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NC 27411, USA; bascavotto@ncat.edu

Abstract

When an autonomous language-model agent fails after a long run of tool calls, a growing body of
work hands the diagnosis to a large language model (LLM) that reads the trace and names the
responsible step. We ask whether this LLM-as-judge attribution is reliable, and whether it can
separate two different causes, a localized corruption from a single bad input and a distributed
degradation across many steps. Using controlled fault injection across an arithmetic and a non-
arithmetic agent task, four levels of trace completeness, and five judges, we find discrimination is
weak at best. Each judge applies one propensity, blaming the step that produced the result, so its
contamination and drift accuracies become two readouts of one number whose discrimination
margin stays near zero. More of the trace strengthens this default rather than enabling discrimination.
The behavior holds across model families and capability tiers, including two frontier reasoning
models at opposite extremes of one behavioral axis, one fabricating an inconsistency and the other
abstaining. A realistic six-step tool task with additional current-generation models reproduces and
sharpens the finding. We give a single-propensity account of why the two per-class accuracies move
in lockstep, and read the result as a reliability caution for LLM-as-judge attribution.

Keywords: LLM-as-a-judge; failure attribution; LLM agents; evaluation reliability; controlled fault
injection; construct validity; benchmarking

1. Introduction

Autonomous agents built on large language models (LLMs) now execute long trajectories of tool
calls and intermediate decisions, and when they fail the failure is often hard to diagnose. The
execution trace an agent leaves behind is the main record available for reconstructing what went
wrong. Attributing a failure to a cause matters for deciding whether to trust, repair, or retire an agent,
yet a trace rarely reveals on its face which step was decisive. A method that returns a confident but
wrong cause is worse than no method, since it points the fix in the wrong direction.

One response to this problem is gaining ground, using a capable model as a judge that reads the
trace and names the step that caused the failure. The same models that drive agentic systems should
be able to read their traces without a human writing large sets of hand-built rules, and this appeal is
what made LLM-as-judge a standard evaluation tool in the first place [1]. These judges carry
documented biases of their own, such as sensitivity to the order in which candidates appear [2].
Recent work nonetheless builds attributors and benchmarks on exactly this premise, and reports that
current judges localize the causative step poorly, often near chance [3-6]. That work bets that as
models grow stronger and traces grow more complete, the gap will close.

This study tightens the question. Two failures must be treated differently yet can look almost
the same. The first is a localized corruption, in which a single bad value enters at one step and
propagates, which calls for distrusting that source. The second is a distributed degradation, in which
many small errors accumulate with no single decisive step, which calls for distrusting the whole run.
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Telling them apart is not the same as localizing a step, because the two demand different responses.
We measure whether a model judge can make that distinction, and whether giving it more of the
trace helps.

Our method is controlled fault injection, which supplies an exact answer to grade against rather
than a human-annotated guess. We run an agent on two deliberately different tasks, an arithmetic
order-total task and a non-arithmetic majority-vote task, and break each run in a known way, by
poisoning one input, by misdirecting the agent at the start, or by spreading a small perturbation
across many steps. We present the captured trace at four levels of completeness and ask five judges,
spanning four model families and including two frontier models from different labs, to name the
decisive step. Because we injected the fault, we know whether the judge is right.

The judges show little reliable discrimination between the two cause types. Each applies one
fixed move, blame the step that produced the result, which is correct by construction when the cause
is a localized corruption feeding that step and wrong when the cause is distributed. A model’s
accuracy on contamination and its accuracy on drift turn out to be two mechanical readouts of that
single propensity rather than two independent results, and giving the judge more of the trace makes
the propensity more confident, not more discriminating. A prompt that forbids the judge from
recomputing the aggregate removes its false attribution on distributed failures, but the same change
blinds it to the localized one, so the two cannot be fixed together. The pattern survives at the frontier
and across labs. Two frontier models land at opposite extremes of a single behavioral axis, one
fabricating an inconsistency to justify the step it blamed, and even catching its own miscalculation
mid-rationale before blaming the step anyway, the other abstaining whenever the trace looks
internally consistent, which at full detail it does, since the agent processed the corrupted value
correctly. Neither separates a localized corruption from a distributed one at a level that would
support reliable attribution.

