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Abstract

LLM agent failures are difficult to debug be-
cause the step where an error surfaces is of-
ten not the one that caused it. Existing ob-
servability tools replay execution traces but
provide little support for identifying the root
cause or translating diagnosis into recovery. We
present AgentDebugX, an open-source debug-
ging framework that organizes debugging as
a closed loop of Detect, Attribute, Recover,
and Rerun. At its core, DeepDebug performs
multi-turn root-cause diagnosis through global
trajectory understanding, structure-guided in-
vestigation, and cross-examination. On the
Who&When benchmark, DeepDebug achieves
the best strict attribution accuracy among the
evaluated methods on both tested open-weight
backbones, reaching 28.8% exact agent-and-
step accuracy on gwen3.5-9b versus 21.7% for
the strongest single-pass baseline. On GAIA,
DeepDebug repairs 13 of 73 failed tasks in
a single rerun, compared with 4-6 for three
decoupled self-correction baselines, improv-
ing overall accuracy from 55.8% to 63.6%.
AgentDebugX exposes this workflow through
a Python library, CLI, web console, and instal-
lable agentic skill, and provides an opt-in Er-
ror Hub for sharing scrubbed failure—diagnosis—
repair bundles and reusing them as debugging
memory.

1 Introduction

Large language model (LLM) agents are increas-
ingly deployed in settings that require long-horizon
reasoning, external tool use, memory, and coor-
dination across components. They support re-
quests through live APIs, modify software reposi-
tories, operate graphical interfaces, and collaborate
through planner—executor and multi-agent work-
flows (Aghzal et al., 2025; Liu et al., 2025; Li et al.,
2025; Yang et al., 2025). This flexibility also makes
their failures difficult to diagnose. As these systems

Port.  Tax- Attr- Recov- Error
System schema onomy ibution ery  hub

AgentDebug (Zhu et al., 2025) o
MAST (Cemri et al., 2026) -
Who&When (Zhang et al., 2025)
AgentDiagnose (Ou et al., 2025)
AgentRx (Barke et al., 2026)
Langfuse (Langfuse, 2023)
AgentDebugX (Ours)

I o |
e O O e @
e O e O o
|
|

[e]
|
|
|
|

Table 1: Capability coverage versus prior work. e =
first-class, o = partial, — = absent. Port. schema: a
portable, framework-agnostic trace format enabling re-
analysis, comparison, and sharing (not a vendor span
format). Taxonomy: a labelled failure-mode vocabu-
lary. Attribution: localizing the responsible step/agent,
not just the crash. Recovery: turning a diagnosis into
a rerun-able fix. Error hub: a shareable cross-team
corpus of diagnosed failures.

become more capable, however, their failures be-
come substantially harder to debug.'

The central difficulty is that the step where a
failure becomes visible is often not the step that
caused it. An agent may return an incorrect final
answer because of a planning constraint omitted
much earlier, a stale memory retrieval, an invalid
intermediate assumption, or an incorrect handoff
between agents. The resulting symptom may sur-
face only after many apparently reasonable actions,
such as a failed tool call, an inconsistent down-
stream decision, or an unsupported final response.
Consequently, replaying an execution trace is rarely
sufficient: developers must determine which ear-
lier decision rendered the run unsuccessful, explain
why it was decisive, and translate that diagnosis
into a correction that can be tested.

Existing tools address only parts of this chal-
lenge. General-purpose observability platforms
provide detailed execution traces, but largely leave

"Project page: https://www.agentdebugx.com. Code:
https://github.com/AgentDebugX/AgentDebugX. Pack-
age: https://pypi.org/project/agentdebugx/ (pip
install agentdebugx). Screencast: https://youtu.be/
ztnibéw@o_18. The project is released under the MIT license.
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root-cause analysis and repair to the developer.
Failure taxonomies and attribution benchmarks for-
malize common error modes and evaluate whether
a method can identify the responsible agent or step,
but are typically presented as standalone analyses
rather than deployable debugging infrastructure.
Self-correction methods can revise unsuccessful
behavior, yet correction is considerably more reli-
able when the location of the underlying error is
already known (Tyen et al., 2024). As summarized
in Table 1, current systems therefore leave a gap
between observing a failed execution, attributing
its root cause, proposing an actionable repair, and
verifying that repair through rerunning.

