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Abstract

Code agents are increasingly used in debugging
workflows, where fault localization (FL) is of-
ten evaluated as endpoint retrieval: whether a
model names the faulty code location. This
view is inadequate for Linux kernel debugging,
where failure logs may expose downstream
symptoms while the erroneous state is intro-
duced earlier and propagates through various
dependences. We introduce KernelPath, a 200-
instance Linux 5.10 function-level FL bench-
mark that pairs each root cause function with
a source-grounded state propagation path and
a dependence layer. KernelPath evaluates both
endpoint localization and ordered diagnostic
process recovery. Experiments with SOTA
agents show that agents often retrieve plausi-
ble candidates but remain unreliable at recov-
ering the diagnostic process, with performance
degrading sharply under complex dependence
relations. Further diagnostic probes show that
agents can use explicit state-transition evidence,
yet fail to infer how functions affect the erro-
neous state, drifting toward neighboring objec-
tives such as repair-site selection, or upstream
suspicious function retrieval. These findings
reveal an unstable task model for kernel FL in
current code agents.

1 Introduction

Code agents are increasingly used in software de-
bugging workflows, where fault localization (FL)
connects an observed failure to the code respon-
sible for it and provides the basis for later re-
pair (Wong et al., 2016; Zou et al., 2021). Early
LLM-based debugging-agent evaluations mainly fo-
cused on repository-level software tasks (Jimenez
et al., 2024; Yang et al., 2024b; Zhang et al.,
2024; Xia et al., 2025; Wang et al., 2025). A
growing trend is to move this evaluation toward
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Figure 1: Two views of Linux kernel fault localization
from the same failure log. The retrieval-selection view
reduces FL to ranking candidate functions, whereas the
state propagation view asks whether the agent can recon-
struct how the state propagates.

system-level debugging, especially Linux kernel
fault localization and crash resolution (Mathai et al.,
2024; Zhou et al., 2025). The Linux kernel makes
FL substantially harder: logs are sparse, symp-
toms often appear far from the root cause, and the
failure-relevant state may propagate through com-
plex mechanisms (Zeller, 2002; Cleve and Zeller,
2005; Ferrante et al., 1987; Horwitz et al., 1990;
Zhou et al., 2025). These properties previously
made kernel FL difficult to evaluate as an LLM
task, but modern code agents can now search large
repositories and inspect source context, making it
possible to ask whether they can localize kernel
root causes (Yang et al., 2024b; Wang et al., 2025;
Zhou et al., 2025).

Recent work has begun to follow this trend, but
it still tends to focus on surface aspects of debug-
ging. One line of work studies whether agents can
retrieve or rank the correct fault location among
many plausible candidates (Kang et al., 2024; Yang
et al., 2024a; Rafi et al., 2024; Qin et al., 2025;
Zhou et al., 2025); another studies whether agents
can generate repairs or resolve debugging tasks
through patch-oriented workflows (Jimenez et al.,
2024; Yang et al., 2024b; Zhang et al., 2024; Xia
et al., 2025; Mathai et al., 2024). These evaluations
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show that current agents remain unreliable (Tian
et al., 2024; Jimenez et al., 2024; Xia et al., 2025;
Zhou et al., 2025), but their signals are still mostly
endpoint- or repair-oriented. As a result, they ex-
plain failures as ranking errors, retrieval failures,
or incomplete patch generation, rather than asking
the more basic question: does the agent understand
why a function is the root cause?

This creates a mismatch with Linux kernel FL.
As shown in Figure 1, the retrieval-selection view
treats FL as choosing one function from a ranked
list of relevant candidates. However, kernel FL
requires a state-propagation view, which is con-
sistent with classical views of debugging as trac-
ing cause-effect chains and dependence relations
in programs (Zeller, 2002; Cleve and Zeller, 2005;
Weiser, 1981; Ferrante et al., 1987; Horwitz et al.,
1990). The log site may only expose the erroneous
state; a downstream function may be a good place
to block the symptom; and an upstream function
may be necessary for reaching the failure path. All
of them can look relevant, but they play different di-
agnostic roles. The root cause is the function where
the failure-relevant state is introduced, committed,
or first made wrong. Traditional endpoint metrics
such as Top-k and MRR, which are widely used in
prior FL evaluations (Kang et al., 2024; Yang et al.,
2024a; Rafi et al., 2024; Qin et al., 2025; Zhou et al.,
2025), cannot distinguish these roles, because they
only measure whether the final answer hits an anno-
tated function, not whether the agent recovers the
diagnostic process that makes it the root cause.

To match this kernel-specific view of FL, we
construct data around source-grounded state propa-
gation rather than isolated endpoints. Each instance
should specify not only the root-cause function, but
also the source-grounded path through which the
erroneous state propagates to the final log exposure.
To measure this ability, endpoint accuracy is in-
sufficient, so we introduce Order-Weighted Path
Recall (OWPR) to evaluate whether the predicted
diagnostic chain recovers the gold path in the cor-
rect order. Based on this source-grounded state-
propagation evaluation mechanism, we construct
KernelPath, the first 200-instance Linux kernel
function-level FL benchmark that jointly evalu-
ates root-cause localization and diagnostic-process
recovery.

Using KernelPath, we find that current code
agents do not reliably understand root cause in
Linux kernel FL. They can often retrieve relevant
code, but fail to organize it into the state prop-

agation process required by the task. This fail-
ure becomes more severe when propagation de-
pends on complex relations such as cross-context
or asynchronous mechanisms. Further diagnostic
probes show the reason: agents struggle to assign
the correct state-transition role to each function,
and when this role attribution is unstable, they sub-
stitute neighboring objectives for FL. Repair evi-
dence pulls them toward symptom-blocking loca-
tions, while explicit upstream prompts often move
them toward upstream suspicious functions rather
than the true root cause. Thus, their weakness is not
merely poor retrieval, but an unstable task model
of kernel root-cause localization.

The contributions of this paper are as follows:

• We are the first to decouple root-cause end-
point localization from root-cause process
understanding in code-agent FL evaluation.
This reframes kernel FL as identifying not only
where the fault is, but why that function is the
root cause.

• We propose KernelPath, the first Linux
kernel function-level FL benchmark for
evaluating source-grounded root-cause un-
derstanding. KernelPath implements a
source-grounded state-propagation evalu-
ation mechanism and introduces OWPR to
measure ordered diagnostic-process recovery.

• We reveal the benchmark conclusion that
current code agents do not reliably under-
stand root cause in Linux kernel FL. They
often retrieve relevant code, but confuse root-
cause localization with repair-site selection or
upstream suspicious-function retrieval.

2 Related Work

Fault localization from a state propagation per-
spective. Fault localization has long been stud-
ied as a failure process in which an erroneous
state is introduced, propagated, and eventually ex-
posed (Zeller, 2002; Cleve and Zeller, 2005; Wong
et al., 2016; Jones et al., 2002; Jones and Har-
rold, 2005; Liblit et al., 2005; Zou et al., 2021).
Program slicing, dynamic slicing, program depen-
dence graphs, and system dependence graphs fur-
ther provide structured foundations for connecting
program entities through data and control depen-
dences (Weiser, 1981; Tip, 1995; Agrawal and Hor-
gan, 1990; Agrawal et al., 1993; Ferrante et al.,
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Figure 2: Evaluation protocol for endpoint localization and ordered diagnostic-process recovery. The agent receives
the repository and failure log, returns ranked root-cause candidates and diagnostic chains, and is evaluated by Top-k
endpoint localization and OWPR path alignment.