The contribution is a reframing supported by measurement. The open problem is not whether
more logging improves attribution, a question the recent literature has crowded, but whether a model
judge can discriminate the structure of a cause at all. We show that across families, capability tiers,
and both frontier labs it does so weakly at best, that the failure reduces to one model-specific axis
from confident fabrication to conservative abstention, and that trace completeness moves a judge
along that axis without granting discrimination. For anyone building or trusting model-as-judge
attribution of agent failures, the practical warning is concrete. A judge’s confidence and its accuracy
on one fault class say nothing about its ability to tell that class from another. Understood as an
evaluation question, this is a reliability assessment of an attribution method before it is trusted to
support a conclusion, and the method does not yet clear that bar. We draw these results from
constructed environments by design, since controlled ground truth requires faults we inject rather
than label after the fact, and the frontier result answers the obvious objection, that this is a limitation
of weaker models, by showing that the strongest models evaluated here fail on the same distinction.
A realistic multi-tool environment added in revision reproduces the failure across six further current-
generation models, where it sharpens into a collapse of contamination localization rather than easing.

2. Related Work

Agents, tools, and benchmarks. Autonomous agents built on the reason-and-act pattern [7] and
equipped with large tool repertoires [8] now execute long, consequential trajectories, and benchmarks
such as WebArena [9], GAIA [10], SWE-bench [11], and AgentBench [12] measure their capability
while surfacing the multi-step failures this work sets out to attribute.

Failure attribution for LLM agents. A fast-moving body of 2025 and 2026 work formalizes
failure attribution for LLM and multi-agent systems and supplies shared benchmarks. Zhang et al.
[3] introduced the Who&When dataset, comprising failure logs from 127 LLM multi-agent systems
with step-level annotations, and reported that the best automated method localized the decisive step
at low accuracy. AgenTracer [13] built annotated failure trajectories through counterfactual replay
and programmed fault injection, and Cemri et al. [4] produced the MAST taxonomy over more than
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1,600 annotated traces. Further benchmarks and localizers followed quickly, among them the human-
annotated TRAIL traces, on which the strongest model scored only 11% [6], spectrum-based
attribution over system logs [14], and causal-graph attribution that converts a flat trajectory into a
structured graph [15]. Closest to the present question, Chen et al. [5] benchmarked attribution under
full versus partial execution observability, establishing that completeness matters while stopping at
that dichotomy. This work overwhelmingly proposes attributors and the data to evaluate them. The
present study instead characterizes a failure mode common to these attributors, the structural
tendency of a model judge to blame the step that produced the result, and the low pinpointing
accuracy these benchmarks report is consistent with that bias.

LLM-as-a-judge reliability. The judges these attributors depend on are themselves the subject
of a fast-growing literature, surveyed by Gu et al. [16]. That work documents how judges deviate
from human preference, through order sensitivity [2], a self-preference for text they find familiar [17],
and a general gap between a judge’s apparent reliability and its validity [18]. These studies ask
whether a judge agrees with human preference and whether it is internally consistent. We ask a
different question, whether a judge can tell one causal structure from another, and we find a
structural blame propensity that agreement and consistency audits do not surface, because it is
correct by construction on one cause type and wrong on the other.

Agent observability and provenance. A parallel line builds the recording infrastructure
attribution consumes. AgentOps [19] offers a lifecycle taxonomy of what to trace, AgentSight [20]
performs boundary tracing from outside the agent at stable system interfaces using eBPF, and
AgentTrace [21] instruments agents with schema-based structured logging. Provenance research
extends to agents through PROV-AGENT [22], which captures agent prompts, responses, and
decisions in end-to-end workflow provenance, and broader treatments establish traceability as a
trustworthy-Al requirement [23,24]. These systems address what can be recorded and where the
recorder sits. Our question is orthogonal. Given a recorder, how much and what must be present for
an attributor to discriminate causes, and we show that beyond a point more capture amplifies a
judge’s default rather than improving discrimination.

Fault localization. The classic software-engineering literature is the methodological ancestor.
Spectrum-based fault localization and its accuracy limits on realistic programs [25,26], trace-based
root-cause localization in distributed systems [27], and studies of what execution logs retain and how
they evolve [28] frame the trade between trace completeness and diagnosability, which we carry into
black-box agents. What none of these supplies, and what we measure, is whether a model judge can
discriminate a localized from a distributed cause, and why it cannot.