To address the gap, we introduce AgentDebugX,
an open-source toolkit that closes this gap by orga-
nizing agent debugging as the iterative loop shown
in Figure 1: Detect, Attribute, Recover, and
Rerun. Given either a live execution or an ex-
ported log, AgentDebugX first converts framework-
specific events into a portable trajectory represen-
tation. Detection identifies observable failures and
associates them with structured failure modes. At-
tribution then traces those symptoms backward to
the agent and step whose correction would most
likely have prevented the failure. Recovery con-
verts the resulting diagnosis into a concrete retry
directive, and rerunning applies the approved cor-
rection from an appropriate checkpoint while re-
taining both the original and repaired branches for
comparison. When a rerun remains unsuccessful,
its new trajectory re-enters the same loop.

At the center of AgentDebugX is DeepDebug, a
multi-turn root-cause diagnostic agent designed for
failures that cannot be reliably localized through
a single trace reading. DeepDebug combines
a global trajectory read with a structure-guided
probe—tracing handoffs in multi-agent runs or bi-
secting single-agent traces. It cross-examines con-
flicting candidates and outputs an auditable report
with the responsible agent and step, supporting ev-
idence, an explanation, and one concrete fix. A
diagnosis becomes operationally useful only when
it can improve the next execution. AgentDebugX
therefore connects attribution directly to a policy-
gated rerun loop. Its native recovery path uses
DeepDebug’s localized, evidence-backed correc-
tion as the retry directive, while alternative recov-
erers can reformulate the same diagnosis.

Beyond individual debugging sessions, Agent-
DebugX provides an opt-in Error Hub for stor-
ing scrubbed trajectory—diagnosis—repair bundles.

These bundles can serve as incident records,
continuous-integration regression fixtures, and
reusable debugging memory. Through a shared,
framework-independent format, teams can com-
pare diagnoses across methods and versions, re-
trieve similar historical failures, and accumulate
reviewed examples of long-tail failure modes with-
out modifying the original execution evidence.

We evaluate the two capabilities of AgentDe-
bugX: accurately localizing the cause of a failure
and converting that diagnosis into a successful re-
pair. On the Who&When benchmark, DeepDe-
bug achieves the strongest attribution performance
among the evaluated methods on both tested open-
weight backbones. With qwen3.5-9b, it reaches
28.8% strict agent-and-exact-step accuracy, com-
pared with 21.7% for the strongest single-pass base-
line. On GAIA, applying DeepDebug’s diagnosis
in a single rerun repairs 13 of 73 trajectories ini-
tially failed by the underlying agent, compared
with 4-6 repairs for three decoupled self-correction
baselines, increasing overall accuracy from 55.8%
to 63.6%.

2 Related Works

Existing research provides strong components for
observing, diagnosing, or correcting agent failures,
but rarely connects them into a unified workflow
from failure detection to verified recovery. Ob-
servability platforms such as LangSmith, Lang-
fuse, and Phoenix capture and replay detailed agent
traces (Dong et al., 2024), but leave developers
to determine which step was responsible, why,
and how to repair the run. A parallel line formal-
izes agent failures through taxonomies, attribution
benchmarks, and trajectory diagnostics — Agent-
Debug (Zhu et al., 2025), MAST (Cemri et al.,
2026), Who&When (Zhang et al., 2025), TRAIL
(Deshpande et al., 2025), and AgenTracer (Zhang
et al., 2026). These show that even strong models
struggle with root-cause localization, but are pre-
sented as standalone taxonomies, benchmarks, or
attribution methods rather than deployable infras-
tructure for heterogeneous runtimes. The closest
system, AgentDiagnose (Ou et al., 2025), provides
an open toolkit for scoring trajectories along inter-
pretable dimensions and curating training data, but
does not connect step-level attribution to verified re-
covery or a shared incident corpus. Self-correction
methods — Reflexion (Shinn et al., 2023), Self-
Refine (Madaan et al., 2023), CRITIC (Gou et al.,
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Figure 1: Overview of AgentDebugX. AgentDebugX forms a closed debugging loop: Detect identifies step-level
errors, Attribute locates their root causes, Recover proposes ranked fixes, and Rerun regenerates the trajectory
around the failure point. Hard cases are escalated to DeepDebug, a multi-round diagnosis agent that produces
an auditable root-cause report with evidence and a recommended fix. AgentDebugX supports local and web Uls,
reusable error sharing, baseline evaluation, and broad agent-framework compatibility.

