Under review as a paper at DATA-FM workshop @ ICLR 2026

VERIFYING THE VERIFIERS: FAILURE ATTRIBUTION
FOR BENCHMARK DIAGNOSTICS AND TRAINING DATA
CURATION

Anonymous authors
Paper under double-blind review

ABSTRACT

When coding agents fail benchmark tasks, the failure is opaque: benchmarks re-
port only that the agent failed, not why. This matters for two increasingly critical
use cases. For evaluation, practitioners need to know whether failures reflect
agent limitations or task defects—ambiguous specifications, flaky tests, broken
environments—to diagnose and improve their systems. For RL training, failures
serve as negative reward signal, but training on task defects as if they were agent
errors introduces noise that corrupts learned policies. We formalize this prob-
lem with a failure attribution taxonomy and validate it through human annotation
(k > 0.84, N = 158) across two benchmarks, revealing significant variation
in task defect rates. We then present AutoTriage, a system that automates fail-
ure attribution by deploying an agentic judge with sandboxed environment access
to investigate trajectories—executing code, running tests, navigating file systems,
and analyzing error logs. We evaluate nine configurations across three models
and three access modes (text-only, read-only agent, full sandbox). On a software
engineering benchmark, AutoTriage achieves k = 0.83, reaching 90% of human
inter-annotator agreement. To our knowledge, this is the first use of an agen-
tic judge with full execution access for failure triage. Our framework provides a
missing diagnostic layer in the agent development pipeline, transforming bench-
marks from pass/fail scoreboards into tools for both targeted improvement and
clean training data curation.

1 INTRODUCTION

LLM agent benchmarks like SWE-bench (Jimenez et al., 2024), HumanEval (Chen et al., [2021)),
MLE-bench (Chan et al.}[2024), and domain-specific evaluations such as FinanceAgentBench drive
progress by providing standardized evaluation. These benchmarks serve two increasingly important
roles: as diagnostic tools for understanding agent capabilities, and as training signal for reinforce-
ment learning, where pass/fail outcomes become rewards (Le et al.l 2022} Shojaee et al.| 2023).

Both roles require understanding why an agent failed, not just that it failed. When an agent fails a
task, the failure could indicate:

* Agent error: The agent made a genuine mistake—a bug, misunderstanding, or capability
gap that training should correct and that practitioners should diagnose.

 Task defect: The task specification was ambiguous, the tests were flaky, or the environment
was broken—issues no agent could overcome.

Without this distinction, both use cases break down. For evaluation, practitioners cannot determine
whether low scores reflect agent limitations or benchmark noise—they cannot tell whether to fix
the agent or fix the task. For RL training, task defects become negative reward signal, penalizing
agents for “failures” that reflect benchmark bugs rather than agent limitations. Yet current bench-
marks provide only a binary pass/fail, leaving the quality of both diagnostic signal and training data
unknown.

Failure attribution addresses both problems simultaneously. By classifying each failure, practition-
ers gain a decomposition of evaluation results into actionable categories—tool call errors suggest
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Figure 1: Current benchmarks report only pass/fail, leaving both evaluation and training signal
opaque. AutoTriage attributes each failure to a root cause, enabling downstream action: task de-
fects trigger benchmark fixes, agent errors provide actionable diagnostic and training signal, and
infrastructure failures are re-run.

scaffold improvements, knowledge gaps suggest better retrieval, and task defects flag benchmark
issues. The same attribution filters noisy failures from RL reward computation. This closes the loop
between evaluation, diagnosis, and improvement.

Contributions. We address this gap with three contributions:

1. A taxonomy of failure modes distinguishing task defects from agent errors, applicable
across LLM agent domains (§3)

2. A human annotation study on 158 trajectories establishing that attribution is reliable (x >
0.84) and revealing significant variation in task defect rates across benchmarks (§4)

3. AutoTriage, an agentic judge for automated failure attribution. We evaluate nine configu-
rations across three frontier models and three access modes, finding that sandbox execution
access achieves k = 0.83 (90% of human agreement) on a software engineering benchmark

)

2 RELATED WORK

Benchmark Curation. SWE-bench Verified (Chowdhury et al., [2024) manually filtered 500 high-
quality instances from SWE-bench, demonstrating that benchmark curation matters but not provid-
ing a systematic framework for ongoing quality assessment. SWE-Bench+ (Aleithan et al.| [2024)
revealed that 32.7% of successful patches involved solution leakage and 31% passed due to weak
tests—empirically confirming the task defect categories in our taxonomy. LiveCodeBench (Jain
et al.,|2024) addresses contamination through temporal splits but does not examine task quality. Our
work complements these efforts by providing automated, ongoing quality assessment that can scale
with benchmark growth.