3. Materials and Methods

3.1. Overview

We measure whether a model judge can attribute the cause of an agent failure, and how that
ability depends on how much of the execution trace it sees. The paradigm is controlled fault injection.
We run an agent on a task, inject a fault whose true cause we control, capture the full execution trace,
present that trace at varying completeness to an attribution procedure, and grade its localization
against the known ground truth. Because we control the injected fault, we hold an exact answer to
grade against, which human-annotated failure benchmarks generally lack. The measurement harness
and analysis scripts were written with the assistance of a large language model (Claude, Anthropic),
and all code was reviewed and tested by the author.

3.2. Task Environments

We use three task families behind a common interface, so the measurement machinery is
environment-agnostic. The order-total environment asks an agent to compute the total of an order by
looking up a record and summing its line items, generated with five to eight line items and values up
to several hundred, so totals run to the thousands. The consensus environment is non-numeric, where
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the agent reports the majority recommendation among a panel of reviewers. These two are
deliberately different in kind, one arithmetic and one categorical, so a shared finding is not an artifact
of summation, and each is deterministic given a seed and yields fifty distinct instances per condition.

The third environment, vendor-spend, is realistic and procedurally closer to a deployed tool-
agent workflow. The agent identifies the highest-spending vendor in a ledger over six heterogeneous
tool steps, querying the ledger for a period, fetching the raw transactions, aggregating spend per
vendor, ranking, writing the result, and reporting it. The longer and more varied tool chain tests
whether a finding from the two compact tasks survives a trajectory that no longer reduces to a single
arithmetic or categorical operation. Contamination inflates one transaction at the fetch step, so the
localized cause enters at a read far from the reported result. Drift spreads a small increment across
many of the runner-up’s transactions, so it overtakes the leader with no single decisive transaction.
Early error queries the wrong period. This environment is run at two hundred instances per cell, and
its result is in Section 4.8.

3.3. Fault Injection

Each run is broken in one of three ways, chosen so the true cause differs in structure.
Contaminated input poisons a single value the agent reads at a known step, an outlier price or a
flipped decisive reviewer, so the cause is localized and the ground-truth decisive step is the read.
Early error perturbs the early instruction so the agent pursues the wrong target, and the decisive step
is the first. Drift applies a small perturbation across many items so that no single step is decisive, so
the cause is distributed and has no single ground-truth step. Every injected run is paired with a
matched clean run to confirm the injection, not incidental variance, caused the failure. Because the
decisive step for contaminated input is genuinely ambiguous, where the bad value is read at one step
and consumed at the next, each injection carries an explicit set of acceptable steps rather than a single
index, together with a true class label scored separately. The magnitudes are fixed and reported for
reproducibility. Contamination replaces one value with a clear outlier, an order line item set to fifty
times the order’s largest price, a single decisive reviewer flipped in a one-vote majority, or one vendor
transaction inflated to about 1.3 times the leading vendor’s total. Drift applies a small distributed
perturbation, a three percent shift across every order line item, two reviewer flips in a three-vote
margin, or ten percent of the leader’s total spread across the runner-up’s transactions, so no single
change is decisive. For contaminated input the accepted set is the reading step and the step that
consumes the value.

3.4. Trace Completeness

The agent loop records a maximal trace, capturing for each step the prompt, the model response,
the tool call and its full result, the agent’s context and memory state, the external state the tools
exposed, and the model provenance. From this maximal trace we derive four nested completeness
levels by ablation. LO is outputs only. L1 adds tool calls and a debug-grade result summary. L2 adds
the agent’s internal context and memory. L3 adds the full external state and provenance. The design
places the raw per-item data the agent acted on, line-item prices and individual reviewer votes, only
in the external state, so it appears solely at L3, mirroring the gap between what typical agent logs
retain and what causal reconstruction requires.

3.5. Attribution and Scoring

The primary attributor is a model judge. Given a task and a trace at one completeness level, it
names the single decisive step and a root-cause class, using only the information present at that level,
and declines when the information is insufficient. Two judge prompts are compared. The standard
prompt asks the judge to identify the decisive step. The arithmetic-free prompt forbids recomputation
and tells the judge to blame a step only when its recorded input is itself anomalous, otherwise to label
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the cause distributed, which controls for whether the judge’s recomputation, rather than the trace,
drives its attributions. A deterministic numeric-anomaly heuristic serves as a non-model baseline.