2024), AutoManual (Chen et al., 2024) — study
how models revise unsuccessful behavior, and are
complementary to our setting: models correct er-
rors far more reliably when the error’s location is
supplied (Tyen et al., 2024), which is exactly what
AgentDebugX’s attribution provides.

3 System Overview

Figure 1 illustrates AgentDebugX, a closed-loop
debugging framework consisting of four stages:
Detect, Attribute, Recover, and Rerun. These
stages are coordinated through a portable debug-
ging artifact, while difficult cases are escalated to
the DeepDebug agent for diagnosis and recovery.

3.1 Trace Capture and Representation

The input to the loop is an AgentTrajectory, a
portable record of an agent execution. The runtime
layer converts the events an agent framework emits
— LLM calls, tool calls and results, memory op-
erations, handoffs, Ul actions — into an ordered
sequence of AgentEvents. Each event records the
acting agent, module, step index, parent event, in-
puts, outputs, metadata, and any error or artifact
produced (including screenshots for GUI agents).
A trajectory can be captured from a live runtime

through adapters (LangGraph, CrewAl, the Ope-
nAl Agents SDK, OpenTelemetry, raw ReAct) or
reconstructed from an exported log through offline
importers; all mechanisms produce the same repre-
sentation, so diagnosis is independent of the orig-
inal framework. Crucially, a diagnosis is layered
on top of this record rather than written back into
it: the same execution can be re-analyzed by any
method, compared across versions, and shared as a
regression case without altering the evidence.

3.2 Closed-Loop Debugging Pipeline

Given a captured trajectory, AgentDebugX runs
the four-stage loop of Figure 1. Each stage con-
sumes structured outputs from the preceding one
and produces inspectable artifacts.

Detect. Deterministic rule packs first target me-
chanically verifiable failures — malformed tool
calls, no-progress loops, invalid outputs, prema-
ture success — with no model call. When rules
are insufficient, an LLM judge reads the goal and
a bounded trace window and returns typed find-
ings (affected event, failure mode, evidence, con-
fidence), expressed in a shared taxonomy whose
seed contains 19 modes spanning planning, mem-
ory, tool use, verification, and coordination (Ap-



pendix A). Detection locates where a failure mani-
fests; the detected event is not necessarily the one
responsible, so its findings seed attribution rather
than settle it.

Attribute. The attribution stage traces a symp-
tom to the step that rendered the task unsuccess-
ful, using a family of strategies that trade cost for
resolution: inexpensive heuristics and single-pass
whole-trace reading, then binary search, per-step
inspection, and budgeted ensembles. Each attribu-
tor returns ranked hypotheses with confidence and
provenance, not one unqualified blame assignment,
so a deployment dials accuracy against latency and
token cost. Cases that remain ambiguous escalate
to DeepDebug (Section 3.3).

Recover. Once a responsible step is localized,
recovery turns the finding into a concrete retry pro-
posal grounded in the root-cause step, failure mode,
evidence, and surrounding context. The native path
uses DeepDebug’s own correction as the retry direc-
tive, requiring no extra model call after diagnosis;
Reflexion (Shinn et al., 2023), CRITIC (Gou et al.,
2024), and AutoManual (Chen et al., 2024) ship as
alternative strategies and baselines. All are suggest-
only: because a repaired action can change the
world, application stays behind an explicit human
or policy gate.

Rerun. AgentDebugX packages the diagnosis,
selected checkpoint, and retry directive into a re-
run request; runtime-specific executors consume
that request to produce a new trajectory, and the
console additionally supports model-generated con-
tinuation branches for interactive comparison. The
branch is scored against the objective and kept be-
side the original, preserving both the failure and
the attempted repair; a successful branch is saved
as a resolved case, a failed one re-enters detection.
AgentDebugX does not automatically replay arbi-
trary external tools from an imported log.

3.3 DeepDebug: Multi-Turn Root-Cause
Agent

Single-pass attribution has complementary blind
spots: a global read preserves task context but an-
chors on the loudest downstream symptom, while
a narrow step-wise scan loses sight of the objective.
DeepDebug (lower panel of Figure 1) resolves this
through a multi-turn, read-only process over the
captured trace, in four stages.

