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Abstract

LLM-based coding agents have advanced rapidly on single-process SWE tasks,
with frontier models now clustering in the high-70s on SWE-bench Verified.
Distributed-system debugging, however, remains an under-explored regime: bugs
span processes, nodes, and protocol interactions, with root causes rarely recoverable
from source alone and brute-force exploration intractable across non-deterministic
interleavings. This leaves two gaps in LLM and agent evaluation: no code-repair
benchmark targets distributed-system bugs, and no controlled study isolates how
much externally provided debugging context changes agent success on them. We in-
troduce DDBENCH, a code-repair benchmark of 60 historical bugs mined from 13
open-source distributed systems, partitioned into three difficulty tiers. DDBENCH
evaluates every case under two matched conditions: a symptom-only condition
where the agent receives only the bug symptom and repository, and a context-
augmented condition where it additionally receives bounded debugging context
(logs, traces, runtime state, and targeted code-investigation notes), isolating the
effect of debugging context from model capability. The evaluation of 10 LLMs on
DDBENCH reveals several findings. First, distributed debugging exercises a reason-
ing dimension that single-process benchmarks do not surface: models’ pass rates
span 61 pp, and pairwise bootstrap separates 9 of 15 top-tier model pairs at p < 0.05
on DDBENCH’s hardest case-set. Second, bounded debugging context lifts ag-
gregate pass rate by +18.1 pp, and the lift is asymmetric: weaker models gain
pass rate, while stronger models gain efficiency. Third, debugging context requires
careful curation, as even faithful debugging context can sometimes mislead LLMs.

1 Introduction

Large Language Models (LLMs) and LLM-based coding agents have advanced rapidly on software
engineering tasks [14, 31, 24, 26, 21, 9]. Frontier models now routinely resolve multi-file bugs even
through simple agent harnesses [27, 30], and SWE-bench Verified [13] provides an established test
set and evaluation protocol for tracking continued progress in this regime.

Debugging distributed systems, however, remains an under-explored regime for LLM-based agents,
and is substantially harder than single-process code repair. A distributed-system bug rarely surfaces
in a single stack trace as its root cause spans processes, nodes, and network paths. Diagnosing such a
bug requires reasoning about cross-process causality, non-deterministic interleavings, data races, and
protocol-level invariant violations. Consequently, the critical debugging context (information that
helps the debugging process) is often hard to surface from static reasoning on the source code alone
making logs, traces, and runtime state snapshot valuable assets. Nor can an agent reconstruct critical
debugging context by brute-force enumeration and exploration, since a distributed bug often depends
on the precise sequence of events across processes (e.g., whether a timeout fires before or after a
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reply arrives), and the number of such sequences is intractable. Therefore, existing LLM and agent
benchmarks that target single-process repair tasks can poorly capture distributed debugging capability.

This leaves two concrete gaps in LLM and agent evaluation. First, no code-repair benchmark targets
distributed-system bugs. Existing code-repair benchmarks (e.g., SWE-bench [13], DebugBench [22],
and Multi-SWE-Bench [37]) focus primarily on single-process workloads. IT-operations benchmarks
such as AIOpsLab [8] and CloudOpsBench [25] reach across distributed services but evaluate
operational diagnosis from telemetry rather than source-level code repair. There is therefore
no principled way to compare models on debugging distributed-system bugs at the source-level.
Second, no existing evaluation quantifies how much controlled debugging context (e.g., logs, traces,
diagnostic code exploration notes) changes an agent’s success rate and behavior in solving these
distributed-system bugs, relative to working from the bug symptom and codebase alone.

We introduce DDBENCH, a code-repair benchmark that contains 60 historical bugs mined from 13
open-source distributed systems, partitioned into three disjoint difficulty tiers: tier-1 (31 cases, the
most challenging set), tier-2 (15 cases), and tier-3 (14 cases). DDBENCH therefore enables principled
measurement of model capability on distributed-system debugging which addresses the first gap.

Since brute-force exploration is prohibitively expensive in this regime, the value of externally-
provided debugging context becomes measurable, making the context channel itself a natural ex-
perimental knob. Therefore, DDBENCH is designed to run every case under two conditions: (i) a
symptom-only condition, where the agent receives only the bug symptom and codebase and must sur-
face any additional information through its own exploration; and (ii) a context-augmented condition,
where the agent additionally receives a curated debug-context bundle along with the bug symptom
and codebase. This design allows us to isolate the effect of additional debugging context from model
capability, addressing the second gap by providing a controlled experimental setup.

We evaluated 10 proprietary and open-weight LLMs with mini-swe-agent [30] through
DDBENCH’s two-condition harness. Two major findings emerge:

FIGURE 1: DDBENCH sharply differentiates models
on distributed debugging. Under the symptom-only
condition, six models span 58 pp on DDBENCH tier-
1 (n=31), compared with only 7 pp on SWE-bench
Verified (n=500).

(1) Cross-model separation on distributed de-
bugging. Under the symptom-only condition on
tier-1 case set, 10 models spanned 61 pp in pass
rate. Pairwise bootstrap tests (n = 31 cases) dis-
tinguished 9 of 15 top-tier model pairs at p < 0.05.
For the six models we sampled with publicly
reported SWE-bench Verified scores1, the same
models span only 7 pp on SWE-bench but 58 pp
on DDBENCH tier-1 (Figure 1). The contrast is
consistent with the fact that distributed debugging
exercises a reasoning dimension that is not directly
measurable by single-process code-repair tasks.

(2) Additional debugging context lifts pass-
rate unevenly and cuts token cost consistently.
Adding curated debugging context lifted aggre-
gate pass rate from 32.6% to 50.6% (+18.1 pp).
The gains break down differently across mod-
els. Weaker models gained primarily in pass rate
(GLM 4.7: 9.7% → 48.4%). In contrast, stronger
models saw only marginal pass-rate gains but sub-
stantial cost reductions (Opus 4.6: 69% lower to-
ken consumption and 41% fewer steps-to-completion). The gain of adding debugging context was
also large enough to reorder model ranking. Specifically, context-augmented GPT 5.4 matched
Opus 4.6’s symptom-only pass-rate while consuming 60% fewer tokens. Furthermore, we observed
that per-case outcomes are not uniform: a faithful debugging context (e.g., error outputs from a test
case that reveals the bug) sometimes can even mislead strong models when its observation sits far
from the fault (§3.3), revealing the hidden risk of adding more information without careful curation.

1We sampled Claude Opus 4.6, Claude Sonnet 4.6, GPT 5.4, GLM 4.7, GLM 5, and Kimi K2.5. We obtained the score
for GPT-5.4 (high thinking) from Epoch AI as OpenAI did not officially release the number; other scores come from model
vendors’ official reports.
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FIGURE 2: Examples of debug-context files shipped in DDBENCH.

The two findings reveal that the same regime that makes curated debugging context valuable also
spreads models apart, because the agents that suffer most from missing critical debugging information
that cannot be easily compensated through expensive exploration and reasoning. DDBENCH therefore
measures not only whether an agent can fix a distributed bug, but also how much adding debugging
context helps. One prior work shows that the context curated via lightweight pre-exploration of the tar-
get codebase can substantially improve the resolution rate [20]; following this same vein, DDBENCH
concretely anchors this insight in the distributed debugging regime. Thereby, we summarize our
contributions as follows:

• DDBENCH: a benchmark for agentic distributed-system debugging, comprising 60 cases from
13 open-source systems, each independently reproduced, sanitized against leakage, and reviewed
by five distributed-systems researchers. The size reflects this quality bar, not a scale ceiling.

• Model differentiation on distributed debugging: an evaluation of 10 models that yields a
spread of 61 pp on DDBENCH’s hardest case set and separates 9 of 15 model pairs, indicating that
distributed debugging exercises a reasoning dimension different from single-process code repair.

• The effect of debugging context on agent performance: a symptom-only vs. context-augmented
study that isolates debugging context from model capability. Bounded context disproportionately
lifts models’ pass rate while uniformly reducing cost across all models.

• An extensible testbed for agent-tool research: DDBENCH is agent-agnostic, and its debugging
context channel is a drop-in slot for alternative debugging tools (e.g., tracers, static analyzers,
code-search tools), enabling head-to-head comparison of future agentic tool proposals on the
same cases and the same capability baseline.

2 DDBENCH

DDBENCH is a code-repair benchmark containing 60 historical bugs from 13 open-source distributed
systems, partitioned into three disjoint tiers (tier-1/tier-2/tier-3) ordered from highest to lowest
difficulty. For each case, we localize the faulty commit from the upstream issues and PRs. Each
case ships with a git worktree pinned to the faulty commit, a symptom description of the fault
(SYMPTOM.md) derived from the original GitHub issue/PR, a hidden oracle returning PASS/FAIL on
the patched codebase, and a debug-context bundle (§2.1). DDBENCH is agent-agnostic, so that any
agent that can read a repository and propose a patch can be evaluated.

2.1 Debug Context: What It Is and How It Is Supplied

Symptom description merely describes the observation of the fault without providing additional
debugging information, such as logs, traces, or targeted code exploration on the faulty code. We treat
such additional debugging information an agent receives, referred as debug-context, as a first-class
experimental variable. A debug-context is any bounded, per-case artifact that a debugging tool could
realistically produce for developers. This covers both runtime signals (e.g., process and network
logs, stack traces, race-detector reports, partial runtime-state snapshots) and static-but-targeted code
exploration on the fault (e.g., the suspicious call sites and cross-file relationships a static analyzer
would surface). Anything a tracer, debugger, invariant checker, or static code analyzer could generate
is admissible; however, the fix itself and any direct pointer to it are excluded. In this DDBENCH
release, each case’s debug context bundle contains one to three short Markdown files, median
321 estimated tokens (max 1,403) for models to consume. Figure 2 describes three examples of
debug-context files included in this release of DDBENCH.

Evaluation procedure. The evaluation procedure (Figure 3) is a two-condition test, where the agent
diagnoses and repairs the same case with and without the debug-context bundle. In the symptom-only
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FIGURE 3: The flow of evaluating a DDBENCH bug case. The buggy codebase and agent are containerized
together, and the agent can access the codebase and a Markdown symptom description. In the context-augmented
condition, the agent also has access to a debug-context bundle (green). After the agent concludes its patch, a
hidden oracle runs against the codebase and returns PASS/FAIL as the final evaluation.

FIGURE 4: The DDBENCH curation pipeline, where an LLM agent performs first-pass mining and artifact
synthesis under tight specifications, and human researchers perform final sanitization, validation, and acceptance.

condition, the agent’s container is mounted with the faulty codebase and SYMPTOM.md. The agent is
free to read the repository, run commands, and invoke tools its scaffold provides to gather additional
context on its own. In the context-augmented condition, the same agent on the same case additionally
receives the debug-context bundle, mounted in the containerized codebase with additional prompts to
use it. Agents have the same tool call access in both conditions.

A parameterized extensibility slot. The bundle is designed to be a drop-in slot. Namely, a researcher
who builds a new structured tracer, debugger, invariant checker, or code-search aid can re-populate
debug-context files for cases from their tool’s output and evaluate that tool against any DDBENCH-
compatible agent without benchmark re-engineering. What we ship is therefore just one default
bundle; alternative bundles produced by other tools can be dropped into the same slot and compared
head-to-head on identical cases and oracles. The slot establishes which debug context an agent sees
as a first-class design axis for agent tool augmentation.

2.2 Dataset Construction

We construct DDBENCH through the semi-agentic pipeline (Figure 4): an LLM agent performs
first-pass mining (phase 1), artifact synthesis (phase 2), and iterative hardening (phase 3) under tightly
scoped specifications, and human researchers perform final validation, sanitization, and acceptance
(phase 4). A candidate is admitted only if (a) the bug was confirmed and fixed upstream and (b)
its diagnosis demonstrably requires cross-process or interleaving-aware reasoning. Purely manual
curation does not scale to the per-system protocol expertise each case demands, and naive issue
scraping cannot discriminate cross-process bugs from single-process ones; the agent is what makes
this admission bar enforceable at scale. The mining protocol, symptom and debug-context synthesis,
and answer-leakage sanitization are deferred to Appendix §C.

Oracle reliability and manual review. Each oracle is iteratively hardened by an agent with a
specialized prompt until it reliably reports FAIL on the faulty commit and PASS on a correctly
patched codebase. Cases that fail to stabilize after five hardening iterations are dropped. Oracles
accept any patch under which the reproducer reports PASS, not just patches that match the upstream
fix textually. A fix-specificity scan additionally flags fix-overfit oracles (e.g., ones that pattern-match a
specific code substring or use reflection-based assertions) for manual hardening (Appendix §C.4). Five
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FIGURE 5: Bug-family composition of DDBENCH. Left: per-tier breakdown where tier-1 concentrates
protocol/recovery and replication/consistency bugs; tier-3 absorbs all input-triggered crashes, which can be
localized within a single process; tier-2 bridges the two. Right: each family’s overall share of the benchmark.

distributed-systems researchers then manually review every surviving case for quality and re-check
symptom and debug-context sanitization on top of the automated passes before final admission.

Dataset tiering. We partition all cases into three disjoint tiers (tier-1, tier-2, tier-3), ranking from the
highest to lowest reasoning load and difficulty. Tier-1 is the most challenging set, as it concentrates
the hardest cross-process, undeterministic timings reasoning scenarios. The demanded reasoning
load decrease from tier-1 to tier-3. Tier-3 cases are bugs in distributed systems that can be localized
into single-process misbehaviors without much complex cross-process reasoning. Both tier-2 and
tier-3 enable us to understand how tier-1 patterns generalize as the root-causing difficulty decreases.

2.3 Features

DDBENCH covers these system categories: key-value stores (22 cases), consensus libraries (21),
messaging systems (10), service meshes (3), streaming engines (3), and a storage engine (1). These
cases cover five languages: Go (25), C++ (23), Java (8), Erlang (2), and Rust (2).