We score three quantities separately, where strict step localization requires the predicted step to
equal the recorded decisive step. Tolerant step localization credits any step in the injection’s
acceptable set, or within a small distance of it. For a distributed cause, it also credits either a decline
or a drift label. This results in reporting strict and tolerant together, exposing how much apparent
error is a brittle rubric versus a genuine miss. Root-cause classification is scored against the true class,
separately from localization, because a judge can localize a step while mislabeling its cause. Beyond
accuracy, we read each judge’s per-step prediction distribution directly, since the share of predictions
that blame the result-producing step, measured identically for localized and distributed causes, is
what exposes whether a judge discriminates or applies a single fixed propensity.

3.6. Judges and Statistics

Judges span families and capability tiers, comprising GPT-4.1 (OpenAl), Qwen3-235B-A22B-
Instruct (Alibaba), DeepSeek V3 0324 (DeepSeek), and two frontier reasoning models, GPT 5.5
(OpenAl) and Claude (Anthropic). The realistic-environment experiment of Section 4.8 adds six
current-generation models, Claude, Grok 4.20 (xAl), Gemini 3.5 (Google), Llama 4 (Meta), Mistral
Medium 3.5 (Mistral), and DeepSeek V4 (DeepSeek), each run at two hundred instances per cell. All
are accessed through a single OpenAl-compatible client with structured-output JSON mode to
control the format-failure rate seen on lighter open-weight models, and judge temperature is set to
the lowest available value. Each reported cell aggregates fifty distinct instances, one attribution per
instance, so instances are independent observations and we report Wilson 95% confidence intervals
on each proportion [29]. Format-failure rates are reported per model, and because such failures fall
on all cause types equally, the central comparison of how a model treats contaminated versus
distributed causes is unaffected by them. Beyond per-cell intervals we test the central comparison
inferentially. For each judge we form the two-by-two table of predicted move, blaming the result step
or not, against true cause class, contaminated or distributed, and test their association with Fisher’s
exact test, pool across completeness with a Cochran-Mantel-Haenszel test stratified by level, and
report Cohen’s h as an effect size with a bootstrap 95% interval on the difference in blame rate. The
completeness effect is tested within class as a paired comparison of the blame decision at outputs-
only against full detail, matched by instance, with an exact McNemar test. Fifty instances give a
Wilson half-width near fourteen points on a proportion at one half, and two hundred give near seven,
which sets the precision of each reported cell. We justify the sample by that interval width rather than
a power calculation, since the study estimates behavior rather than testing a single planned
hypothesis, and because we report many cells we read individual significance descriptively and rest
the central claim on the discrimination margin across cells rather than on any one test. Table 1 lists
the judges, providers, call counts, and format-failure rates.

Table 1. To ensure reproducibility and consistent access, all judge models were evaluated at the lowest available
temperature. The total number of calls, N, is the product of the test instances, three fault classes, and four
completeness levels. Unparseable responses were classified as format failures; because these occurred uniformly
across all cause types, they were excluded from the reported data. Vendor-spend judges specify their exact
OpenRouter model slug, whereas compact-task judges use standard model identifiers paired with the precise
snapshot and access route detailed in the released run configuration. Gemini required an expanded output
budget of 8,192 tokens to prevent its reasoning from exhausting the default cap, while all other judges operated
under standard defaults. Because commercial model aliases shift over time, the released configuration

documents the exact API identifier, access route, date, and request parameters for every run.

Label MOdeil, Provider Experiment Date2026 N calls Fmt. fail.
identifier
GPT-4.1 GPT-4.1 OpenAl compact Jun 24 1200 0%
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Claude Claude . o
Sonnet 46 Sonnet 4.6 Anthropic ~ compact Jun 26 1200 0%
GPT 5.5 GPT 5.5 OpenAl compact Jun 26 1200 0%
Qwen3-235B- Qwen3-235B- | . o
ADOB ADIB-Instruct Alibaba compact Jun 25 1200 0%
DeepSeek V3 DeepSeek-V3- o
0324 0324 DeepSeek compact Jun 26 1200 20%
anthropic/cla
1
Claude ude-sonnet- Anthropic ~ vendor-spendJun 27 2400 1%
Sonnet 4.6 46
Grok 4.20 x-ai/grok-4.20 xAl vendor-spend Jun 28 2400 0%
Gemini 3.5  google/gemin o
Flash 3.5 flash Google vendor-spendJul 1 2400 0%
Llama 4 meta-
. llama/llama- Meta vendor-spend Jun 27 2400 0%
Maverick .
4-maverick