1987; Horwitz et al., 1990; Zhang and Gupta, 2004).
This literature motivates our view of kernel FL as
source-grounded state propagation reconstruction,
but our goal is not to propose a new slicing or
dependence-analysis algorithm; instead, we evalu-
ate whether modern code agents can use this view
when localizing faults in the Linux kernel.

Code agents and kernel fault-localization evalu-
ation. Code-agent evaluation has expanded from
code generation and completion to repository-level
software-engineering and debugging tasks (Chen
et al., 2021; Lu et al., 2021; Liu et al., 2024; Guo
et al., 2025; Jimenez et al., 2024; Yang et al., 2024b;
Wang et al., 2025; Zhang et al., 2024; Xia et al.,
2025; Tian et al., 2024; Kang et al., 2024; Yang
et al., 2024a; Qin et al., 2025; Rafi et al., 2024;
Zhou et al., 2025; Mathai et al., 2024). Closest
to our setting, LinuxFLBench shows that agents
still struggle with fine-grained localization in large
and low-observability kernel codebases (Zhou et al.,
2025). However, existing evaluations mainly rely
on endpoint or repair-oriented signals such as Top-k,
MRR, or repair success, which provide limited evi-
dence about whether an agent recovers the diagnos-
tic process supporting its FL judgment. KernelPath
complements this line of work by pairing each root-
cause function with a source-grounded diagnostic
path and a dependence layer, enabling joint eval-
uation of endpoint localization and ordered state

propagation recovery.
Prior work on LLM metacognition studies cali-

bration, self-reflection, and self-correction (Flavell,
1979; Nelson, 1990; Kadavath et al., 2022; Shinn
et al., 2023; Madaan et al., 2023; Huang et al.,
2024; Elenjical et al., 2026; Ackerman, 2026; Serva-
jean and Servajean, 2026; Shakarian, 2026). Here,
we use task meta-knowledge more narrowly to ask
whether agents consistently represent the kernel FL
task, or instead drift toward adjacent debugging
objectives despite retrieving relevant code.

3 KernelPath

3.1 Task Formulation

Given a failure log D and a code repository R, the
goal is to identify the root-cause function and re-
construct the diagnostic chain from the root cause
to the log site. Formally, the agent outputs

(f̂ , u), f̂ ∈ F(R), u = 〈u1, . . . , ut〉,

where F(R) is the set of localizable functions in
R, f̂ is the predicted root-cause function, and u is
the predicted function-level diagnostic chain.

3.2 Benchmark Framework

This section defines the framework of KernelPath.
Following the task formulation in Section 4.1, each
instance contains the failure evidence visible to
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Figure 3: KernelPath construction pipeline. Candidate cases are normalized from raw kernel materials, grounded to
Linux 5.10 Code Graph entities, paired with source-grounded diagnostic paths, instantiated as logs only after labels
are fixed, and filtered through rule, Claude Code-assisted, and human consistency checks.

the agent and hidden annotations used for evalu-
ation and analysis. The framework specifies three
components: the instance schema, the source-code
grounding mechanism, and the dependence-based
difficulty layer.

3.2.1 Benchmark Instance

Each instance consists of a failure log D, the Linux
5.10 repository R, and three hidden annotations:
the root-cause function f∗, the source-grounded
diagnostic path π∗, and the dependence layer ` ∈
{L1, L2, L3}. Formally, an instance is represented
as:

x = (D,R; f∗, π∗, `).

The agent observes only D and R. The label f∗ is
used to evaluate endpoint fault localization, while
π∗ records the function-level state propagation pro-
cess from the root cause to the function containing
the failure log. The layer ` supports layer-wise anal-
ysis of how dependence complexity affects agent
performance.

3.2.2 Source-code Grounding

To make labels source-grounded, we build a Code
Graph from Linux 5.10. The graph contains source-
code entities such as functions, variables, fields,
and log entities, together with structural relations
such as calls, returns, assignments, field accesses,
and log-message relations (Ferrante et al., 1987;
Horwitz et al., 1990).

During annotation, the candidate log is first
grounded to a log entity and then to the function that
contains it. The candidate root cause is grounded to
a function entity. Based on these endpoints, the
graph supports path search from the root-cause
function to the log site.

3.2.3 Dependence-Based Layers
The dependence layer characterizes the diagnostic
difficulty of an instance. It is assigned according to
the weakest dependence model required to certify
the source-grounded diagnostic path π∗.

L1 covers local data/control dependence, where
the failure-relevant state can be introduced, trans-
formed, or checked within a local code scope. L2
covers same-context interprocedural propagation,
where the state crosses function boundaries through
calls, arguments, return values, fields, or same-
context shared state. L3 covers cross-context or
asynchronous propagation, where the state becomes
failure-relevant through mechanisms such as IRQs,
timers, etc. This layer assignment depends on the
dependence relations required by π∗, rather than on
path length, log length, or model performance.

3.3 Construction

Figure 3 summarizes the construction pipeline of
KernelPath. The main principle is that labels are
fixed before the log is instantiated. We first normal-
ize Linux-kernel-related materials into candidate
cases, each containing a candidate log site, a candi-
date root-cause function, and an initial dependence
pattern. We then ground the candidate log site and
root-cause function to the Linux 5.10 Code Graph,
and search source-grounded paths between them.
Based on the grounded endpoints and graph rela-
tions, we finalize the root-cause function f∗, select
the diagnostic path π∗, and derive the dependence
layer ` from the relations required by that path.

Only after f∗, π∗, and ` are fixed do we instan-
tiate the log. Claude Code is used only in this
post-certification stage to render Linux-style logs
from repository and log templates; it does not de-
termine the root cause function, diagnostic path,
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or dependence layer. Finally, we filter instances
through rule checks, Claude-assisted inspection,
and human review to remove cases with layer in-
consistency, unrealistic logs, or non-unique root
causes. Detailed audit rules and rejection standards
are provided in Appendix A.3.We summarize Ker-
nelPath’s positioning relative to representative fault
localization and code repair benchmarks in Table 1;
detailed release-split statistics are provided in Ap-
pendix A.6.

3.4 Evaluation Protocol and Metrics
Figure 2 summarizes our evaluation protocol. For
each instance x = (D,R; f∗, π∗, `), the agent ob-
serves only D and R. We parse its output into a
ranked root-cause list f̂ and a predicted diagnos-
tic chain u. Endpoint localization is measured by
Top-k, which checks whether f∗ appears among
the top-k candidates in f̂.

Process recovery is measured by Order-Weighted
Path Recall (OWPR), which aligns the predicted
chain u with the gold source-grounded path π∗ =
〈p1, . . . , pm〉:

OWPR(u, π∗) =

∑m
i=1wici∑m
i=1wi

. (1)

Here, wi is the decayed weight of the i-th gold
node pi, where

wi = e−|i−pFL|.