Stage 1 — global read. The agent reads the
whole trajectory, reconstructs the objective and his-
tory, and names an initial candidate for the decisive
step, keeping the context needed to tell a causal
error from a locally unusual but valid action.

Stage 2 — structure-guided investigation. A
second pass uses the strategy matching the trace
shape: for a multi-agent run it walks the hand-
off cascade upstream from the visible failure to
the earliest step that doomed the run; for a single-
agent run it bisects the step range and re-reads the
surviving region, yielding an independent second
candidate.

Stage 3 — cross-examination. If the two passes
agree, the step is accepted; if they disagree, Deep-
Debug inspects both candidates side by side with
their context, inputs, outputs, and downstream ef-
fects, and selects the stronger causal explanation —
reducing root-cause selection from a search over
the whole trace to a focused adjudication between
two hypotheses.

Stage 4 — diagnosis and suggestion. With the
step fixed, DeepDebug emits a structured report:
the responsible agent and step, a plain-language
explanation, quoted evidence, and one concrete fix
that recovery can use directly or reformulate. Every
inspection is recorded, so the verdict ships with its
audit trail. The agent inspects the trace but never
re-executes the run’s tools.

3.4 Extensible Failure Taxonomy

Detection and diagnosis share a structured vocab-
ulary of failure modes. A fixed taxonomy cannot
anticipate every long-tail error, so AgentDebugX
proposes extensions for human review: when the
judge meets a recurring failure outside the seed set
it records a novel-mode candidate, and an inducer
collects such residuals, clusters them (label, then
lexical or embedding similarity, gated by a sup-
port threshold), proposes one candidate mode per
cluster, and deduplicates against the seed. Propos-
als never overwrite the curated taxonomy: when
several runs show agents waiting on one another
indefinitely, for example, the inducer proposes a
new multi-agent deadlock mode, notes its kinship
to the existing lost-handoff category, and leaves the
decision to a maintainer.
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Figure 2: The AgentDebugX console on a failed run,
as a four-step workflow: (1) select a stored trace in
the run navigator; (2) jump from the visible failure to
the attributed responsible event; (3) read the failure
mode, evidence, and proposed fix in the diagnosis panel;
(4) create a policy-gated rerun branch and compare it
with the original timeline. All artifacts stay in the local
store unless a bundle is explicitly exported.

3.5 System Surfaces and Integrations

The pipeline is exposed through surfaces that share
the same trajectory, finding, report, and recovery
types, so a case created in one can be continued
in another. The interactive console (Figure 2)
launches with agentdebug serve over the local
store the library writes; as a no-build single-page
app shipped in the wheel, it takes a developer from
pip install to a live debugger. A typical session
follows the four numbered steps of Figure 2: se-
lect a failed run, jump from the visible failure to
the attributed responsible event, review evidence
and the proposed fix, then fork a rerun-from-step
branch that is scored against the original. The same
views serve computer-use agents: an OSWorld im-
porter normalizes screenshot-and-action steps and
a GUI root-cause mode reasons over the visual
channel, while a Python-style traceback or JSON
report serves CI when no browser is wanted.

The Error Hub turns incidents into shared
knowledge. A trajectory, its report, and artifacts
are packed into a bundle whose scrubber, by de-
fault, strips event inputs wholesale — the fields
carrying prompts and tool arguments — and ap-
plies known-pattern credential and PII redaction
to every remaining string; because pattern redac-
tion cannot guarantee removal of arbitrary sensitive
content, sharing stays opt-in and bundles should be
reviewed before publication. Bundles are written
to a local directory, a private Git remote, or a public
dataset, doing double duty as a CI fixture and an
entry in a cross-team corpus. That corpus is also
AgentDebugX’s long-term memory: DeepDebug
can retrieve similar past cases to seed its hypotheses

and writes each new case back; through the shared
bundle format, accepted entries and reviewed taxon-
omy additions become available to future diagnosis
(this effect is not yet evaluated). Finally, Deep-
Debug is packaged as an installable agentic skill
and CLI, so tool-using agents (Claude Code, Open-
Claw, and Hermes, each installing the skill) can
normalize their own failed run, diagnose it, and
feed the fix back into their next attempt — one CLI
contract through which supported host agents can
diagnose their own runs and each other’s.