Mistral mistralai/mist

. ral-medium- Mistral vendor-spend Jun 28 2400 0%
Medium 3.5 35
DeepSeek V4 deepseek/dee DeepSeek  vendor-spend]Jun 28 2400 17%
Pro pseek-v4-pro

3.7. A single-Propensity Account of the Two Accuracies

The scoring makes the two headline numbers analytically dependent. On a contaminated run
the accepted answer includes the result-producing step, so blaming that step scores correct. On a
distributed run no single step is decisive, so blaming any step scores wrong and only a decline or a
drift label scores correct. Writing p: for the rate at which a judge blames the result step on
contaminated runs and 33 for that rate on distributed runs, tolerant contamination accuracy equalsii;
and tolerant drift accuracy equals 1 33ps, so the two sum to 1 plus a discrimination margin d1= ps 3 ps.
A judge that truly separates the causes drives 6 toward one, blaming the result step on the localized
cause and withholding it on the distributed one. A judge that applies one propensity to both has o
near zero and a sum near one. The margin 0 is thus a single measurable test of discrimination, and
we report it alongside the raw accuracies as the study’s primary outcome, since it collapses the two
per-class accuracies into the one quantity the reliability question turns on.

4. Results
4.1. What the Headline Accuracy Hides

Read as a simple accuracy table, the standard-prompt judge looks like it improves with trace
detail on contaminated input and degrades on drift. With GPT-4.1, contamination localization climbs
from 0 at outputs-only to 100 at full detail (0, 54, 90, 100 in the arithmetic environment; 0, 12, 68, 100
in the consensus environment), while drift collapses over the same range (100, 66, 16, 0 arithmetic;
100, 88, 38, 0 consensus). The early-error case stays pinned at 100 throughout, because the wrong
target shows up in the agent’s own output and needs no deep trace to spot. Those two curves are not
two results. They are one behavior seen twice.

4.2. Discrimination is Weak at Best

The discrimination margin d makes the comparison precise. At full detail it is zero for GPT-4.1,
Claude, and GPT 5.5 in both environments, 0.16 and 0.18 for Qwen and DeepSeek on the arithmetic
task, and at most 0.18 anywhere, against the value near one a reliable attributor would show. Pooled
across completeness with a Cochran-Mantel-Haenszel test, the association between true cause class
and the blamed step is significant in a single cell, GPT 5.5 on the arithmetic task (x>="7.75, p = 0.005),
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marginal for GPT-4.1 there (p = 0.046), and non-significant everywhere else, including every cell in
the consensus environment and both Claude cells. That one clear effect does not replicate across
environments, the bootstrap intervals on d include zero for DeepSeek and for Qwen on consensus,
and effect sizes at full detail are small, with Cohen’s h at most 0.52. The honest reading is not that
discrimination is exactly absent but that it is weak, inconsistent, and far below what an attributor
could be relied on for, and that the dominant behavior is one propensity to blame the result-
producing step applied almost identically to both causes (Figure 2). Because tolerant contamination
accuracy equals that blame rate and tolerant drift accuracy equals one minus it, the two accuracies
move together as completeness deepens, contamination rising and drift falling while their sum holds
near one (Figure 1). Table 2 reports tolerant localization and the margin at full detail for all five judges.

GPT-4.1 Claude GPT 5.5 Qwen3-235B DeepSeek V3

—————y e _-a|
~a- ,A\ / \

0.8

tolerant accuracy

Nl

L] 8% Lz L3 Lo 1 Lz [ERT) L1 L2 [ERT) L1 L2 13 Lo L [+ L3
trace completeness trace completeness trace completeness trace completeness trace completeness

Figure 1. As trace completeness rises from outputs-only (LO) to full detail (L3), contamination accuracy rises and

drift accuracy falls for the blame-prone judges, while their sum stays near one (synthetic task).

synthetic: P(blame result step) at L3 consensus: P(blame result step) at L3 10
GPT-4.1 1.00 1.00 GPT-4.1 1.00 1.00
0.8
Claude 1.00 1.00 Claude 1.00 1.00
0.6
GPT 5.5 0.00 GPT 5.5 0.00
0.4
Qwen3-235B en3-235B
0.2
DeepSeek V3 pSeek V3
0.0
11 contaminated 13 drift 11 contaminated 13 drift
(localized) (distributed) (localized) (distributed)

Figure 2. The rate at which a judge blames the result-producing step is nearly identical for localized (I1) and

distributed (I3) causes within each model, the signature of one propensity rather than discrimination.