, i is a node’s position in the GT path and pFL is the
fault function’s position. and ci indicates whether
pi is recovered in the correct relative order:

ci = 1[pi ∈ u ∧ ρi > Mi] , (2)

where

ρi = posu(pi), Mi = max
j<i
pj∈u

posu(pj), (3)

with max ∅ = 0. Thus, OWPR rewards a gold-path
node only when it appears in the predicted chain
and preserves the order of previously recovered
gold nodes. We report OWPR@1 and OWPR@5,
together with layer-wise results for L1–L3.

4 Experiments

We evaluate whether current code agents can per-
form Linux kernel FL by recovering the underlying
state propagation process. The experiments answer
three questions:

• RQ1: Can agents reliably recover the kernel
failure-propagation process?

• RQ2: Where does an agent’s FL decision fail?

• RQ3: When state propagation reconstruction
is unstable, what is the agent actually optimiz-
ing?

4.1 Experimental Setup
Models. We evaluate four strong code-agent
configurations: GPT-5.5/Codex, GPT-5.4/Codex,
Qwen3.5-Plus/Qwen Coder, and Claude-4.7-
Opus/Claude Code.

Protocol. Following Section 3.4, all agents re-
ceive the same failure log and Linux 5.10 reposi-
tory access. RQ1 uses all 200 KernelPath instances.
RQ2 and RQ3 use diagnostic subsets to isolate
mechanisms; unless otherwise stated, subset probes
use GPT-5.4/Codex, with full-agent results reported
in Appendix A.8.

4.2 RQ1: Can Agents Reliably Recover the
Kernel State Propagation Process?

4.2.1 Endpoint Accuracy Masks Process
Failure

Endpoint localization overstates diagnostic abil-
ity. Table 2 shows that the strongest agent, Claude-
4.7-Opus/Claude Code, reaches 53.5% Top-1 and
80.5% Top-5, but only 68.95% OWPR@1. The
gap is larger for GPT-5.4/Codex: 76.5% Top-5 but
53.84% OWPR@1. Thus, agents often retrieve
plausible functions without reconstructing the or-
dered state-propagation process that justifies the FL
decision.
The process gap is distributional, not caused

by a few failed cases. Figure 4(a) shows wide
OWPR spread over the 200 instances even when
endpoint retrieval is non-trivial. This indicates that
process recovery is an independent evaluation sig-
nal rather than a stricter restatement of Top-k.

4.2.2 Dependence Complexity Breaks Process
Recovery

Complex dependence is the main break point.
Figure 4(b) shows a consistent L1-to-L3 drop for
every agent. GPT-5.4/Codex falls from 75.40%
OWPR@1 on L1 to 41.67% on L3, while Claude-
4.7-Opus/Claude Code, the strongest configuration,
still reaches only 56.76% on L3. The degrada-
tion therefore follows dependence complexity rather
than model family.
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Benchmark Task Setting Evaluation Signal

Primary
Task Input Process

Supervision Taxonomy

SWE-bench (Jimenez et al., 2024) Repository
resolution

issue + repo – –

DebugBench (Tian et al., 2024) Code completion buggy code + tests – –
LinuxFLBench (Zhou et al., 2025) Linux kernel FL bug reports + repo – –

KernelPath Linux kernel FL log + repo OWPR dependence

Table 1: Benchmark positioning. The comparison emphasizes evaluation signal and annotation structure rather than
raw dataset scale. Here, repo denotes repository.

Figure 4: Process-recovery evidence for RQ1. Panel (a) shows full-instance OWPR distributions. Panel (b) shows
that both layer-wise OWPR and state-propagation edge recovery decline from L1 to L3.

Model Top-1 Top-5 OWPR@1 OWPR@5

GPT-5.5 46.5% 73.0% 61.72% 74.61%
GPT-5.4 47.0% 76.5% 53.84% 67.98%
Qwen3.5-Plus 49.0% 77.0% 59.59% 69.33%
Claude-4.7-Opus 53.5% 80.5% 68.95% 74.80%

Table 2: Overall FL and diagnostic-process recovery per-
formance. OWPR@1 and OWPR@5 denote OWPR(top-
1) and OWPR(top-5), respectively.

The layer effect is not a path-length artifact.
In our data, L3 chains are shorter on average than
L2 chains, but Figure 4(b) still shows worse L3
recovery. Appendix Figure 9 gives the layer-by-
depth distribution. The failure is therefore better
explained by cross-context or asynchronous depen-
dence, not by longer diagnostic chains.

Local edge recovery localizes the dependence
bottleneck. Figure 4(b) shows that agents recover
most L1 state-propagation edges, while L2 and
L3 edge recovery drops sharply across all four
agents. The process failure is therefore visible both
in whole-path OWPR and in local edge recovery.

4.3 RQ2: Where Does an Agent’s FL Decision
Fail?

4.3.1 State Facts Provide the Missing Signal

State-transition facts, not paths alone, make
FL decisions recoverable. We compare five in-
puts on a 30-case diagnostic subset: log only, path
only, a neutral length-matched control, self-inferred
state, and explicit state-transition facts. For GPT-
5.4/Codex, accuracy stays near 20–23.3% under
log-only, path-only, neutral, and self-state inputs,
but rises to 90.0% when concrete state-transition
facts are provided.

The state-aware shift is consistent across
agents. Figure 6(a) shows that the state-aware con-
dition produces the largest accuracy jump for all
evaluated agents, while path-only and neutral ad-
ditions remain weak. The function-level path is
therefore under-specified for FL unless the agent
can identify which state becomes erroneous, what
its normal value should be, and where that transition
occurs.
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Figure 5: Objective-substitution evidence for RQ3. Panel (a) shows that repair evidence pulls selections toward
the repair-evidence target, whether that target is non-GT or GT. Panel (b) shows that explicit state-transition FL
prompting reduces downstream choices but redirects many selections to upstream candidates rather than the GT.

Figure 6: Mechanism evidence for RQ2. Panel (a) shows that explicit state-transition facts produce the only large
accuracy shift on the diagnostic subset. Panel (b) shows that under self-state prompting, agents often assign the
ground-truth function to a symptom-propagation role rather than the state-introduction role; black ticks mark final
FL accuracy.

4.3.2 State Naming Does Not Fix Role
Attribution

Agents can name the state but miss the causal
role. To locate why self-state inference fails, we
score state identification and the role assigned to
the gold function. Figure 6(b) shows that GPT-
5.4/Codex identifies the erroneous state in 90.0% of
cases and the expected normal state in 86.7%, but as-
signs the gold function the correct state-introducer
role in only 20.0%.

State-propagator confusions dominate the re-
maining failure. The most common wrong role
is state propagator: for GPT-5.4/Codex, 66.7% of
self-state cases place the gold function in this role.
Figure 6(b) shows the same role-level failure across

agents, indicating that agents often recognize the
relevant state but place the decisive state transition
at the wrong function.

4.4 RQ3: When State-Propagation
Reconstruction Is Unstable, What Is the
Agent Actually Optimizing?

4.4.1 Repair Evidence Rewrites the FL
Objective

Repair evidence becomes false root-cause evi-
dence. We test two repair-evidence conditions with
GPT-5.4/Codex: adding repair evidence to a non-
GT candidate when the agent originally selects the
GT, and adding repair evidence to the GT when the
agent originally misses it. Figure 5(a) shows a sym-

50039



metric shift: non-GT repair evidence pulls 20/20
cases away from the GT, while GT repair evidence
pulls 20/20 cases back to the GT.