Bug families. We group the 60 cases into five families that reflect the reasoning each bug demands
rather than its surface symptom (Figure 5). Protocol and recovery failures (31.7%) are the largest
family: bugs in selecting a coordinator (leader election), copying state across the cluster (log
replication), re-syncing a recovering node (snapshot transfer), and changing node membership (cluster
reconfiguration), where correctness depends on multi-step protocol invariants holding across nodes.
Concurrency hazards (18.3%) cover data races, deadlocks, and livelocks that manifest only under
specific runtime interleavings. Replication and consistency violations (18.3%) produce divergent
state across replicas, e.g., operations that appear out of order to clients (linearizability violations), and
lost updates. Input-triggered crashes (16.7%) and resource and delivery anomalies (15.0%) account
for the remaining cases. The first three families require reasoning that cannot be discharged from a
single process trace. In other words, the LLM and agent must understand state across nodes or across
non-deterministic schedules to reason and localize the fault. The tier breakdown in Figure 5 (left)
shows that tier-1 concentrates the cross-process families (13 of 19 protocol/recovery cases, 9 of 11
replication cases), while every input-triggered crash falls in tier-3. The tier-1 headline set is therefore
not merely a harder version of the same task, but it is structurally different in the reasoning it requires.

See Appendix §B and §D for more dataset details, including the debug-context-bundle-size distribu-
tion and a quantitative analysis of DDBENCH’s reasoning difficulty relative to patch size.

3 Evaluation

We evaluate DDBENCH along three axes: (1) whether distributed-system bugs differentiate frontier
models that existing benchmarks compress together, (2) whether bounded debug-context improves
agent diagnosis success rate and at what cost, and (3) how these effects vary by bug family, difficulty
tier, and individual case.

3.1 Setup

Models. We evaluated 10 models, spanning proprietary and open-weight models: Claude Opus 4.6,
Claude Sonnet 4.6, GPT 5.4, GPT 5.4 mini, GLM 5.1 (FP8, self-hosted), GLM 5, GLM 4.7,
Gemma 4 (31B, self-hosted), Kimi K2.5, and GPT OSS (120B BF16, self-hosted). For each case, we
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TABLE 1: Per-model pass rates (%) on tier-1 (31 cases) under symptom-only and context-augmented conditions.
∆ denotes the percentage-point improvement. Nine of ten models improved; one tied; none regressed.

Model Thinking Form Total Cost ($) Pass Rate %
Sym. +Context ∆ (pp) Sym. +Context ∆

Claude Opus 4.6 Adaptive High API 59.4 23.6 - 60.3% 67.7 67.7 —
Claude Sonnet 4.6 Adaptive High API 68.4 34.0 - 50.3% 41.9 61.3 + 19.4
GPT 5.4 High API 25.0 21.4 - 14.3% 41.9 67.7 + 25.8
GPT 5.4 mini High API 7.9 6.1 - 23.5% 45.2 61.3 + 16.1
GLM 5.1 (FP8) Enabled Open, Self-Host 23.1 14.6 - 36.7% 32.3 50.0 + 17.7
GLM 5 Enabled Open, API 42.3 30.3 - 28.5% 29.0 45.2 + 16.2
GLM 4.7 Enabled Open, API 38.5 18.7 - 51.5% 9.7 48.4 + 38.7
Gemma 4 (31B) Enabled Open, Self-Host 4.9 4.5 - 8.6% 19.4 38.7 + 19.3
Kimi K2.5 N/A Open, API 11.2 7.5 - 32.6% 32.3 38.7 + 6.4
GPT OSS (120B BF16) Enabled Open, Self-Host 3.7 3.3 - 11.5% 6.5 29.0 + 22.5

use an identical agent scaffold with tool-use access to the repository. The agent being evaluated runs
inside the isolated container and is blind to the test oracle. We bound the agent’s max steps to 450 per
case, max token cost to $5 per case, and max time to 30 minutes per case.

Agent. We used mini-swe-agent [1] (the successor of SWE-agent [30]) as the agent scaffold, as it
provides a structured approach to collect token usage, action trajectories, and intermediate reasoning
steps. mini-swe-agent has proven effective in solving complex SWE problems [30, 10, 9, 21] and
has been widely adopted [19, 34, 28, 17], making it a suitable choice for our evaluation.

Metrics and statistical methodology. We report pass rate (fraction of cases where the agent’s
patch passes the hidden reproduce oracle), agent steps, first-edit step, total tokens consumed, and
action-type distributions. Every case in tier-1 is evaluated by every model under both conditions,
yielding 620 binary outcomes (10 models × 31 cases × 2 conditions) with two structural axes:
per-case difficulty and per-model capability. Our statistical tests are chosen to respect this structure.

Pairwise model differentiation. We performed a pairwise bootstrap test for six models that have both
publicly available SWE-bench Verified scores and also evaluated in our study (Opus 4.6, Sonnet 4.6,
GPT 5.4, GLM 5, Kimi K2.5, and GLM 4.7). For each of the

(
6
2

)
= 15 model pairs, we perform a

paired bootstrap over the 31 cases (10,000 resamples) to estimate the pass-rate difference with 95%
CI. The SWE-bench Verified panel is computed analogously, but with an unpaired bootstrap over
500 simulated Bernoulli trials per model at the vendor-reported rates, as per-case outcomes are not
publicly released for all six models we sampled.

Aggregate debug-context effect across models. We fit a mixed-effects logistic regression Pr(pass) =
σ(β0+βctx ·1[debug-context]+umodel +ucase) with random intercepts for model and case, so that the
debug-context effect is estimated after controlling for baseline capability (umodel) and case difficulty
(ucase). For the debug-context coefficient we report its estimate β̂ctx with standard error (SE, the esti-
mator’s sampling-distribution standard deviation), 95% CI, odds ratio (OR = eβ̂ctx , the multiplicative
effect of debug-context on the odds of pass), and Wald z-statistic (z = β̂/SE, asymptotically standard
normal under the null). We prefer this toolkit over resampling-only alternatives (e.g., a bootstrap
over the 10-model population) because 10 units are too few to estimate between-model heterogeneity
reliably; the mixed model estimates it parametrically from all 620 outcomes.

3.2 Models Cluster on Single-Process Code-Repair but Separate on DDBENCH

We anchor the differentiation analysis on tier-1 because it concentrates the cross-process reasoning
load DDBENCH is built to measure: bugs whose diagnosis hinges on causality across processes,
concurrency, and protocol invariants. On the other hand, tier-2 and tier-3 relax this load and serve as
robustness checks (§3.5) rather than primary differentiation evidence.

Table 1 reports the per-model pass rates on tier-1 under both conditions. Under the symptom-only
condition, the cohort spans 61 pp, with Claude Opus 4.6 at the top (67.7%) and GPT OSS (120B) at
the bottom (6.5%). To check that this spread reflects a reasoning dimension SWE-bench does not
exercise (rather than a different point on the same dimension), we contrast the DDBENCH results with
SWE-bench Verified [13]. Of the 10 models we evaluate, six have published SWE-bench Verified
scores: Claude Opus 4.6 (80.8%), Claude Sonnet 4.6 (79.6%), GLM 5 (77.8%), GPT 5.4 (77.0%),
Kimi K2.5 (76.8%), and GLM 4.7 (73.8%). These six models cluster within a 7-pp band on SWE-
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(A) Capability–cost Pareto (log-scale cost). (B) Rank changes on tier-1 case-set.

FIGURE 6: Debug-context reshapes both the capability–cost Pareto and the capability ranking on tier-1. (a)
Each arrow traces a model from symptom-only (hollow) to context-augmented (solid). Weaker models’ arrows
point up (capability gain) and stronger models’ arrows point left (cost reduction at unchanged pass rate). (b)
Solid lines denote rank gains, dashed lines no change, and lines with a soft red halo denote losses; ties share a
rank with vertical jitter. The presence of debug-context reshuffles the leaderboard.

bench Verified, but span 58 pp (9.7%–67.7%) on DDBENCH tier-1 case-set. The wide spread is not
an artifact of including weak models. Specifically, Claude Opus 4.6 and GPT 5.4 are 25.8 pp apart on
DDBENCH despite being only 3.8 pp apart on SWE-bench Verified.

We quantify this with a pairwise bootstrap test over the
(
6
2

)
= 15 model pairs (the full matrix of

results can be found in Appendix §G.1). Significance concentrates on pairings involving Opus 4.6
(5 pairs) or GLM 4.7 (4 additional pairs). The two pairs SWE-bench Verified resolves are both
contained in DDBENCH’s nine and involve GLM 4.7, the model with the lowest single-process score;
the remaining seven DDBENCH-resolved pairs cluster tightly on SWE-bench Verified yet separate
sharply once cross-process reasoning is required, exposing a capability axis the single-process
benchmark does not measure.

DDBENCH shows that “frontier model” is not a homogeneous category on the cross-process rea-
soning axis. Concretely, models clustered tightly on single-process code repair benchmarks diverge
substantially on distributed debugging tasks that require reasoning about cross-process causality,
non-deterministic interleavings, and protocol invariants.

3.3 Effect of Debug-Context on Agent Performance

Across all 10 models on tier-1, the context-augmented condition raised the aggregate pass-rate from
32.6% to 50.6% (+18.1 pp). The lift is broad and uniform in direction: nine of ten models improved,
one tied (Claude Opus 4.6, already at 67.7%), and none regressed. Across the 310 paired runs,
the debug-context flipped 71 cases from FAIL to PASS and only 15 from PASS to FAIL, with the
remaining 224 unchanged, a 4.7:1 ratio of gains to regressions (Appendix §G.5).

Pass-rate gains and efficiency gains divide along model baseline capability. The weakest models
primarily gain pass-rate, the strongest mainly gain efficiency, and mid-range models gain both. More
specifically, GLM 4.7 rose from 9.7% to 48.4% (+38.7 pp) and GPT OSS from 6.5% to 29.0%
(+22.6 pp), the largest absolute pass-rate gains in the cohort. Claude Opus 4.6, by contrast, showed
zero pass-rate improvement; its token consumption dropped from 2.46M to 0.75M (−69%) and its
steps-to-completion dropped from 63.6 to 37.8 (−41%) (§3.4). Mid-range models gained 16–19 pp in
pass-rate, with GPT 5.4 the notable exception, gaining +25.8 pp from a 41.9% baseline to 67.7%. Per-
model breakdowns appear in Table 1. This asymmetry tracks how models cope with missing context.
Strong models have the capacity to compensate by exploring more aggressively and reasoning longer;
adding context removes that exploration overhead while leaving pass rate unchanged. Weak models
lack that capacity, so a narrowed search space converts directly into solved cases.

Debug-context can reorder the leaderboard at fixed budget. A weaker model with debug-context
can outperform a stronger model without it on both axes simultaneously. For instance, GLM 4.7
augmented with context reaches 48.4% pass rate at $0.60 per case, beating Sonnet 4.6 in the symptom-
only condition (41.9% at $2.21) on both pass rate and cost. The Pareto plot in Figure 6a traces this
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geometry across the cohort: each model’s arrow points along its dominant gain, capability for weak
models, cost for strong models, and both for mid-range. The rank diagram in Figure 6b shows the
practical consequence. Concretely, GLM 4.7 climbs from rank 7 to tied 3, and GPT 5.4 ties Opus 4.6
for first. For agent-tool developers, these findings suggest that a well-designed debug-context can lift
a weaker, cheaper model close to the operating point of a stronger, more expensive one, making tool
design a competitive lever against model upgrades.

TABLE 2: Pass-rate lift by bug category on tier-1, pooled
across 10 models. “Input-triggered crashes” is omitted
because its cases reside exclusively in tier-3.

Bug Category Sym. +Ctx. ∆ (pp)

Concurrency hazards (n=4) 32.5% 75.0% +42.5
Replication & consistency (n=9) 38.9% 57.8% +18.9
Protocol & recovery (n=13) 27.7% 39.5% +11.8
Resource & delivery (n=5) 34.0% 48.0% +14.0

Effect by bug family and the abstraction-
distance principle. Table 2 breaks down
the effect by bug category on tier-1, revealing
how the lift tracks the size of the diagnostic
search space that debug-context helps to nar-
row. Concurrency hazards category has the
biggest pass-rate lift (+42.5 pp), showing that
interleavings observable in stack traces and
race-detector reports can substantially reduce
the search space. The replication and consis-
tency violation category (state divergence visible across replica logs) gain +18.9 pp. However, the
protocol and recovery failure category gain only +11.8 pp, suggesting the protocol-level failures
might require a more sophisticated approach to curate a more effective debug-context.

When it misleads? Despite the general effectiveness of debug-context, the per-case outcome reveals
that it can also mislead the agent. We performed a case study on three tier-1 cases (ZooKeeper-4846,
Raft-268, Dragonfly-6687) in Appendix §G.6 and reached one finding: when the abstraction
distance between observation (supplied as prompts or debug-context bundle) and problematic code
location (the location where the actual bug resides) is small, debug-context acts as a search-space
reducer; however, when the gap is large, the additional debug-context anchors the agent to the wrong
code locations in the first place and can mislead even strong models. For instance, a test case can
faithfully reproduce a bug, but if the failure observation in the test case is a high-level symptom and
the root cause is a low-level protocol violation, then the observation via test cases is far from actual
cause and can mislead the agent about where to look. This abstraction distance is the primary axis
along which debug-context for LLM-based debugging agents should be designed.

Statistical significance. Per-model paired bootstraps (10,000 resamples) yield positive debug-context
effects for 9 of 10 models, with 6 clearing p < 0.05 individually at n = 31 (Sonnet 4.6, GPT 5.4,
GLM 5.1, GLM 4.7, Gemma-4 31B, GPT-OSS 120B). The remaining three models show positive
point estimates whose bootstrap CIs cross zero, as expected given limited per-model power. The
mixed-effects logistic regression (introduced early in §3.1) on all 620 outcomes gives β̂ctx = +1.38
(SE 0.16, 95% CI [+1.07,+1.68]; OR 3.97; z = 8.84, p < 10−17), with an average marginal
effect of ∆ = +18.0 pp matching the raw +18.1 pp lift. The variance components carry two
further messages. First, case difficulty dominates model identity as a source of outcome variation
(σ̂2

case = 4.73 vs. σ̂2
model = 1.21 on the log-odds scale), indicating DDBENCH’s signal comes from

genuine per-case difficulty, not from noisy model rankings. Second, β̂ctx is unchanged when these
two random intercepts are included, so debug-context helps across the full difficulty distribution
rather than only on easy cases.