Table 2. Tolerant step-localization accuracy (percent) at full trace detail (L3) under the standard prompt, for the
two compact environments and all five judges. Contamination, drift, and early error are the three injected fault
classes. The discrimination margin is the difference between the result-step blame rates on contamination and

drift, near zero when a judge applies one propensity to both. Full per-level results are in the released runs.

Model Environment Contamination Drift Early error Disc. margin
PT-4.1

Ez)pen Al) order-total 100 0 100 0.00

GPT-4.1

(OpenAl) consensus 100 0 100 0.00
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Claude order-total 100 0 100 0.00
(Anthropic)
Claude consensus 100 0 100 0.00
(Anthropic)
GPT 5.5
(OpenAl) order-total 0 86 100 0.00
GPT 5.5
(OpenAl) consensus 0 46 100 0.00
Qwen3-235B

-total 2 72 1 1
(Alibaba) order-tota 0 00 0.16
Qwen3-235B
(Alibaba) consensus 2 98 100 0.00
DeepSeek V3 der-total 56 60 82 0.18
(DeepSeek)
DeepSeek V3 consensus 48 62 76 0.10
(DeepSeek)

4.3. The Prompt Control and a Tradeoff with no Free Side

To test whether the judge’s habit of recomputing the aggregate drove the behavior, we ran an
arithmetic-free prompt that forbids recomputation and tells the judge to blame a step only when its
recorded input is anomalous. The drift artifact disappears. In the arithmetic environment, drift
attribution holds flat near the top (100, 100, 100, 98) instead of collapsing to 0. The same prompt that
fixes drift cripples contamination, dropping its full-detail accuracy from 100 to 36, and the two cells
do not overlap (36, interval 24 to 50, against 100, interval 93 to 100; Figure 4). The mechanism is
shared, which is why the prompt cannot win on both. The judge catches contamination only by
noticing a numeric inconsistency, and it fabricates a drift cause by the same act of noticing one. The
judge has no other handle on a localized corruption, since the agent processes the poisoned value
without complaint and the surface of a contaminated run looks like a clean one, so the recomputed
mismatch is the single cue the fault leaves, and forbidding recomputation removes it.

4.4. Cross-Model Evidence, One Axis With no Exit

Five judge checkpoints across four families place the behavior on a single dimension, a
propensity to blame the result-producing step, and no point on that dimension produces a model
that discriminates reliably (Figure 3). GPT-4.1 and Claude sit at the high end, blaming that step in
nearly every case. GPT 5.5 and Qwen3-235B sit at the low end, declining or scattering when the trace
looks internally consistent. DeepSeek V3 0324 falls between them, blaming the result step on about
half of contaminated runs and a third of distributed ones, though a format-failure rate near 20% blurs
its estimate (Section 4.6). Within every model the contamination and drift prediction distributions
stay close to identical, the signature of a judge that is not separating the two. The two ends are not a
capability gap, because they hold two frontier models from two labs, one at each extreme.

abstention fabrication
GPT5.5 DeepSeek V3 GPT-4.1
o0 ® [
Qwen3-235B Claude
0.0 0.2 0.4 0.6 0.8 1.0

P(blame result step) on distributed-cause cases at full trace (L3)
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Figure 3. The five judges occupy a single behavioral axis from abstention to fabrication, with the two frontier

models at opposite ends; none discriminates the two causes.

synthetic consensus

1.0 4 = standard

mm arith-free

0.8

0.6 1

0.4 4

tolerant accuracy at L3

0.2 4

0.0 -
contamination drift contamination drift

Figure 4. Forbidding recomputation with the arithmetic-free prompt removes false blame on distributed faults

but also erases the signal the judge used to catch localized ones, so the tradeoff has no free side.

The completeness effect is sharp wherever the propensity is active. Comparing the blame
decision at outputs-only against full detail, matched by instance, the blame rate climbs from 0 to 1 for
GPT-4.1 and Claude on both cause types and in both environments (exact McNemar, p < 10-5%%), and
from 0 to between 0.38 and 0.56 for DeepSeek (p < 107{-5}), while GPT 5.5 holds at abstention
throughout. The trace does not teach the judge to discriminate. It moves a blame-prone judge from
withholding to blaming, on contaminated and distributed runs alike (Figure 1).

