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Abstract

Failure attribution for multi-agent LLM sys-
tems is typically formulated as identifying a
single decisive error in a failed execution trace.
Yet failed traces often contain multiple inter-
acting errors and admit several plausible inter-
vention points. To examine whether an anno-
tated decisive error is also the most promis-
ing point for repair, we introduce TriageBench,
comprising LLM-council judgments over 1,184
Who&When intervention candidates. The
council prioritizes a different step from the orig-
inal label in 59.3% of traces. We therefore
reframe failure attribution as severity-ranked
diagnostic triage and instantiate it as TRIAGE,
a zero-shot, cost-aware cascade combining
LLM-as-judge suspicion scoring, structural im-
pact, and LLM-simulated replay over gener-
ated repair patches. Under top-K evaluation,
TRIAGE reaches 73.9% top-5 on Who&When
(vs. 42.4% top-1) and 93.2% top-10 on multi-
error TRAIL (vs. 56.8% top-1). In a separate
evaluation of 326 traces, strict ratings with gold-
answer access identify at least one plausible
top-3 repair on 56.7% (human rater) and 81.6%
(three-LLM panel majority) of traces. Our
code! and TriageBench? are publicly available.

1 Introduction

Multi-agent LLM systems coordinate specialized
agents that plan, call tools, and verify each other’s
outputs across long-horizon executions, tackling
tasks no single LLM call can complete (Wu et al.,
2024; Hong et al., 2024; Fourney et al., 2024).
When such a system fails, the wrong final answer is
rarely the whole story. Multiple agent actions typi-
cally contribute, with errors compounding across
the planning, execution, and verification roles dis-
tributed over different agents (Cemri et al., 2025).

"https://github.com/jimmywang585/
triage-failure-attribution

thtps://huggingface.co/datasets/jimmywang585/
triage-bench

Diagnosing which of these actions caused the fail-
ure is therefore a prerequisite for debugging and re-
liable deployment of these systems (Epperson et al.,
2025; Solomon et al., 2026). The Who&When
benchmark formalized this as single-label predic-
tion over a failed trace (the recorded sequence of
agent messages, tool calls, and tool outputs from
one execution), across 184 such traces. The pre-
diction target is the earliest decisive error step,
the action whose correction would, counterfactu-
ally, have led the rest of the trajectory to the cor-
rect final answer (Zhang et al., 2025). A range
of methods has built on this definition, including
iterative judging (Zhu et al., 2026), hierarchical
causal graphs (Wang et al., 2026), and consensus
voting over hierarchical context (Banerjee et al.,
2025). Yet at the time of the study, leading attribu-
tion methods reported overall step-level accuracy
of around 40% on Who&When (Tables 1 and 2).

Who&When acknowledges that a trace may con-
tain multiple decisive errors, but selects the earliest
as its attribution target (Zhang et al., 2025). This
choice leaves the usefulness and relative priority
of alternative intervention points unevaluated. On
cases flagged as uncertain, its annotators initially
disagreed at rates of 9.1 to 50% (Zhang et al., 2025).
We introduce TriageBench to study alternative re-
pair priorities through judgments from a frontier-
LLM council. The council prioritizes a different
step from the original annotators in 59.3% of traces
under a repair-priority criterion (Section 7).

A Who&When logic puzzle illustrates why a
failed trace can offer several useful intervention
points.

Task (summarized). Among 100 resi-
dents, humans always tell the truth and
vampires always lie; at least one resident
is known to be a vampire, yet everyone
says, “At least one of us is a human.”

A vampire’s statement must be false, which implies
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Figure 1: TRIAGE pipeline. Suspicion (p) and structural impact (1) score all candidates; repair generation and
LLM-simulated replay are gated to the top-M . The heuristic priority score S = pI R uses the replay multiplier R,
with R = 1 for other candidates. Output: ranked intervention candidates with repair proposals for the top-M.

that there are no humans; hence all 100 residents
are vampires. In the failed trace, a reasoning agent
incorrectly rejects the all-vampire solution because
the residents’ statements would be false, overlook-
ing that vampires must lie. It concludes that there
are no vampires, and a validation agent endorses
the same error. Who&When labels the reasoning
step. TRIAGE ranks that step first and the valida-
tion step second, generating a concrete correction
at each: one derives the all-vampire solution, while
the other corrects the validator’s mistaken rejection
of it. If a method selected the validation step as its
sole prediction, Who&When would mark that pre-
diction incorrect, even though the generated patch
corrects a substantive logical error there. A valid
single-step label can still leave useful correction
points uncredited. Attribution should therefore not
commit to one accusation but return a ranked list
of intervention candidates, ordered so practitioners
inspect the most consequential steps first.

We define severity as a step’s intervention value
(Section 3) and propose TRIAGE, a zero-shot, cost-
aware diagnostic cascade that uses a heuristic pri-
ority score to rank intervention candidates. The
cascade combines three per-step signals: an LLM-
judged suspicion score p € [0, 1] for each step, a
structural-impact graph score I estimating down-
stream propagation at zero LLM cost, and a replay
uplift R from an LLM-simulated replay of a gener-
ated repair patch. Under strict (good-only) rating,
one human rater with access to the gold answer
finds at least one plausible top-3 repair on 56.7%
of 326 traces (Section 6.4), pairing localization
with inspectable repair hypotheses.

Ranked output allows practitioners to inspect

several candidate interventions rather than rely on
a single prediction. On Who&When, TRIAGE
includes the annotated error among its top-5 can-
didates on 73.9% of traces, compared with 42.4%
at top-1. On multi-error TRAIL, coverage reaches
93.2% at top-10, compared with 56.8% at top-1
(Section 6.2).

Our contributions are: (1) we reformulate multi-
agent failure attribution as severity-ranked diagnos-
tic triage, motivated by useful correction points
beyond a single decisive-step label, and show that
top-K evaluation reveals substantially more diag-
nostic signal than top-1; (2) we instantiate this as
TRIAGE, a zero-shot cascade that pairs each top-
M candidate with a generated repair patch and a
simulated-replay uplift estimate; and (3) we release
TriageBench, a frontier-LLM council’s judgments
and consensus rankings over 1,184 candidate in-
tervention targets on Who&When, alongside the
original decisive-step labels.

2 Related Work

2.1

Cemri et al. (2025) analyzed 1,600+ annotated
traces across seven MAS frameworks and intro-
duced MAST, a taxonomy of 14 failure modes
spanning specification/system design issues, inter-
agent misalignment, and task verification. Other
studies analyze error propagation (Ma et al., 2026b;
Barrak, 2025) and report task-recovery gains from
root-cause correction (Zhu et al., 2025).

MAS Failure Modes and Taxonomies

2.2 Post-hoc Failure Attribution

The Who&When benchmark formulated automated
failure attribution, defining the task as identifying



the earliest decisive error whose correction would
flip a failed trace to success (Zhang et al., 2025).
The original Who&When baselines (all-at-once,
step-by-step, binary search) are prompting strate-
gies; reproduced on the stronger Kimi K2.5 model,
step-by-step rises to 26.6% (Table 1), still well
below TRIAGE’s 42.4% on the same model (Sec-
tion 6.1).

One line structures traces for attribution: ECHO
decomposes traces into hierarchical context levels
(Banerjee et al., 2025), and CHIEF combines hi-
erarchical causal graphs, backtracking guided by
virtual oracles, and counterfactual screening (Wang
et al., 2026). CDC-MAS combines Shapley-based
agent attribution with causal discovery and coun-
terfactual improvement estimates for step ranking
(Ma et al., 2025). Another line narrows candidates:
RAFFLES employs aspect-specific evaluators over
successive judging rounds (Zhu et al., 2026), while
SDBL delineates a failure-containing scope before
reasoning within it (Sun et al., 2026). Other ap-
proaches bring in signals beyond the trace (Ge et al.,
2025; Kong et al., 2026).

TRAIL (Deshpande et al., 2025) reframes the
task at the benchmark level: rather than annotating
one decisive error per trace, it labels every error
with a fine-grained taxonomy and ordinal impact
levels, reporting an average of 5.7 errors per trace
across 148 executions. TRIAGE explores a com-
plementary reframing, taking intervention value as
the objective for ranking repair candidates.

MP-Bench (In et al., 2026) preserves multi-
ple human attributions and evaluates rankings
against annotation frequency. TraceElephant (Chen
et al., 2026) provides full execution context and
reproducible environments for failure attribution.
TriageBench complements these resources with
pairwise judgments of repair priority: which local
correction would most plausibly improve recov-
ery, rather than how frequently a step is marked
erroneous.

2.3 Counterfactual and Replay-Based
Approaches

Most methods invoke the counterfactual definition
of a decisive error (correcting the step averts fail-
ure) but apply it with varying fidelity. DoVer evalu-
ates multiple viable repairs through checkpointed
re-execution, measuring task recovery and progress
(Ma et al., 2026a). ErrorProbe (Li et al., 2026)
combines backward tracing with tool-grounded
hypothesis verification and retains verified diag-

noses in episodic memory. Other approaches simu-
late counterfactual reasoning in a single LLM call
(West et al., 2025) or use counterfactual replay to
construct attribution data for reinforcement learn-
ing (Zhang et al., 2026). TRIAGE generates a
repair patch for each selected candidate and scores
the original and patched trace contexts in separate
LLM calls, producing a per-candidate uplift esti-
mate. It requires neither system access nor training
data while producing inspectable repair hypothe-
ses.

3 Task Formulation

Background. We adopt the turn-based multi-
agent protocol of Zhang et al. (2025). A sys-
tem with N agents produces a length-7" trajectory
T = (a1, as,...,ar), where each action a; is taken
by agent ¢(t) € {1,..., N} from a per-agent ac-
tion space Ay ). Let Z(7) € {0, 1} be the failure
indicator, with Z(7) = 1 if the trajectory fails to
solve the task.

For a failed trajectory, step ¢ is a decisive er-
ror if there exists an alternative action a; € Ay,
such that the modified trajectory 7/, obtained by
replacing a; with a;, satisfies Z (1) = 0. Multiple
decisive errors may co-exist in a single trajectory.
Who&When’s task is to identify the earliest such
step,

t* = min{i : 7 is a decisive error}. (1)

Rather than predicting a single t*, we general-
ize the task by ranking all steps of 7 by severity,
defined as the intervention value of a step.