4 Evaluation

We evaluate the two things a deployed debugger
must do, in pipeline order: localize the cause accu-
rately, then turn that diagnosis into a fix.

Setup. Unless noted, the debugged policy is
gwen3.5-9b and all diagnosis (judge and DeepDe-
bug) runs on gemini-2.5-flash, at temperature O
with thinking disabled. Diagnostic memory and the
Error Hub stay empty throughout. Per-task outputs,
configs, and a script regenerating Table 3 ship with
the code; full protocol in Appendix C.

Failure attribution. We evaluate on all 184
Who&When traces (Zhang et al., 2025). Each trace
is labelled with who erred — the responsible agent,
whose decision doomed the run — and when —
the exact mistake step. Following the benchmark’s
reference-answer protocol, every method receives
the task’s reference answer but neither gold la-
bel. With qwen3.5-9b (Table 2), DeepDebug’s
two-reading adjudication outperforms the evalu-
ated single-strategy localizers on all five reported
metrics — responsible agent (56.0 vs 47.8), ex-
act/near (£1) step (28.8/44.0 vs 22.3/38.6), and
strict agent-and-step (28.8/32.1 vs 21.7/23.9). The
joint gain carries to qwen3.6-27b (strict 38.0 vs
36.4). The benefit is model-dependent: on the
hosted backbones of Appendix C a single global
reading is already stronger and adjudication does
not improve it, motivating per-model routing rather
than invoking the multi-call method uncondition-
ally. Swapping the structure-aware reading for a
second global searcher costs 4.8 strict points on
gpt-5.4-mini (ablation, Appendix C).

Where the multi-turn agent pays off. Figure 3
breaks the same run down by trace length: the mar-
gin concentrates on traces longer than 40 events,
the regime the structure-guided turn and cross-
examination target. Only 26 traces fall in this range,
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Figure 3: Who&When accuracy by trace length
(n=184; qwen3.5-9b). Left: responsible-agent ac-
curacy (who). Right: strict joint accuracy requiring
both the responsible agent and the exact mistake step
(who+when) to be correct.

Method Agent  Step

(exact)

Step  A+S A4S
(£1) (exact) (£1)

Rule heuristic  14.1 1.6 6.5 1.6 2.7

All-at-Once 478 223 353 21.7 239
Step-by-Step  41.8 185 38.0 179 19.6
Binary-Search 41.8 174 38.6 174 20.1
DeepDebug 56.0 288 44.0 288 321

Table 2: Failure attribution on the full Who&When
benchmark (n=184; gwen3.5-9b). “Agent” measures
responsible-agent accuracy (who); “Step” measures
mistake-step localization (when) under exact and £1
criteria; “A+S” requires both agent and step to be cor-
rect.

so we treat it as descriptive evidence.

End-to-end recovery on GAIA. Localization
is only useful if it changes an outcome, so we
close the loop. A vanilla qwen3.5-9b Open-Deep-
Research agent solves 55.8% of GAIA validation
and fails 73 tasks; we diagnose each failure and
rerun it once. AgentDebugX’s native path phrases
DeepDebug’s own localized fix directly into the
retry; Reflexion, CRITIC, and AutoManual run
as decoupled baselines: same failed-task context
plus a generic judge-produced failure summary,
but not DeepDebug’s localization, evidence, or
authored fix. Under this shared subset, DeepDe-
bug’s recovery produces more than double the one-
rerun repairs of the decoupled baselines (Table 3),
with the largest gain on Level-2 multi-hop tasks
(48.8 — 61.6) — evidence its localized, evidence-
backed fix is useful, though the experiment evalu-
ates the full recipe rather than isolating attribution
alone.