4.5. The Failure Holds Across the Frontier, at Both Extremes

Two frontier models, GPT 5.5 from OpenAl and Claude from Anthropic, are the strongest test
of whether this is fundamental or a quirk of weaker models. Each returned clean output on all 1,200
of its calls and localized the early-error case at 100 everywhere, so neither failure is incompetence.
They fail in opposite directions, and neither discriminates.

GPT 5.5 abstains. It does not carry the reflex to blame the computation step, naming that step in
essentially none of the full-detail cases, and its contamination localization falls to 0 at full detail in
both environments. Deeper traces make it worse on contamination, not better, which inverts the usual
intuition. The reason is the honest-abstention logic Qwen first showed. At full detail the trace looks
internally consistent, since the agent did process the poisoned value correctly, so the more carefully
the model reasons, the more confidently it concludes that nothing went wrong.

Claude does the opposite. It blames the result step in all fifty contaminated and all fifty drift
cases, fabricating the inconsistency that justifies the choice. One of its rationales is the clearest
evidence in the study. On a drift case Claude wrote that the tally reported accept “when the 7
recommendations were actually 4 accept and 3 reject, wait, 4 >3 so accept,” caught its own error mid-
sentence, confirmed the tally was correct, and still blamed that step. The structural prior overrode the
model’s own correct observation.

One frontier lab abstains into missing the localized cause, the other fabricates a cause that is not
there, and the two sit at opposite ends of the same axis. Reasoning changes how a judge fails. It does
not give any of the five models the ability to tell a localized corruption from a distributed one.

4.6. Localization, Classification, and a Data-Quality Note

Step localization and root-cause classification do not move together. GPT-4.1 localizes the early-
error step at 100 in every condition while its class label for that same case lands in the low forties at
best, so a judge can point at the right step and still misname why it failed. The two are reported as
separate quantities.
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The two DeepSeek checkpoints returned empty or malformed content on a meaningful share of
calls, about 20% for V3 0324, and enabling structured-output JSON mode did not reduce it. Because
these failures fall on contamination and drift equally, they do not affect the central within-model
comparison, but they confound DeepSeek’s absolute position on the axis. We report DeepSeek with
that caveat. The four clean checkpoints, GPT-4.1, Claude, Qwen, and GPT 5.5, carry the cross-model
claim and the frontier result on their own. A worst-case check bounds the concern anyway. Even if
every malformed DeepSeek call were assigned adversarially, all toward blaming the result step on
contamination and all toward declining on drift, the reconstructed discrimination margin would shift
by at most the failure rate, roughly two tenths, which leaves it far below the near-one margin a reliable
attributor would show. The finding does not depend on how the malformed calls are treated.

4.7. The Shape of the Wrong Attribution

Recoding every rationale, rather than scoring it only right or wrong, shows that the failure on a
distributed cause takes one of two forms, fabrication or abstention, and which one a judge chooses is
what places it on the axis. When GPT-4.1, Claude, and DeepSeek blame a distributed failure on a
single step, the rationale asserts a specific, invented inconsistency to justify the choice in 99, 77, and
97 percent of those cases. The judge does not merely guess a step. It manufactures a concrete and
false account of what went wrong there, the kind of confident, specific cause story a downstream
consumer of the attribution is most likely to accept. GPT 5.5 and Qwen instead abstain, avoiding
fabrication at the cost of missing the localized cause entirely. The fabrication mode is the more
hazardous of the two, because its output is indistinguishable in form from a correct attribution.

4.8. The Result Holds in a Realistic Multi-Tool Environment

On the vendor-spend environment of Section 3.7, run at two hundred instances per cell across
six current-generation models from six developers, the central result holds and sharpens (Table 3,
Figure 5).

(A) Contamination localization collapses to ~0 for every model (B) Blame rates on the two causes are near-equal within each model

1.0 | == contamination localization 1.0 . blames a step on contamination
= drift (correct = decline) . blames a step on drift

e e
El @

=
=

tolerant accuracy at full trace
rate of naming a concrete step

=
(¥

0.0 -

aaud®

Gt war? u‘suﬂ‘“aﬁ Ueep‘ﬂe‘@ 0o aed e vare wsi'“‘"ﬂﬁ c.e'evn"ee\‘\‘n
Figure 5. The realistic vendor-spend task across six current-generation models (n = 200). Contamination
localization collapses to near zero for every model, and where models name a concrete step they do so more

often on the distributed cause than on the localized one.