Definition 1 (Severity). For step i in a failed tra-
jectory T, severity is the maximum probability that
an alternative action at v would avert the failure:

S(i) := max Pr[Z(7") = 0], (2)

ai€4g(i)

where 7' is obtained by replacing a; with a;, and
the probability is taken over the stochastic rollout
of subsequent steps.

In the deterministic limit, S(¢) > 0 if and only if
step ¢ is a decisive error; severity is the continuous
generalization of Who&When’s binary indicator.
Definition 1 casts severity as an interventional quan-
tity in the sense of Pearl (2009): the maximum over
alternative actions is the counterfactual best-case
probability of averting failure under a single-step
intervention. Ranking candidates by diagnostic



scores has a long tradition in software fault local-
ization, where Tarantula (Jones et al., 2002) and
the Ochiai coefficient (Abreu et al., 2007) rank pro-
gram elements by their statistical association with
observed failures; we lift this paradigm to LLM-
agent traces.

The task output is a ranked list

S(Z)a Ti)}zrzlv (3)

sorted by decreasing S(i), where r; is a candidate
repair for step ¢. The top-ranked candidate need
not be the earliest decisive error t*; the full list pro-
vides a prioritized repair plan. Since S(i) depends
on quantities we cannot observe (the optimal alter-
native and the rollout distribution), TRIAGE uses
the cascaded priority score introduced in Section 4
to rank candidate intervention targets.

R = {(ai’

4 Method

TRIAGE combines three signals relevant to inter-
vention priority: whether a step is likely erroneous,
how its error may affect downstream execution,
and whether a proposed repair could improve the
outcome. Suspicion and structural impact prioritize
candidates for repair generation; simulated replay
then provides repair-specific evidence for the se-
lected candidates. We combine these signals into a
continuous priority score:

S(i) = p(i) - 1(i) - R(3) (4)

where p(i) € [0, 1] scores step ¢ as a possible ear-
liest root-cause error, (i) € [0, 1] estimates the
structural propagation of that error, and R(i) > 1
is a replay-based promotion multiplier. We treat
Sasa pragmatic repair-priority ranker, not a cal-
ibrated estimator of the causal severity S(i) from
Definition 1.

The pipeline computes S in four stages: trace
normalization, suspicion scoring (p), structural im-
pact (/), and repair generation with LLM-simulated
replay (R) over a top-M subset. Candidates are
ranked by S. For single-label evaluation, the top-
ranked candidate is the decisive-error prediction;
for diagnosis, we return a ranked list of steps to in-
spect, together with repair proposals for the top- M
candidates.

Trace normalization. TRIAGE normalizes the
raw trace into a uniform step sequence 7 =
(ai1,...,ar), treats every normalized step as a can-
didate (C = {1,...,T}), and annotates each step

with its producing agent ¢(7) and a structural role
inferred by a rule-based classifier (LLM response,
tool call, planning step, etc.; Appendix A.1).

4.1 Suspicion Scoring (p)

The suspicion stage uses LLM-as-judge scor-
ing (Zheng et al., 2023; Li et al., 2024): the LLM
receives the normalized trace and assigns a suspi-
cion score pP) (i) € [0, 1] to every step in a single
pass. To reduce sampling variability, the default
configuration averages P=>5 independent scoring
passes for each step:

pr)

4.2 Structural Impact (/)

p(i) = clip ,00L, 1. (5

Trace-impact graph. An error can remain lo-
cally contained or propagate into later decisions.
To approximate these consequences for each can-
didate ¢ without additional LLM calls, we use a
heuristic trace-impact graph, drawing on program-
slicing intuitions (Weiser, 1984) for LLM-agent
traces. The graph identifies a bounded set of struc-
tural anchors downstream of ¢ (next agent response,
next tool call, next tool result, next planning step,
final conclusion), weights each by a logarithmic
distance decay and a hand-designed step-type inter-
action prior, and amplifies anchors that are them-
selves suspicious. The aggregated graph score
Iorapn(2) € [0, 1] approximates the potential down-
stream propagation of an error at ¢. Full equations,
the step-type weight table, and the anchor-selection
rules are in Appendix B.

Position-prior mix. Traces with few downstream
anchors provide limited structural information (e.g.,
short retrieval traces). To stabilize ranking in this
regime, we mix Ig,pn With a position-decay prior
U

I(’L) = aIgraph(i) + (1 - Oé) ﬂ-(i)a

(i) = %ﬂ

(6)

Intuitively, earlier corrections can inﬂuence more
subsequent actions; the harmonic ﬁ encodes this
as a smooth, monotone heuristic position prior.

4.3 Repair Generation and Replay (R)

Repair generation turns a candidate location into
a repair hypothesis, which replay assesses for its
potential effect on the outcome. This stage adapts
the generate-and-validate paradigm of automated



program repair (Le Goues et al., 2012) to LLM-
agent traces, replacing test-suite execution with an
LLM evaluator.

Candidate selection. We restrict repair gener-
ation and replay to the top-M =3 candidates by
p(i) - I(i), denoted Cpy = Top-Mec p(i) - 1(i),
following the cost-aware cascade pattern in which
cheap signals filter the candidate pool before ex-
pensive evaluators (Viola and Jones, 2001).

Taxonomy-conditioned patch generation. For
each ¢ € Cj, repair generation proceeds in
two LLM calls: a hypothesis call classifies the
candidate’s error into one of 13 categories (Ap-
pendix C.1, derived from the MAST failure-mode
taxonomy of Cemri et al., 2025), and a patch
call applies a constrained operator paired with
the inferred category to generate the repair. Gen-
erated patches are checked against per-operator
Levenshtein-ratio caps and role-consistency rules
(Appendix C). When a step resists grounded edit-
ing (e.g., a web-browsing step whose output de-
pends on live search results), TRIAGE falls back
to an abstract repair: a schematic description of
the intended change (e.g., “use DOI link instead of
search”).

LLM-simulated replay. “Replay” here is LLM-
simulated scoring of a patched trace, not re-
execution of the multi-agent system. For each
1 € Cpr, an LLM evaluator estimates the probabil-
ity of eventual task success under two conditions: a
baseline pg (i) from the original trace, and a patched
estimate p(i) from the same trace with repair r;
substituted. The original and patched contexts are
scored in separate calls. Abstract repairs are iden-
tified as hypothetical corrective sketches. Each
candidate in Cjy is scored under a single replay per-
spective, the rubric the replay judge applies when
evaluating the patched trace (we use critical error
detection; Table 5 lists ten interchangeable choices).
Execution-grounded validation (re-running agents
under the patched step) is left for future work (see
Limitations). The replay multiplier is:

R(i) = {i + max(0, p(i) — po(i)) z ; gﬁ, 7

Replay is promotion-only: non-positive simulated
uplift is ambiguous because the patch may be in-
complete or the evaluator insensitive even when the
step is causal, so we floor R at 1. Appendix C.4
discusses this design choice.

Replay budget. With typical candidate pools of
17 to 21 steps, full replay (M =|C|, one perspective)
would issue 34 to 42 calls per trace; the M =3 gate
cuts this to 6, a >80% reduction.

5 Experiments

5.1 Datasets

Who&When. The Who&When benchmark
(Zhang et al., 2025) provides 184 failed multi-agent
execution traces on GAIA (Mialon et al., 2024) and
AssistantBench (Yoran et al., 2024) queries, parti-
tioned into two splits by the multi-agent system
that produced the trace. The Algorithm-Generated
(AG) split contains 126 traces from CaptainAgent
(Song et al., 2025), which builds GPT-40 agent
teams per query. The Hand-Crafted (HC) split
contains 58 traces from Magentic-One (Fourney
et al.,, 2024), a fixed five-agent architecture.
Each trace consists of the full conversation log,
annotated with the agent responsible for the failure,
the decisive error step, and a natural-language
explanation. HC traces are approximately six
times longer than AG traces on average (52.5 vs.
8.7 steps) and harder to attribute.

TRAIL. TRAIL (Deshpande et al., 2025) con-
tains 148 traces (117 GAIA, 31 SWE-Bench-Lite
(Jimenez et al., 2024); hereafter SWE-Bench) with
841 expert-annotated errors. Unlike Who&When,
TRAIL annotates all errors per trace (mean 5.7).
GAIA traces are shorter information-retrieval tasks;
SWE-Bench traces are long code-debugging ses-
sions whose mean input length (~600K tokens) ex-
ceeds common frontier-model context limits. We
evaluate whether the top- K candidates include an
annotated error location; we do not report TRAIL’s
error-category F1 or joint accuracy (category and
location).

5.2 Metrics

We report step accuracy (top-1, following Zhang
et al., 2025; Zhu et al., 2026), top-K recall for
ranked output, and NDCG @3 for the component
ablation; MRR and within-2 metrics are in the ap-
pendix. Ties are broken by step index. Top-K
recall is not directly comparable across the two
datasets: Who&When credits a hit only when the
single gold step appears in the top-K, whereas
TRAIL credits any of the multiple annotated errors
per trace as a hit.



Llama 3.3 70B

Kimi K2.5 Claude Sonnet 4

Method AG HC All

HC All AG HC All

All-at-Once 15.9 5.2 12.5
Step-by-Step 7.1 8.6 7.6
Binary Search  14.3 34 10.9
TRIAGE 365 138 293

230 86 185 167 34 125
317 155
246 172 223
524 207 424

266 95 00 65
198 121 174
492 121 375

Table 1: Step accuracy (%) on Who&When across three LLMs. AG (n=126), HC (n=58), All (n=184 weighted;
all traces included, method failures counted as misses). Bold/underline: best/second-best per column.

5.3 Baselines

Prior methods. On Who&When, we com-
pare against the main reported step-accuracy
results from RAFFLES (Zhu et al.,, 2026),
CHIEF (Wang et al., 2026), SDBL (Sun et al.,
2026), ECHO (Banerjee et al., 2025), and CDC-
MAS (Ma et al., 2025), with the correspond-
ing models and configurations listed in Table 2.
We compute All as the 126:58 weighted mean
of the reported AG/HC accuracies. SDBL uses
54 HC traces; CDC-MAS uses an 80/10/10
train/validation/test split.