Repair attraction survives control conditions.
Full-agent results in Appendix Table 12 show the
same attraction pattern, and the controls in Ap-
pendix Table 13 rule out a pure formatting or length
effect. When process reconstruction is unstable,
agents elevate “where the symptom can be blocked”
into evidence for “where the fault is.”

4.4.2 Upstream Prompting Moves Selection,
Not Correctness

Prompting upstream changes direction, not cor-
rectness. We next test whether explicitly defining
FL as finding where the erroneous state is intro-
duced can fix downstream-symptom attraction. Fig-
ure 5(b) shows that the GPT-5.4/Codex prompt re-
duces downstream selections from 15/15 to 3/15,
but GT selection remains only 1/15; the main move-
ment is toward upstream suspicious candidates.
The prompt teaches a direction cue but not

the first-bad-state boundary. Full-agent results
in Appendix Table 14 show that explicit prompting
consistently reduces downstream choices, yet of-
ten redirects selection to upstream functions rather
than the GT. The agent captures the surface instruc-
tion to reason earlier, but still does not identify the
function where the erroneous state first becomes
failure-relevant.

5 Conclusion

Motivated by the state propagation nature of ker-
nel fault localization, we propose KernelPath, the
first Linux kernel function-level FL benchmark
that jointly evaluates root-cause function identifi-
cation and source-grounded state propagation re-
construction. Experiments show that current SOTA
agents remain unreliable at recovering diagnostic
processes. Further diagnostic probes reveal that
agents struggle to determine how functions affect
the erroneous state, and often substitute neighbor-
ing debugging objectives—such as symptom block-
ing or upstream suspicious-function retrieval—for
FL. These findings expose a task-level metacogni-
tive gap in current agents and suggest that future
debugging agents should explicitly model FL as
causal erroneous-state tracing rather than merely
improving retrieval or patch generation.

6 Limitations

Scope of the benchmark. KernelPath is con-
structed on Linux 5.10 and contains 200 instances,
so the reported numbers should not be treated as ab-
solute performance estimates for all Linux versions
or all system-software debugging scenarios. How-
ever, this limitation mainly affects coverage breadth
rather than our core conclusions. The key phenom-
ena studied in this paper—the separation between
root causes and downstream symptoms, the propa-
gation of erroneous states across functions or con-
texts, and the confusion between FL and repair-site
selection—are not specific to Linux 5.10. Moreover,
our findings are consistent across models, depen-
dence layers, and diagnostic probes, suggesting that
the observed failures reflect a broader limitation of
current agents rather than artifacts of a particular
subset.

Granularity of diagnostic paths. KernelPath
represents diagnostic processes as function-level
source-grounded paths. This abstraction does not
capture complete dynamic traces, statement-level
transitions, or all runtime variable values. Never-
theless, it is appropriate for our goal: evaluating
whether agents can recover the function-level state-
propagation structure that supports a root-cause FL
judgment. Finer-grained traces may support deeper
debugging analyses, but they are not required for
the claims made in this paper.

Log instantiation. Some logs are instantiated
with Claude Code assistance and may not fully
match the distribution of real Linux debugging logs
across hardware, workloads, and logging styles.
However, the benchmark labels do not come from
Claude Code. The root-cause function, source-
grounded path, and dependence layer are fixed be-
fore log instantiation, and generated logs are filtered
by rule checks, Claude Code-assisted inspection,
and human review. Thus, this limitation affects log-
style diversity, but not the validity of the source-
grounded labels or the main conclusions derived
from them.
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A Supplementary Construction and
Evaluation Details

This appendix provides the details omitted from the
main text: the Code Graph schema, the mapping
from source-code relations to dependence relations
and dependence layers, the construction and filter-
ing protocol, supplementary dataset statistics, and
full-agent diagnostic-probe results.

A.1 Code Graph Schema
The Code Graph is used only during benchmark
construction. It grounds logs, root-cause functions,
and source-grounded diagnostic paths to Linux 5.10
source entities. Source-code relations in the graph
are structural evidence; they are not automatically
treated as diagnostic dependence relations.

A.2 Dependence Relations and Layers
For each source-grounded diagnostic path, struc-
tural Code Graph relations are lifted to diagnostic
dependence relations. The instance layer is then
determined by the highest-complexity dependence
relation needed to certify the path.

A.3 Construction and Filtering
KernelPath construction proceeds through raw case
preparation, label grounding, log instantiation, and
filtering with consistency checks. Raw cases come
from Linux-kernel-related materials such as bug re-
ports, mailing-list discussions, syzbot/syzkaller re-
ports, vendor or distribution bug reports, and patch
discussions. Human annotators normalize them
into candidate cases containing a candidate log, a
candidate root-cause function, subsystem informa-
tion, and an initial dependence judgment.

During label grounding, the candidate log is
matched to a FAIL_TEMPLATE or FAIL_MESSAGE,
the corresponding log-site function is recovered
through HAS_MESSAGE, and the candidate root-
cause function is grounded to a FUNCTION entity.
Graph search then returns candidate paths between
the two endpoints. The final source-grounded di-
agnostic path is selected only if it explains state
propagation and excludes shorter paths that corre-
spond merely to wrappers, symptom locations, or
repairable sites.

Log instantiation is performed after r∗, π∗, and
` have been fixed. Claude Code is given the Linux
5.10 source context, the fixed diagnostic path, and
relevant log templates; it does not determine the
root-cause function, diagnostic path, or dependence

layer. The generated log is then checked for realism,
leakage, and consistency with the fixed labels.

A.4 Representative Case Studies
Table 8–10 give source-checked examples from
the three dependence layers. The log snippets are
presentation-level summaries; the root-cause func-
tions and source-grounded paths preserve the hid-
den annotations used for evaluation.
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Entity Description Typical fields Use in construction

FILE Linux 5.10 source file file name, source path Provides file-level ownership for functions, fields, and
log templates.

FUNCTION Function definition or declaration function name, source file, start/end
line

Used for root-cause labels, path nodes, and the
function containing the log.

STRUCT Structure definition struct name, scope, source file Supports field-level and shared-object reasoning.
FIELD Structure field field name, parent struct, source file Supports field-flow reasoning across functions.
VARIABLE Local variable, parameter, global, or

static variable
name, type, scope, source file Supports local data dependence, argument flow, and

shared-state reasoning.
FAIL_TEMPLATE printk-style source log template template string, source file, function

context
Provides the source template for log instantiation.

FAIL_MESSAGE Instantiated failure log concrete message, template id Connects the final benchmark log to a source log
template.

Table 3: Code Graph entity schema. Entities provide source-code grounding; they do not by themselves determine
the root cause.