Agent Failure Analysis. MAST (Cemri et al., 2025) proposes a taxonomy for multi-agent system
failures, focusing on coordination and communication breakdowns. AgentErrorBench (Zhu et al.,
2025) benchmarks error detection but does not distinguish task-attributable from agent-attributable
failures. Our taxonomy is specifically designed for the RL training data curation use case, where
this distinction determines signal quality.

LLM-as-Judge. Using language models to evaluate outputs has become standard practice (Zheng
et al.,|2023). The Agent-as-a-Judge framework (Zhuge et al.||2024) extends this by equipping evalu-
ators with agentic capabilities such as tool use and code execution. However, both paradigms focus
on response quality (helpfulness, correctness) rather than failure attribution. AutoTriage applies the
agentic judge paradigm specifically to failure diagnosis, requiring deeper analysis of agent trajecto-
ries and task specifications to distinguish task defects from agent errors.
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Reward Signal Quality. Work on reward hacking (Skalse et al., [2022) and RLHF (Ouyang et al.,
2022; Bai et al., [2022) assumes access to clean reward signals. More broadly, the data-centric Al
movement (Zha et al.| [2023) has emphasized that data quality is often more impactful than model
architecture—yet this insight has not been systematically applied to agent benchmark data. Our
work addresses the upstream problem: ensuring that the binary pass/fail signals from benchmarks
actually reflect agent performance rather than task defects.

3 FAILURE ATTRIBUTION TAXONOMY

We develop a two-level taxonomy (Table [I) based on analysis of 200+ failed trajectories across
multiple benchmarks spanning software engineering, financial analysis, and general tool use.

Table 1: Failure attribution taxonomy. Task defects indicate unreliable signal that should be filtered

from training; agent errors indicate valid signal.

Category Subcategory Description
Ambiguous Spec  Requirements unclear or admit multiple valid interpretations
Task Defect Environment Fail  Dependencies broken, build failures, missing resources
(filter) Brittle Tests Tests check implementation details rather than correctness
Solution Leak-  Gold solution or key hints visible to agent
age
Logical Failure Incorrect algorithm, wrong approach, bugs in implementation
Tool Call Error Malformed commands, wrong tool selection, syntax errors
Agent Error ledge G Missing domain knowledge or API familiari
(valid signal) Knowledge Gap issing domain knowledge or API familiarity
Premature Stop Gave up early, incomplete solution attempt
Timeout Ran out of time or compute budget
Infrastructure Infra Failure Sandbox crash, network issues, harness bugs

The key distinction: task defects indicate the benchmark failed the agent (unreliable signal), while
agent errors indicate the agent failed the task (valid training signal). Infrastructure failures are
neither—they should be re-run rather than used for training.

Cross-Domain Applicability. While specific failure modes vary by domain, the top-level taxonomy
applies broadly:
* Software engineering: Ambiguous specs often involve unclear requirements; brittle tests
check exact string matches rather than semantic correctness

 Financial analysis: Ambiguous specs involve underspecified analysis criteria; environ-
ment failures include missing data sources or API issues

* Tool use: Task defects include impossible tool sequences or missing permissions

4 HUMAN ANNOTATION STUDY

We conducted a human annotation study to (1) validate that failure attribution is a well-defined task
humans can perform reliably, and (2) measure task defect rates across benchmarks.