3.4 Debug-Context as a Diagnostic Accelerator

TABLE 3: Behavioral metrics across 310 paired
runs on tier-1. Debug-context reduces exploration
effort consistently while edit count remains stable.

Metric Sym. +Ctx. ∆

Mean steps 56.7 42.7 −13.9
Mean first-edit step 32.2 20.5 −11.7
Mean tokens 1.69M 0.93M −0.75M
Mean read actions 23.9 17.3 −6.6
Mean explore actions 10.7 6.7 −3.9
Mean edit count 3.0 3.2 +0.1

Beyond pass rate, debug-context reshapes how
agents debug (Table 3): per-case steps, first-edit
time, tokens, and exploratory reads drop by 25–45%,
while edit count is unchanged. We also observe that
the narrowing is over the diagnostic search space
rather than over the fix itself, and the savings per-
sist regardless of outcome. Concretely, our anal-
ysis shows 12.4 fewer steps on concordant-PASS
pairs (86 cases), 7.2 on concordant-FAIL (138), and
24.2 on FAIL→PASS flips (71). Claude Opus 4.6,
the most expensive model evaluated, dropped from
2.46M to 0.75M tokens per case (−69%) at un-
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changed pass rate. Across the cohort, debug-context
roughly halved the mean token consumption without loss in diagnostic quality. The agent reaches
the relevant code region faster and wastes less effort on dead ends. Overall, debug-context acts
simultaneously as a capability booster for weaker models and a cost reducer for stronger ones.

3.5 Debug-Context-Enabled Performance Lift Scales with Diagnostic Search-Space Size

We also evaluated on tier-2 (15 cases) and tier-3 (14 cases) to test whether the tier-1 effect is structural
to distributed debugging or an artifact of selecting bugs LLMs cannot solve unaided (Figure 7).

FIGURE 7: Pass rates across tiers 1–3: debug-context
lift on pass-rate attenuates as the diagnostic search space
shrinks. Dots show per-model pass rates.

Debug-context lifted aggregated mean pass
rates on both tiers: 48.7% → 63.3% on tier-
2 (+14.7 pp) and 70% → 77.1% on tier-3
(+7.1 pp). On tier-2, the remaining 2 tied
(Claude Sonnet 4.6 and GPT 5.4 mini, both
already at 66.7%), none regressed, and debug-
context flipped 21 cases FAIL → PASS against
only 4 in reverse. On tier-3, 1 tied and 1 showed
a minor regression (GLM 5.1, −7.1%, within
binomial noise at n = 14); however, we note
that the symptom-only baseline (70%) is already
more than twice that of tier-1 (32.6%), since
tier-3 cases are predominantly single-process
input-triggered crashes that models can often
diagnose from the symptom alone.

Debug-context value tracks diagnostic search-space size. The pass-rate lift narrows monotonically
across tiers, yet remains obvious even in the case where the symptom-only baseline exceeds 70%.
Tier difficulty in DDBENCH is, by construction, a proxy for search-space size: tier-3 localizes to
a single process and a triggering input; tier-2 spans multi-process state; tier-1 requires reasoning
over distributed protocol state and concurrent interleavings. The tier-2 and tier-3 results confirm
that debug-context produces a measurable lift but the lift shrinks as the search space narrows.

4 Limitations and Future Work

Single agent scaffold. We only used mini-swe-agent [30] as the agent scaffold. Nevertheless,
DDBENCH is designed to be agent-agnostic so that any agent that can read a repository, edit files,
and signal completion can be plugged in via the addon mechanism described in Appendix §E, and
the released codebase already ships working addons for Claude Code [2] and Codex [3]. We have
not yet run a controlled cross-agent-scaffold replication of the symptom-only vs. context-augmented
contrast because of compute constraints. A multi-scaffold evaluation isolating the contribution of
agent design from model capability is a natural next step.

No content-level ablation of the debug-context bundle. The two-condition contrast (symptom-only
vs. context-augmented) treats the bundle as an atomic unit and so cannot tell us which component
of the bundle (logs, traces, goroutine dumps, code-investigation notes) drives the gain, or how the
gain scales with the number and type of files supplied. The debug-context statistics in §2.3 make a
content-level ablation tractable on the existing infrastructure, and a follow-up study holding the model
fixed while varying the debug-context subset would attribute the headline lift to specific signal types.

Single curated release. DDBENCH’s 60 cases reflect the multi-stage quality bar described in §2
(semi-agentic mining, two-direction oracle verification, three-pass sanitization, five-researcher manual
audit) rather than a scale ceiling. The agent-assisted mining protocol (Appendix §C) is released
alongside the benchmark so that the case set can grow under the same contract, and we treat scale-up
across additional systems and bug families as ongoing work.

5 Conclusion

Distributed-system debugging is the regime where two distinct questions about coding agents become
cleanly measurable: which models reason better on cross-process interactions and undeterministic
timings, and how much additional debugging information (debug-context) changes agent behavior.
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DDBENCH operationalizes this regime as a controlled instrument with 60 historical bugs evaluated un-
der matched symptom-only and context-augmented conditions, surfacing a 61 pp cross-model spread
on tier-1 and an asymmetric context lift that reorders rankings at fixed budget. DDBENCH thereby
points to two frontiers: model reasoning across processes and non-deterministic schedules, and tooling
that supplies well-curated debugging context to lift performance and reduce cost simultaneously.
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A Related Work

Code-repair benchmarks for LLM agents. SWE-bench and its successors established the dominant
template for evaluating LLM coding agents: mine historical issue–PR pairs from open-source
repositories, package each as a faulty worktree plus a hidden test oracle, and score agents by whether
their patch passes [13, 37, 21, 22, 9, 26, 5, 31, 42, 18]. These benchmarks have been invaluable, but
they inherit two structural limits from their source material. First, they draw almost exclusively from
single-process Python (and, in the multilingual extensions [37], single-process Java/TypeScript/Go)
repositories, where the reasoning challenge is primarily cross-file localization within one address
space. Second, the oracle is a standard unit or integration test that can be run deterministically in a
sandbox, which excludes bugs whose reproduction requires multi-node clusters, non-deterministic
scheduling, or runtime-state capture. DDBENCH inherits the faulty-worktree-with-hidden-oracle
contract but relaxes both limits. Cases are drawn from distributed systems in five compiled and JVM
languages, and the oracle is a containerized harness (oftentimes end-to-end integration tests) rather
than a single test invocation, which enables us to test concurrency hazards and protocol-level bugs
that unit-test oracles often structurally cannot express.

IT-operations and cloud-incident benchmarks. A parallel line of work evaluates LLM agents on
diagnosis of distributed and cloud systems deployment from telemetry, utilizing logs, metrics, traces,
and alerts [8, 25, 16, 4]. However, these benchmarks target only operational diagnosis of deployment
issues rather than the repair of actual distributed systems. These benchmarks establish that cross-
service reasoning is a distinct capability axis, and many inject controlled faults (latency, CPU, packet
loss, crash) into microservice deployments to generate incidents on demand. Their scoring, however,
targets root-cause identification or remediation action selection rather than producing a code patch.
The agent’s output is a natural-language attribution or a pre-defined mitigation, not a source diff
verified by a reproduce oracle. DDBENCH is orthogonal and complementary. DDBENCH shares the
cross-process reasoning load these benchmarks exercise but closes the loop on source-level repair, so
the ground truth is an executable oracle rather than a labeled root cause. This combination is what
lets us measure the effect of debugging context on agent performance: an agent can consume runtime
signals and gets scored on whether it produces a correct patch.

LLM agents for debugging and program repair. A growing body of work studies LLMs and
agent scaffolds for bug localization, fault repair, and test-time reasoning over code [24, 30, 27, 6, 29].
Most of this work is developed and tuned against single-process repair benchmarks. Under this
paradigm, the dominant agent patterns are shaped as read–edit–test loops with localized retrieval
and repository-wide code search. A separate strand augments LLM debugging with runtime signals.
Namely, executing programs to collect stack traces, observing variable state, or consulting coverage
and profiling tools [39, 7, 38]. DDBENCH extends this line into the distributed setting, where the
relevant runtime signals (cluster logs, goroutine dumps, race-detector reports, replica state) are
qualitatively different and are not consistently recoverable by re-executing a single process. Our
context-augmented condition makes this information channel a controlled input variable rather than
an agent-internal implementation detail, which lets future agent and tool work be evaluated on the
axis of which runtime signals it surfaces, not only on end-to-end pass rate.

Distributed-systems bug studies and testing. Empirical studies of real-world distributed-systems
failures have repeatedly shown that the hardest bugs arise from protocol-level invariants, cross-node
concurrency, and partial failures rather than from within-process logic errors, and have motivated
a long line of specialized testing and model-checking infrastructure in the distributed-system com-
munity [15, 35, 40, 11, 32, 23]. This line of work provides both the taxonomy of failure modes
we target (protocol/recovery, replication/consistency, concurrency hazards, input-triggered crashes,
resource/delivery) and the evidence that such bugs cannot be reliably caught by single-process testing.
Our contribution is not a new testing technique but a benchmark that imports the bug distribution and
reproducibility standards from this literature into the LLM-agent evaluation setting. Cases are drawn
from the classes these studies identify as hardest; each is paired with a hardened reproducer; and the
oracle accepts any patch that makes the reproducer pass rather than requiring a textual match (our
manual examinations ensure this).

Datasets for runtime signals. A separate line of work has released large-scale datasets of real
system logs, traces, and telemetry collected from production and benchmark distributed deployments,
originally built for log parsing, anomaly detection, and trace-based root-cause analysis (RCA) [41,
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12, 36, 33]. These datasets are valuable runtime-signal sources, but they are not directly drop-in
replacements for DDBENCH’s evaluation harness, since they are not paired with a faulty code commit,
a sanitized symptom description, or a reproduce oracle; an agent consuming them therefore cannot
be scored on whether its resulting patch compiles and passes. DDBENCH is designed so that such
datasets can be brought in through its debug-context channel. Each case defines a bounded slot (the
per-case evidence folder) that the harness mounts into the agent’s container, and the content of
that slot is deliberately decoupled from the oracle and the symptom file. Future work can therefore
treat these public log/trace corpora, fault-injection telemetry, and incident postmortems as alternative
debug-context sources. Researchers can select the subset whose system or failure mode matches a
DDBENCH case, transform it into the debug-context slot’s format, and re-evaluate agents under the
same symptom-only vs. context-augmented contrast we use in §3. This turns the existing log/trace
dataset ecosystem into a first-class axis of ablation for distributed-systems agent debugging evaluation.

B Dataset Details

B.1 Per-Project Coverage Breakdown

TABLE 4: Per-project coverage of DDBENCH. DDBENCH spans 13 open-source distributed systems across
five languages and six system families, partitioned into three difficulty tiers (tier-1, tier-2, tier-3).

Project Language System family Number of Cases Tier-1 Tier-2 Tier-3

Dragonfly C++ kv-store 14 1 1 12
NATS Go messaging 9 5 3 1
Kvrocks C++ kv-store 8 4 3 1
etcd Go kv-store 7 5 2 0
hashicorp/raft Go consensus 6 4 2 0
Consul Go service-mesh 3 2 1 0
Kafka Java streaming 3 3 0 0
ZooKeeper Java consensus 3 3 0 0
BookKeeper Java consensus 2 2 0 0
raft-rs Rust consensus 2 0 2 0
Ra Erlang consensus 1 1 0 0
RabbitMQ Erlang messaging 1 1 0 0
RocksDB C++ storage-engine 1 0 0 1

Total 5 langs 6 families 60 31 15 14

Table 4 reports the full per-project breakdown of DDBENCH’s 60 cases across the 13 projects we mine
from, annotated with each project’s main implementation language, system family, and per-tier case
count. Three observations follow from the table. First, case count per project is skewed. Dragonfly
contributes 14 cases while Ra, RabbitMQ, and RocksDB each contribute only 1, which reflects how
active each project’s issue tracker is and how often its confirmed bugs satisfy our cross process
reasoning criterion rather than any sampling quota on our side. Second, tier composition varies
sharply by system family. Consensus libraries (etcd, hashicorp/raft, Kafka, ZooKeeper, BookKeeper,
Ra) place nearly every case in tier-1 because correctness in these systems is defined by multi-node
protocol invariants, whereas Dragonfly contributes 12 of its 14 cases to tier-3 because many of its
confirmed bugs localize within a single process even though the deployment is distributed. Third,
programming language coverage follows the production distribution of distributed infrastructure
rather than a uniform sample. Go (25 cases) and C++ (23 cases) dominate, Java contributes 8, and
Erlang and Rust each contribute 2 in this dataset release.

B.2 Licenses

Table 5 lists the license and upstream repository URL for every project in DDBENCH. All 13 projects
are released under permissive terms (Apache 2.0, MPL 2.0, or BSL 1.1), which allows us to package
each case as a pinned faulty worktree plus a containerized reproduce oracle and redistribute the
bundle for benchmark use. Two projects (Ra and RabbitMQ) are dual-licensed under Apache 2.0 and
MPL 2.0, and RocksDB is dual-licensed under Apache 2.0 and GPL 2.0; in each case we rely on the
Apache 2.0 grant for redistribution. Dragonfly and Consul are released under BSL 1.1, which restricts
commercial service offerings but permits research redistribution and benchmark use, the scope under
which DDBENCH operates. No project in DDBENCH is released under a license that requires us to
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TABLE 5: Per-project license and upstream repository for the 13 open-source systems in DDBENCH.

