Depth Added check Operational rule Role in evaluation

V0 None The finalized generator output is measured directly. Baseline with no depth-specific verification.
V1 TestVerifier Requires at least one normalized source-file path or base-

name shared by a predicted and reference finding.
Failed checks set accepted=false, but the candidate is
retained for metric computation.

V2 V1 + StaticCheckVerifier Additionally rejects predicted findings that exactly match
known_false_positives; this set was empty in the re-
ported c-CRAB run.

Operationally close to V1 in the reported experiment.

V3 V2 + CriticVerifier Uses a deterministic oracle-aware check requiring nonempty
predictions to be an exact subset of the reference findings;
no critic LLM is called.

May flag or escalate a candidate but does not revise the final
output.

In the verification_pipeline workflow, these checks may also be applied to an initial draft and trigger one additional generation before final scoring.

loaded task IDs are selected deterministically. This improves repro-
ducibility but may introduce order bias; we therefore report the
cross-provider/model slice as a robustness check rather than as a
randomized validation set.

For E1, headline contrasts are paired by task identity: conditions
are compared only when they share the same underlying task. We
use task-level bootstrap resampling with replacement to construct
95% confidence intervals and paired 𝑝-values, thereby preserving
the within-task dependence among protocol conditions. Specifically,
we use 10,000 task-level bootstrap resamples (percentile method,
fixed random seed) to compute all confidence intervals and two-
sided paired-bootstrap 𝑝-values. The complete resampling imple-
mentation, random seed, and analysis configuration are released
with the artifact. For E2, bootstrap samples are likewise drawn at
the task level using 10,000 resamples, and we report clean-apply
rate and gold-file alignment over the deterministically selected
SWE-bench Lite instances. These metrics are not interpreted as
executable-test resolved rates. For E3, we hold generated records
fixed and vary only the accounting rule used to aggregate genera-
tion and verification calls.

5 Results
We report results for the three primary empirical studies defined in
Section 4. E1 tests code-review protocol sensitivity, E2 tests apply-
level repair under oracle-file access, and E3 tests budget-accounting
sensitivity. We organize the results by protocol question rather than
by experiment: information protocol, procedure protocol, measure-
ment protocol, and cost accounting. R1–R4 are the headline mea-
sured findings. E4–E5 are used only for diagnostic interpretation
and are not reported as headline results.

5.1 R1: Context sensitivity differs across
evaluation settings

Figure 2 reports the three prespecified E1 contrasts under deter-
ministic file-level scoring. Full-raw context improves over diff-only
context by ΔSNRfile = +0.007 (𝑝 = 0.002), with a 95% confidence
interval of [+0.003,+0.012]. The difference is statistically reliable
but small in absolute magnitude. It is larger than the other two
reported E1 contrasts, but it should not be interpreted as a large
improvement in review quality. A cross-provider/model robust-
ness slice shows the same direction of association (Δ = +0.019,

𝑝 < 0.001). Increasing verification depth from V0 to V3 remains
small and non-significant.

The E1 result shows that context construction can measurably
affect file-level review scores even when the absolute difference
is modest. It motivates disclosing context regime and task pack-
aging, rather than establishing that context universally dominates
workflow or verification.

E2 exhibits a substantially larger context-associated difference,
but it measures a different task, metric, and unit of analysis from E1.
Conditional on oracle identification of the relevant files, diff-only
context yields an 8.0% clean-apply rate, compared with 50.4% for
structured context and 54.7% for full-raw context. This result indi-
cates that context serialization can strongly affect patch formation
after file localization has succeeded.

The E2 values should not be compared directly with the E1 effect
size. E2 excludes file-retrieval and localization failures, and it does
not evaluate executable correctness. It therefore does not estimate
the improvement that an end-to-end coding agent would obtain on
official SWE-bench resolved rate.

A common diff-only failure is path ambiguity. In SWE-bench-
style patches, the output must name exact repository-relative file
paths. Under diff-only context, the model may identify the intended
logic change but generate a patch for a partial path, omit the ex-
pected prefix convention, or place the edit in a file not present in
the patch context. Such patches fail clean application even when
the high-level repair idea is plausible. Structured context mitigates
this failure by exposing file-level anchors before generation.

5.2 R2: Verification-depth and workflow effects
are limited in the evaluated E1 setting

Within E1, increasing verification depth from V0 to V3 yields a
small and non-significant change under deterministic file-level
scoring (ΔSNRfile = +0.003, 𝑝 = 0.330). The verification pipeline
has a modest positive contrast relative to single-agent generation
under the file matcher (ΔSNRfile = +0.005, 𝑝 = 0.037). These effect
sizes are specific to the evaluated tasks, models, prompts, context
regimes, and measurement rule.