4.1 SETUP

Three expert annotators with experience in LLM agent evaluation independently labeled 158 failed
trajectories from two benchmarks:

* Terminal-Bench (118 trajectories): A command-line software engineering benchmark re-
quiring agents to complete terminal-based tasks

* FinanceAgentBench (40 trajectories): A financial analysis benchmark requiring agents to
analyze documents, extract data, and produce reports
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Annotators first jointly labeled a small calibration set to align on taxonomy definitions, then pro-
ceeded independently. Each annotator had access to the full trajectory (agent actions and outputs),
task specification, test files, gold solution (when available), and error logs. Annotators assigned
labels from the taxonomy in Table[T]

4.2 INTER-ANNOTATOR AGREEMENT

Table [2| shows inter-annotator agreement measured by Fleiss’ « (Fleiss, |1971) (chance-corrected
multi-rater agreement). We also report pairwise Cohen’s x (Cohenl [1960) in Table E] to characterize
individual annotator consistency.

Table 2: Multi-rater inter-annotator agreement (Fleiss’ «). Both benchmarks achieve “almost per-
fect” agreement (x > 0.8), establishing failure attribution as a reliable task.

Benchmark N  Fleiss’ x Raw Agreement
Terminal-Bench 118 0.929 97.7%
FinanceAgentBench 40 0.848 94.2%

Table 3: Pairwise inter-annotator agreement (Cohen’s x). All pairs achieve substantial or almost
perfect agreement on both benchmarks.

Terminal-Bench ‘ FinanceAgentBench

Annotator Pair K Agree. K Agree.
Al vs. A2 0973  992% | 0.929 97.5%
Al vs. A3 0.893  96.6% | 0.815 92.5%
A2 vs. A3 0922  97.5% | 0.809 92.5%

Fleiss’ £ > 0.84 on both benchmarks demonstrates that failure attribution is not subjective—trained
annotators converge on the same labels even across domains. This provides both a ceiling for auto-
mated systems and validates the taxonomy’s discriminative power.

4.3 DISAGREEMENT ANALYSIS

To characterize the nature of disagreements, we examine a detailed breakdown on a calibration
subset (61 trajectories: 22 from Terminal-Bench, 39 from FinanceAgentBench). Table (4] shows
the top-level confusion matrix aggregating all pairwise comparisons across three annotator pairs
(N =181).

Table 4: Human-human confusion matrix on calibration subset (top-level categories). The primary
source of disagreement is Agent Error vs. Task Defect (10 cases, 5.5%).

| Task Defect Agent Error Infra | Total

Task Defect 93 2 0 95
Agent Error 8 63 0 71
Infra 0 0 15 15
Total \ 101 65 15 \ 181

Infrastructure is never confused with other categories (clear failure mode). The 8 cases where one
annotator labeled Agent Error and another labeled Task Defect typically involve situations where
an agent made errors that a clearer specification might have prevented—a genuinely ambiguous
boundary.

4.4 FAILURE ATTRIBUTION REVEALS BENCHMARK QUALITY VARIATION

To illustrate the practical impact of failure attribution, Table[5|shows the distribution of majority-vote
labels on a pilot subset of 61 trajectories. These trajectories were selected for annotator calibration
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rather than sampled representatively, so exact rates should be treated as illustrative rather than popu-
lation estimates. Updated rates from systematic sampling will accompany the camera-ready version.

Table 5: Failure mode distribution on pilot subset (majority vote, N = 61). Selected for annotator
calibration, not representative sampling. The qualitative contrast—Terminal-Bench dominated by
agent errors, FinanceAgentBench dominated by task defects—is consistent across subsets we have
examined.

Category Terminal-Bench  FinanceAgentBench \ Total
Task Defects

Ambiguous Spec 1 31 32

Environment Fail 0 0 0
Agent Errors

Logical Failure 14 6 20

Tool Call Error 2 0 2

Knowledge Gap 0 1 1
Infrastructure

Infra Failures 5 0 5
Total 22 38 60"
Task Defect Rate 4.5% 81.6% 53.3%

*One trajectory received no majority label and is excluded.

Even on this pilot subset, the qualitative contrast is stark. Terminal-Bench failures are overwhelm-
ingly agent errors—genuine mistakes that are informative for both diagnosis and training. Fi-
nanceAgentBench failures are dominated by ambiguous specifications—these mislead diagnostic
evaluation (suggesting agent weakness where none exists) and corrupt RL training signal. Crucially,
this variation is invisible to standard benchmark harnesses, which report only pass/fail rates. Failure
attribution makes benchmark quality measurable, and even order-of-magnitude differences in task
defect rates have major practical implications for both evaluation trust and training data curation.