Project License Link

Dragonfly BSL 1.1 https://github.com/dragonflydb/dragonfly
NATS Apache-2.0 https://github.com/nats-io/nats-server
Kvrocks Apache-2.0 https://github.com/apache/kvrocks
etcd Apache-2.0 https://github.com/etcd-io/etcd
hashicorp/raft MPL-2.0 https://github.com/hashicorp/raft
Consul BSL 1.1 https://github.com/hashicorp/consul
Kafka Apache-2.0 https://github.com/apache/kafka
ZooKeeper Apache-2.0 https://github.com/apache/zookeeper
BookKeeper Apache-2.0 https://github.com/apache/bookkeeper
raft-rs Apache-2.0 https://github.com/tikv/raft-rs
Ra Apache-2.0 / MPL-2.0 https://github.com/rabbitmq/ra
RabbitMQ Apache-2.0 / MPL-2.0 https://github.com/rabbitmq/rabbitmq-server
RocksDB Apache-2.0 / GPL-2.0 https://github.com/facebook/rocksdb

relicense derivative artifacts, and no case in the release ships modified upstream source. The faulty
worktree for each case is a pinned commit of the original repository with no edits applied on top.

C Agent-Assisted Mining Methodology

C.1 Why Semi-Agentic?

We elaborate on the design rationale behind the semi-agentic pipeline introduced in §2.

Why not purely manual curation? Identifying cross-process bugs reliably requires deep familiarity
with each system’s protocols and failure modes. For instance, distinguishing a genuine linearizability
violation from a superficially similar client-side retry bug demands protocol-level expertise and
substantial manual effort. Scaling such review across 13 systems and thousands of candidate issues
demands a level of domain knowledge and expertise that is not realistic for pure manual curation.

Why not purely automated scraping? Faulty cases whose root-causing genuinely requires cross-
process or interleaving-aware reasoning are a small fraction of any project’s issue tracker, and the
discriminator is rather semantic. Namely, it cannot be easily expressed as a regex over titles or labels,
nor reliably recovered from issue metadata alone. Agents, in contrast, can perform semantic analysis
by reading discussion threads and linked PRs and applying a tightly scoped specification of what
qualifies as a cross-process bug that DDBENCH demands.

Why the specific division of labor. The pipeline assigns to agents the tasks where breadth and
heavy domain-expertise dominate, e.g., walking issue trackers, drafting symptom files, hardening
reproducers, producing debug-context bundles. This pipeline preserves for human reviewers the tasks
where ground-truth judgement dominates, e.g., final acceptance, quality gating, and sanitization of
any upstream-fix leakage. Each agent stage operates under a narrow skill specification and is followed
by either an automated verification pass (e.g., oracle verification) or a human review pass.

C.2 Agentic Mining Protocol

We document the operational protocol that the agent follows during the mining, synthesis, and verifi-
cation stages summarized in §2. The protocol is codified as a set of machine-readable specifications
shipped with the DDBENCH release, and every agent stage in our pipeline executes against a subset
of these specifications. The protocol decomposes into four phases: candidate admission, case-artifact
synthesis, hermetic containerization, and pre-merge validation.

Phase 1: Candidate admission. Before any artifact is synthesized, a candidate bug must pass three
gatekeeping tests that together enforce the cross-process reasoning contract. The dual-reasoning test
rejects candidates for which a stack trace or an error log alone is sufficient for diagnosis, as well as
candidates for which static code reading alone is sufficient. The sweet spot is bugs where runtime
signals point toward a subsystem but code reasoning is required to understand why that subsystem
fails under the observed conditions. The fix-locus test rejects candidates whose fix is scattered
across many unrelated modules with no identifiable center of gravity, since such cases test breadth of
refactoring rather than depth of diagnosis. The issue-text test rejects candidates whose GitHub issue

17

https://github.com/dragonflydb/dragonfly
https://github.com/nats-io/nats-server
https://github.com/apache/kvrocks
https://github.com/etcd-io/etcd
https://github.com/hashicorp/raft
https://github.com/hashicorp/consul
https://github.com/apache/kafka
https://github.com/apache/zookeeper
https://github.com/apache/bookkeeper
https://github.com/tikv/raft-rs
https://github.com/rabbitmq/ra
https://github.com/rabbitmq/rabbitmq-server
https://github.com/facebook/rocksdb


thread already names the faulty function or describes the fix strategy, since an agent could derive the
patch from the issue alone and bypass the diagnostic process the benchmark is designed to measure.
The agent applies these tests in sequence and records, for each admitted candidate, the fix commit
hash and the buggy commit.

Phase 2: Case artifact synthesis. An admitted candidate is expanded into eight per-case artifacts plus
one isolated solution document. The per-case artifacts are case.yaml (machine-readable metadata
consumed by the orchestrator), symptom.md (observer-facing bug description), reproduce.md
(human-readable reproduction steps), verification.md (documented correctness oracle with
PASS/FAIL criteria), setup.md (human-readable build instructions), setup.sh (executable clone-
and-build script with a Docker-first path and host fallback), reproduce.sh (executable trigger-and-
verify script with the same dual-path structure), and README.md (entry point linking the other files).
The solution document lives in a separate cases-solution/ tree to prevent answer leakage during
evaluation, and it is required to include both a fix locus (component name plus the one to three files
changed) and a diagnosis chain that documents the reasoning path from symptom to root cause,
explicitly annotating where runtime signals and where code reasoning each contribute. The solution
file is what human reviewers read during acceptance and what the oracle-verification stage consults
when resolving the case from the solution.

Phase 3: Hermetic containerization. Every case runs inside a deterministic, layered Docker image
so that reproduction does not drift with the host environment. The base layer is ubuntu:24.04, on top
of which sit language base images (bug-bench/base-cpp, bug-bench/base-go, and analogous
images for Java, Erlang, and Rust) that install the pinned toolchain, debuggers, and standard client
utilities such as redis-cli, curl, and netcat. Each project adds a thin image on top of its
language base with only the build dependencies that project requires, and no source code is baked
into any image. Source is instead mounted at runtime through a per-project Docker volume of the
form bug-bench-<project>-src that holds a bare clone plus one detached worktree per case, so
that cases from the same project share a single clone while remaining isolated at their respective
buggy commits. Elevated capabilities are declared per case in case.yaml under docker.caps (for
instance NET_ADMIN for cases that manipulate network namespaces) and SYS_PTRACE is always
granted to support in-container debuggers. For environments without Docker, every setup.sh and
reproduce.sh falls through to a host path that installs dependencies via apt-get under Ubuntu
24.04, which we retain only as a fallback since it sacrifices isolation.

Phase 4: Pre-merge validation. Before a case is admitted into the agent release package (before
the human review), the protocol requires it to pass a fixed sequence of automated checks that jointly
enforce oracle soundness, hermetic reproducibility, and absence of answer leakage. Oracle soundness
is checked in both directions: reproduce.sh must report FAIL when run on the buggy commit and
must report PASS when run on the commit produced by applying the solution document, so that
the oracle has neither false positives (buggy code passing) nor false negatives (fixed code failing).
Hermetic reproducibility is checked by running the full setup and reproduce pipeline end-to-end
inside a fresh container, by running setup a second time to confirm idempotency (clone and build
are skipped when artifacts already exist), and by running the full pipeline after a clean to confirm
the case recovers from a clean slate. Absence of answer leakage is checked by cross-referencing
symptom.md against solution.md for a fixed list of prohibited patterns. These patterns are:

• function or method names that appear in the fix diff;
• struct-field names or internal constants from the buggy code path;
• file paths that point to the fix location;
• descriptions of the fix strategy (e.g., “make X idempotent”);
• error strings visible only in source code rather than in user-facing output;
• PR or commit references that identify the fix.

A case that fails any check is either repaired and re-verified or rejected from the release.

Protocol artifacts. The full protocol, including the selection criteria, the case anatomy specification,
the containerization rules, the authoring walkthrough, the pre-merge checklist, and the templates the
agent copies from, is released with DDBENCH (in mining-protocol folder) so that future case
additions and independent replications follow the same contract.
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C.3 Case Containerization Verification Prompt

This prompt drives the hermetic reproducibility check of Phase 4 in the mining protocol (§C.2).
The agent runs bench.sh setup followed by bench.sh reproduce across the target cases and
classifies each outcome, so that the release only admits cases whose faulty worktree builds cleanly
inside the pinned container and whose reproduce.sh correctly reports FAIL on the buggy commit.
The prompt additionally carries a static anti-pattern scan that flags fix-specific reproducers (for
instance, tests extracted at runtime from the fix commit via FIX_COMMIT, reflection-based assertions,
or source-grep branches) so that fragile oracles can be flagged and remediated before evaluation. The
prompt below is a shortened version of the skill file shipped with DDBENCH. We extract only the
procedural core and omit implementation boilerplate, example report templates, and project-specific
remediation tables.

Case Containerization Verification Prompt (shortened)

Run `bench.sh setup` followed by `bench.sh reproduce` across the specified cases and produce an aggregate
containerization report.↪→

Procedure:

1. Determine the case list (all cases under `cases/`, or the caller supplied subset). Validate that each case directory
exists and contains `case.yaml`.↪→

2. Pre flight oracle quality scan. For each `reproduce.sh`, flag (but do not block) the following anti patterns that
produce fragile, fix specific oracles:↪→

- FIX_COMMIT dependency (`FIX_COMMIT=` variable)
- `git show` or `git checkout` reaching into the fix commit
- Reflection (`getDeclaredField`, `getDeclaredMethod`) used as the PASS/FAIL assertion
- Source grep used as the PASS/FAIL branch
- `sed -i` targeting production source paths

3. Run verification sequentially (never in parallel, to avoid Docker resource contention). For each case:
SETUP_EXIT=$(./bench.sh setup <case-name>; echo $?)
if [ $SETUP_EXIT -eq 0 ]; then

REPRO_EXIT=$(./bench.sh reproduce <case-name>; echo $?)
fi

Enforce a 30 minute setup timeout and a 5 minute reproduce timeout. Capture the last 20 lines of output for the report.

4. Classify each case into one of:
- VERIFIED: setup OK and reproduce exited 1 with "FAIL:" in output (bug present on the buggy commit, as

expected).↪→
- FIXED: setup OK and reproduce exited 0 with "PASS:" in output (unexpected; the buggy_commit is likely wrong).
- SETUP_FAIL: setup exited non zero.
- REPRO_ERROR: reproduce exited non zero without "FAIL:" in the output (script error, not bug detection).
- TIMEOUT: setup or reproduce exceeded the timeout.

5. Produce a markdown report with a per case status table, a summary row count per status, and, for every non
VERIFIED case, the last 20 lines of output plus a suggested next step (check build dependencies, verify
buggy_commit resolves, increase timeout).

↪→
↪→

6. After the main run, list cases that passed verification but still tripped a pre flight anti pattern under a "Fragile
Oracles" section, with the recommended remediation (inline tests as heredocs, behavioral Mockito verify, ship
regression tests as static inject_test/ files).

↪→
↪→

Notes:
- A VERIFIED result only confirms the oracle fires on the buggy commit; soundness in the other direction is covered

by the Oracle Verification prompt.↪→
- Repeated setup failures on cases from the same project typically indicate a stale project Dockerfile rather than per

case bugs.↪→

C.4 Oracle Verification

This subsection details the oracle-verification step from Phase 4 of the mining protocol (§C.2): the
two-direction soundness check, the iterative hardening loop applied when a case fails first verification,
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the design choice not to verify against the upstream patched commit, the role of the per-case reference
solution, the manual acceptance pass, and the verification prompt the agent runs.

Two-direction soundness check. For each case, the agent first runs the oracle on the buggy commit
and confirms FAIL, then applies the fix documented in solution.md inside the container, rebuilds,
and reruns the oracle to confirm PASS. A case is admitted only if the oracle is sound in both directions,
carrying no false positive (buggy code passing) and no false negative (fixed code failing). A fix-
specificity scan additionally distinguishes sound oracles from sound-but-fragile oracles, since a
fragile oracle can pass the two-direction check while still rejecting valid alternative fixes at evaluation
time (e.g., runtime-extracted tests, reflection-based assertions, source-grep branches).

Iterative hardening loop. A reproducer that passes the two-direction check on the first attempt is
rare; the typical path is iterative hardening. Each iteration tightens one of three knobs: setup deter-
minism (pinning seeds, fixed cluster sizes, blocking until quorum is reached), timing (sleep windows
replaced with explicit wait-for-condition probes, stress phases lengthened to expose interleavings),
and repetition (the trigger phase is run k times and the case is admitted only if it fires every time). We
cap the loop at five iterations: if a candidate’s oracle has not stabilized by then, the case is dropped
from the release rather than patched around. This preserves the invariant that every released oracle is
reliable on its own terms, at the cost of admitting fewer cases.

Why not verify against the upstream patched commit. A natural alternative would be to define the
oracle as “reproduce.sh fails on the buggy commit and passes on the upstream fix commit.” We
rejected this because distributed-system fixes often land months or years after the bug was filed, and
by the time the upstream patch is merged the surrounding code has frequently drifted (API renames,
dependency bumps, build-system changes). An oracle pinned to the upstream patched commit then
conflates an underlying-bug regression with API drift, which would inflate false negatives and reduce
benchmark separability. We therefore verify against a per-case reference solution (below) applied
directly on top of the buggy commit, where the patch context is stable.

Reference solution as Markdown, not gold patch. The reference solution shipped in
cases-solution/ is a human-readable Markdown document, not a checked-in code diff. Two
reasons motivate this choice. First, a Markdown solution forces the curator to articulate the diagnosis
chain — the artifact human reviewers read during acceptance and the artifact a future researcher
needs to audit a contested case. Second, since the released oracle accepts any patch restoring the
violated invariant rather than matching a textual fix, a single canonical diff would mislead readers
into believing a textual match is required. The Markdown solution is consumed only by the oracle-
verification stage (which applies the fix described in the document and reruns the oracle) and by
human reviewers; it is never exposed at evaluation time.

Manual acceptance. After the automated checks above, every surviving case is reviewed by the five
distributed-systems researchers who authored DDBENCH. Reviewers re-read the agent-produced
symptom.md, evidence/, and solution.md against the original GitHub issue and PR, and perform
a final round of symptom and debug-context sanitization on top of the automated leakage scan. A
case is admitted only when reviewers sign off; cases that fail review are repaired and re-verified, or
dropped from the release.

Verification prompt. The prompt below is a shortened version of the skill file shipped with
DDBENCH. We extract the procedural core and omit the report templates and the full remediation
guidance.