Cost-aware selection. Every backend declares
its inference cost (free rules; one call for All-at-
Once and the judge; O(log N)/O(N) searches; ~5
calls for DeepDebug), letting deployments trade
model calls for localization accuracy. The escala-

Method Rec. L1 L2 L3 Al

Vanilla qwen3.5-9b — 774 48.8 34.6 558
+ CRITIC 4/73 81.1 51.2 34.6 582
+ AutoManual 5/73 79.2 535 34.6 58.8
+ Reflexion 6/73 774 558 34.6 594
+DeepDebug (ours) 13/73 81.1 61.6 34.6 63.6

Table 3: End-to-end recovery on GAIA validation (165
tasks; official scorer). “Rec.” denotes the number of
repaired cases among the 73 vanilla-failed trajectories.
Accuracy (%) is reported by difficulty level and overall
after a single rerun.

tion is cheaper than the call count suggests: on a
25-trace stratified Who&When sample, one whole-
trace pass averages 8.1K tokens against DeepDe-
bug’s 12.8K (1.6 x; its later turns read focused win-
dows), so escalating only ambiguous cases keeps
expected cost near a single pass; every attributor
returns ranked hypotheses with provenance rather
than one authoritative blame claim.

Takeaway. Across both experiments, DeepDebug’s
multi-turn diagnosis delivers state-of-the-art attribution
on Who&When (28.8% strict vs 21.7% for the best single
strategy) and turns those diagnoses into 2—3 X more re-
paired GAIA failures than decoupled self-correction (+7.9
points), at only 1.6 x the tokens of a single pass.

5 Use Cases and Applications

AgentDebugX supports a range of debugging work-
flows. A typical session begins by capturing or
importing a failed execution. DeepDebug then lo-
calizes the responsible step, explains the root cause,
and proposes a repair, which can be reviewed be-
fore a policy-controlled rerun. The resulting tra-
jectory is retained alongside the original and can
optionally be stored in the Error Hub as reusable
debugging memory. This workflow supports inter-
active debugging, CI regression testing, incident
response, and self-debugging agents.

6 Conclusion

In this work, we presented AgentDebugX, a closed-
loop debugging framework that connects failure
detection, root-cause attribution, recovery, and re-
run for LLM agents. Its core method, DeepDebug,
demonstrates that improving fault attribution can
translate into measurable gains in downstream re-
covery. We hope AgentDebugX provides a practi-
cal foundation for debugging increasingly capable
LLM agents and facilitates future research on reli-
able agent development.



Ethical Considerations

AgentDebugX collects potentially sensitive agent
traces, including prompts, tool arguments, user
data, files, screenshots, and outputs. The default de-
ployment is local-first, and shared corpus upload is
opt-in. Any production deployment should config-
ure redaction, retention, access control, and audit
logging before collecting user data. Diagnostic la-
bels and recovery suggestions can be wrong, so the
Ul and API should present confidence and evidence
rather than framing attribution as ground truth. For
high-impact domains, deployments should require
human or policy approval rather than automatic
recovery.

Broader Impact

AgentDebugX can help make agent reliability an
inspectable and measurable engineering practice.
Today, failures are often patched privately and then
forgotten; systematic attribution and recovery evi-
dence can instead inform audit trails, deployment
gates, regression tests, and decisions about when an
agent should not be trusted. This matters as agents
enter software development, science, education, ac-
cessibility, and public-facing services, where silent
or repeated errors can propagate beyond a single
run. An open-source toolkit and common trace
representation also lower the cost for researchers
and smaller organizations to study robustness and
compare systems on shared evidence.

The Error Hub extends this impact from indi-
vidual deployments to a community: one team’s
failure can become another team’s regression case
and, at scale, contribute to realistic benchmarks,
evolving taxonomies, and better diagnostic or re-
covery methods. Together, AgentDebugX and the
Hub create a path from isolated incidents to organi-
zational learning and eventually shared robustness
standards. Realizing this vision requires consent,
provenance, effective redaction, moderation, take-
down processes, and audits of whose systems and
failures remain underrepresented. With these safe-
guards, AgentDebugX could make agent robust-
ness more cumulative, collaborative, and broadly
accessible rather than a proprietary advantage.
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A System and Prompt Details

Trace schema. EachrunisanAgentTrajectory
of AgentEvents (type, agent, module, step in-
dex, parent, timestamp, inputs/outputs, error, du-
ration, metadata, artifacts). Artifacts can hold
text, images, audio, Ul state, files, or environment
snapshots, and the same events project to Open-
Telemetry GenAl spans (invoke_agent, chat,
execute_tool, handoff). The diagnosis layers
are driven by compact, JSON-constrained prompts;
we reproduce the most load-bearing ones below
(the full prompt library ships in the repository), fol-
lowed by a complete diagnostic report produced
during the GAIA experiment.