Same-LLM baselines. To isolate method from
model, we re-run Who&When'’s three published
prompting strategies (Step-by-Step, Binary Search,
All-at-Once) (Zhang et al., 2025) on each LLM.
We also evaluate TRIAGE’s suspicion stage in iso-
lation (p-only; Appendix E.3). For ranked output,
LLM-judge (LJ) is a single-call baseline that di-
rectly returns a ranked list of up to ten candidate
error steps (Appendix A.5). We use the same LJ
prompt and model (Kimi K2.5) on both datasets,
scoring predictions against the single annotated
step on Who&When and any annotated error lo-
cation on TRAIL. Unlike the suspicion stage, LJ
directly generates the list without scoring every
step.

5.4 Implementation Details

TRIAGE uses a single LLM for all stages and
operates without access to the ground-truth
decisive step or final answer at any stage of the
pipeline (matching the setting of the same-LLM
baselines). Primary: Kimi K2.5 (kimi-k2.5 via
Moonshot). Transferability runs: Llama 3.3 70B
(meta-1llama/Llama-3.3-7@0B-Instruct-Turbo
via  Together) and Claude Sonnet 4
(claude-sonnet-4-20250514 via Anthropic).
Per-trace cost: Appendix F.

Hyperparameters. We set a=0.7, suspicion
floor 0.01, and anchor cap |A(7)|<6 by inspection

on Who&When. The top-K and formula analy-
ses use retained candidate pools and pre-replay pl
rankings, with one suspicion pass on Who&When
and P=5 on TRAIL. Exact model IDs are listed
in Table 23; Levenshtein caps, graph weights, and
formula ablation are in Appendices C, B, E.5.

6 Results

This section reports top-1 accuracy across models
(Section 6.1), top-K coverage gains from ranked
output (Section 6.2), what the cascade adds beyond
ranking (Section 6.3), and a patch plausibility study
(Section 6.4).

Method Model AG HC All
ECHO Cl. 3.5 Sonnet 272 268 27.1
CDC-MAS GPT-40 36.2 18.2 305
SDBL DeepSeek-V3 39.7 27.8 359
CHIEF DeepSeek-V3.2 456 293 40.5
RAFFLES Claude Sonnet4 51.6 224 424

Table 2: Main reported step accuracy (%) of prior meth-
ods on Who&When. RAFFLES: K=2; ECHO: full
14; SDBL: EASD. Bold/underline: best/second-best per
column.

6.1 Top-1 Across Models

TRIAGE improves top-1 localization over the
original prompting strategies. In our same-LLM
reproductions, TRIAGE exceeds all three prompt-
ing baselines on the overall Who&When split for
each model, reaching 29.3% with Llama 3.3 70B,
42.4% with Kimi K2.5, and 37.5% with Claude
Sonnet 4 (Table 1). The gains are largest on
AG, where TRIAGE leads the prompting baselines
across all three backbones. HC remains more dif-
ficult: TRIAGE exceeds the prompting baselines
on Kimi K2.5 and matches Binary Search on Son-
net 4. Thus, the overall gains are consistent across
backbones, but the benefit varies across trace types.

TRIAGE is competitive with leading attribu-
tion methods. Table 2 summarizes the main re-
ported step accuracy of prior methods. At 42.4%,
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Figure 2: Top-K step recall on Who&When (n=184) and TRAIL (n=148, any-error hit) using Kimi K2.5. p-only:
TRIAGE’s suspicion stage alone. LJ (=10): single-call top-10 ranked list. TRIAGE: pre-replay pI ranking. TRIAGE

(SWE): SWE-Bench subset of TRAIL (31 traces).

TRIAGE with Kimi K2.5 matches the highest over-
all accuracy in Table 2, achieved by RAFFLES
with Claude Sonnet 4.

6.2 Top-K Coverage

Top-K recovers more annotated error targets
than top-1. Figure 2 shows the top-K curves. On
Who&When, allowing a ranked list rather than a
single-step commitment substantially raises accu-
racy between K=1 and K=5 (1.7x): TRIAGE
reaches 73.9% top-5 (Kimi K2.5) vs. 42.4% top-
1, and 83.2% top-10. On multi-error TRAIL, ac-
curacy rises to 93.2% top-10 vs. 56.8% top-1, a
+36.4pp gap. The top-ranked step can miss an
annotated error that still appears among the next
few candidates. At the same inspection budget
of K'=5, TRIAGE exceeds uniform random selec-
tion on both Who&When (73.9% vs. 46.4%) and
TRAIL (84.5% vs. 55.0%; Appendix Table 12).
The TRAIL subsets show different gains from
inspecting multiple candidates. GAIA reaches
67.5% top-1 and 86.3% top-5; SWE-Bench is
harder at top-1 (16.1%) but reaches 77.4% top-5.
The larger gain on SWE-Bench shows that a short
candidate list can retain substantial localization sig-
nal even when the first choice is unreliable. The
comparison does not isolate context length from
differences in task domain and error structure.
Comparison with directly prompted rankings.
On TRAIL, TRIAGE reaches 93.2% top-10 against
LJ)’s 80.4% (412.8pp); the paired-bootstrap com-
parison is statistically significant (Appendix E.4).
On Who&When, TRIAGE and LJ reach 73.9% and
72.3% at top-5; their paired differences are not sta-

tistically significant at any reported K. Section 6.3
examines which cascade components account for
these results.

6.3 Cascade Contribution

The cascade turns ranked candidates into in-
spectable repair hypotheses. Beyond ranking,
TRIAGE generates repair patches and simulated-
uplift estimates for its selected candidates (Sec-
tion 6.4). Its nominal per-trace budget (=17 LLM
calls: 5 suspicion + 6 patch + 6 replay; Appendix F)
is higher than lightweight ranking baselines. These
additional calls produce inspectable repair propos-
als and estimates of their effect.

W&W TRAIL
T1 T10 Tl T10
p-only 41.8 82.6 547 91.2
pl 424 832 568 932

Table 3: Suspicion and impact ranking (Kimi K2.5) on
Who&When (n=184) and TRAIL (n=148), top-1 (T1)
and top-10 (T10) step accuracy (%).

Per-step scoring carries most of the localiza-
tion signal. The suspicion-only and pI rankings
are close at top-1 on both benchmarks (Table 3).
On TRAIL, suspicion alone reaches 91.2% top-
10 against LJ’s 80.4%, accounting for most of
TRIAGE’s gain (Appendix E.3).

Structural impact (/) gates candidates with-
out additional LLM calls. Adding [ to p im-
proves Who&When top-1 by +0.6pp and TRAIL
top-1 and top-10 by +2.1pp and +2.0pp, respec-
tively (Table 3). These gains are small, and the



cascade trades off slightly at intermediate K (Ap-
pendix E.3). Beyond ranking, / gates which candi-
dates receive patches by combining suspicion with
downstream propagation structure.

Structural modeling and replay address aspects
of intervention value that error likelihood alone
does not capture: the downstream consequences of
a mistake and the effect of a proposed correction.
The present heuristic graph and simulated evalua-
tor are initial approximations; richer dependency
models and execution-grounded replay remain to
be evaluated against the severity objective.

6.4 Patch Plausibility

Under strict rating, the top-3 patch set contains
a good-rated repair on a majority of traces. The
patch-rating study evaluates separately generated
diagnostic outputs on 326 traces (178 Who&When,
148 TRAIL). A human rater and a three-LLM
panel (Verga et al., 2024) comprising GPT-5.4,
Claude Opus 4.6, and Grok 4.20 rated patch plau-
sibility on a 4-point scale, with access to the gold
answer and rating each candidate independently
(Appendix G). Top-3 any-plausible is 57% / 82%
(human / 3-LLM panel majority) under strict (good-
only) and 98.5% / 99% under lenient (good + ok);
top-1 strict is 34% / 52% and top-1 lenient 86.5%
/ 86.2% (Table 20). Human-LLM agreement on
binary patch plausibility ranges from x = 0.35 to
0.71, with lower agreement for Grok than for Opus
and GPT. The 23pp gap between strict top-1 (34%
human) and strict top-3 (57% human) supports in-
specting multiple candidates: a top-3 set can con-
tain a good-rated repair when the first candidate
does not. TRIAGE thus pairs ranked diagnosis with
an inspectable repair artifact: each trace yields up
to three intervention candidates, each paired with a
generated repair and a replay-based uplift estimate.

7 TriageBench: Judging Intervention
Priority

Evaluating severity requires comparing the inter-
vention value of candidate steps, beyond checking
whether a ranking contains an annotated error. We
introduce TriageBench as an initial resource for
this comparison: council judgments of repair prior-
ity alongside Who&When'’s original decisive-error
labels. The study examines whether the two crite-
ria favor the same first choice and how TRIAGE’s
rankings align with the council’s priorities.

Candidate interventions. TriageBench covers
177 Who&When traces from both AG and HC, with
1,184 candidate steps (mean 6.7 per trace). Each
pool contains up to eight candidates and always
retains the original human-annotated decisive-error
step. Judges assess the potential of locally correct-
ing each candidate. The assumed correction uses
only information available up to that step, keeps
the preceding trace fixed, and allows downstream
execution to resume normally.

Council judgments. We use a multi-model coun-
cil (Zhao et al., 2025) comprising GPT-5.4, Claude
Opus 4.6, and Grok 4.20 (exact model IDs in Ta-
ble 23). Each judge receives trace context, candi-
date steps, and the gold final answer. For every
pair of candidate steps within a trace, each judge
compares which of the two local corrections would
most plausibly increase the probability of recover-
ing that answer. The prompt distinguishes this crite-
rion from earliest-error identification and prohibits
favoring answer-adjacent steps merely because the
known answer could be inserted there. Judges sep-
arately assess candidate plausibility and recovery
potential, then provide pairwise preferences, ties
or abstentions, and rationales. To reduce position
bias, each judge evaluates the pair twice, swap-
ping which candidate is presented first. A David-
son tie-aware Bradley—Terry (BT) model (David-
son, 1970) combines these preferences into a rank-
ing of the candidates within each trace, with rela-
tive repair-priority scores and posterior uncertainty.
Gold-answer access supports the annotation task;
TRIAGE’s attribution pipeline does not receive it.