Oracle Verification Prompt (shortened)

Verify that a case's reproduce script is a sound correctness oracle: it must FAIL on the buggy commit AND PASS after
applying the documented fix.↪→

Procedure:

1. Read case metadata. For each case, load `cases/<case-name>/case.yaml` and
`cases-solution/<case-name>/solution.md`. Extract the buggy commit, the fix commit hash (from solution.md
"Commit" field), and the build command. If no fix commit is recorded, abort with an explicit error, since
soundness cannot be verified in both directions.

↪→
↪→
↪→

20



2. Direction 1 (buggy commit -> expect FAIL).
./bench.sh setup <case-name>
./bench.sh reproduce <case-name>

Expected: exit code 1 with "FAIL:" in output. Record the exit code, the last 10 lines of output, and the verdict FAIL
(correct) or PASS (unsound, a false positive).↪→

3. Fix specificity scan. Before running Direction 2, scan `reproduce.sh` for anti patterns that pass the soundness check
but reject valid alternative fixes:↪→

- FIX_COMMIT dependency (HIGH): test pulled from the fix commit.
- `git show` or `git checkout` from the fix commit (HIGH): files pulled from the fix tree at run time.
- Reflection used as the PASS/FAIL assertion (HIGH): checks code structure rather than behavior.
- Source grep branching (MEDIUM): detects fix text instead of fix effect.
- `sed -i` on production source (MEDIUM): injects accessors to read internal state.
If a HIGH severity pattern is found, the oracle is flagged SOUND-BUT-FRAGILE in the final report even if both

directions pass, together with a remediation pointer (inline test as a heredoc, replace reflection with a behavioral
mock, ship regression tests as static inject_test/ files).

↪→
↪→

4. Direction 2 (fix commit -> expect PASS). Apply the fix inside the container and rerun the oracle:
./bench.sh shell <case-name> --cmd "

cd /workspace/worktrees/<case-name> &&
git checkout <fix-commit> &&
[git submodule update --init --recursive] &&
<rebuild-command> &&
bash /bench/reproduce.sh

"
Expected: exit code 0 with "PASS:" in output. Record the exit code, the last 10 lines of output, and the verdict PASS

(correct) or FAIL (unsound, a false negative). For race or flaky oracles, repeat at least three times.↪→

5. Reset the worktree back to the buggy commit (`./bench.sh reset <case-name>`) so the case is clean for downstream
use.↪→

6. Emit a per case report that states both directions, their verdicts, and the overall oracle verdict:
- SOUND: both directions correct and no fix specific anti pattern found.
- SOUND-BUT-FRAGILE: both directions correct but at least one HIGH severity anti pattern; the oracle works as a

regression test but will reject valid alternative fixes.↪→
- UNSOUND: either direction fails. Classify as false positive (buggy code passes) or false negative (fixed code fails),

and point at the likely cause (timing sensitivity, insufficient iterations, wrong condition, wrong fix commit).↪→

C.5 Debug-Context Generation Prompt

This prompt drives debug-context synthesis for the context-augmented condition introduced in §2.
The agent acts as a developer who has read only symptom.md and has entered the container at the
buggy commit, gathers debugging clues using standard tools (stack traces, race-detector reports,
goroutine or thread dumps, anomalous logs, test failures, and short code-reading notes), and writes
them into a per-case evidence/ folder. The prompt enforces two invariants critical to benchmark
validity: (a) every piece of debug context must be obtainable with only the artifacts visible to the
evaluation agent (no reproduce.sh, no injected regression tests, no access to solution.md during
investigation), and (b) the debug context must remain one step removed from the root cause (it may
point at an area worth investigating, but it must not name the defect, contrast buggy with correct code,
or trace the full causal chain). The prompt below is a shortened version of the skill file shipped with
DDBENCH. We extract the procedural core and the anti-leak checklist, and omit the per-language
tool examples, placeholder templates, and file-naming table.

Evidence Generation Prompt (shortened)

You are a developer investigating a bug from inside the Docker container, starting from `symptom.md` and working
only with artifacts visible to the evaluation agent at the buggy commit. Your job is to gather debugging clues
(crash backtraces, anomalous logs, race detector reports, test failures, server behavior, code reading notes) and
write them into `cases/<case-name>/evidence/` without revealing the fix.

↪→
↪→
↪→
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Core principle. The container holds the full built source and standard tools (GDB, Go toolchain, Maven, cargo, rebar3,
redis-cli, etcdctl, jstack, and similar). It does NOT hold `reproduce.sh`, `bench.sh`, injected test files, the
`cases/` tree, or the `cases-solution/` tree. Every piece of evidence must be obtainable from that strictly limited
view.

↪→
↪→
↪→

Two evidence shapes, a case may have both:
- Runtime evidence: raw output from a tool, with a single provenance line naming the command. No interpretation, no

annotations, no decoded constants. Only the tool's own output.↪→
- Code investigation evidence: a short "What was searched", a block of real grep/sed/cat output from inside the

container (not hand transcribed), and a one to two sentence developer hypothesis. The hypothesis must stop at
"this area is worth investigating further" and must NOT name the exact defect, contrast buggy with correct code,
or trace the full causal chain.

↪→
↪→
↪→

Procedure:

1. Read only `symptom.md`, `reproduce.md`, `verification.md`, and `case.yaml`. Do NOT read `solution.md` yet.
Reading the solution before investigating contaminates the evidence by letting the agent reverse engineer clues
from the known answer.

↪→
↪→

2. Read `reproduce.sh` as a guardrail only, to detect whether it injects test files. Any test file it injects is off limits for
evidence, since the evaluation agent does not have that file.↪→

3. Enter the container at the clean buggy commit via `bench.sh setup` then `bench.sh shell` (never via `bench.sh
reproduce`). Reset first if the workspace was dirtied.↪→

4. Investigate. Pick tools appropriate to the bug category: GDB or ASAN for C++ crashes, `go test -race` or goroutine
dumps for Go, `jstack` or existing JUnit tests for Java, `rebar3 ct` for Erlang, `cargo test` for Rust. Capture all
output to `/tmp/evidence-raw-<case-name>.txt` with `tee` so every written line has a traceable source.

↪→
↪→

5. Write evidence files under `cases/<case-name>/evidence/`. Runtime files carry only a provenance line and raw
output. Code investigation files carry "What was searched", actual grep/sed output with surrounding context (20
to 40 lines, not a three line snippet), and a one to two sentence hypothesis. The provenance line must reference a
command a developer runs inside the container (`go test`, `gdb`, `mvn test`, `grep -n`), never `bench.sh` or
host paths.

↪→
↪→
↪→
↪→

6. Anti leak checks. Only now, read `solution.md` and run these checks against the drafted evidence. Delete or rewrite
any file that fails:↪→

- Agent reproducibility: could an agent inside the container actually run this exact command on the buggy commit
and get this output?↪→

- Injected test: is this output from a test that `reproduce.sh` would inject? If yes, delete.
- Native output: every line in the runtime `## Output` block is raw tool output, with no added commentary.
- Fix from evidence: could a reader identify the exact function and change from this file alone? If yes, the file is a

diagnosis, not a clue.↪→
- Curation: for runtime output, include realistic surrounding context (other goroutines in a dump, surrounding log

lines) so the smoking gun is not artificially isolated.↪→
- Term check: the evidence does not carry variable names from the fix diff or internal constants decoded from source.
- Solution comparison: the evidence does not restate the solution's root cause in different words.

7. Report the investigation approach, the files written, and confirm that the leak checks and the agent reproducibility
check both passed.↪→

C.6 Sanitization Prompt

This prompt implements the automated leakage pass described in Phase 4 of the mining protocol
(§C.2) and complements the human sanitization step noted in §2. The agent cross-references
symptom.md against solution.md along both a lexical axis (prohibited identifiers, paths, commit
hashes, prior issue references) and a semantic axis (internal-mechanism disclosure, regression
provenance, subsystem or code-path narrowing, inverted fix hints, and diagnostic equivalence to
the full solution). Each finding is triaged into one of three information tiers, which are an internal
sanitization construct and should not be confused with the case-difficulty tiers (tier-1/tier-2/tier-3)
used elsewhere in the paper to partition cases. The information tiers classify individual facts about a
bug: observable facts remain in symptom.md; runtime-obtainable facts are extracted into the per-case
evidence/ slot; source-derived facts are redacted entirely. This tiering is the mechanism that keeps
the symptom-only and context-augmented conditions cleanly separated across the benchmark. The
prompt below is a shortened version of the skill file shipped with DDBENCH. We extract the tier
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model and the scan procedure, and omit the debug-context-file format templates, the per-oracle-type
recommendation table, and the example violation reports.

Sanitization Prompt (shortened)

Scan `cases/<case-name>/symptom.md` for information leakage (both lexical and semantic), triage each finding into
one of three tiers, extract tier 2 content into `evidence/`, and redact tier 3 content entirely.↪→

Three tier information model:
- Tier 1 (keep in symptom.md): what an operator can observe by running the software. Crash messages, wrong CLI

output, missing data, timeouts, user facing errors.↪→
- Tier 2 (extract to evidence/): what a developer can gather with standard runtime tools (logs, stack traces, goroutine

dumps, metrics, config state, protocol level captures), provided it does not reveal the fix.↪→
- Tier 3 (redact entirely): anything that requires reading the project's source code to know. Root cause, fix location,

internal mechanism, regression provenance. Goes nowhere.↪→

Fresh developer test. Every sentence in symptom.md must be writeable by someone who has only run the software and
observed the failure, never read the source.↪→

Procedure:

1. Build the reference set. Load `cases-solution/<case-name>/solution.md` and extract the prohibited terms: function
and method names cited in "Root cause" / "Fix description" / "Diagnosis chain"; variable, struct field, and
constant names; file paths and component name from "Fix locus"; PR numbers and commit hashes; prior issue or
PR IDs cited as regression sources.

↪→
↪→
↪→

2. Lexical scan of `symptom.md`. Grep for each prohibited term, for file path fragments, internal constants and magic
numbers, and for PR, commit, or prior issue references.↪→

3. Semantic scan of `symptom.md`. For each sentence, check these leakage shapes:
- Internal mechanism disclosure: sentences that describe how the bug works internally rather than what the user sees.
- Regression provenance: references to a specific prior change, issue, PR, or commit that introduced the bug.
- Subsystem or code path narrowing: naming internal protocol phases, subsystems, or code paths not visible in user

facing output.↪→
- Fix direction hints: sentences whose inverse is effectively the fix ("does not populate X", "does not call Y after Z").
- Diagnostic equivalence: the symptom file, taken as a whole, conveys the same information as the solution's "Root

cause" or "Diagnosis chain" even in different words.↪→

4. Triage each finding:
- Externally observable without tools -> tier 1, keep in symptom.md, reword if the phrasing leaks.
- Obtainable with runtime tools AND does not reveal the fix location -> tier 2, extract into

`cases/<case-name>/evidence/`.↪→
- Requires source knowledge OR reveals fix location or strategy -> tier 3, redact entirely.

5. Extract tier 2 findings into evidence files (e.g., `stack-trace.md`, `logs.md`, `metrics.md`, `config-state.md`,
`runtime-behavior.md`, `test-output.md`, `error-output.md`), each with a "How this was obtained" section
(standard runtime tool, not source reading), an "Evidence" section (raw tool output), and a "What this tells a
developer" section (one to two sentences of direction, without naming the fix or the buggy function). Sanitize
stack traces by preserving full shape (call depth, thread or goroutine count) while redacting frames whose name
alone would identify the buggy function.

↪→
↪→
↪→
↪→
↪→

6. Rewrite `symptom.md` to contain tier 1 only. Replace internal data structure names with observable consequences,
protocol phase names with user visible events, and regression references with version ranges. Append a single line
pointer to the new evidence directory if evidence files were created.

↪→
↪→

7. Re run both the lexical and the semantic scans against the rewritten `symptom.md` and every evidence file. The
symptom file must have zero violations. Evidence files must have zero tier 3 violations. Apply the litmus tests:
grep test, diagnosis test, fresh developer test, narrowing test, regression diff test; plus, for evidence, the fix from
evidence, curation, and interpretation tests.

↪→
↪→
↪→

8. Report: a per case table of findings (status, type, tier, action taken), the list of evidence files created, a summary
count per tier, and the remaining violation count (must be zero).↪→
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FIGURE 8: Fix-patch size vs. cross-model pass rate on tier-1 (n = 31). Each marker is a case; LoC
is the upstream production-file diff size (lines added+ removed, tests/mocks excluded), sourced from
cases-solution/*/solution.md (packaged with DDBENCH) or from the upstream GitHub PR diff when
not annotated directly in DDBENCH, with the smallest passing agent patch as a fallback (the executable oracle
accepts only correct fixes, so passing-patch size faithfully bounds upstream scope). Red × markers denote cases
unsolved by every model. Patch size correlates only moderately with difficulty (r=−0.63); within the 6-LoC
bucket alone, cross-model pass rate ranges from 10% to 90%, confirming that reasoning load, not the surface
size of the fix, drives difficulty.

D Benchmark Features

D.1 Difficulty: Reasoning, Not Patch Size

The difficulty of DDBENCH does not come from the size of the fix. We analyzed the size of the
upstream fix patches for DDBENCH’s tier-1 case-set and found most upstream patches are surgical:
median 8 lines added plus removed across tier-1. A manual review of these patches reveals that
the underlying issues are typically a misplaced ordering, a missing fence, or a violated invariant
rather than large-scale, multi-file code errors. The difficulty comes from the path required to reach
the fix: the agent must reconstruct cross-process causality from incomplete logs, reason about non-
deterministic interleavings, and validate hypotheses against protocol-level invariants that source-code
reasoning alone cannot easily capture. Figure 8 quantifies this observation by plotting cross-model
pass rate against fix-patch size. An 11-line BookKeeper recovery-fencing fix is solved by zero of ten
models, while a 6-line Raft log-cache ordering fix is solved by nine; within that same 6-LoC bucket,
a RabbitMQ quorum-queue snapshot crash is solved by only one, showing an 80 pp difference on
patches of identical size. This is the reasoning mode that drives our headline result, producing a wide
cross-model spread despite surgical patches. Single-process repair benchmarks structurally cannot
exercise this reasoning mode on LLMs.