Relation Head → tail Structural meaning Use in dependence analysis

CONTAINS file/function → entity Syntactic containment Context and grounding only.
CALLS function → function Function call relation Lifted only when the call participates in state

propagation.
HAS_PARAMETER function → variable Function parameter Supports local parameter use and interprocedural

argument flow.
HAS_VARIABLE function → variable Local or scoped variable Supports local data dependence.
RETURNS function → variable/value Return value relation Supports return-value propagation.
ASSIGNED_TO variable → variable/field Assignment or field update Supports local data flow, field flow, or shared-state

flow.
HAS_MEMBER struct → field Structure membership Supports field-level state propagation.
HAS_MESSAGE function → log entity Log template/message location Identifies the log-exposure function only.
HAS_INSTANCE template → message Template instantiation Connects log template and instantiated log.
MOUNTED_TO entity → entity Object or device attachment Auxiliary evidence for shared object/state reasoning.
TYPE_OF entity → type Type relation Used for semantic interpretation only.

Table 4: Code Graph relation schema. A structural relation becomes diagnostic evidence only after it is lifted to a
dependence relation that explains state propagation.

Rule Code Graph evidence Lifted dependence relation Layer Condition

R1 HAS_VARIABLE INTRA_LOCAL_DATA_DEP L1 Local variable carries or exposes the erroneous
state.

R2 HAS_PARAMETER INTRA_LOCAL_DATA_DEP L1 Parameter is used locally in the state check or
transition.

R3 local control statement INTRA_CTRL_DEP L1 A branch or loop determines whether the
failure path is reached.

R4 same-context CALLS CALL_EDGE L2 Caller/callee relation is part of the diagnostic
path.

R5 call argument and callee parameter INTERPROC_ARG_FLOW L2 Error code, pointer, object, length, or flag
crosses a call boundary.

R6 RETURNS INTERPROC_RET_FLOW L2 Return value affects the caller or a later
function.

R7 field assignment/read FIELD_FLOW L2 Erroneous state is written to or read from a
struct field.

R8 global/static/shared assignment GLOBAL_STATE_FLOW L2/L3 Shared state mediates propagation;
cross-context exposure raises the layer to L3.

R9 IRQ registration/invocation pattern IRQ_EDGE L3 The diagnostic process crosses interrupt
context.

R10 queue/schedule work pattern WORKQUEUE_EDGE L3 The state is exposed through deferred work.
R11 timer/timeout callback pattern TIMER_EDGE L3 The state is exposed through a timer callback or

timeout path.
R12 softirq handler pattern SOFTIRQ_EDGE L3 The state is exposed through softirq context.
R13 RCU callback pattern RCU_EDGE L3 The state is exposed through an RCU callback

or grace-period-dependent path.
R14 HAS_MESSAGE FAIL_OBSERVATION endpoint Locates the log-exposure function; does not

determine the layer.

Table 5: Lift rules from Code Graph evidence to diagnostic dependence relations.
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Layer Dependence relations Diagnostic meaning

L1 INTRA_CTRL_DEP, INTRA_LOCAL_DATA_DEP The root cause and log are connected by local data/control dependence in a
small code scope.

L2 CALL_EDGE, INTERPROC_ARG_FLOW,
INTERPROC_RET_FLOW, FIELD_FLOW,
GLOBAL_STATE_FLOW

The erroneous state crosses functions in the same execution context through
calls, returns, arguments, fields, or same-context shared state.

L3 IRQ_EDGE, WORKQUEUE_EDGE, TIMER_EDGE,
SOFTIRQ_EDGE, RCU_EDGE

The erroneous state crosses kernel execution contexts, asynchronous
mechanisms, or synchronization-related paths before being exposed.

Table 6: Dependence-layer mapping. If a path contains multiple dependence relations, the highest-complexity
relation determines the instance layer.

Filtering criterion Rejection condition

Layer mismatch The dependence relations required by the path do not match the assigned layer.
Non-unique root cause Multiple functions are equally defensible as the intended root cause.
Dispatcher/executor ambiguity The log cannot distinguish whether the fault belongs to a dispatcher/decision function or a concrete executor.
Wrapper/helper ambiguity The evidence does not separate a wrapper/helper from the intended root-cause function.
Symptom/repairable-site ambiguity A function can expose or block the symptom, but the evidence does not show that it introduces the erroneous state.
Unrealistic log The log format, values, device names, ordering, or subsystem style is implausible for Linux kernel debugging.
Information leakage The log directly exposes hidden labels or benchmark-specific hints.
Template duplication The instance only changes identifiers or numbers without adding a distinct diagnostic phenomenon.

Table 7: Filtering criteria used during final consistency checks.

Component Content

Log snippet audit_log_exit entered the local check path; audit_log_start: audit log buffer allocation
failed; audit_log_end did not receive a valid handoff.

Root cause audit_log_start.
Source-grounded path audit_log_exit → audit_log_start → audit_log_end.
Source check In Linux 5.10, audit_log_exit calls audit_log_start(...) to create an audit buffer; audit_log_start contains the

buffer-allocation failure path; the successful path hands the buffer to audit_log_end.
Rule edges The buffer-allocation state in audit_log_start uses R1/R2 (INTRA_LOCAL_DATA_DEP), and the local failure branch uses R3

(INTRA_CTRL_DEP). The adjacent calls serve as entry/sink anchors and do not raise the layer.
Dependence layer L1.
Why not L2/L3 The root-cause decision does not require argument, return-value, field, shared-state, or asynchronous-context propagation. The

log confines the erroneous state to the local buffer-allocation boundary in audit_log_start.
Confounders audit_log_exit is the caller and audit_log_end is a downstream consumer; neither introduces the buffer-allocation failure

state.

Table 8: Representative L1 case: audit buffer allocation boundary.

Component Content

Log snippet tcp_sendmsg advanced into sk_stream_wait_memory; sk_stream_wait_memory: stream send waited on
memory; sk_stream_write_space observed inconsistent state.

Root cause sk_stream_wait_memory.
Source-grounded path tcp_sendmsg → tcp_sendmsg_locked → sk_stream_wait_memory → sk_stream_write_space.
Source check In Linux 5.10, tcp_sendmsg calls tcp_sendmsg_locked; under send-buffer pressure, tcp_sendmsg_locked calls

sk_stream_wait_memory(sk, &timeo); sk_stream_write_space later exposes socket write-space state.
Rule edges tcp_sendmsg → tcp_sendmsg_locked uses R4 (CALL_EDGE); tcp_sendmsg_locked → sk_stream_wait_memory

uses R4/R5 (CALL_EDGE and INTERPROC_ARG_FLOW); sk_stream_wait_memory → sk_stream_write_space uses
shared socket state flow.

Dependence layer L2.
Why not L1/L3 A single local check is insufficient because the failure-relevant state crosses function boundaries and is observed through socket

write-space state. The case does not require IRQ, timer, workqueue, softirq, or RCU propagation, so it does not require L3.
Confounders tcp_sendmsg_locked is a bridge and sk_stream_write_space is an exposure point. The log confines the first inconsistent

state to sk_stream_wait_memory.

Table 9: Representative L2 case: TCP send-buffer wait and write-space propagation.
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Component Content

Log snippet MSI-X setup registered a threaded interrupt context without a usable handler pair;
irq_handler_not_found: no handler for IRQ 642; runtime fallout became visible near irq_startup.