Repair priorities and decisive-error labels. All
three judges agree on the preferred candidate or on
a tie in 74.1% of comparisons with three recorded
judgments (1,228/1,658); pairwise winner agree-
ment reaches Fleiss £ = 0.646. Despite this agree-
ment, the consensus first choice differs from the
original decisive-error label on 59.3% of traces.
Because that label is retained in every pool, these
differences are not caused by its exclusion. The
original step remains within the council’s top-3 on
68.9% of traces and top-5 on 84.2%. The rankings
thus express alternative priorities over overlapping
targets. Since both the criterion and annotators dif-
fer, disagreement alone does not establish that the
council is correct or identify an accuracy ceiling
for Who&When. Appendix D.4 reports agreement
and posterior diagnostics.



Comparison with TRIAGE. Using the Kimi pre-
dictions reported in Table 1, TRIAGE’s first choice
matches the council’s on 32.8% of TriageBench
traces (58/177). Agreement reflects both candidate
coverage and prioritization: among the 136 traces
whose TRIAGE prediction is in the council’s pool,
agreement is 42.6% (58/136). Over shared can-
didates, TRIAGE’s pre-replay suspicion—impact
scores from the same run have a mean within-trace
Spearman correlation of 0.271 with council scores
across 168 eligible traces. This modest alignment
shows that TRIAGE and the council differ in both
their preferred steps and their ordering. The com-
parison examines intervention priorities that local-
ization accuracy alone leaves unmeasured, while
neither ranking has been validated against recov-
ery under executed interventions. Appendix D.5
details the comparison.

A resource for severity-ranked attribution.
TRIAGE supplies a practical ranking method and
repair hypotheses; TriageBench supplies compar-
ative judgments with which to examine candidate
priorities. The release includes the original traces
and labels, candidate rankings, posterior uncer-
tainty, individual judge verdicts and rationales, and
detailed pairwise comparisons. These records sup-
port comparing rankers, inspecting why particular
corrections receive priority, and studying disagree-
ments or alternative aggregation methods. The
scores represent judged repair priority, rather than
direct measurements of S(¢) in Definition 1. A di-
rect next test is whether higher-ranked candidates
yield greater task recovery under a common repair
procedure and execution budget. Approaching the
severity objective additionally requires searching
over repairs at each step and estimating the best
repairs’ recovery probabilities through repeated ex-
ecutions. Appendix D gives the construction proto-
col and prompt.

8 Conclusion

Single-label failure attribution captures only part
of the diagnostic task: a failed trace can offer sev-
eral useful correction points. Severity makes their
relative intervention value an explicit objective, de-
fined by the best-case probability of averting fail-
ure through a local repair. Our results show that
per-step suspicion scoring provides a strong ba-
sis for ranked diagnosis, remaining close to the
impact-weighted ranking in localization accuracy
on both benchmarks. Top-K evaluation reveals

substantially more annotated error targets than top-
1. TRIAGE pairs its top-M =3 candidates with
generated repair patches and simulated-replay up-
lift estimates. In the separate patch study, top-3
repair sets contain a plausible repair on 56.7% of
326 traces under strict (good-only) rating by one
human rater. TriageBench supplies reusable repair-
priority judgments and shows that the council often
favors a different correction point from the original
decisive-error label.

Reliable severity estimation remains an open
problem. TRIAGE relies on heuristic impact and
simulated replay, while TriageBench relies on coun-
cil judgments; neither has been validated against re-
covery under executed interventions. The next step
is to test whether higher-ranked candidates yield
greater task recovery under a common repair proce-
dure and execution budget. Better repair search and
repeated execution are needed to estimate interven-
tion value more faithfully, with evaluation across
a broader range of systems and failure types. We
advocate adopting severity as a central objective
for failure attribution: methods should be evaluated
on how well they prioritize interventions that avert
failure, alongside agreement with existing decisive-
error labels.

Limitations

Validation of intervention value. Our evalua-
tion measures localization, patch plausibility, and
agreement with council judgments, but does not
establish whether higher-ranked interventions im-
prove task recovery. TRIAGE uses LLM-simulated
replay, and neither its ranking nor TriageBench’s
preferences have been validated through executed
repairs. The patch study includes one human rater
and an LLM panel with access to the gold answer,
limiting conclusions about broader human agree-
ment and repair usefulness in deployment.

Scope of the evidence. TriageBench’s judgments
are limited to Who&When traces and their selected
candidate pools. Differences from the original la-
bels reflect changes in both the attribution criterion
and the annotators; they do not establish that the
council is correct or quantify an accuracy ceiling.
Some comparisons with published methods use
different backbone models, so performance differ-
ences cannot be attributed solely to the attribution
method.
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deployment. Applying the method to private traces
requires safeguards for sensitive information shared
with model providers. Reuse and redistribution of
benchmark material should respect the original li-
censes and access conditions.
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A Prompts and Implementation Details

Pipeline stages use a common normalization of the
task and trace. Suspicion scoring and patch gen-
eration receive the full normalized trace; replay
receives the context through the candidate check-
point (Appendix A.4).

The prompt templates support an optional
{groundtruth_answer? field. This field is left un-
set in all main-paper pipeline runs (TRIAGE at-
tribution and the LLM-as-judge baseline), so no
pipeline stage receives the gold final answer. The
TriageBench council (Appendix D.3) receives the
gold answer when judging repair priority. The
prompt excerpts below omit repeated context and
show conditional fields schematically; the complete
TRIAGE templates are available in the released
code.

A.1 Trace normalization

Raw traces (Who&When, TRAIL) are normal-
ized into a uniform sequence of step records.

Each record contains a step ID, agent name,
structural role (plan, tool_call, tool_result,
factual_assertion, tool_interpretation,
conclusion, delegation, other), and full
content.

Step roles are inferred by a rule-based classifier
from the agent’s message and used in the structural-
impact graph. Table 4 reports post-normalization
trace statistics.

Split

W&W AG 123 87 10 7 10
W&W HC 55 525 33 20 129
W&W All 178 222 10 8 107.1
TRAIL GAIA 114 31.0 155 11 875
TRAIL SWE 30 342 32 24 54
TRAIL All 144 31.7 20 125 834

n mean median p25 p95

Table 4: Normalized trace length (steps) for 178
Who&When traces and 144 TRAIL traces with gold
annotations. p25 and p95 use linear interpolation. Head-
line accuracy uses the full benchmark denominators
(n=184 W&W, n=148 TRAIL).

A.2 Suspicion scoring prompt

The suspicion prompt presents the normalized trace
and asks the LLLM to rate every step’s likelihood
of being the root-cause mistake on a [0, 1] scale.
Scores are clipped to [0.01, 1] to retain a non-zero
suspicion score for each candidate. The default
configuration averages per-step scores over P = 5
independent passes.

Suspicion prompt

{task_and_trace_prefix}

## Your role

You are an expert debugger analysing the multi-agent
conversation above, which FAILED to solve the task.
Your job is to rate how likely each step is to be
the ROOT-CAUSE mistake, the earliest step whose
error caused downstream failure.

## What to look for

- A step where an agent makes a factual error, uses a
wrong tool argument, misinterprets a result, or
chooses a bad strategy.

- Focus on the EARLIEST mistake (root cause), not on
downstream symptoms.

- "tool_result” steps are outputs from tools; the mistake
is usually in the "tool_call” or "reasoning” step
BEFORE a bad tool result.

- "termination” steps just end the conversation; they are
almost never the root cause.

## Instructions

1. For each step, assign a suspicion score between 0.0
and 1.0.

2. Most steps should be low (0.0-0.2); only a few should
be high.

3. Output JSON mapping step_id to score.

4. Use this exact format on the last line:

SCORES: {"0": 0.05, "3": 0.85, "7": 0.40}
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The prompt includes three debugging priors
(tool_result steps reflect rather than cause errors;
termination steps almost never do; the suspicion
distribution over a trace should be sparse). We use
the same prompt verbatim on TRAIL and across
all three models; the Who& When prompting base-
lines (Step-by-Step, Binary Search, All-at-Once)
in Table 1 are run on their original prompts (Zhang
et al., 2025) without these priors.

A.3 Patch generation prompts

Patch generation uses a hypothesis call to classify
the candidate’s error, followed by a patch call to
emit the rewrite; validation failures can trigger re-
tries (Appendix C). Both calls receive the same nor-
malized task and trace context. The hypothesis call
returns the inferred error category and a short ratio-
nale. Its prompt lists the operational categories and
a category-selection rubric. The residual unknown
class in Table 8 is used when no error category can
be assigned.

Hypothesis prompt

{task_and_trace_prefix}

## Target step under classification

Target step (Step {target_step_id}): Agent: {agent};
Role: {role}; Kind: {kind}.

Content:

---BEGIN STEP CONTENT---

{target_content}

—-—-END STEP CONTENT---

ORIGINAL TASK: {question}

# (CORRECT ANSWER field omitted: the groundtruth_answer
slot is left unset in all pipeline runs; see
Appendix A header.)

## Your role

You are classifying the error type of Step
{target_step_id} (the TARGET step) in the failed
multi-agent trace above. Your job is to classify
the error at the target step, not to solve the
original task. Return exactly one JSON object
matching the schema below. Do NOT answer the
original task question, even if it is short,
directive, or easy to solve.

ERROR TAXONOMY :
- faulty_reasoning: Incorrect logical deduction or wrong
inference from correct premises.
- hallucination: Fabricated facts or claims not supported
by any prior context.
planning: Bad strategy, wrong decomposition, constraint
ignorance, or impossible action.
tool_selection: Chose the wrong tool or function for
the task.
- tool_arguments: Correct tool, wrong parameters or
malformed call.
- tool_interpretation: Misread, ignored, or
misinterpreted tool output.
- code: Bug in generated code (syntax, logic, algorithm).
memory: Failed to use available context, contradicted
prior findings, or forgot results.
verification: Didn't validate intermediate results or
accepted clearly wrong output.
communication: Agent miscommunication, unclear
delegation, or misunderstood handoff.
premature_conclusion: Terminated or answered too early
without sufficient evidence.