The results do not establish that verification is generally ineffec-
tive, nor do they show that verification and context have a universal
ordering. They show that the tested post-generation checks do not
reliably improve the deterministic file-level metric when verifica-
tion depth is increased from V0 to V3 in E1.
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Table 3: Main empirical audits used in this paper. E4/E5 diagnostics are reported only as limitations or supplementary material.

Audit Design Protocol-card dimension
tested

Primary output

E1 Review audit 200 tasks × 4 depths × 3 contexts × 3 workflows = 7,200
records

Information and procedure
protocols

SNRfile, BHR

E1-Judge Semantic rescore of E1 Measurement protocol SNRjudge, factor significance
E2 Repair bridge 150 SWE-bench Lite tasks × 3 contexts × 3 workflows =

1,350 records
Information protocol under
oracle-file apply-level repair

Clean apply rate, gold-file
alignment

E3 Budget audit Post-hoc cost analysis over E1 Measurement protocol and
budget policy

Workflow ranking under cost
accounting

Figure 2: E1 results under deterministic file-level scoring. (a) Full-raw context yields a statistically reliable but small improvement
over diff-only context. V3 versus V0 is not significant, and the verification-pipeline contrast is modest. (b) Workflow-by-
verification cell means averaged over context regimes. The figure characterizes the evaluated E1 setting and does not establish
a universal ordering of context, workflow, and verification effects.

Table 4: E1 headline contrasts under deterministic file-level
scoring.

Contrast ΔSNRfile 95% CI 𝑝-value

V3 − V0 +0.003 [-0.003, +0.008] 0.330
full-raw − diff-only +0.007 [+0.003, +0.012] 0.002
verification pipeline − single-agent +0.005 [0.000, +0.009] 0.037

Interpretation. One possible explanation is that some failures
arise before verification, when relevant evidence is absent or poorly
serialized. However, the present design does not isolate evidence
availability from context length, formatting, ordering, prompt de-
sign, or verifier strength. We therefore treat this explanation as a
hypothesis rather than a causal conclusion.

5.3 R3: Measurement protocol changes which
factors appear significant

Figure 4 compares deterministic file matching with DeepSeek V3
judge labels on the same E1 outputs. The judge assigns a slightly
higher aggregate SNR (0.093 versus 0.087) and a higher BHR (0.440
versus 0.365). These differences show that the semantic judge labels

more findings as matches; they do not by themselves establish that
the additional matches are correct.

We therefore do not treat the judge output as ground truth. The
judge rescore is a measurement-sensitivity analysis: it asks whether
a more semantic observation rule changes factor-level conclusions.
Table 6 shows that the evidence associated with context and work-
flow differs across the two measurement rules, while the V3–V0
depth contrast remains non-significant.

The file–judge discrepancy is not treated as a contradiction.
File-level scoring operationalizes success through deterministic
localization, whereas the semantic judge applies a model-based
matching rule that can label differently worded findings as matches.
The present analysis does not determine which observation rule is
universally more valid, because the judge has not been calibrated
on a sufficiently large independent human-labeled set.

The result instead demonstrates that metric choice is part of
the evaluation protocol. A protocol card should therefore disclose
whether a reported score is produced by deterministic matching,
semantic judging, human audit, or a combination of these mea-
surement layers, together with the judge model, prompt, decoding
settings, and failure-handling policy where applicable.
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Table 5: E2 oracle-file apply-level repair bridge. Metrics are clean-apply and gold-file alignment, not official SWE-bench resolved
rates. Brackets show bootstrap 95% CIs.

Context Apply rate Gold-file recall Gold-file precision

diff-only 8.0 [4.2, 12.4] 79.8 [73.3, 85.8] 78.0 [71.3, 84.4]
structured 50.4 [43.3, 57.8] 96.7 [94.2, 98.7] 96.9 [94.5, 98.8]
full-raw 54.7 [47.3, 62.2] 96.0 [93.3, 98.2] 96.5 [94.0, 98.5]

Figure 3: E2 clean-apply rate conditional on oracle identifi-
cation of relevant files. Structured and full-raw context are
associated with higher clean-apply rates than diff-only con-
text. The experiment excludes file-localization failures and
does not run executable tests; the values are therefore not
official SWE-bench resolved rates.

Table 6: Metric sensitivity in E1. The evidence associated
with context and workflow depends on the measurement
rule, while the depth contrast remains non-significant. A
difference between significant and non-significant results
does not itself establish that the two effect sizes differ signif-
icantly.