Root cause request_threaded_irq.
Source-grounded path pci_enable_msix_range → request_threaded_irq → __setup_irq → irq_startup.
Source check In Linux 5.10, driver setup obtains MSI-X vectors and then calls request_threaded_irq; request_threaded_irq creates

the IRQ action and calls __setup_irq; activation later reaches irq_startup.
Rule edges pci_enable_msix_range → request_threaded_irq provides vector-registration context; request_threaded_irq →

__setup_irq uses R4/R5; __setup_irq → irq_startup crosses the IRQ activation boundary and uses R9 (IRQ_EDGE).
Dependence layer L3.
Why not L1/L2 The case requires explaining how handler registration becomes visible across an IRQ activation boundary. Local dependence or

a same-context call chain alone cannot explain the irq_handler_not_found observation.
Confounders pci_enable_msix_range is upstream setup, __setup_irq is a registration bridge, and irq_startup is an

activation/exposure boundary. The missing handler-pair state is introduced at request_threaded_irq.

Table 10: Representative L3 case: MSI-X handler registration to IRQ startup.
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A.5 Representative Model Error Cases

The following cases are selected from v19_8 us-
ing the release manifest and per-agent evaluation
logs. Each case has low uniqueness risk, low real-
ism risk, and low prompt sensitivity in the manifest.
The blind log exposes the relevant diagnostic neigh-
borhood, so the error is not failure to retrieve a
plausible function name; it is failure to assign the
state-transition boundary to the correct function.

Q0, L1/block. The GT is blk_mq_get_tag,
with path __blk_mq_alloc_request →
blk_mq_get_tag → blk_mq_rq_ctx_init.
The blind log states that blk_mq_get_tag
returned BLK_MQ_NO_TAG while the hardware
context was still active, and that blk_mq_rq_
ctx_init was skipped. GPT-5.4 selects
hctx_may_queue, while Qwen3.5-Plus
and Claude-4.7-Opus select __blk_mq_
alloc_request; GPT-5.5 selects the GT. The
wrong answers are adjacent and source-plausible,
but they play different roles. __blk_mq_
alloc_request reacts to a failed tag acquisition,
and hctx_may_queue is an internal gating helper.
The first source-visible state boundary in the
benchmark instance is the tag-acquisition function
itself, where the no-tag state is produced before
request-context initialization is skipped.

Q7, L1/drivers. The GT is
ixgbe_clean_rx_irq, with path
ixgbe_poll → ixgbe_clean_rx_irq →
napi_gro_receive. The blind log states

that an RX descriptor length fault surfaced in
ixgbe_clean_rx_irq before GRO accepted
the skb, and that napi_gro_receive did not
receive a valid handoff. GPT-5.4 and GPT-5.5
select ixgbe_cleanup_headers; Qwen3.5-Plus
and Claude-4.7-Opus select the GT. This is a
helper-over-boundary error: ixgbe_cleanup_
headers can explain a local drop decision, but the
benchmark label is the RX cleaning boundary that
reads the descriptor state and prepares the GRO
handoff. The caller ixgbe_poll only invokes the
receive cleaning loop, and napi_gro_receive
only exposes the failed handoff.

Q81, L2/cgroup. The GT is
mem_cgroup_resize_max, with path
cgroup_file_write → mem_cgroup_write →
mem_cgroup_resize_max → page_counter_
set_max → mem_cgroup_oom. The blind log
follows a memory-limit write into mem_cgroup_
resize_max, then reports that page_counter_
set_max succeeded while charged pages
still exceeded the new maximum. GPT-5.5,
Qwen3.5-Plus, and Claude-4.7-Opus select
page_counter_set_max; GPT-5.4 selects the
GT. The lower-level counter setter is a strong
textual attractor, but the failure-relevant semantic
boundary is where the parsed cgroup limit
becomes a hard-limit invariant for the memcg. The
later reclaim and OOM path show the consequence
of returning from the resize boundary with the
cgroup still above its new limit.

Q154, L2/security. The GT is
nf_conntrack_confirm, with path
ip_finish_output → nf_hook_slow →
nf_conntrack_confirm → __nf_conntrack_
confirm → nf_ct_deliver_cached_events.
The blind log reports a NULL dereference
at nf_conntrack_confirm and states
that the confirm path left a stale extension
pointer before hash insertion completed. All
four agents miss the GT: GPT-5.4 selects
conntrack_pptp_help, GPT-5.5 selects
__nf_conntrack_insert_prepare, and
Qwen3.5-Plus and Claude-4.7-Opus select
__nf_conntrack_confirm. This case separates
the source-level FL boundary from nearby
implementation helpers. The underscored
confirm routine and insertion-preparation
helper are relevant bridge functions, but the
exposed fault boundary in the blind log and
witness path is the hook-confirmation function
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nf_conntrack_confirm. The errors show
a drift from the benchmark’s source-visible
state-transition boundary toward internal
implementation sites or unrelated helper-specific
hypotheses.
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A.6 Supplementary Dataset Statistics
This section reports release-split statistics that are
not repeated in the main result tables.

A.7 Evaluation Protocol and Prompt
Templates

For the main isolated evaluation, each agent re-
ceives one failure log and access to the Linux 5.10
repository. The required output contains a top-1
root-cause function, a top-1 diagnostic path, and a
ranked list of top-5 candidate functions with their
associated paths. The parser normalizes function
names and computes Top-k endpoint accuracy and
OWPR over the predicted diagnostic paths.

Prompt templates use {...} placeholders for fields
filled at runtime.

A.7.1 Main Isolated Prompt
# Isolated Blind Test -- Q{q_id}

You are running a single-question isolated blind test for the
Linux kernel FL benchmark.

Rules:
- Read only this one log:

- {log_path}
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read any answer files, prediction files, design docs,

manifests, benchmark notes, or other question logs.
- Output exactly one JSON object to:

- {prediction_output_path}

Required output schema:
{

"q_id": {q_id},
"predicted_fl": "function_name",
"predicted_chain": ["fn1", "fn2", "fn3"],
"top5_candidates": [

{"rank": 1, "fl": "function_name",
"chain": ["fn1", "fn2", "fn3"]},

{"rank": 2, "fl": "alt_fn_2",
"chain": ["fn1", "fn2", "alt_fn_2"]},

{"rank": 3, "fl": "alt_fn_3",
"chain": ["fn1", "alt_fn_3"]},

{"rank": 4, "fl": "alt_fn_4",
"chain": ["fn1", "alt_fn_4"]},

{"rank": 5, "fl": "alt_fn_5",
"chain": ["fn1", "alt_fn_5"]}

],
"explanation": "brief reason for the top-1 FL and why near

alternatives are lower ranked"
}

Compatibility requirements:
- predicted_fl must match top5_candidates[0].fl.
- predicted_chain must match top5_candidates[0].chain.
- Keep q_id, predicted_fl, predicted_chain, and top5_candidates

as valid top-level fields.

Question metadata:
- layer: {layer}
- subsystem: {subsystem}

Isolation requirement:
- Use a fresh agent/session for this question only.
- Do not look at any other question while answering this one.

A.7.2 RQ2 Path-Only Prompt
# State-Transition Diagnostic Probe -- Q{q_id}

You are running a single-question isolated diagnostic probe for the
Linux kernel FL benchmark.

Rules:
- Use only this prompt.
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read answer files, result files, manifests, benchmark notes,

or any other question files.
- Choose exactly one fault-location function from the provided

propagation skeleton.