5 AUTOTRIAGE: AUTOMATED FAILURE ATTRIBUTION

Human annotation does not scale. We introduce AutoTriage, an automated system for failure attri-
bution.

5.1 METHOD

AutoTriage operates in three access modes:

LLM-only. The model receives the agent trajectory, task specification, and test logs as text and
produces a classification. This serves as a baseline—equivalent to prior LLM-as-judge approaches
(Zheng et al .| 2023).

Agent (read-only). The model is deployed as an agent with bash tools (grep, diff, cat, £ind)
and read-only filesystem access. It can navigate directories, search through logs, diff outputs against
gold solutions, and inspect test implementations—but cannot modify any files.

Agent-sandbox (full access). The model operates in a fully executable sandboxed environment—a
replica of the original evaluation environment. Beyond reading files, the judge can execute code,
run and modify tests, reproduce the agent’s steps, and inspect runtime behavior. This is the key
differentiator: the judge can verify whether a test failure reflects a genuine correctness issue or a
brittle assertion by actually running the test suite.

In all modes, AutoTriage receives the agent’s complete trajectory, task specification, gold solution
(when available), and test files. It outputs a classification from the taxonomy with supporting ev-
idence. We evaluate each mode across three frontier models: GPT-5.2 Codex, Claude Sonnet 4.5,
and Claude Haiku 4.5.
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5.2 EVALUATION PROTOCOL

We evaluate AutoTriage configurations against human consensus on the annotated datasets, comput-
ing Cohen’s x between each automated analyzer and the human majority-vote label. We compare
nine configurations varying along two axes: model (GPT-5.2 Codex, Claude Sonnet 4.5, Claude
Haiku 4.5) and access mode (LLM-only, read-only agent, agent-sandbox with full execution access).
The human-human baseline (v = 0.929 for Terminal-Bench, x = 0.848 for FinanceAgentBench)
provides the ceiling for automated performance.

5.3 RESULTS

Table [6] shows AutoTriage performance across configurations. On Terminal-Bench, the agent-
sandbox configuration with GPT-5.2 Codex achieves k = 0.833 (88.9% agreement), reaching 90 %
of human inter-annotator agreement. Performance varies substantially across both models and
access modes.

Table 6: AutoTriage evaluation: Cohen’s x against human consensus. Agent-sandbox mode (full
execution access) with GPT-5.2 Codex reaches 90% of human agreement on Terminal-Bench. Fi-
nanceAgentBench remains challenging for all configurations.

Terminal-Bench  FinanceAgentBench

Mode Model K Agr. K Agr.
Agent-sandbox GPT-5.2 Codex 0.833 88.9%  0.242 75.0%
Agent (read-only) GPT-5.2 Codex 0.640 74.2% — —
LLM-only GPT-5.2 Codex 0.592  71.0%  0.328 80.0%
Agent-sandbox Sonnet 4.5 0433 548%  0.042 60.0%
Agent (read-only)  Sonnet 4.5 0423  54.8% — —
LLM-only Sonnet 4.5 0.639 742%  0.188 45.0%
Agent-sandbox Haiku 4.5 0332 452%  0.073 65.0%
Agent (read-only) Haiku 4.5 0.290 38.7% — —
LLM-only Haiku 4.5 0534  645% 0222 65.0%

Human-Human Baseline 0929  97.7%  0.848 94.2%

Key findings:

Executable environment access substantially improves the best model. For GPT-5.2 Codex on
Terminal-Bench, agent-sandbox (full execution, £ = 0.833) outperforms both the read-only agent
(k = 0.640) and LLM-only (x = 0.592). The +0.24 x gain from text-only to full sandbox access
shows that the ability to execute code, run tests, and reproduce failures provides critical context for
reliable attribution.