Contrast File matcher DeepSeek judge

Depth: V3–V0 n.s. (𝑝 = 0.330) n.s. (𝑝 = 0.288)
Context: full-raw–diff-only sig. (𝑝 = 0.002) n.s. (𝑝 = 0.107)
Workflow: VP–single marginal (𝑝 = 0.037) sig. (𝑝 < 0.001)

5.4 R4: Cost accounting reverses the relative
order of the two multi-call workflows

E3 asks whether workflow rankings are stable when the cost policy
changes. Let 𝐴𝑤 denote accepted outputs, 𝐺𝑤 generation calls, and
𝑉𝑤 verification calls for workflow𝑤 . We compare two accounting
schemes:

𝐶 total
𝑤 =

𝐺𝑤 +𝑉𝑤

𝐴𝑤

, 𝐶
gen
𝑤 =

𝐺𝑤

𝐴𝑤

.

Table 7: Cost accounting crossover effects on workflow rank-
ing (E3). Values indicatemean cost per accepted output; lower
is better. SA = single-agent, SR = self-refine, VP = verification
pipeline.

Accounting
scheme

Rank 1 Rank 2 Rank 3

Total calls /
accepted

SA (5.68) SR (8.38) VP (10.82)

Generation
calls / accepted

SA (2.27) VP (3.98) SR (4.79)

The first treats verification calls as primary cost, while the second
reports generation cost separately from verification overhead. We
use these cost ratios as an accounting illustration rather than as the
headline quality metric; the headline quality comparison remains
SNRfile.

Thus, workflow comparisons should report at least total calls,
generation calls, verification calls, and the cost policy used to ag-
gregate them. Table 7 shows the accounting crossover: among non-
single-agent workflows, self-refine is cheaper under total-call ac-
counting, while the verification pipeline becomes cheaper under
generation-call accounting. This ranking change supports our claim
that cost accounting is part of the measurement protocol rather
than a reporting detail.

Single-agent generation remains the least costly workflow under
both accounting rules. The observed reversal is therefore limited to
self-refine and the verification pipeline. Moreover, call counts are
an accounting proxy rather than a complete economic-cost model:
they do not capture input and output tokens, provider-specific
prices, caching, parallel latency, or heterogeneous model costs.

6 From Scores to Protocol Cards
Consistent with prior evaluation-documentation work, we treat a
reported result as a paired object:

(score, protocol) .

The score summarizes measured performance, while the protocol
records the conditions under which that performance was produced.
Our contribution is not the general observation that scores require
metadata; it is the controlled coding-agent sensitivity analysis and
the domain-specific operationalization of information, procedure,
measurement, and run-level disclosures.

Table 8 summarizes the proposed core disclosure fields.
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Figure 4: File-path matcher versus DeepSeek V3 judge labels on E1. The semantic judge labels more findings as matches,
increasing the observed BHR and recall while changing aggregate SNR only slightly. These differences characterizemeasurement
sensitivity and should not be interpreted as evidence that judge-only matches are necessarily correct. Factor-level results are
reported in Table 6.

How Protocol Cards Should Be Used
A protocol card is useful in three practical scenarios where scalar
scores alone are ambiguous. First, it helps compare leaderboard
results produced under different context regimes or verification
policies: a higher score under full-raw context should not be inter-
preted in the same way as a score obtained under diff-only context.
Second, it helps diagnose why an apparent improvement may dis-
appear under a different matcher, judge, or budget policy. Third, it
supports reproducibility by making task packaging, measurement,
and cost assumptions explicit. A protocol card is therefore not a
replacement for metrics such as pass@1, resolved rate, clean apply
rate, or SNRfile; it is an audit layer that explains how those metrics
were produced.

Proposed Core Disclosure Fields
We propose a core rather than universally sufficient disclosure
set. It combines the variables audited here with reproducibility
metadata from prior reporting frameworks; its human usefulness
and authoring cost remain to be validated.

Score-only reporting identifies which number is higher. Protocol
disclosure records the conditions under which that number was
produced. Protocol cards do not replace metrics such as pass@1,
resolved rate, clean-apply rate, or SNRfile; they provide an audit
layer for interpreting and reproducing those metrics.

7 Discussion and Limitations
Protocol Sensitivity
Our results should not be read as establishing that one context
regime, workflow, verification depth, or metric is universally best.
They show that measured coding-agent conclusions are conditional

on the evaluated protocol. Context construction changes the avail-
able and serialized evidence; workflow and verification determine
how outputs are produced and checked; metric family changes the
observation rule; and cost accounting reverses the relative ordering
of self-refine and the verification pipelinewhile leaving single-agent
generation least costly under both policies.

Verification and Evidence
The weak V0–V3 contrast should not be interpreted as evidence
that verification is generally ineffective. It shows only that the
tested depth-specific checks do not reliably improve the determin-
istic file-level metric in E1. Verification may still affect filtering,
escalation, semantic plausibility, or executable correctness under
other tasks and measurement rules. The present results motivate
reporting information and procedure protocols together, but they
do not establish a universal causal ordering between context and
verification.