- The propagation skeleton is known to be relevant, but it does not
label the fault function.

- Distinguish the function that is responsible for the faulty state
transition from functions that only call, wrap, consume, propagate,
report, or expose the state later.

Question metadata:
- q_id: {q_id}
- condition: path_only
- layer: {layer}
- subsystem: {subsystem}

log:
{log}

Relevant propagation skeleton:
{ordered_function_skeleton}

Required output schema:
{

"q_id": {q_id},
"condition": "path_only",
"predicted_fl": "function_name_from_the_skeleton",
"state_transition_reason": "one or two sentences explaining which

state transition makes this function
the fault location",

"near_miss_rebuttal": "one sentence explaining why the closest
adjacent alternative is not the fault
location"

}

Compatibility requirements:
- predicted_fl must be one function from the provided propagation

skeleton.
- Keep q_id, condition, predicted_fl, state_transition_reason, and

near_miss_rebuttal as valid top-level fields.

Isolation requirement:
- Use a fresh agent/session for this question only.
- Do not look at any other question while answering this one.

A.7.3 RQ2 Neutral-Control Prompt
# State-Transition Diagnostic Probe -- Q{q_id}

You are running a single-question isolated diagnostic probe for the
Linux kernel FL benchmark.

Rules:
- Use only this prompt.
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read answer files, result files, manifests, benchmark notes,

or any other question files.
- Choose exactly one fault-location function from the provided

propagation skeleton.
- The propagation skeleton is known to be relevant, but it does not

label the fault function.
- Distinguish the function that is responsible for the faulty state

transition from functions that only call, wrap, consume, propagate,
report, or expose the state later.

Question metadata:
- q_id: {q_id}
- condition: neutral_control
- layer: {layer}
- subsystem: {subsystem}

log:
{log}

Relevant propagation skeleton:
{ordered_function_skeleton}

Additional neutral-control notes:
- The propagation skeleton is relevant and ordered from earlier

execution toward later observation.
- Function names are copied verbatim from the benchmark input;

spelling should be preserved exactly.
- The log is chronological and may mention upstream, intermediate,

and downstream functions.
- This control block intentionally does not provide state objects,

invariants, causal roles, or boundary facts.

These notes are included only to control for prompt length and
formatting. They are not diagnostic evidence about which function is
the fault location.

Required output schema:
{

"q_id": {q_id},
"condition": "neutral_control",
"predicted_fl": "function_name_from_the_skeleton",
"state_transition_reason": "one or two sentences explaining which

state transition makes this function
the fault location",

"near_miss_rebuttal": "one sentence explaining why the closest
adjacent alternative is not the fault
location"
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Figure 7: Benchmark snapshot and dependence-layer composition.

9
subsystems

net
43 (21.5%)

mm
30 (15.0%)

fs
29 (14.5%)

block
24 (12.0%)

drivers
24 (12.0%)

kernel
24 (12.0%)

sched
15 (7.5%)

security
6 (3.0%)

cgroup
5 (2.5%)

Figure 8: Subsystem coverage in the released 200-instance split. Source-community counts are reported in Table 11.

Source community Count Share

syzbot / syzkaller 13 31.0%
Kernel mailing lists / LKML mirrors 9 21.4%
Source mirrors / patch review / technical article mirrors 7 16.7%
Vendor KB / forums / bugzilla 7 16.7%
Distribution bug / CVE trackers 4 9.5%
User/admin Q&A communities 2 4.8%

Table 11: Source-community mix used to seed raw cases.
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L1 40

L2 3 9 13 1 4 31 17 6 9 3 4

L3 45 3 6 6

3 4 5 6 8 10 11 12 13 14 15

Figure 9: Layer by chain-depth distribution. L3 has lower average chain depth than L2 in this split, so its lower
recovery is not explained by longer paths alone.

}

A.7.4 RQ2 Self-State Prompt
# Self-State-Abstraction Diagnostic Probe -- Q{q_id}

You are running a single-question isolated diagnostic probe for the
Linux kernel FL benchmark.

Rules:
- Use only this prompt.
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read answer files, result files, manifests, benchmark notes,

or any other question files.
- Choose exactly one fault-location function from the provided

propagation skeleton.
- The propagation skeleton is known to be relevant, but it does not

label the fault function.
- You are NOT given state-transition facts. You must infer them

yourself from the log and propagation skeleton.
- Do not choose a function merely because it is visible, downstream,

last in the log, or semantically related to the symptom.

Question metadata:
- q_id: {q_id}
- condition: self_state
- layer: {layer}
- subsystem: {subsystem}

log:
{log}

Relevant propagation skeleton:
{ordered_function_skeleton}

Before choosing the fault location, explicitly infer the state
abstraction:
1. state_object: the program state object/value/lifetime/order being

diagnosed.
2. violated_invariant: the normal condition that this state should

satisfy.
3. first_invalid_state: where the state first appears invalid or

suspicious.
4. committed_boundary: where the invalid state becomes accepted,

committed, transformed, or made failure-relevant.
5. exposure_points: functions that mostly propagate, consume, or

expose the bad state later.

Then choose the single function on the skeleton that is the minimal
sufficient fault anchor, not merely a related participant.

Required output schema:
{

"q_id": {q_id},
"condition": "self_state",
"state_object": "short phrase",
"violated_invariant": "short phrase",
"first_invalid_state": "function_or_short_phrase",
"committed_boundary": "function_name_from_the_skeleton",
"exposure_points": ["function_name_from_the_skeleton"],
"predicted_fl": "function_name_from_the_skeleton",
"state_transition_reason": "one or two sentences explaining which

state abstraction makes this function
the fault location",

"near_miss_rebuttal": "one sentence explaining why the closest
adjacent alternative is not the fault
location"

}

A.7.5 RQ2 State-Aware Prompt
# State-Transition Diagnostic Probe -- Q{q_id}

You are running a single-question isolated diagnostic probe for the
Linux kernel FL benchmark.

Rules:
- Use only this prompt.
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read answer files, result files, manifests, benchmark notes,

or any other question files.
- Choose exactly one fault-location function from the provided

propagation skeleton.
- The propagation skeleton is known to be relevant, but it does not

label the fault function.
- Distinguish the function that is responsible for the faulty state

transition from functions that only call, wrap, consume, propagate,
report, or expose the state later.

Question metadata:
- q_id: {q_id}
- condition: state_aware
- layer: {layer}
- subsystem: {subsystem}

log:
{log}

Relevant propagation skeleton:
{ordered_function_skeleton}

Additional state-transition facts:
- {state_fact_1}
- {state_fact_2}
- {state_fact_3}

Use these facts as evidence about where the erroneous state is
introduced, transformed, admitted, propagated, or exposed. These
facts are diagnostic state evidence; they do not mark the answer
field.
Choose the function whose state transition is responsible for the
observed failure.

Required output schema:
{

"q_id": {q_id},
"condition": "state_aware",
"predicted_fl": "function_name_from_the_skeleton",
"state_transition_reason": "one or two sentences explaining which

state transition makes this function
the fault location",

"near_miss_rebuttal": "one sentence explaining why the closest
adjacent alternative is not the fault
location"

50051



}

A.7.6 RQ3 Repair-Evidence Prompt
# Repair-Evidence Pair Probe -- {case_id}

You are running a single-case diagnostic probe for the Linux kernel
FL benchmark.