D.2 Bounded Debug-Context Channel

FIGURE 9: Per-case debug-context bundle size across all 60 cases. Red dashed lines mark the median; the
horizontal grey line is the 50th percentile. The channel is bounded across every case: median 321 estimated
tokens, max 1,403 tokens, ≤3 markdown files per case.

24



Figure 9 plots the per-case empirical CDF of debug-context-bundle size across all 60 cases along
three axes: estimated tokens (using a 1.3× word-count proxy that approximates common tokeniz-
ers), bundle size in kilobytes, and file count. The distribution is heavy-tailed but tightly bounded.
Specifically, the median is 321 tokens with a maximum of 1,403, median 3.0 KB with a maximum of
10.4 KB, and at most three markdown files per case. Even the largest bundle occupies a small fraction
of every evaluated model’s context window, so model differences in the context-augmented condition
cannot be attributed to differential context-budget pressure.

TABLE 6: Debug-context-bundle file-type
composition (60 cases). Categories are not mu-
tually exclusive, so shares do not sum to 100%.

Category n Share

Code investigation 33 55.0%
Test output 25 41.7%
Crash output 12 20.0%
Runtime state 3 5.0%
Race/sanitizer report 3 5.0%
Debugger trace (GDB) 2 3.3%
Goroutine dump 1 1.7%

Table 6 reports the file-type composition: code investi-
gation appears in 55.0% of cases, test output in 41.7%,
and crash output in 20.0%, with the remainder split
among structured runtime artifacts (goroutine dumps,
race-detector and sanitizer reports, GDB backtraces, and
runtime state captures). Most cases combine one or two
of these categories, mirroring what a developer would
realistically capture during a short triage session.

D.3 DDBENCH
Position Relative to Existing Benchmarks.

TABLE 7: DDBENCH versus existing code-repair and IT-operations benchmarks. Existing code-repair bench-
marks supply an executable oracle but restrict to single-process workloads; IT-operations benchmarks exercise
cross-service reasoning but ask agents to diagnose from telemetry rather than repair source. DDBENCH is
the only benchmark that combines an executable repair oracle, cross-process bugs, and a controllable runtime-
evidence channel.

Benchmark Cross-process Code fix Executable oracle Debug-context channel Languages
SWE-bench Verified [13] ✗ ✓ ✓(unit tests) ✗ 1 (Python)
Multi-SWE-Bench [37] ✗ ✓ ✓(unit tests) ✗ 8
DebugBench [22] ✗ ✓ ✓(unit tests) ✗ 3
AIOpsLab [8] ✓ ✗ ✓(telemetry) ✓(telemetry) —
CloudOpsBench [25] ✓ ✗ ✓(telemetry) ✓(telemetry) —

DDBENCH (ours) ✓ ✓ ✓(E2E & unit tests) ✓(controlled) 5

Table 7 situates DDBENCH against the closest existing benchmarks along four axes: whether the
workload requires cross-process reasoning, whether the agent is asked to produce a code fix (as
opposed to only a diagnosis), whether the harness exposes a controllable debug-context channel,
and the language coverage. Code-repair benchmarks, such as SWE-bench, Multi-SWE-Bench, and
DebugBench, provide executable oracles but restrict to single-process workloads. IT-operations
benchmarks, such as AIOpsLab and CloudOpsBench, exercise cross-service reasoning but ask agents
to identify operational problems from telemetry rather than repair source code. DDBENCH is the only
benchmark that combines an executable repair oracle, cross-process bugs, and a controlled debug-
context channel, making the effect of debugging context on agent performance directly measurable.

E Benchmark Infrastructure

This section walks through the end-to-end flow of running a single DDBENCH case against an agent
under evaluation. The flow is driven by a single orchestrator script, bench.sh, that exposes six verbs
(setup, reproduce, shell, agent, reset, clean) and resolves each verb against a declarative
case.yaml plus the layered Docker images described in §C.2. From the caller’s perspective,
evaluating one case is a three-step sequence: bring up a hermetic container with the faulty worktree
built inside it (setup), launch the agent against that container under either of the two information
conditions (agent), and score the resulting patch by running the hidden oracle (reproduce). We
describe each step in turn, then the reset and teardown path used between conditions and models.

Step 1: Container bring-up. bench.sh setup <case> reads case.yaml for the target case,
resolves the project name, the repository URL, the buggy commit, the submodule flag, and the build
command, and then performs four actions. First, it builds the project’s Docker image by chain-
ing ubuntu:24.04, the language base image (bug-bench/base-cpp, bug-bench/base-go, and
analogous images for Java, Erlang, and Rust), and the thin per-project image that adds only build de-
pendencies. Second, it creates or reuses a per-project Docker volume (bug-bench-<project>-src)
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that holds a bare clone of the upstream repository, so that all cases from the same project share a single
clone rather than paying the clone cost per case. Third, it materializes a detached git worktree at the
buggy commit under /workspace/worktrees/<case> inside the volume, so that cases from the
same project remain isolated at their respective commits. Fourth, it runs the build command inside a
throwaway container whose working directory is the worktree, writes the sanitized SYMPTOM.md into
the worktree root, and generates a REBUILD.sh script tailored to the detected build system (ninja,
make, go build, cargo, mvn, or gradle) so that the agent has a single, stable incremental-rebuild
entry point regardless of the underlying toolchain. After setup, the worktree holds the faulty source,
the built binaries, SYMPTOM.md, and REBUILD.sh.

Step 2: Agent launch under a chosen information condition. bench.sh agent <case> –addon
<agent-name> [–evidence] starts a long-running container named after the case, installs the
requested agent (Claude Code, Aider, Codex, or mini-swe-agent) via a runtime addon script that
caches the agent’s binaries and language runtimes in a shared Docker volume (bug-bench-tools
mounted at /opt/tools), and then execs the agent inside the container with its working directory
pinned to the case worktree. Addons decouple agent installation from the project Docker images,
so adding a new agent requires a single shell script under addons/ rather than a rebuild of each
project image. The two evaluation conditions differ in exactly one respect: whether the per-case
evidence/ folder is mounted into the worktree as a read-only directory. Under the symptom-only
condition, the agent sees only SYMPTOM.md, the full source tree at the buggy commit, the built
binaries, and REBUILD.sh. Under the context-augmented condition, bench.sh agent additionally
mounts cases/<case>/evidence/ at <worktree>/evidence/ so that the agent can list and
read the debug-context files generated by the procedure in §C.5. API keys (ANTHROPIC_API_KEY,
OPENAI_API_KEY, and similar) are forwarded from the host environment, and agent configuration
directories (e.g., ~/.claude/) are bind-mounted read-only. The agent is invoked with the instance
template documented in Appendix §F. In summary, it reads SYMPTOM.md, inspects evidence/,
browses and edits source files, iteratively runs REBUILD.sh to keep the worktree compiling, and
signals task completion by printing a sentinel string. A hard wall-clock budget bounds the trajectory,
and trajectory logs are written to a mounted output directory on the host for later analysis.

Step 3: Oracle-based scoring. Once the agent terminates, bench.sh reproduce <case> is run in
a fresh container against the same worktree volume. reproduce first re-runs the incremental build so
that any source edits made by the agent are compiled, then executes /bench/reproduce.sh inside
the container with the case scripts bind-mounted at /bench/ (read-only) and the built worktree at
/workspace/worktrees/<case>. The reproduce script implements the per-case correctness oracle
described in Appendix §C.2. It starts the system (for server-based cases), triggers the bug with a
scripted client workload or an injected regression test, checks the outcome, and prints exactly one
terminal line of the form PASS: ... or FAIL: ... with a matching exit code (0 for PASS, 1 for
FAIL). The oracle is hermetic in two respects. First, the agent never sees reproduce.sh or anything
under /bench/ during its trajectory (the mount is added only at scoring time), so the agent cannot
game the oracle by reading it. Second, the oracle was validated in both directions by the procedure in
Appendix §C.4, so a correct patch on the buggy commit should give a PASS. Textual match against
the upstream fix is not required. DDBENCH’s headline metric is the fraction of cases on which
reproduce returns PASS after the agent’s trajectory. All other metrics (tokens consumed, number of
actions, wall-clock latency) are derived from the trajectory logs captured during Step 2.

Step 4: Reset and cleanup between runs. Evaluating multiple models or both information conditions
on the same case requires returning the worktree to its pristine buggy state between runs, without
repaying the clone or build cost. For this purpose, the command bench.sh reset <case> is
provided to revert the worktree. It preserves SYMPTOM.md and REBUILD.sh, discards every source
modification with git checkout – . and git clean -fd, moves HEAD back to the recorded
buggy commit if the agent moved it, restores the two preserved files, and re-initializes submodules (if
applicable). The agent evaluation container and the debug-context mount are stopped and discarded,
but the per-project source volume and the addon tool cache are kept so that the next agent invocation
pays only an incremental-rebuild cost. bench.sh clean <case> removes a single case’s worktree
(leaving the shared clone and other cases untouched), and bench.sh clean-all removes every
DDBENCH volume, image, and addon cache for a full reset. Across the full benchmark, this design
means that a same-project family of cases (for instance, the 14 Dragonfly cases) shares a single clone
volume and a single project image, while every case still evaluates against its own isolated worktree
pinned to its own buggy commit.
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F DDBENCH Prompt

F.1 System Prompt

System Prompt

You are a software debugging agent working on a distributed systems codebase.

You interact with the environment by calling the bash tool.
Think carefully before each command. Be systematic and precise.

Include a THOUGHT section before your command to explain your reasoning.
Failure to follow this format will cause your response to be rejected.

F.2 Symptom-Only Condition Instance Template

Instance Template

<symptom_file>
A file called SYMPTOM.md in the current directory describes the bug you need to fix.
</symptom_file>

<instructions>
## Task

You are debugging a distributed systems codebase. The bug is described in SYMPTOM.md.
Your goal is to identify and fix the root cause by modifying source files in place.

{{task}}

## Constraints

- Read SYMPTOM.md first to understand the observable failure.
- You may freely browse the codebase, build, and run tests.
- You may access the internet for API docs, language references, and general knowledge.
- You MUST NOT search for the specific GitHub issue, pull request, or known fix.

Do not search GitHub, Google, or any other source for the specific issue number or fix.
- Make your fix by editing source files directly.
- You MUST ensure ./REBUILD.sh completes successfully after your changes.

A failing REBUILD.sh means your fix is incomplete.
- Your fix should address the root cause, not just mask symptoms.
- Your should never early declare your finish unless you have very strong evidence that the bug is fixed.

## Workflow

1. Read SYMPTOM.md to understand the failure.
2. Explore the relevant source code to understand the component architecture.
3. Form a hypothesis about the root cause.
4. Implement a targeted fix (prefer minimal, correct changes).
5. If the fix doesn't solve the bug, go back to step 2. If you are confident that you have fixed the bug, go to step 6.
6. Before submitting the final output, you MUST run `./REBUILD.sh` and confirm it exits successfully.

Fix any compile errors before proceeding. (this is not related to your bug, it is just a sanity check)
7. When you are absolutely confident that the bug is fixed, submit the job completion by running: `echo

COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT`↪→
Do not combine it with any other command.
<important>After this command, you cannot continue working on this task.</important>

## Command Execution Rules

Each response should include:

1. A **THOUGHT** section explaining your reasoning and plan
2. Other things.

**CRITICAL REQUIREMENTS:**
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- Your response SHOULD include a THOUGHT section explaining your reasoning
- Directory or environment variable changes are not persistent across commands
- You can prefix any action with `cd /path/to/dir && ...` or write/load env vars from files

## Editing Files

### Create a new file:

```bash
cat <<'EOF' > newfile.go
package main
import "fmt"
func main() { fmt.Println("hello") }
EOF
```

### Edit files with sed:

```bash
# Replace all occurrences
sed -i 's/old_string/new_string/g' filename.go

# Replace only in specific line range
sed -i '10,20s/old_string/new_string/g' filename.go
```

### View file content:

```bash
nl -ba filename.go | sed -n '10,20p'
```
</instructions>

F.3 Evidence-Augmented Condition Instance Template

Instance Template

<symptom_file>
A file called SYMPTOM.md in the current directory describes the bug you need to fix.
</symptom_file>

<evidence>
The `evidence/` folder in the current directory contains debugging evidence that a developer has gathered during their

debugging process. This evidence may provide additional insights into the root cause of the bug.↪→

**You MUST review the evidence early in your investigation:**
1. Run `ls evidence/` to see what files are available.
2. Read each file with `cat evidence/<filename>`.

Evidence files may contain test outputs, log snippets, stack traces, crash reports, or code-level observations that can
help you narrow down the root cause more quickly.↪→

However, treat this evidence critically: it reflects one developer's investigation and may be incomplete.
</evidence>

<instructions>
## Task

You are debugging a distributed systems codebase. The bug is described in SYMPTOM.md.
Your goal is to identify and fix the root cause by modifying source files in place.

{{task}}

## Constraints

- Read SYMPTOM.md first to understand the observable failure.
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- Review the evidence/ folder to see what debugging evidence is available.
- You may freely browse the codebase, build, and run tests.
- You may access the internet for API docs, language references, and general knowledge.
- You MUST NOT search for the specific GitHub issue, pull request, or known fix.

Do not search GitHub, Google, or any other source for the specific issue number or fix.
- Make your fix by editing source files directly.
- You MUST ensure ./REBUILD.sh completes successfully after your changes.

A failing REBUILD.sh means your fix is incomplete.
- Your fix should address the root cause, not just mask symptoms.
- Your should never early declare your finish unless you have very strong evidence that the bug is fixed.

## Workflow

1. Read SYMPTOM.md to understand the failure.
2. Run `ls evidence/` and `cat` each file to review the debugging clues the developer gathered.
3. Explore the relevant source code to understand the component architecture.
4. Form a hypothesis about the root cause, informed by the symptom and any evidence.
5. Implement a targeted fix (prefer minimal, correct changes).
6. If the fix doesn't solve the bug, go back to step 3. If you are confident that you have fixed the bug, go to step 7.
7. Before submitting the final output, you MUST run `./REBUILD.sh` and confirm it exits successfully.