LLM Judge — System Prompt (abridged)

You are AgentDebugX-Judge. Given the goal, the
ALLOWED failure-mode codes, and one run's events,
label each failed step with ONE allowed code. Be
conservative; return an empty list if no failure.
Output ONLY JSON, no prose/fences; cap findings at
{max_findings}; evidence < 120 chars; never emit
newlines inside strings; close the JSON completely.
Schema: {"findings":[{"event_id","step_index",
"agent_name”,"failure_mode_id","confidence",
"evidence”:[...]}], "summary":"..."}

\

Whole-Trace Localizer — System Prompt

(abridged)

You are an AI assistant tasked with analyzing
agent conversation history when solving a real
world problem.

Respond ONLY with a JSON object matching this
schema (no prose, no markdown):

{ "span_id": "<event_id or null>",
"step_index": <int or null>,
"agent_name": "<agent_name or null>",

"confidence”: <float 0..1>,

"rationale”: "<one or two sentences>",

"evidence": ["<short quoted evidence>", ...] }
If the trajectory does not appear to have failed,
return all fields as null.

\

Cross-Examination (disagreement arbitra-

tion)

System: A run FAILED. Two candidate error steps
are shown with their context. Which ONE is the
decisive critical error step (the one whose
correction would most likely have averted the
failure)?

Respond ONLY with JSON: {"step”: <int, one of
the two>}

User: Goal: <task goal>

Correct answer: <reference, when available>
CANDIDATE A = step <i>: <+-1-step context>
CANDIDATE B = step <j>: <+-1-step context>
Which is the critical error step, <i> or <j>?

\

DeepDebug Refine — System Prompt

You are AgentDebugX-DeepDebug writing the final,
human-readable diagnosis. The decisive ROOT-CAUSE
step has ALREADY been localized for you -- do NOT
second-guess or move it. Using the step and its
surrounding context, write: a one-or-two sentence
diagnosis of WHY that step caused the failure;
the concrete evidence (short quoted snippets from
the shown steps); and ONE concrete, actionable
fix.
Respond ONLY with JSON: {"summary”: "<1-2
sentences>", "evidence”: ["<short quoted
snippet>", ...], "suggestion”: "<one fix>"}

\

Example diagnostic report. The abridged report
below is DeepDebug’s actual output on a GAIA
validation task the vanilla agent failed (a statistics
question over 1,002 papers with average p-value
0.04); the agent had assumed p-values were uni-
formly distributed to estimate the number of incor-
rect papers. Fed verbatim as the retry directive, this
diagnosis led the rerun to the correct answer (41),
one of the 13/73 recoveries in Table 3.

DeepDebug report (GAIA task 04a04a9b,

abridged)
{

"trace_id": "0@4a04a%-...",
"root_cause_agent”: "print”,
"root_cause_step_index": 9,
"findings": [{
"failure_mode"”: "attribution.root_cause”,
"step_index": 9, "confidence"”: 0.6,
"evidence”: [
"# Assuming uniform distribution
[0, 2xaverage_p_valuel”,
"proportion_incorrect = (2*average_p_value
- threshold) / (2xaverage_p_value)"],
"suggestion”: "Calculate the number of
incorrect papers using ... the direct
definition of the p-value as the Type I
error rate under the null hypothesis:
1002 * 0.04 = 40.08, rounding up to 41."
1,
"summary": "The model incorrectly assumed a
uniform distribution of p-values over
[0, 0.08] to calculate the proportion of
incorrect papers -- a mathematically
arbitrary assumption not supported by the
problem statement.”,
"metadata”: { "analyzer"”: "DeepDebugAnalyzer"
"backend”: "aao_moe"”, "memory_used”: false }}

B Deployment Requirements

The design follows five requirements from produc-
tion agent operations: low-friction capture (a con-
text manager, callbacks, or importers); a portable
representation with an OpenTelemetry GenAl ex-
port path (OpenTelemetry, 2026); typed diagnoses
(root cause, evidence, confidence, fix); local-first
storage with explicit scrubbing before sharing; and
cost-aware analysis, where deterministic triage is
free and LLM depth is opt-in.