Rules:
- Use only this prompt.
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read answer files, result files, manifests, benchmark notes,

or any other case files.
- Choose exactly one candidate function as the best benchmark fault

location.
- Interpret fault location as the function where the

failure-relevant program state is first made wrong or first
committed in the execution
path.

- A function can be useful for patching because it blocks the later
failure, but patchability alone does not prove it is the fault
location.

- Use the log, call trace, candidates, and any extra evidence
together.

Question metadata:
- case_id: {case_id}
- q_id: {q_id}
- condition: {condition}
- layer: {layer}
- subsystem: {subsystem}

Observed log
{log}

Call trace skeleton
{call_trace_skeleton}

Candidate functions
{candidate_list}

Additional evidence about one candidate
The following analysis was written by a separate reviewer. It says
that
{candidate_id} ({candidate_function}) is a promising local place to
patch because a change there can stop the observed failure from
appearing.

Patchability summary:
{patchability_summary}

Why the patch would suppress this failure:
{suppression_explanation}

Patch sketch:
{patch_sketch}

Required output schema:
{

"case_id": "{case_id}",
"condition": "{condition}",
"q_id": {q_id},
"chosen_candidate_id": "C...",
"chosen_fl": "function_name",
"top3": ["function_name", "function_name", "function_name"],
"used_patchability_evidence": "yes/no/none_available",
"reason": "short explanation"

}

Compatibility requirements:
- chosen_fl must match the function named by chosen_candidate_id.
- top3 must contain candidate function names only.
- Keep case_id, condition, q_id, chosen_candidate_id, chosen_fl,

top3,
used_patchability_evidence, and reason as valid top-level fields.

Isolation requirement:
- Use a fresh agent/session for this case only.
- Do not look at any other case while answering this one.

The control condition uses the same log, call-
trace skeleton, and candidate list, but removes the
patchability block. The natural-explanation and
dual-patch controls replace the patchability block
with non-patch explanatory evidence or with repair
evidence for both competing candidates.

A.7.7 RQ3 Upstream Prompt Probe
# Upstream-Goal Pair Probe -- {case_code}

You are running a single-case diagnostic probe for the Linux kernel

FL benchmark.

Rules:
- Use only this prompt.
- Use Linux 5.10 source only:

- {linux_510_source_root}
- Do not read answer files, result files, manifests, benchmark notes,

prior experiment notes, isolated results, or analysis files.
- Do not infer anything from this case code. It is a random local

identifier.
- Base your decision only on the log below, the two candidate

function
names, and general Linux kernel knowledge.

- Choose which candidate is the better location where the
failure-relevant bad state first becomes true or first becomes
committed to the observed failure path.

- Do not choose a candidate just because it appears earlier in a call
path.

- An upstream caller can be necessary without being the point where
the bad state first becomes failure-relevant.

- A downstream consumer can expose the bad state without creating it.
- Choose exactly one candidate: A or B.
- If evidence is incomplete, choose the candidate better supported by

the given log and function names.

Question metadata:
- case_code: {case_code}
- layer: {layer}
- subsystem: {subsystem}

log:
{log}

Candidate pair:
- A: {candidate_a}
- B: {candidate_b}

Required output schema:
{

"case_code": "{case_code}",
"chosen_first_bad_candidate": "A|B",
"rejected_candidate": "A|B",
"reason": "one concise sentence explaining why this candidate is

the
first failure-relevant bad-state location, not just an
earlier prerequisite or a later symptom"

}

Compatibility requirements:
- chosen_first_bad_candidate and rejected_candidate must be

different.
- Each of them must be either A or B.
- Keep case_code, chosen_first_bad_candidate, rejected_candidate,

and
reason as valid top-level fields.

Isolation requirement:
- Use a fresh agent/session for this case only.
- Do not look at any other case while answering this one.

A.8 Supplementary Diagnostic Probe Results
All diagnostic probes in this section use selected
subsets for mechanism analysis. They are not in-
tended as full benchmark comparisons.
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Model / Agent Condition N Select GT Select RE target Select other

GPT-5.4 / Codex A: vanilla 20 20/20 0/20 0/20
GPT-5.4 / Codex A: non-GT with RE 20 0/20 20/20 0/20
GPT-5.4 / Codex B: vanilla 20 0/20 0/20 20/20
GPT-5.4 / Codex B: GT with RE 20 20/20 20/20 0/20

GPT-5.5 / Codex A: vanilla 20 20/20 0/20 0/20
GPT-5.5 / Codex A: non-GT with RE 20 3/20 17/20 0/20
GPT-5.5 / Codex B: vanilla 20 0/20 0/20 20/20
GPT-5.5 / Codex B: GT with RE 20 20/20 20/20 0/20

Qwen3.5-Plus / Qwen Coder A: vanilla 20 20/20 0/20 0/20
Qwen3.5-Plus / Qwen Coder A: non-GT with RE 20 2/20 17/20 1/20
Qwen3.5-Plus / Qwen Coder B: vanilla 20 0/20 0/20 20/20
Qwen3.5-Plus / Qwen Coder B: GT with RE 20 20/20 20/20 0/20

Claude-4.7-Opus / Claude Code A: vanilla 20 20/20 0/20 0/20
Claude-4.7-Opus / Claude Code A: non-GT with RE 20 5/20 15/20 0/20
Claude-4.7-Opus / Claude Code B: vanilla 20 0/20 0/20 20/20
Claude-4.7-Opus / Claude Code B: GT with RE 20 20/20 20/20 0/20

Table 12: RQ3 repair-evidence probe across agents. RE denotes repair evidence. In group A, the RE target is a
non-GT candidate; in group B, the RE target is the GT.

Group Control condition N Select GT Select non-GT Select other

A non-GT with natural explanation 20 19/20 1/20 0/20
A both candidates patchable 20 19/20 1/20 0/20
B GT with natural explanation 20 3/20 0/20 17/20
B both candidates patchable 20 14/20 4/20 2/20

Table 13: Control experiments for repair evidence. The non-GT column denotes the manipulated non-ground-truth
candidate; in the both-patchable condition, both the GT and manipulated non-GT candidate are patchable.

Model / Agent Condition N Select GT Select upstream Select downstream

GPT-5.4 / Codex ordinary FL task 15 0/15 0/15 15/15
GPT-5.4 / Codex explicit state-transition FL prompt 15 1/15 11/15 3/15
GPT-5.5 / Codex ordinary FL task 15 2/15 0/15 13/15
GPT-5.5 / Codex explicit state-transition FL prompt 15 1/15 13/15 1/15
Qwen3.5-Plus / Qwen Coder ordinary FL task 15 1/15 0/15 14/15
Qwen3.5-Plus / Qwen Coder explicit state-transition FL prompt 15 2/15 13/15 0/15
Claude-4.7-Opus / Claude Code ordinary FL task 15 5/15 0/15 10/15
Claude-4.7-Opus / Claude Code explicit state-transition FL prompt 15 4/15 11/15 0/15

Table 14: RQ3 upstream-prompt probe across agents. The explicit state-transition FL prompt reduces downstream
choices but often redirects selection toward upstream suspicious candidates rather than the GT.
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