Fix any compile errors before proceeding. (this is not related to your bug, it is just a sanity check)
8. When you are absolutely confident that the bug is fixed, submit the job completion by running: `echo

COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT`↪→
Do not combine it with any other command.
<important>After this command, you cannot continue working on this task.</important>

## Command Execution Rules

Each response should include:

1. A **THOUGHT** section explaining your reasoning and plan
2. Other things.

**CRITICAL REQUIREMENTS:**

- Your response SHOULD include a THOUGHT section explaining your reasoning
- Directory or environment variable changes are not persistent across commands
- You can prefix any action with `cd /path/to/dir && ...` or write/load env vars from files
## Editing Files

### Create a new file:

```bash
cat <<'EOF' > newfile.go
package main
import "fmt"
func main() { fmt.Println("hello") }
EOF
```

### Edit files with sed:

```bash
# Replace all occurrences
sed -i 's/old_string/new_string/g' filename.go

# Replace only in specific line range
sed -i '10,20s/old_string/new_string/g' filename.go
```

### View file content:

```bash
nl -ba filename.go | sed -n '10,20p'
```
</instructions>
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G Benchmark Results

G.1 Pairwise Model Differentiation on Distributed System Debugging

FIGURE 10: Pairwise bootstrap tests on the six models with published SWE-bench Verified scores (10,000
resamples each). DDBENCH Tier-1 uses a paired bootstrap over 31 per-case outcomes; SWE-bench Verified
uses an unpaired bootstrap over 500 simulated Bernoulli trials per model at vendor-reported rates (as per-case
data not publicly released). Cells show the two-sided p per pair; color encodes − log10(p) clipped to [0, 4],
with a red mark at p = 0.05 (∗<0.05, ∗∗<0.01, ∗∗∗<0.001). On the same six models, DDBENCH Tier-1
separates 9 of 15 pairs at p < 0.05, compared with 2 on SWE-bench Verified. The contrast is consistent with
DDBENCH exercising a reasoning dimension that single-process code repair does not.

We present the full pairwise bootstrap matrix in Figure 10, comparing the six models with published
SWE-bench Verified scores across both benchmarks (evaluated on DDBENCH tier-1 case set). SWE-
bench Verified dinstinguishes only 2 of 15 pairs at p < 0.05, while DDBENCH distinguishes 9 of
15 pairs. For instance, SWE-bench Verified does not clearly separate Opus 4.6 from Sonnet 4.6
(p = 0.18), while DDBENCH does with p < 0.01.

TABLE 8: Per-model pass rates (%) on tier-2 (15 cases) under symptom-only and evidence-augmented conditions.
∆ denotes the percentage-point improvement. Eight of ten models improved; two tied (Claude Sonnet 4.6, GPT
OSS 120B); none regressed.

Model Thinking Form Total Cost ($) Pass Rate %
Base +Evidence ∆ (pp) Base +Evidence ∆

Claude Opus 4.6 Adaptive High API 28.46 22.12 - 22.3% 73.3 80.0 + 6.7
Claude Sonnet 4.6 Adaptive High API 27.47 21.42 - 22.0% 73.3 73.3 —
GPT 5.4 High API 10.75 10.35 - 3.7% 60.0 86.7 + 26.7
GPT 5.4 mini High API 2.70 2.25 - 16.7% 66.7 73.3 + 6.7
GLM 5.1 (FP8) Enabled Open, Self-Host 7.12 5.33 - 25.1% 40.0 46.7 + 6.7
GLM 5 Enabled Open, API 36.68 22.01 - 40.0% 53.3 66.7 + 13.3
GLM 4.7 Enabled Open, API 19.88 11.30 - 43.2% 33.3 66.7 + 33.3
Gemma 4 (31B) Enabled Open, Self-Host 0.94 0.77 - 18.1% 26.7 53.3 + 26.7
Kimi K2.5 N/A Open, API 8.30 2.39 - 71.2% 33.3 60.0 + 26.7
GPT OSS (120B BF16) Enabled Open, Self-Host 1.95 1.65 - 15.4% 26.7 26.7 —

G.2 Pass Rate on Tier-2 and Tier-3

We report the per-model pass rates and total cost on tier-2 (15 cases, Table 8) and tier-3 (14 cases,
Table 9) under both the symptom-only and context-augmented conditions, complementing the
aggregate tier comparison in §3.5.

Results on tier-2. On tier-2, 8 of 10 models improved under the context-augmented condition, 2 tied,
and none regressed. The two ties are Claude Sonnet 4.6 at 73.3% and GPT OSS (120B BF16) at
26.7% in both conditions. GLM 4.7 posted the largest gain at +33.3 pp, doubling its base pass rate
from 33.3% to 66.7%. Three further models gained +26.7 pp: GPT 5.4 rose from 60.0% to 86.7%,
Gemma 4 (31B) from 26.7% to 53.3%, and Kimi K2.5 from 33.3% to 60.0%. GPT 5.4’s 86.7% is the
highest pass rate on tier-2 under either condition, consistent with the pattern on tier-1 where frontier
capability combined with debug context produces the strongest joint lift. Total cost fell for every
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TABLE 9: Per-model pass rates (%) on tier-3 (14 cases) under symptom-only and evidence-augmented conditions.
∆ denotes the percentage-point improvement. Six of ten models improved; two tied (GLM 4.7, GLM 5); two
regressed.

Model Thinking Form Total Cost ($) Pass Rate %
Base +Evidence ∆ (pp) Base +Evidence ∆

Claude Opus 4.6 Adaptive High API 30.56 14.61 - 52.2% 85.71 92.86 + 7.14
Claude Sonnet 4.6 Adaptive High API 21.32 10.47 - 50.9% 85.71 92.86 + 7.14
GPT 5.4 High API 13.17 9.50 - 27.9% 78.57 92.86 + 14.29
GPT 5.4 mini High API 2.37 1.75 - 26.2% 85.71 92.86 + 7.14
GLM 5.1 (FP8) Enabled Open, Self-Host 9.47 10.41 + 9.9% 57.14 50.00 - 7.14
GLM 5 Enabled Open, API 32.78 23.70 - 27.7% 85.71 85.71 —
GLM 4.7 Enabled Open, API 20.67 15.35 - 25.7% 85.71 85.71 —
Gemma 4 (31B) Enabled Open, Self-Host 1.55 2.75 + 77.4% 57.14 50.00 - 7.14
Kimi K2.5 N/A Open, API 12.01 3.87 - 67.8% 42.86 85.71 + 42.86
GPT OSS (120B BF16) Enabled Open, Self-Host 1.98 1.83 - 7.6% 35.71 42.86 + 7.14

model on tier-2, ranging from −3.7% on GPT 5.4 to −71.2% on Kimi K2.5. GLM 5, GLM 4.7, and
Kimi K2.5 each realized cost reductions above 40%, the strongest compression of the exploration
phase across the cohort.

Results on tier-3. On tier-3, the picture shifts toward saturation. 6 of 10 models improved, 2
tied at 85.71%, and 2 regressed by −7.14 pp each. The two ties are GLM 5 and GLM 4.7. The
regression GLM 5.1 corresponds to a single case flip at n = 14 within binomial noise. Under the
context-augmented condition, four models converge at 92.86% pass rate, Claude Opus 4.6, Claude
Sonnet 4.6, GPT 5.4, and GPT 5.4 mini, reflecting the ceiling effect expected on this tier since tier-3
cases are predominantly single-process, input-triggered crashes whose root cause often localizes
within one file. The largest gain comes from the weaker end of the cohort. Kimi K2.5 climbed
+42.86 pp from 42.86% to 85.71%, reaching the open-weight cluster anchored by the GLM 5 and
GLM 4.7 tie point. Cost trajectories are more mixed than on tier-2. 8 of 10 models reduced total
cost, with Kimi K2.5 dropping −67.8% and the two Claude models dropping approximately 50%,
while Gemma 4 (31B) roughly doubled its cost as the extra passes it now converts come from cases it
previously abandoned early. GLM 5.1 and GPT OSS (120B BF16) saw small cost shifts of +9.9%
and −7.6% respectively, tracking the same pattern where debug context enables longer but more
productive trajectories on previously unsolved cases.

Takeaway. The per-model tables reinforce the aggregate trend in §3.5. Debug context lifts pass rate
broadly but with a narrower margin as tier difficulty decreases, and the cost benefit is not uniform.
Models already near the ceiling realize most of the benefit as cost reduction, while weaker models
realize it as pass-rate gains, often accepting higher cost in exchange.

FIGURE 11: Per-case total-token CDFs on tier-1–tier-3. Each panel overlays the symptom-only (orange) and
context-augmented (blue) distributions, pooling all evaluated models. Medians shift from 0.88M to 0.47M
on tier-1 (−47%), 0.93M to 0.47M on tier-2 (−49%), and 0.95M to 0.68M on tier-3 (−28%). The context-
augmented CDF lies to the left of the symptom-only CDF at every percentile on tier-1 and tier-2; on tier-3 the
two curves converge in the upper tail.
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FIGURE 12: Per-case agent-step CDFs on tier-1–tier-3. Medians drop from 44 to 34 on tier-1 (−23%), 46 to 33
on tier-2 (−28%), and 52 to 40 on tier-3 (−23%). Unlike the token distributions, the step CDFs separate roughly
uniformly across the support, so the savings are not driven by a few long-running outliers.

G.3 Efficiency Gain from Debug Context

The trajectory analysis (§3.4) reported mean steps and tokens on tier-1. Figure 11 and Figure 12
extend the result along two axes. We plot the full per-case distribution rather than the mean, and we
repeat the measurement on tier-2 and tier-3 to validate that the effect is not tier-specific.

Tokens. Debug context cut the median per-case token budget by nearly half on tier-1
(0.88M→ 0.47M) and tier-2 (0.93M→ 0.47M), and by 28% on tier-3 (0.95M→ 0.68M). The context-
augmented CDF dominates the symptom-only CDF on tier-1 and tier-2: at every quantile a context-
augmented run consumed fewer tokens than the matched symptom-only run. On tier-3, the two
curves cross in the upper tail. Specifically, a small number of cases ran to the step budget in both
conditions, indicating that when the abstraction distance between the supplied symptom and the fault
is large (§3.3), debug context does not shorten the exploration loop.

Agent steps. The step distributions shifted more uniformly than tokens: medians dropped 23–28%
across tiers, and the two CDFs sit roughly parallel. The per-tier median reductions (tier-1: −10 steps;
tier-2: −13; tier-3: −12) are consistent with the previously reported mean of −13.9 steps on tier-1
(Table 3). Debug context therefore removes a near-constant number of exploratory steps per case,
rather than only trimming the long tail.

Why the CDF matters. The mean-based summary in Table 3 leaves open whether the efficiency
gain is driven by a handful of pathological runs or by a broad shift. Figure 11 and Figure 12 resolve
this by showing that the shift is distributional and persists across tiers. Combined with the paired-
outcome analysis (§G.5), which shows efficiency gains on concordant-PASS, concordant-FAIL, and
FAIL→PASS cases, these CDFs support the conclusion that debug context acts as a search-space
reducer for agent diagnosis, narrows the set of hypotheses the agent must explore, and is independent
of whether the final patch changes.

G.4 Per-Model Step-Count Distributions

Figure 12 pools per-case step counts across the full cohort, which leaves open whether the median
reduction reflects a uniform per-model shift or is driven by a subset of the cohort. Figure 13–Figure 17
decompose this view by plotting the per-case step histogram for each of five models that span the
cohort’s capability range, pooling tier-1–tier-3 cases per model so that each panel carries enough mass
to estimate the distribution shape. We restrict each panel to runs that terminated with the Submitted
exit status so that the histogram reflects deliberation length rather than abnormal termination (step-cap
or context-window exceptions, or wall-clock timeouts). The two side-by-side panels in each figure
share a step axis and overlay the per-condition median as a dashed reference inside each panel.

Cross-model synthesis. Three patterns emerge from the per-model panels. First, the median
reduction is universal in this subset: every model shows a leftward shift under context augmentation,
ranging from −4 steps for GPT 5.4 to −25 steps for Claude Opus 4.6. This rules out the hypothesis
that the cohort-level effect in Figure 12 is carried by a few frontier models; lighter models show the
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FIGURE 13: Per-case agent-step distribution for Claude Opus 4.6 across tier-1–tier-3, restricted to runs that
terminated under Submitted. The median drops from 55 to 30 steps under context augmentation (≈45%
reduction). The right tail extends past 180 steps in both conditions—the longest in the cohort—indicating that
even the strongest model in our setup encounters cases where the cross-process search dominates the trajectory
regardless of debug context.

FIGURE 14: Per-case agent-step distribution for Claude Sonnet 4.6 across tier-1–tier-3. The median drops
from 42 to 34 steps. The base count (N = 42) is lower than the context-augmented count (N = 49): seven
additional cases reached Submitted under context augmentation. The recovered cases are dominated by runs
that produced no exit status under the symptom-only condition (most plausibly wall-clock timeouts or framework
aborts) rather than by step-cap exceptions; under either reading, the asymmetry is consistent with debug context
shortening the path to a candidate patch and is not visible in the median alone.

FIGURE 15: Per-case agent-step distribution for GPT 5.4 across tier-1–tier-3. The median drops from 29 to 25
steps. Both distributions concentrate tightly below 85 steps with negligible right-tail mass, indicating that GPT
5.4 either converges on a candidate patch quickly or abandons the case, rather than continuing to explore.
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FIGURE 16: Per-case agent-step distribution for GPT 5.4 mini across tier-1–tier-3. The median drops from 30
to 24 steps. The shape mirrors GPT 5.4: short-tailed and tightly concentrated. The smaller absolute reduction
(−6 steps) is consistent with the already-compact base distribution—there are fewer wasted exploratory steps for
debug context to remove.