C Evaluation Protocol

Benchmarks. Who&When (Zhang et al., 2025) is
used in full (n=184: 126 algorithm-generated, 58
hand-crafted), each trace annotated with the gold



responsible agent and mistake step. GAIA (Mialon
et al., 2024) validation (165 tasks across three diffi-
culty levels) is used for end-to-end recovery, scored
by the official question scorer.

Attribution protocol. Following the
Who&When “with ground truth” setting, ev-
ery method receives the task’s reference answer as
context; none sees the gold agent or step. Decod-
ing is at temperature O with model-side thinking
disabled; completions are capped at 4,096 tokens
(512 for arbitration). Agent names are normalized
before comparison, and step match is exact index
equality. We report responsible-agent accuracy,
exact and +1 step-localization accuracy, and the
joint agent-and-step (A+S) metrics. Backbones
span open-weight (qwen3.5-9b, gwen3.6-27b)
and hosted (gpt-5.4-mini, gemini-3.5-flash)
models, all served through an OpenAl-compatible
endpoint.

GAIA recovery protocol. A vanilla Open-Deep-
Research agent (qwen3.5-9b policy, Gemini-2.5-
flash search) is run once over all 165 validation
tasks, yielding a 73-task failure subset. Each failed
trajectory is converted to an AgentTrajectory,
diagnosed by the LLM judge and, for the native
path, DeepDebug. Recovery then reruns only the
73 failed tasks once, under one of four strategies:
AgentDebugX’s native DeepDebug directive, or
the decoupled Reflexion / CRITIC / AutoManual
baselines (which see a generic judge summary, not
DeepDebug’s localized diagnosis). To keep the
comparison clean, the diagnostic memory and Er-
ror Hub are empty during evaluation; both are opt-
in for real deployments. Reruns use temperature 0,
a fixed step budget, and the same search and tool
stack as the baseline. “Rec.” counts repaired tasks
over the 73; “All” projects corrected tasks over the
full 165.

Localizer design ablation. DeepDebug’s turn
design was chosen by measurement on a strati-
fied 42-trace Who&When sample: replacing the
structure-guided turn with a second global search
drops strict accuracy from 0.310 to 0.262 on
gpt-5.4-mini, while the shipped pairing lifts
agent accuracy to 0.524 vs 0.429 for one reading;
on gemini-3.5-flash a single reading is already
strongest — adjudication pays on the evaluated
open-weight backbones but not on the hosted ones
— a model-dependent effect.

D Implementation

AgentDebugX is a dependency-light, MIT-licensed
Python package: pip install agentdebugx, im-
ported as agentdebug. The public API centers on
AgentDebug, TraceSession, AgentTrajectory,
FailureFinding, and DiagnosticReport; adop-
tion is one context manager:

from agentdebug import AgentDebug, EventType
dbg = AgentDebug()
with dbg.trace(goal="Book flight",
framework="my-agent") as t:
t.record(EventType.PLAN, agent_name=
"planner”, output="Search fares")
t.record(EventType.TOOL_RESULT,
agent_name="browser"”, step_index=3,
error="Checkout timeout")
report = t.analyze()

Traces persist to append-only JSONL or SQLite.
Three capture surfaces emit the same schema: run-
time adapters (raw ReAct, LangChain/LangGraph,
CrewAl, OpenAl Agents SDK, OpenTelemetry
GenAl), offline importers (message lists, conversa-
tions, event lists, WebShop pages, OpenAl Agents
spans, CrewAl events, OpenClaw sessions), and
host integrations (a Claude Code skill and a CLI
skill contract for tool-using agents), so detection,
attribution, and recovery are source-independent.
The CLI exposes the workflow as ingest /
diagnose / inspect / act, with serve for the
console.

E Limitations

Our evaluation covers automatic attribution and
recovery, not developer debugging time or con-
sole usability. Who&When uses the benchmark’s
reference-answer protocol, and DeepDebug’s gains
vary by model, so its extra calls are not uniformly
beneficial. The GAIA experiment evaluates one
policy model on a fixed failed subset and compares
complete retry recipes; it neither isolates attribu-
tion’s effect alone nor is a blind single-shot score.
Error Hub retrieval and taxonomy induction are
implemented but not yet evaluated, and induction
requires human acceptance. The scrubber strips
event inputs and redacts known credential/PII pat-
terns but not arbitrary content; recovery execution
stays gated on human approval.
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