Hypothesis prompt (continued)

- format: Malformed output structure, empty response,
wrong output schema, or truncated output.

Each category implies a different fix. Choose the
category that best describes the ROOT CAUSE:
- Information available, correct premises, wrong
conclusion -> faulty_reasoning
- Agent asserted something that appears nowhere in the
trace -> hallucination
The approach/strategy is wrong (not the execution) ->
planning
A different tool should have been used entirely ->
tool_selection
The right tool was used with wrong parameters ->
tool_arguments
- Tool returned correct data but agent misinterpreted ->
tool_interpretation
- The step contains executable code that is incorrect ->
code
Info established earlier but not used or contradicted
-> memory
Agent should have validated but didn't -> verification
The message between agents is the problem ->
communication
The agent declared done when it wasn't ->
premature_conclusion
- The output structure is malformed or wrong schema ->
format

Tie-breaking rules:

- If a step's factual content (numbers, prices, lists) is
entirely wrong but the framing is correct, prefer
hallucination or format over faulty_reasoning.

- If the target is a tool_call / code-producing step and
the bug is in query logic, endpoint choice,
filters, pagination, or executable logic, prefer
tool_arguments or code over verification. Reserve
verification for cases where the action is
otherwise reasonable but the step fails to check
completeness or correctness before trusting a
result.

- If the target is an observed tool_result (e.g.,
exitcode/stdout output or webpage output), do NOT
call it “code™ unless the executable code itself
appears in this step. Prefer tool_interpretation
only when the mistake is in reading the observed
output; otherwise place the bug on the earlier
tool/action step.

Respond in this exact JSON format and nothing else:

{

"taxonomy"”: "<one of the listed categories>",
"rationale”: "<1-2 sentence explanation of the error>",
"predicted_local_effect”: "<1 sentence: the specific

immediate consequence if this step were corrected>"

The patch call receives the normalized trace, the
target step in context, the inferred taxonomy, the
allowed operator set for that taxonomy class, and
(on retry) the prior validator’s failure reason. The
operator-description block enforces that each oper-
ator means a specific kind of local edit:

Operator descriptions (patch call)

CORRECT_REASONING: Rewrite the logical chain with correct
inference while preserving grounded premises.
REPLACE_PLAN: Replace the strategy or decomposition only
when the plan is wrong or missing a concrete

constraint.
FIX_TOOL_CALL: Fix a local tool, command, function, or
argument when the call itself is wrong.
FIX_INTERPRETATION: Correct how observed output or tool
results are interpreted without inventing unseen
results.




Operator descriptions (patch call) (continued)

FIX_CODE: Fix executable code (syntax, logic, algorithm,
imports) while preserving non-code text.

ADD_VERIFICATION: Insert a concrete validation step that
would catch the local error before proceeding.

INJECT_CONTEXT: Add missing context available earlier in
the trace, or replace unsupported claims with
grounded prefix context.

CORRECT_CONCLUSION: Fix the step's bottom-line answer or
delegation message while preserving grounded
reasoning.

REPLACE_OUTPUT: Replace substantive content when wrong,
keeping the repair local and role-consistent.
ABSTRACT_REPAIR: Produce an honest schematic repair when
no grounded verbatim patch can be materialized

without inventing unseen results.

OTHER: Use only if no standard operator fits cleanly. Do
not use OTHER to justify hindsight editing.

The patch call’s full constraint block follows.

The block is identical across taxonomy classes;
only the OPERATOR GUIDANCE substitution changes
based on the inferred class.

Patch prompt body

## Your role

You are generating a local patch for one step in the
failed multi-agent trace. Your job is to generate a
local patch, not to solve the original task. Do NOT
answer the original task question, even if it
appears simple or directive.

OPERATOR GUIDANCE:

For error type '{taxonomy}', start with
{primary_operator} if it fits. Also reasonable:
{additional_valid_ops}. Use OTHER only if none of
the listed operators fits the local repair.

CONSTRAINTS:

- Return JSON only; do not return an empty response.

- The patch must stay local to THIS step and preserve as

much unchanged text as possible.

Use only information available up to and including this

step.

The patch must be role-consistent for the target agent

and chronologically honest.

- Tool names cannot be changed for FIX_TOOL_CALL unless
the error type is tool_selection.

- Do NOT patch runner or harness boilerplate (e.g., "No
agent selected”, "SCENARIO.PY COMPLETE").

- Do NOT change the task itself. Preserve entities,
dates, versions, URLs, requested outputs, and
numeric constraints unless the trace context
directly shows they are wrong.

- If you change a number, named entity, URL, or factual
claim, it must be justified by prefix evidence
rather than a guess.

- Do NOT invent unseen website contents, tool outputs,
API responses, execution results, or downstream
discoveries.

- If the exact corrected content is underdetermined from
the prefix, make the smallest honest local repair
and use OTHER if needed.

STEP-SPECIFIC GUIDANCE: (inserted conditionally on
role/family/kind, e.g.:)

- Do NOT use REPLACE_PLAN unless this step is genuinely
an explicit strategy or plan block.

- This candidate was screened as a tool/code action.
Prefer direct local fixes to the call, command, or
code rather than rewriting surrounding planning
text.

Patch prompt body (continued)

IMPORTANT:

- Prefer a precise local edit over a full rewrite.

- Do NOT rephrase or rewrite unchanged content. Only
modify the specific part that is incorrect.

- Keep all other text exactly as-is.

- Your rationale should explain why this patch could
improve answer recovery without relying on
hindsight.

The output schema is:

Patch call output schema

"operator”: "<one of allowed operators>",
"target_step_id": <int>,

"original_content”: "<original step text>",
"patched_content”: "<corrected step text>",
"repair_intent”: "<1 sentence>",
"supporting_evidence”: ["<short prefix fact>", ...1],
"rationale”: "<brief explanation>"

A.4 Replay evaluation prompt

Replay uses one evaluator call for the original step
and one for its patch, under a single perspective
from Table 5. Each call presents context through
the candidate checkpoint and asks the evaluator to
estimate eventual task success. The baseline con-
text retains the original candidate step; the patched
context substitutes its repair, with all preceding
steps unchanged. Abstract repairs are marked as
hypothetical corrective sketches and include a short
summary of the original step.

Replay prompt (perspective variant)

## Task

{question}

# In pipeline runs (Triage attribution, LLM-as-judge
baseline), the optional groundtruth_answer slot is
unset, so the evaluator never sees the gold answer;
see Appendix A header.

## Visible trace
{conversation_through_checkpoint}

## Step under evaluation (Step k)
{step_text} // original OR patched

## Your role as evaluator
{perspective_preamble}
{perspective_body}

Rate your confidence that the trajectory from this step
leads to a successful completion of the task above.

Respond with JSON:
{"score”: 0.0 to 1.0, "reasoning”: "brief explanation”}

The resulting uplift multiplier is R(i) = 1 +
max(0,p — po). Appendix C.4 explains the
promotion-only design.

The ten perspectives are listed in Table 5. Each
uses a different preamble and rubric with the same



task description, trace context, and step under eval-
uation. The pipeline does not supply the evaluator
with the ground-truth answer.

id Perspective Rubric focus

0 Factual
correctness

Is content supported by the

preceding trace or grounded

sources?

1 Downstream How likely is the trace to recover
trajectory the correct answer?

2 Task advancement Does the step advance the task, or

stall / regress?

Does the step propagate or correct

upstream errors?

Is the inferential chain valid under

available premises?

Are tool selection, call signature,

and result use appropriate?

Is enough grounded information

3 Error propagation

4 Reasoning
validity

5 Tool-use quality

6 Information

sufficiency present to proceed?

7 Alternative Does it miss a clearly better,
assessment reasonable action?

8 Critical error How severe and recoverable are the
detection step’s errors?

9 Holistic trajectory Whole-trajectory composite of
quality recovery likelihood.

Table 5: The ten replay perspectives. TRIAGE uses
critical error detection.

A.5 LLMe-as-judge baseline prompt

The single-call LLM-as-judge baseline (Figure 2,
Table 13) receives the same normalized task and
trace as suspicion scoring. It asks for an ordered
list of candidate error steps, enabling top-K com-
parison with TRIAGE. The target list length is
min(10, |7]), where |7| is the number of normal-
ized steps; the excerpt below shows the instruction
for a target of 10.

LLM-as-judge prompt (instruction block)

## Your role

You are an expert debugger analysing the multi-agent
conversation above, which FAILED to solve the task.
Your job is to identify the steps most likely to be
the decisive error: the step whose correction would
flip the trace from failure to success.

## What to look for

- A step where an agent makes a factual error, uses a
wrong tool argument, misinterprets a result, or
chooses a bad strategy.

- Focus on the EARLIEST mistake that caused later
failures (root cause), not on downstream symptoms.

- "tool_result” steps are outputs from tools; the mistake
is usually in the preceding tool_call or reasoning
step.

- "termination” steps are almost never the root cause.

LLM-as-judge prompt (instruction block) (continued)

## Instructions

1. List the 10 steps most likely to be the decisive
error, ordered from MOST likely (first) to LEAST
likely (last). Your list MUST contain EXACTLY 10
step IDs; include weaker candidates at the end of
the list rather than truncating early.

2. Use only step_ids that appear in the trace above; do
not repeat IDs.

3. Output the result on the LAST line, in EXACTLY this
format:

RANKED: [step_id_1, step_id_2, ...]

The baseline uses the same Kimi K2.5 model
as TRIAGE'’s suspicion stage. Of 178 evaluable
Who&When traces, 175 yielded usable rankings
(the remaining 3 counted as misses against n=184).
On TRAIL, 132 of 148 traces yielded usable rank-
ings (16 misses against n=148, concentrated on
long GAIA traces where the LLM truncated the
response).