Apply-Level Repair Boundary
E2 should be interpreted as an oracle-file apply-level repair bridge.
Its purpose is to isolate whether context packaging improves patch
applicability once relevant files are known. Clean apply rate and
gold-file alignment are engineering validity proxies, not guarantees
of semantic correctness or official SWE-bench resolved rate.

Threats to Validity
Our results should be interpreted within several validity bound-
aries. First, SNRfile measures file-level localization signal rather
than full semantic correctness. Second, E1 uses a deterministic task
slice, which improves reproducibility but may introduce order and
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Table 8: Proposed core disclosure fields for coding-agent evaluation. The field set is not claimed to be universally sufficient.

Field group Required disclosure

Evaluation identity Dataset and version; split; task type; complete task-ID list or sampling rule; evaluation date.
Model identity Exact model and API version; provider; identities of the generator, refiner, verifier, and semantic judge where

applicable.
Inference settings System and user prompts or prompt identifiers; temperature; top-𝑝 ; maximum output length; seed support; retry,

timeout, and parse-failure policies.
Information protocol Accessible task evidence; oracle information; retrieval policy; context regime; serialization and ordering; token

budget; truncation policy.
Procedure protocol Workflow topology; tool access; execution environment; revision policy; verification depth; number and type of

generation and verification calls.
Measurement protocol Primary and secondary metrics; exact matcher or judge; judge prompt; human-audit procedure; aggregation rule;

uncertainty estimation; missing-output and failure handling.
Budget policy Generation calls; verification calls; token use, latency, or monetary cost where available; aggregation rule and cost

cap.
Known limitations Proxy metrics; oracle assumptions; task-selection bias; unvalidated judges; unsupported generalizations; unavail-

able artifacts.

repository-composition bias; the cross-provider/model slice is a
robustness check rather than a randomized validation set. Third,
E2 is oracle-file and apply-level, so it excludes retrieval failures and
does not establish official SWE-bench resolved rate.

Fourth, the human audit is single-author and diagnostic and
should not be interpreted as population-level human validation.
Fifth, structured and full-raw contexts may differ in ordering, re-
dundancy, formatting, and length as well as information content,
preventing a pure causal attribution to information quantity.

Sixth, the DeepSeek V3 judge is a measurement model rather
than ground truth. Its labels may depend on the exact model version,
provider, prompt, decoding configuration, and failure policy, and we
do not have a sufficiently large independent human-labeled set to
establish its absolute calibration. Seventh, the proposed disclosure
fields have not been validated through a user study, and we do not
measure the time required to create or maintain a protocol card.
Eighth, call-count accounting does not represent complete token,
latency, energy, or monetary cost.

These limitations define the scope of our empirical claims and
illustrate the conditions that should accompany reported scores.

8 Reproducibility and Ethical Considerations
Scope and Non-Headline Diagnostics
Human audit and granularity are included as protocol-card fields,
but they are not headline causal evidence in this paper. They moti-
vate future protocol-aware evaluation studies rather than establish-
ing population-level calibration or causal review-cadence effects.

Model size, temperature, prompt wording, provider, program-
ming language, repository domain, and tool availability can also af-
fect performance. We treat these as implementation-level or future-
extension variables rather than the main protocol-level axes studied
in this paper.

Reproducibility. Code, experiment configurations, selected task
IDs, metric definitions, and table- and figure-generation scripts are
available in our public artifact repository. The repository documents
the E2 instance-selection rule and maps each headline table and
figure to its input records. The main paper remains self-contained.

Ethical and Societal Considerations
This work studies evaluation protocols for coding agents. Better
protocol reporting can reduce overconfidence in automated code
tools by making context, metric, cost, and escalation assumptions
explicit. However, benchmark scores can still be misused if inter-
preted as deployment-safety guarantees. We therefore recommend
reporting protocol settings, failure modes, and conditions under
which human review remains necessary.

9 Conclusion
We presented a controlled empirical audit of protocol sensitivity
in coding-agent evaluation and used the findings to operational-
ize a coding-agent-specific protocol-card schema. In code review,
full-raw context yields a statistically reliable but small file-level
improvement, while increasing verification depth from V0 to V3 is
not reliably beneficial in the evaluated E1 setting. Under oracle-file
access, context construction is associated with large differences in
clean patch applicability, but this conditional apply-level result is
not an official SWE-bench resolved-rate comparison.

Semantic-judge rescoring changes factor-level conclusions, al-
though judge-only matches are not treated as ground truth. Alter-
native cost policies reverse the relative ordering of self-refine and
the verification pipeline, while single-agent generation remains
least costly under both policies.

These findings do not establish that protocol cards are a complete
or universally sufficient reporting standard. They show that coding-
agent scores are conditional on information, procedure, measure-
ment, and run-level choices that should be disclosed. Coding-agent
results are therefore more interpretable when reported as a score
together with the protocol and run configuration that produced it.
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