FIGURE 17: Per-case agent-step distribution for GLM 4.7 across tier-1–tier-3. The median drops from 77 to
54 steps—the highest medians in this subset under either condition. The right tail extends past 190 steps in
both conditions, reflecting GLM 4.7’s tendency to run a long exploratory phase on hard cases. The base count
(N =53) is lower than the context-augmented count (N =60): all seven cases that did not terminate under
Submitted in the symptom-only condition (one step-cap exception and six runs with no recorded exit status)
reached Submitted when given debug context, so every GLM 4.7 case terminated normally under context
augmentation.

same direction even when the magnitude is small. Second, the absolute reduction tracks the base-
condition median. Models that already settle quickly under the symptom-only condition (the GPT
5.4 family) have less slack to compress, while models that explore extensively under symptom-only
conditions (Claude Opus 4.6, GLM 4.7) realize the largest absolute step savings. This is consistent
with the search-space-reduction reading from §G.3: debug context removes exploratory steps, and a
model that takes few exploratory steps in the first place gains less. Third, the heavy right tails are
concentrated in Claude Opus 4.6 and GLM 4.7, both of which run long deliberation loops on hard
cases rather than abandoning early; the GPT 5.4 family in contrast caps trajectories well below 85
steps in both conditions, suggesting an earlier give-up policy. These two failure modes—long-tail
persistence vs. early abandonment—are visible at the distribution level even when the medians are
similar, and they suggest that scaffold-design work aiming to extract more from a fixed step budget
should treat the two regimes separately.

G.5 Per-case Paired Outcome in Tier-1 under Debug-Context Augmentation

We present the full per-case paired outcomes on tier-1 under debug-context augmentation in Figure 18.
Weak models (bottom rows) are dominated by green gains, where GLM 4.7 flips 13 of 31 cases.
Strong models (top rows) are dominated by blue tie-passes. Losses are rare and concentrated on
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a small set of cases where the runtime symptom misdirects. For example, dragonfly-6687 (the
second column of Resource & delivery) is the highlighted example analyzed in §3.3.

FIGURE 18: Per-case paired outcomes across all 10 models on tier-1 (rows: models, ordered by symptom-only
pass rate; columns: the 31 cases, grouped by bug category and ordered within each group by cross-model win
count). Green cells are gains (FAIL→PASS), red cells are regressions (PASS→FAIL). Weak models (bottom
rows) are dominated by green—GLM 4.7 flips 13 of 31 cases—while strong models (top rows) are dominated by
blue tie-passes. Losses are often cases where the runtime symptom misdirects. For instance, dragonfly-6687
(second column of Resource & delivery) is one of the highlighted examples in Appendix §G.6.

G.6 Case Studies: When Debug Context Helps, and When It Misleads

This section expands the qualitative analysis summarized in §3.3. We examine three tier-1 cases that
together span the qualitative regimes of the debug-context effect: one in which debug context supplies
a signal unreachable from code alone (ZooKeeper-4846), one in which debug context compresses a
tractable but expensive search (Raft-268), and one in which debug context misleads the agent across
an abstraction gap (Dragonfly-6687). The cases were selected by cross-model consensus, so that
a majority of the 10 models show the same directional effect and the pattern reflects task structure
rather than noise from any single model.

ZooKeeper-4846: debug context supplies a signal that no code reading can recover (9/10
FAIL→PASS). The bug corrupts access-control state after a crash-recovery path, so that child nodes
are re-linked to stale permission entries whenever the on-disk snapshot and the in-memory state
disagree. Under the symptom-only condition, 9 of 10 models failed, and not because they did not try:
agents explored the snapshot and restore code paths broadly, yet the fault only manifests as a specific
post-recovery runtime state that static reading of the codebase cannot reconstruct. When we provided
the post-recovery permission table as debug context, 9 of 10 models succeeded and converged on a
precise fix in createNode(). The behavioral shift is consistent with an information-gap hypothesis.
Kimi K2.5’s exploration actions dropped from 9 to 2, its read actions from 26 to 8, and its first-edit
step from 46 to 17. Gemma 4, which had given up after 4 steps without ever editing, now navigated
directly to the relevant file and patched the bug in 12 steps. The near-unanimous flip across a
heterogeneous model set indicates that debug context here acts as a capability unlock: when the root
cause is a runtime-only invariant, the missing ingredient is signal rather than reasoning ability.

Raft-268: debug context compresses a tractable but expensive search (4/10 FAIL→PASS,
0 regressions). The bug is a shutdown-path deadlock, in which one goroutine blocks on a channel that
a second, already-stopped goroutine was supposed to service. The root cause is in principle derivable
from the source, but doing so requires reasoning over the full space of goroutine interleavings, a
search that scales badly with context length. The debug context we provide is a goroutine stack
dump that points directly at the blocked operation, which collapses this combinatorial reasoning
problem into a localized one. With debug context, 4 additional models flip to PASS and no model
regresses. The more revealing effect, however, is on trajectory rather than outcome. Kimi K2.5
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went from 225 steps (first edit at step 174) to 36 steps (first edit at step 9); its symptom-only patch
was a surface-level workaround in the wrong file, whereas its context-augmented patch correctly
restructured the blocking select. Even Claude Opus, which passed under both conditions, halved its
step count (58 to 30) and its first-edit step (51 to 21). Debug context here functions as a search-space
reducer, and we argue this is where most of the aggregate trajectory effect in §3.4 originates, since
the efficiency benefit is visible even when the final outcome does not change.

Dragonfly-6687: debug context misleads across an abstraction gap (1 win, 1 loss). The root
cause of this bug is a race in the serialization path, in which two writers interleave into a shared
byte stream and produce a corrupted output. The runtime symptom, however, surfaces much later
in the deserialization path on a downstream replica, as a cryptic decoding error. The debug context
faithfully reports this symptom, and in doing so anchors the agent to the wrong abstraction layer.
Claude Opus was the only model to solve this case under the symptom-only condition, through
190 steps of code exploration and commit-history inspection; once given debug context, it was
misdirected into the decoder and produced an incomplete fix, flipping the outcome from PASS to
FAIL. Conversely, Gemma 4 moved from a no-edit failure to a partial workaround near the error
location, an improvement in engagement but still short of the true fix. Here, debug context inherits
the abstraction level of the observable symptom, and when the symptom sits several layers above
the cause, debug context acts as a confident but wrong prior rather than a neutral input. This is not a
quirk of a single case: the 8/10 cross-model failure rate under both conditions indicates that such
abstraction gaps mark the current capability frontier, and symptom-proximal debug context alone is
unlikely to move it.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?
Answer: [Yes]
Justification: We provide a dataset, benchmark infrastructure, and a thorough evaluation on them
that collectively reflect the technical, conceptual, and major contributions of this paper. The claims
and findings mentioned in abstract and introduction are thoroughly supported and discussed in the
later sections (§2 and §3). The benchmark shape is fully described in §2, and the evaluation results
are fully described in §3. The claims on the model differentiations on distributed debugging and
controlled study of symptom-only and context-augmented are fully discussed in §3, which further
reveals several findings that is backed by the evaluation results. All number that is mentioned in
the abstract and introduction are accurate and also supported by the evaluation results in §3.
Guidelines:
• The answer [N/A] means that the abstract and introduction do not include the claims made in

the paper.
• The abstract and/or introduction should clearly state the claims made, including the contributions

made in the paper and important assumptions and limitations. A [No] or [N/A] answer to this
question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We fully discussed the limitations of our work in §4, including the limitations of the
evaluation (single agent scaffold, no content-level ablation) and the single curated release. We
also fully discussed the potential future work to address these limitations, including multi-scaffold
evaluation, content-level ablation, and scale-up across additional systems and bug families.
Guidelines:
• The answer [N/A] means that the paper has no limitation while the answer [No] means that the

paper has limitations, but those are not discussed in the paper.
• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to violations of

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

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

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

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

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

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

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?
Answer: [N/A]
Justification: This work does not include theoretical results and we do not have any theorems to
prove, so this question is not applicable.
Guidelines:
• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if they appear in

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

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

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

Question: Does the paper fully disclose all the information needed to reproduce the main experi-
mental results of the paper to the extent that it affects the main claims and/or conclusions of the
paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We fully disclosed all the information needed to reproduce the main experimental
results in §3, including the details of the models evaluated, the agent scaffold used, and the
evaluation protocol. We also provided the details of the benchmark features and data curation
process in §2. Appendix §E also includes the details of data mining and prompts we used for the
semi-agentic mining process. We released the codebase, dataset, and benchmark infrastructure
(including the semi-agentic mining tools) to facilitate reproducibility.
Guidelines:
• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived well by

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

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

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

• While NeurIPS does not require releasing code, the conference does require all submissions to
provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how to
reproduce that algorithm.

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

(c) If the contribution is a new model (e.g., a large language model), then there should either be a
way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of closed-
source models, it may be that access to the model is limited in some way (e.g., to registered
users), but it should be possible for other researchers to have some path to reproducing or
verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?
Answer: [Yes]
Justification: We released the codebase, dataset, and benchmark infrastructure (including the semi-
agentic mining tools) to facilitate reproducibility. The dataset and codebase are also submitted
alongside the paper and will be made publicly available upon publication. We also provided
detailed instructions for how to use the codebase and reproduce the main experimental results in
the README and documentation.
Guidelines:
• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/public/
guides/CodeSubmissionPolicy) for more details.

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

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

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

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

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

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

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: This paper does not include training details as we do not train any models, but
we provide all the details of the experimental setting and evaluation protocol in §3, including
the models evaluated, the agent scaffold used, and the evaluation protocol. We had dedicated
subsections in evaluation section describes the model we used, the conditions (symptom-only vs.
context-augmented) we evaluated, and the emprical bounds we set for evaluting agent performance
(bounded max steps, time limits, and token cost).
Guidelines:
• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail that is

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

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Every claim that supports the headline contributions is accompanied by an explicit
uncertainty estimate, computed by a method documented in §3.1. Pairwise model-differentiation
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results (Figure 10) are obtained by a paired case-level bootstrap over the 31 tier-1 cases (10,000
resamples) and reported as a two-sided p-value per model pair with 95% CIs on the pass-rate
difference; the SWE-bench Verified comparison panel uses the analogous unpaired bootstrap over
per-model Bernoulli draws since per-case outcomes are not publicly released. Per-model debug-
context effects use the same 10,000-resample paired bootstrap (§3, “Statistical significance”), and
the aggregate debug-context effect is estimated by a mixed-effects logistic regression with random
intercepts for model and case over all 620 paired outcomes, reported with point estimate, standard
error, 95% CI, odds ratio, and Wald z-statistic. The factors of variability captured by these intervals
are the random sampling of cases (bootstrap) and the model×case grid the regression is fit on. All
intervals are two-sided 95% unless otherwise stated.
Guidelines:
• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

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

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

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

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

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

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

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

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

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experi-
ments?
Answer: [Yes]
Justification: We fully described the containerized evaluation infrastructure which implicitly
specifies the compute resources required. As we did not train any models in this paper, so we do
not have any strong requirement on the type of compute workers. Any commodity CPU server
with sufficient memory and storage should be able to run this benchmark.
Guidelines:
• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud

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

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

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

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: Yes, the entire research process, methodology and results fully conform to the
NeurIPS code of ethics. We have carefully reviewed the code of ethics and ensured that our
research adheres to all the guidelines and principles outlined in it. We have taken necessary
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precautions to ensure that our research does not cause harm, respects privacy, and is conducted
with integrity and transparency. We did not conduct any experiments involving human subjects or
crowdsourcing, so we did not need to obtain IRB approval or equivalent.
Guidelines:
• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer [No], they should explain the special circumstances that require a deviation

from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration due

to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?
Answer: [Yes]
Justification: We do not anticipate any direct negative societal impacts of our work, but we
do discuss the potential positive impacts and insights throughout the evalution section §3. We
discussed the potential future work on enhancing agent engineering and model capabilities for
distributed debugging, which could have positive impacts on software engineering practices and
productivity in general.
Guidelines:
• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal impact

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

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

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

• The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for moni-
toring misuse, mechanisms to monitor how a system learns from feedback over time, improving
the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible release
of data or models that have a high risk for misuse (e.g., pre-trained language models, image
generators, or scraped datasets)?
Answer: [N/A]
Justification: We do not anticipate any risk of misuse of our dataset, benchmark, or evaluation
results, so we do not have any specific safeguards in place for responsible release. However, the
case used in this benchmark are all sanitized and runs inside an isolated container by default.
Guidelines:
• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with necessary

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

• Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.
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• We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?
Answer: [Yes]
Justification: We properly credited the creators and original owners of all assets used in the paper,
including the code repository, datasets, and literature. We also included a dedicated section in
Appendix §B.2 that lists all licenses of code repositories that is included in this benchmark release.
Guidelines:
• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service of

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

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

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

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

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The codebase for benchmark infrastructure is well documented with a README and
detailed instructions for how to use the codebase and reproduce the main experimental results. The
cases curated in this release are also all well documented with detailed descriptions of each case in
both human-readable and machine-readable formats.
Guidelines:
• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their sub-

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

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

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

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as well as
details about compensation (if any)?
Answer: [N/A]
Justification: We did not conduct any crowdsourcing experiments or research with human subjects,
so this question is not applicable.
Guidelines:
• The answer [N/A] means that the paper does not involve crowdsourcing nor research with human

subjects.
• Including this information in the supplemental material is fine, but if the main contribution of

the paper involves human subjects, then as much detail as possible should be included in the
main paper.
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• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human subjects
Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
(or an equivalent approval/review based on the requirements of your country or institution) were
obtained?
Answer: [N/A]
Justification: We did not conduct any research with human subjects, so this question is not
applicable.
Guidelines:
• The answer [N/A] means that the paper does not involve crowdsourcing nor research with human

subjects.
• Depending on the country in which research is conducted, IRB approval (or equivalent) may

be required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

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

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

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigor, or
originality of the research, declaration is not required.
Answer: [Yes]
Justification: We used semi-agentic mining protocol to mine the cases in this benchmark, which
involves LLMs and agents to semantically parse the information from GitHub issues and PRs
and synthesize the artifacts used later in the evaluation. The full details are described in §2 and
Appendix §C. Our usage of LLMs does not impact the core methodology, scientific rigor, or
originality of the research, but it is an important component of the data curation process, so we
declare it here for transparency.
Guidelines:
• The answer [N/A] means that the core method development in this research does not involve

LLMs as any important, original, or non-standard components.
• Please refer to our LLM policy in the NeurIPS handbook for what should or should not be

described.
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