B Structural Impact Graph

B.1 Anchors and edge sensitivity

For each candidate i, we select previously unse-
lected downstream anchors A(¢) in this order: the
next non-tool response from another agent, next
tool action, next tool interpretation, next plan, last
termination step, and last non-termination conclu-
sion or factual assertion. We then scan remaining
tool-interpretation or conclusion steps chronologi-
cally, adding those at or above the trace-wide 70th-
percentile suspicion threshold. Eligible anchors ex-
clude human-authored steps and TRAIL container
spans. We deduplicate by step ID and retain at
most six anchors in selection order. If no listed
type is found, we use the next eligible step; if no el-
igible downstream step exists, we use a self-anchor,
A(i) = {i} with s;; = 1. For each non-self anchor
J € A(i), edge sensitivity is

sij = clipp (dij (fij + Blo@y=s()) » ()

where the logarithmic distance decay is

1
C 1+log(l+ 15 —i])

The step-family pair weight is f;; (Table 6), and
£ = 0.3 is a heuristic boost for steps produced by
the same agent.

B.2 Criticality and aggregation

Each anchor j receives

¢j = clipgg 5 (¢ (1 4+ max{0, p(7)}) ) , (9



where c;.y P€ is a base weight by step family (Ta-

ble 7). Termination anchors use a base weight
of 1.0 regardless of inferred family. All anchors
receive the suspicion multiplier and the 1.5 cap,
giving greater weight to propagation through suspi-
cious downstream steps.

The aggregated graph score is

. : 1
Igraph(z) = Chp[o,l} m Z SijCj | >
j€A(L)

mixed with the position prior as

11—«
144"

I(i) = algraph (i) +

The position-mix coefficient is a = 0.7.  All
constants and weights below were set by hand on
Who&When and held fixed for TRAIL.

target \ anchor T-act T-int Plan Concl. Fact.

Tool-action - 09 - 0.6 05
Tool-interp. 05 - - 0.7 0.6
Plan 08 05 - 06 05
Factual 05 - - 0.7 05
Delegation 0.6 - - 0.5 0.6
Other - - - 05 05

Table 6: Step-family pair weights f;; for selected anchor
types. A dash denotes the default weight, 0.4, which
also applies to unlisted pairs. T-act = tool action, T-int
= tool interpretation.

Family c"P®  Family ctpe
Conclusion 0.9  Tool-action 0.6
Tool-interp. 0.7  Factual 0.6
Plan 0.7  Delegation 0.5
Other 0.5  Termination 1.0

Table 7: Base criticality weights c%P®, before applying
the suspicion multiplier and cap. Termination overrides
the inferred family with a base weight of 1.0.

C Repair Generation

C.1 Error taxonomy and patch operators

TRIAGE’s patch generation uses a hand-designed
taxonomy covering failure modes observed in
MAST-Data (Cemri et al., 2025) and Who&When
traces, with a residual unknown category for steps
the classifier cannot place. A patch operator spec-
ifies an edit type, such as correcting reasoning or
fixing a tool call; valid operators are those allowed
for the diagnosed error category. Each of the 13
categories maps to a primary patch operator and,

where appropriate, additional valid operators (Ta-
ble 8). The hypothesis call selects the error cate-
gory; the patch call then selects an operator allowed
for that category, or OTHER. This separates error di-
agnosis from repair generation and constrains the
proposed edit to the diagnosed error type.

Error category Primary operator (also valid)

Faulty reasoning  Correct reasoning (Correct
conclusion)

Inject context (Correct reasoning,
Replace output)

Replace plan (Correct reasoning)
Fix tool call (Replace plan)

Fix tool call

Fix interpretation (Correct

Hallucination

Planning failure
Tool selection
Tool arguments
Tool interpretation

conclusion)
Code error Fix code
Memory / context  Inject context (Correct reasoning)
Missing Add verification (Inject context)
verification
Communication Correct conclusion (Inject context)
error
Premature Correct conclusion (Add verification)
conclusion
Format error Replace output (Correct conclusion)
Unknown Correct reasoning

Table 8: 13 error categories with primary patch operator
and additional valid operators. The hypothesis call in-
fers the category; the patch call selects from the allowed
operator set.

Table 9 shows the empirical class and operator
distribution over the 530 patches generated for the

headline Who&When run.

Taxonomy class N Operator N
Planning 132 Correct reasoning 115
Hallucination 95 Abstract repair 109
Code 59 Replace output 62
Faulty reasoning 55 Replace plan 53
Tool interpretation 39 Fix code 52
Tool arguments 33 Fix tool call 34
Verification 31 Correct conclusion 29
Premature conclusion 28 Fix interpretation 28
Tool selection 20 Inject context 25
Communication 18 Add verification 15
Memory 11  Other 8
Format 9

Total 530 Total 530

Table 9: Hypothesis-class and operator distributions
over 530 patches (178-trace Who&When run). Abstract
repair is the rule-based fallback.

C.2 Grounded vs. abstract repairs

A grounded repair rewrites the step’s content with
a minimal, near-verbatim fix (e.g., a one-token cor-
rection in a code block, a corrected pronoun in a
translation). Some steps, most often web-browsing



observations whose content depends on live search
results, cannot be faithfully rewritten without fab-
ricating unseen output. For these, we fall back to
an abstract repair: a schematic description of the
intended change (e.g., “replace the search-result
URL with the DOI link™). We use abstract repairs
when no grounded operator applies and identify
them as sketches during evaluation.

C.3 Patch checks and fallback rules

Generated patches are checked against per-operator
normalized edit-distance caps (Table 10). We di-
vide the character-level Levenshtein distance by
the longer of the original and patched text lengths.
Patches above the cap are rejected and regenerated
with feedback, with up to two retries per candi-
date. Validators also check role consistency (an
Orchestrator step must remain a delegation or plan;
a tool-call step must remain a tool-call), the re-
quired output format for structured steps, and signs
of fabricated tool results. Patches failing all re-
tries are marked unpatched, are not replayed, and
contribute R(7) = 1.

Operator Cap Operator Cap
Correct reasoning 0.65 Add verification  0.60
Replace plan 0.75 Inject context 0.60
Fix tool call 0.60 Correct conclusion 0.60

Fix interpretation 0.65
Fix code 0.75

Replace output 0.70
Abstract repair 1.00

Table 10: Per-operator caps on normalized Levenshtein
edit distance.

C.4 Promotion-only replay design

The replay multiplier
R(i) = 1+ max{0,p(i) — po(i)}

lies in [1, 2] for replayed candidates and equals 1
otherwise. A non-positive simulated uplift leaves
the candidate at its p - I baseline.

Rationale. A patched success estimate p may fail
to exceed pg because the candidate is not a useful
intervention target, the patch is incomplete, or the
evaluator is insensitive to the change. A negative
difference therefore cannot reliably distinguish a
poor candidate from a poor patch or evaluation.

About 21% of repairs are abstract fallbacks (Ta-
ble 9), which specify an intended change rather
than a grounded rewrite. Even grounded patches
may not receive positive simulated uplift. The floor
retains these candidates for inspection when replay
supplies no positive evidence.

D TriageBench Construction

D.1 Candidate pool construction

For each of 177 Who&When traces (both AG and
HC subsets), we form a candidate pool of up to 8
steps from the normalized trace, always retaining
the human-annotated decisive-error step (mean 6.7
candidates per trace, 1,184 total). Eligible steps are
selected by content-bearing, causal-relevance, and
executability filters. Short traces retain all eligible
steps; larger pools are capped at eight candidates.
The original decisive-error step is retained even if
it fails these filters.

D.2 Pairwise annotation and Bradley-Terry
aggregation

Each council member receives trace context and
the ground-truth answer. Judges separately assess
each candidate’s plausibility (yes / no / uncertain)
and answer-recovery potential (high / medium /low
/ none / uncertain), with a rationale. A pair con-
sists of two candidate steps from the same trace:
the judge compares the potential effect of locally
correcting one versus the other. For each pair,
the judge returns A_strong, A, tie, B, B_strong,
or insufficient_evidence, with a brief ratio-
nale. Each pair is presented twice, swapping which
candidate is labeled A and shown first. Votes
are mapped back to the original candidate IDs; a
judge’s conflicting preferences across the two or-
ders are excluded, while a single available order is
retained. A tie expresses similar expected effect;
insufficient_evidence is an abstention.

Pairwise votes are aggregated via the Davidson
model (Davidson, 1970), a Bradley—Terry exten-
sion with an explicit tie parameter v. We fit the
model by maximum a posteriori (MAP) estimation
with unit-scale Gaussian priors on the sum-to-zero
candidate strengths and the log tie parameter. Con-
sensus strengths are the MAP estimates; intervals
and top-1 probabilities use 2,000 draws from a
Laplace approximation to the posterior. Candidates
rejected by the plausibility consensus are excluded
from the fit and placed after the fitted candidates
in the ranking; their BT scores are null. A top-1
posterior probability measures uncertainty about
the leading candidate under this preference model,
not the probability that its repair succeeds.

D.3 Council prompt

Each council member receives trace context, the
candidate pool, the ground-truth expected answer,



and the pairwise instruction below. The crite-
rion is which local repair would most plausibly
increase the probability of recovering the correct
final answer. The prompt distinguishes this from
root-cause or earliest-error identification and pro-
hibits positional preference without a downstream-
recovery justification. The required bias_check
field asks the annotator to declare whether step
position, length, or type influenced the verdict.

Council prompt (excerpt)

You are annotating a repair-priority benchmark for failed
multi-agent traces.

Your job is not to identify the root cause, assign blame,
or guess what the original system predicted. Your
job is to judge which single local repair would
most plausibly increase the probability of
recovering the known correct answer.

## Pairwise scale (5 points + abstain)

- A_strong: A clearly stronger by expected answer-recovery

- A: A somewhat stronger

tie: similar expected effect (including both near zero)

B: B somewhat stronger

B_strong: B clearly stronger

insufficient_evidence: packet does not support a
reliable comparison

## Important rules

- Do not infer from hidden metadata.

- Do not rank by root cause, blame, or earliest error.

- Do not reward earlier position unless it clearly
changes more of the future trajectory.

- Do not let step length or verbosity influence the
judgment.

- Do not automatically down-rank routing, delegation, or
orchestration steps.

- Root cause and best repair target may differ

- In bias_check, explicitly say whether step position,
length, or type affected your choice.

## Output (JSON)
Return one JSON object only:
{
"analysis": {
"candidate_a_effect”: "...",
"candidate_b_effect”: "...",

"bias_check”: "..."
3
"winner”: "A_strong | A | tie | B | B_strong |
insufficient_evidence”,
"confidence”: "low | medium | high”,

"needs_adjudication”: false,
"short_rationale”: "

}

All candidate pairs within each trace are com-
pared. Judges do not see prior verdicts on other
pairs.