Model capability is necessary but not sufficient. GPT-5.2 Codex outperforms Claude models in
agent modes on Terminal-Bench, but Claude Sonnet 4.5 in LLM-only mode (x = 0.639) matches
GPT-5.2 Codex in read-only agent mode (x = 0.640). The interaction between model and mode is
complex: agent modes help GPT-5.2 Codex but hurt Claude models, suggesting that effective tool
use for log analysis requires model-specific optimization.

Domain difficulty varies dramatically. All configurations perform substantially worse on Fi-
nanceAgentBench (best x = 0.328) than on Terminal-Bench (best x = 0.833). This parallels
the finding that humans also find FinanceAgentBench slightly harder (x = 0.848 vs. 0.929), but
the gap is far larger for automated systems—suggesting that financial domain failures involve more
nuanced judgment that current models struggle to replicate.

6 DISCUSSION

From Scoreboards to Diagnostics. Current benchmarks produce a single number. Failure attri-
bution decomposes this into actionable categories: tool call errors suggest scaffold improvements,
knowledge gaps suggest better retrieval or fine-tuning targets, and task defects flag benchmark issues
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requiring curation. Each failure category implies a different intervention, enabling targeted improve-
ment rather than undirected iteration. This transforms evaluation from a measurement activity into
a diagnostic one.

Implications for RL Training. The same attribution that enables diagnosis also enables training
data curation. Without failure attribution, the quality of RL training data derived from benchmarks
is unknown and unknowable. Our annotation study reveals that this quality varies dramatically
across benchmarks. Benchmark selection is therefore a first-order decision for training pipelines,
yet currently an invisible one. Systematic failure attribution provides the missing quality metric,
filtering task defects before they become reward signal.

Sandboxed Execution for Agentic Judges. Our strongest finding is that full sandbox access (k =
0.833) substantially outperforms read-only agent access (v = 0.640) for the same model. The
+0.19 k gain from read-only to sandbox mode shows that the ability to execute code, run tests, and
reproduce failures—not just navigate files—provides critical diagnostic signal. The full 4-0.24
improvement from LLM-only to sandbox mode (Table [6)) confirms that structured investigation via
tools provides context far beyond what text summaries offer. To our knowledge, this is the first use
of a coding agent with full execution access as a judge for failure analysis.

Domain-Dependent Difficulty. The gap between Terminal-Bench (x = 0.833) and FinanceAgent-
Bench (v = 0.328) automated performance suggests that attribution is substantially easier for do-
mains with clear correctness criteria (code that passes or fails tests) than for domains requiring
subjective judgment (financial analysis quality). Software engineering benchmarks may be ready
for fully automated triage, while other domains still require human oversight.

Limitations. Our annotation study covers two benchmarks; broader validation would strengthen the
taxonomy. AutoTriage evaluation on Terminal-Bench uses 18 overlapping trajectories for the best
configuration and FinanceAgentBench uses 20, limiting statistical power. The interaction between
model and access mode (agent modes help GPT-5.2 Codex but hurt Claude models) warrants further
investigation. Larger-scale evaluation is ongoing.

7 CONCLUSION

We have shown that failure attribution—distinguishing task defects from agent errors—is a well-
defined task (v > 0.84, N = 158) that reveals significant, previously invisible variation in
benchmark quality. We introduce AutoTriage, an agentic judge system for automated failure
triage, and evaluate nine configurations across three frontier models and three access modes.
Our best configuration—agent-sandbox with full execution access using GPT-5.2 Codex—achieves
x = 0.833 on a software engineering benchmark, reaching 90% of human agreement. The +0.24
gain from text-only to sandbox access demonstrates that judges need to run code, not just read logs.
Together, the taxonomy, annotation protocol, and automated system provide a missing diagnostic
layer in the agent development pipeline, serving two critical needs: transforming evaluations into
actionable diagnostics for agent improvement, and curating clean reward signal for RL training.

Future work. Key open questions include: (1) What is the downstream impact of filtering task
defects on RL training outcomes? (2) Can domain-specific prompting or fine-tuning close the gap
on FinanceAgentBench? (3) Why do agent modes help GPT-5.2 Codex but hurt Claude models?
(4) Can we extend the agentic judge paradigm to other forms of automated quality assurance in ML
pipelines?
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