D.4 Agreement and posterior diagnostics

Diagnostics (Table 11) are computed over the
supplementary TriageBench traces (n=177 traces,
mean 6.7 candidates per trace; 3,629 canonical
pairwise comparisons). Pairwise winner agreement
reaches Fleiss k = 0.646 (substantial) and Krip-
pendorff o = 0.594; the 5-point ordinal « is 0.676.
These council agreement coefficients are not di-

rectly comparable to Who&When’s 9.1 to 50%
disagreement on uncertain cases.

Quantity Value
Per-trace BT strengths and posterior uncertainty

BT-score variance, mean / med. 1.221/1.248
BT-score variance, p25 / p75 0.845/1.524
BT spread (max — min), mean / med. 2.948 /3.049
BT spread, p25 / p75 2.370/3.561
Top-1 posterior prob., mean 0.795
Top-1 posterior prob., median 0.837

Traces with top-1 post. > 0.50
Traces with top-1 post. > 0.70
Traces with top-1 post. > 0.90

158 of 170 (92.9%)
118 of 170 (69.4%)
68 of 170 (40.0%)

Three-way council pairwise verdicts

Cohen x, GPT vs. Opus (3-cls) 0.638
Cohen x, GPT vs. Grok (3-cls) 0.531
Cohen &, Opus vs. Grok (3-cls) 0.599
QWK, GPT vs. Opus (5-pt) 0.721
QWK, GPT vs. Grok (5-pt) 0.625
QWK, Opus vs. Grok (5-pt) 0.690
Fleiss x, 3 raters (3-cls) 0.646
Unanimous (complete cases) 1,228 of 1,658

(74.1%)

Table 11: TriageBench strength, posterior, and inter-
annotator diagnostics. Council: GPT-5.4, Claude
Opus 4.6, Grok 4.20. Strength and posterior rows use
n=170 (traces with > 2 fitted candidates; 7 of 177
excluded). Variance and spread summarize candidate
MAP strengths within each trace. The 3-class scale is
A / tie / B, collapsing preference strength. Complete
cases require usable votes from all three judges. QWK
= quadratic-weighted Cohen ~ on the 5-point pairwise
scale.

Across the 170 eligible traces, the BT posterior
is concentrated: 92.9% have a single candidate car-
rying > 50% of top-1 mass, and 40% have > 90%
on a single step, indicating that the fitted prefer-
ence model often distinguishes a leading candi-
date. Quadratic-weighted 5-point « values (0.625
to 0.721) summarize agreement on the ordinal pair-
wise scale. Pairwise winner agreement is strongest
between GPT-5.4 and Claude Opus 4.6 (k=0.638)
and lowest with Grok 4.20.

Per-LLM agreement with the human gold. In-
ferring each council member’s top-1 from its
own pairwise votes (most pairwise wins), per-
LLM agreement with the Who&When human-
annotated decisive step is 29.9% (GPT-5.4), 44.6%
(Claude Opus 4.6), and 41.5% (Grok 4.20); the
BT-aggregated council top-1 reaches 40.7%. Even
though the three LLMs agree on the preferred can-
didate or on a tie in 74.1% of complete three-judge
comparisons, they collectively disagree with the
human gold on ~ 60% of traces. The agent-level
agreement is uniformly higher: the council BT



top-1 agent matches the human-annotated faulty
agent in 58.2% of traces, +18 pp over step-level.
Where the council disagrees on the step, it picks a
later step than the human in 59% of disagreements
(mean offset +2.14 steps, median +1), shifting the
normalized trace position from human-median 0.30
to council-median 0.40. Plausibility “yes” rates per
annotator are 65.6% (GPT-5.4), 72.9% (Opus 4.6),
and 62.5% (Grok 4.20), so roughly two-thirds of
the candidate steps are individually judged viable
repair targets by each LLM. At the trace level, 174
of 177 traces (98.3%) are tagged “‘single-step in-
tervention priority but not a clean decisive error”;
only 3 are “single-step decisive error.”

Council vs. human top-K coverage. Within the
council’s candidate pools, the BT top-1 matches
the human-annotated step in 40.7% of traces, and
the human step appears within the top-3 in 68.9%
and top-5 in 84.2%. Each pool contains the human-
annotated step, so first-choice disagreement is not
caused by its exclusion. The top-3 and top-5 results
describe its position within this restricted pool.

D.S TRIAGE comparison

First-choice agreement. We compare the saved
Kimi top-1 predictions underlying Table 1 with the
published TriageBench council top-1 steps. All 177
benchmark traces match prediction records by ex-
act trace ID, retaining the AG/HC subset suffix, and
their original decisive-error step IDs agree. We use
the saved predictions without restricting or rerank-
ing them to the council’s pool. Of these traces,
136 have a prediction inside the pool, 40 have a
prediction outside it, and one has no prediction.
We count the missing prediction as a non-match:
agreement is 58 of 177 (32.8%) overall and 58 of
136 (42.6%) conditional on the prediction being in
the pool. This statistic measures agreement of first
choices, not executed repair success. The original
42.4% localization result remains 78 of 184 against
Who&When'’s labels; the council comparison uses
a different target and trace set.

Rank correlation. We reconstruct the pre-
replay priority p(i)I(i) from saved suspicion and
structural-impact values in the same Kimi run, us-
ing the recorded position mixture and Igrapn = 0
for candidates outside the impact gate, as in the
saved implementation. Scores are available for
1,124 of the 1,184 council candidates (94.9%);
862 of these also have finite council Bradley—Terry
scores. We compute Spearman correlation within

each trace on the paired scores, assigning average
ranks to ties, then average across the 168 traces
with defined correlations. Eight traces have fewer
than two paired scores and one has constant coun-
cil scores; these are excluded. Missing council
scores are not treated as zero. The mean correla-
tion is 0.271 (95% CI: [0.190, 0.352], from 10,000
trace-bootstrap resamples). This interval reflects
variation across traces, with the council estimates
held fixed. Excluding the single trace with a recov-
ered final prediction gives 0.275 across 167 traces,
leaving the association essentially unchanged. This
analysis concerns the pre-replay priority score over
shared candidates; it does not evaluate the final
repair shortlist or executed recovery.

E Additional Experiments
E.1 Evaluable subset

Main-body localization rates use the full bench-
mark denominators (n=184 Who&When, n=148
TRAIL), counting unavailable predictions as
misses. The Who&When formula ablation uses
176 retained traces with an annotated error in the
candidate pool. TRAIL formula analyses use the
144 retained traces with gold-label rows. These sub-
sets differ from the trace sets used for patch plau-
sibility, which does not require an error-location
label.

E.2 Random and formula baselines

We compare TRIAGE with random selection to test
whether its ranking places annotated errors earlier
in the list (Table 12), and with simpler scoring func-
tions to examine the contribution of each ranking
component (Table 15).

K Random TRIAGE A
Who&When (n=184, single error per trace)

1 9.2 42.4 +33.2
3 28.0 64.1 +36.1
5 46.4 73.9 +27.5
10 71.7 83.2 +5.5
TRAIL (n=148, ~5.7 errors per trace)

1 14.0 56.8 +42.8
3 37.5 71.7 +40.2
5 55.0 84.5 +29.5
10 82.6 93.2 +10.6

Table 12: Random top-K vs. TRIAGE (Kimi K2.5)
recall (%). Random samples K steps uniformly from
the normalized trace.

Random top-K (Table 12). The random base-
line samples K steps uniformly without replace-



ment from the entire normalized trace and counts a
hit if any sample matches an annotated error. We
use Monte Carlo with 200 seeds per trace.

E.3 p-only suspicion ablation

The p-only row in Table 13 ranks steps using sus-
picion scores, without structural impact I or replay
R. Relative to this row, adding structural impact
gains +0.6pp top-1 on Who&When and +2.1pp
on TRAIL; changes at intermediate K are small
and do not consistently favor pI.

Method

Who&When (n=184)

LLM-judge (target 10) 39.7 63.0 723  79.9
p-only 418 652 745 826
TRIAGE (pI) 424 641 739 832

TRAIL (n=148, any-error hit)

LLM-judge (target 10) 52.0 70.3 750 804
p-only 547 784 845 912
TRIAGE (pI) 56.8 777 845 93.2

K=1 K=3 K=5 K=10

E.5 Formula ablation

Who&When. Table 15 reports the formula abla-
tion on the Who&When evaluable subset (n=176).
All rows rerank the same candidates; only the rank-
ing formula changes.

p-only top-5 (77.8%) marginally exceeds p - |
top-5 (77.3%); the gains from p - I over p-only
are concentrated in W £ 2 (+0.6 pp) and MRR
(4+0.010), with NDCG@3 essentially tied.

Formula Tl W2 T5 MRR N@3
Position () 119 369 59.7 .336 .282
Suspicion (p) 438 642 77.8 576 .574
TP 39.8 614 76.1 .563 .567
P Igrapn 432 63.6 75.0 .577 .561
p- 1 443 648 77.3 .586 .575

Table 15: Formula ablation on the Who&When evalu-
able subset (n=176). T1, W2, T5, N@3 = Top-1, W2,
Top-5, NDCG@3. Best per column bold; second-best
underlined.

Table 13: LLM-as-judge vs. p-only vs. TRIAGE on
Who&When and TRAIL top-K recall (%). target =
10 is a single-call ranked list capped at 10; p-only is
TRIAGE’s suspicion stage in isolation.

E.4 Paired bootstrap confidence intervals

For each (dataset, K') comparison, we draw 10,000
paired bootstrap resamples (same indices for both
methods) and report the mean delta with 95% per-
centile CI and two-sided p-value. Table 14 com-
pares the rankings in Figure 2 on traces with re-
tained gold labels (n=178 W&W, n=144 TRAIL),
counting missing predictions as misses. On TRAIL,
TRIAGE’s top-3/5/10 advantages are statistically
significant (p = 0.049, p = 0.009, and p <
0.001); top-1 is not significant (p=0.169). On
Who&When, no K shows a statistically significant
gap (p>0.18 across all K).

K App) 95%CI P
Who&When (n=178 paired, single-error hit)
1 +2.8 [-2.2, +7.9] 0.339
3 +1.1 [-4.5, +6.7] 0.773
5 +1.7 [-3.4, +6.8] 0.595
10 +3.4 [-1.1, 4+7.9] 0.189
TRAIL (n=144, any-error hit)

1 +4.9 [-1.4, +11.1] 0.169
3 +7.6 [+0.7, +14.6] 0.049
5 +9.7 [+2.8, +17.4] 0.009
10 +13.2 [+6.9, +19.4] < 0.001

Table 14: Paired bootstrap (10K resamples) for TRIAGE
minus target = 10 LLM-as-judge top-K recall. Positive
A favors TRIAGE. CIs are percentile (2.5th, 97.5th);
p-values are two-sided.

Formula T1T T3 T5 TI10 MRR
Position (1) 0.7 67.4 757 91.0 .341
Suspicion (p) 56.2 80.6 86.8 93.8 .694
T p 52.8 79.2 815 91.0 .671

P+ Igrapn 59.0 792 882 96.5 .712
p-I(TRIAGE) 583 79.9 86.8 958 .708

Table 16: Formula ablation on the TRAIL evaluable
subset (n=144, any-error hit). Best per column bold;
second-best underlined.

TRAIL. Table 16 extends the ablation to TRAIL
(n=144 evaluable subset). On multi-error TRAIL,
P Lgraph (n0 position mix) edges p- Imix (TRIAGE
headline) by +0.7pp at K=1 and K=10; we re-
tain the mix for cross-dataset consistency with
Who&When, where mixing in 7 adds +1.1pp top-
1. The body reports these numbers at the full
n=148 denominator (counting four traces without
retained gold labels as misses): 54.7/78.4/84.5/91.2
for p-only, 56.8/77.7/84.5/93.2 for TRIAGE.

Uniform-weight ablation. We recompute g apn
on Who&When (n=178) with the family-pair
weights (f;;, Table 6) and per-family criticality
(c%Pe, Table 7) set to 0.5, the same-agent boost
set to 0, and termination criticality set to 0.5
(anchor selection and distance decay unchanged).
Hand-tuned weights gain +1.1pp T1 over uniform
weights (Table 17), while the other reported metrics
show small, mixed differences. This comparison
provides limited evidence for the particular weight
choices.



Variant T1 T3 T5 TI10 W2
p-only 433 674 77.0 854 63.5
p - I (uniform) 427 669 77.5 86.0 629
p - I (hand-tuned) 43.8 66.3 764 86.0 64.0

Table 17: Uniform-weight ablation on Who&When
(n=178). TK = Top-K step accuracy (%); W=£2 =
within-2 accuracy.

F Cost Decomposition

Table 18 decomposes the Kimi K2.5 Who&When
run by pipeline stage. With M =3, one suspicion
pass, two patch-generation calls per candidate, and
two replay calls per candidate require 13 calls per
trace before retries; the P=5 configuration requires
17. The table includes recorded requests and repair
attempts, so its total need not equal this nominal
budget. Suspicion accounts for an estimated 44.1%
of total cost; patch hypothesis and generation to-
gether account for 34.0%. The run records 534
baseline and 530 patched replay requests (1,064 in
total).

Stage Calls Intok Out tok % cost
Normalize 0 0 0 0.0
Suspicion 890 7.700M 0.890M  44.1
Impact graph 0 0 0 0.0
Patch hypoth. 531 4.711M 0.080M  11.2
Patch gen. + repair 980 7.720M 0.720M  22.8
Baseline replay 534 4.249M 0.119M 114
Patched replay 530 4.023M 0.108M  10.5
Total 3,465 28.403M 1.917M 100.0

Table 18: Estimated cost decomposition for Kimi K2.5
on Who&When (n=178, ~$15.53 total). Rates per
million tokens: $0.60 uncached input, $0.15 cached
input, $2.50 output. Suspicion uses the retained token
estimate without a cache discount; missing replay usage
uses stage means.

G Human + LLM-Panel Patch Rating
Study

Motivation. Localization accuracy does not di-
rectly measure the usefulness of generated repairs.
We complement it with a separate rating study of
diagnostic outputs.

Study design. The study retains the ranked candi-
dates and repairs from an earlier diagnostic config-
uration. Sample selection, rating questions, and
the analysis plan were fixed before rating. (1)
Sample: all 326 traces in the full validation pool,
covering Who&When AG (n=123), Who&When
HC (n=55), TRAIL GAIA (n=117), and TRAIL

SWE-Bench (n=31), comprising every trace for
which TRIAGE produced at least one top-M can-
didate. The pool contains 977 candidates across
326 traces. (2) Questions: For each candidate, Q1
step plausibility “Is this step a reasonable cause
of the failure (would a practitioner reasonably in-
vestigate it)?” and Q2 patch plausibility “Is the
generated patch a reasonable intervention?”. Both
on a 4-point scale: good / ok / poor / unsure. (3)
Reporting: We report per-rater rating distribu-
tions, per-trace headline rates (top-1 good and top-
3 any-good), per-stratum patch-good-or-ok rates,
and inter-rater Cohen’s x. All ratings are reported,
including negative findings.

Raters. One human rater and three LLM judges
(Claude Opus 4.6, GPT-5.4, Grok 4.20; the same
models as the TriageBench council) rate candidates
on Q1 and Q2 using the same rubric and access to
the gold answer. The human pass took roughly
35 hours over multiple sessions. LLM judges rate
each candidate independently. These are individual
candidate ratings (good / ok / poor / unsure), rather
than pairwise comparisons.

Results. Table 19 reports rating distributions per
rater per question over the available ratings. On
patch plausibility, the human rates 24.4% good
and 78.9% good+ok; the LLM panel ranges from
72.2% (GPT-5.4) to 92.5% (Grok 4.20) at good+ok,
with Grok rating substantially more leniently than
the other judges. Step plausibility ratings are
higher than patch plausibility for every rater (hu-
man 89.6% vs. 78.9% good+ok; LLM panel 83.9
to 94.4% vs. 72.2 t0 92.5%).

Rater Q

Human step 977 38.1 515 9.1 1.3 89.6
Human  patch 977 244 54.6 19.7 14 78.9

Opus 4.6 step 968 43.4 40.5 16.1 0.0 83.9

n good ok poor unsure good+ok

Opus 4.6 patch 968 33.1 40.8 25.9 0.2 73.9
GPT-54 step 977 459 40.8 133 0.0 86.7
GPT-54 patch 977 36.5 35.6 274 0.4 72.2
Grok 4.20 step 977 58.8 356 5.6 0.0 94.4

Grok 4.20 patch 977 73.0 195 7.5 0.0 92.5

Table 19: Per-rater rating distributions (%); n is the
number of rated candidates.



Per-trace headline rates. Table 20 reports per-
trace top-1 and top-3-any rates under both strict
(good only) and lenient (good+ok) thresholds. The
strict human rates are the most conservative head-
line (34.0% top-1, 56.7% top-3-any); the LLM-
panel-majority strict top-1 is 52.1% (at least 2 of 3
judges rating good).

Rater Q n Tlg Tlgio A3, A3g40
Human step 326 60.1 92.6 84.7  98.8
Human patch 326 340 865 56.7 985
Opus patch 323 443 851 69.7 963
GPT patch 326 457 76.7 785 972
Grok patch 326 82.5 957 99.1 100.0

Panel maj. (3) patch 326 52.1 86.2 81.6  99.1

Table 20: Per-trace plausibility rates (%). T1 and A3
denote top-1 and top-3-any; subscripts g and g+o de-
note good and good+ok. n counts rated traces. Panel
majority requires at least two LLM judges to meet the
threshold for the same patch.

Per-stratum patch plausibility. Table 21 reports
per-stratum human rates. SWE-Bench has the low-
est human patch-plausibility rates under each re-
ported threshold.

Stratum n Tlg Tlgio A3, A3g40
W&W AG 123 36.6  87.8 62.6 97.6
W&W HC 55 273 909 52.7 100.0
TRAIL GAIA 117 436 863 64.1 99.1

TRAIL SWE-Bench 31 0.0 742 129 96.8

Table 21: Per-stratum human patch plausibility (%).
Strict (good only, subscript g) and lenient (good+ok,
subscript g+o0); top-1 and top-3-any.

Inter-rater agreement. Table 22 reports Cohen’s
k between the human rater and each LLM judge.
Opus and GPT agree more closely with the human
rater than Grok does. Grok assigns substantially
more patches a good rating (73.0% vs. 24.4% for
the human), illustrating the sensitivity of plausibil-
ity ratings to the choice of judge.

4-class K Binary k

Rater pair step  patch

0.709 0.677
0.706 0.619
0.403 0.137

step  patch

0.630 0.706
0.717 0.703
0.320 0.351

Human vs. Opus
Human vs. GPT
Human vs. Grok

Table 22: Cohen’s x between the human rater and each
LLM judge on the 4-class scale (good/ok/poor/unsure)
and the binary collapse (good+ok vs. poor+unsure).

Scope of the study. The study contains 968 to
977 candidate ratings per question and rater, with
31 to 123 traces per stratum. One human rater
cannot establish broader practitioner agreement,
and the LLM panel provides additional judgments
rather than independent human validation. Access
to the gold answer may also affect plausibility rat-
ings relative to a deployment setting where the
answer is unknown. These ratings assess perceived
plausibility; executed interventions are needed to
establish repair effectiveness.

H Reproducibility

Table 23 lists the exact model IDs. Pipeline settings
and prompts are detailed in Section 5.4 and Appen-
dices A—C; costs are reported in Appendix F. The
TriageBench release includes trace-level rankings
and pairwise judgments.

Provider Model ID

TRIAGE pipeline

Moonshot kimi-k2.5

Anthropic claude-sonnet-4-20250514

Together meta-1lama/Llama-3.
3-70B-Instruct-Turbo

TriageBench council and patch-rating panel
OpenAl  gpt-5.4-2026-03-05
Anthropic claude-opus-4-6

xAl grok-4.20-0309-reasoning

Table 23: Model identifiers.
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