No model localizes the contaminated transaction at full trace, with tolerant contamination
accuracy at most 0.04 across all six, spanning Claude, Grok, Gemini, Llama, Mistral, and DeepSeek
V4. The blame-the-result-step propensity persists, but the longer trace relocates the result-producing
step, the write and rank steps, away from the decisive read, so the models that blame a step, Grok,
Gemini, and Llama, blame that distant step and miss the contamination, while Claude, Mistral, and
DeepSeek V4 abstain instead. Neither habit is discrimination. Where the association between the true
cause class and the blamed step reaches significance it is inverted rather than correct, with a concrete
step named more often on the distributed cause than on the localized one (Cochran-Mantel-Haenszel
odds ratios below one for Claude, Grok, Gemini, and Llama, strongly so for Grok at 0.02), and an
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inverted attributor is worse than an indifferent one. Completeness still amplifies the blame, the paired
blame rate rising from outputs-only to full detail for all six models (exact McNemar p < 0.001). The
realistic environment does not rescue attribution. It splits the models into blamers and abstainers on
the same axis, and neither tells the two causes apart.

Table 3. Vendor-spend environment, tolerant accuracy (percent) at full trace detail (L3) and the discrimination
margin, for six current-generation models at two hundred instances per cell. Contamination localization
collapses for every model, while the margin stays near zero or turns negative, the negative values marking

judges that blame a concrete step more readily on the distributed cause than on the localized one.

Model Contamination  Drift Early error Disc. margin
Claude (Anthropic) 2 86 100 -0.12
Grok 4.20 (xAI) 0 19 100 -0.81
Gemini 3.5 0 4 100 0.04
(Google)
Llama 4 (Meta) 0 40 100 +0.02
Mistral Medium 3.5
(Mistral) 0 91 100 -0.04
DeepSeek V4

4 1 01
(DeepSeek) 93 00 +0.0

4.9. The Propensity is Robust to Temperature and Sensitive to Trace Order

Two ablations on a representative blamer, Llama on the vendor-spend task at fifty instances per
cell, probe whether the propensity is an artifact of the decoding or the prompt layout. Raising the
judge temperature from zero to 0.7 changes nothing material, the blame rate on contamination
moving from 0.58 to 0.56 and on drift from 0.72 to 0.68, so the behavior is not a product of greedy
decoding. Shuffling the order in which the steps are presented to the judge, while preserving each
step’s own index, is more revealing. Under natural order the judge parks its blame on the final step,
the report, naming it in fifty-six of sixty-five blamed cases. Under shuffle that concentration dissolves
and the blamed index scatters across every position, which a judge reasoning about a step’s causal
role would not do, since the index travels with the step. The attribution tracks where a step sits in the
prompt rather than what it did, and the scatter even lifts contamination accuracy spuriously to 74
percent as randomly placed blame lands by chance inside the accepted set. The one quantity that does
not move is the discrimination margin, which stays near zero under natural order, shuffle, and raised
temperature alike (Table 4). Neither decoding setting nor trace ordering makes the judge distinguish
a localized cause from a distributed one.

Table 4. Ablations on Llama at fifty instances per cell on the vendor-spend task, at full trace detail. Blame rates
are the fraction of cases in which the judge named a concrete step; contamination and drift are tolerant accuracy.
Temperature leaves the blame rate essentially unchanged, shuffling the trace order scatters the blamed step and

lifts contamination accuracy spuriously, and the discrimination margin stays near zero throughout.

Condition Blame I1 Blame I3 Contamination Drift Margin
Natural order, 0.58 0.72 0 28 -0.14
T=0

Natural order,

T=0.7 026 068 ’ 2 e
i}_u(;fﬂed order, 0.74 0.74 74 26 0.00

5. Discussion
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The practical message is narrow and firm. A model judge’s confidence on one fault class, and its
accuracy on that class, say nothing about its ability to tell that class from another. Across five
checkpoints from four developers, every judge was dominated by a single propensity to blame the
step that produced the result, and that one move drove both its apparent skill on contaminated input
and its apparent failure on drift. Reading those two numbers as separate competencies, which a
benchmark that reports per-class accuracy invites, mistakes one behavior for two. Treating a single
accuracy number as evidence of a capability it does not isolate is a construct-validity failure of the
kind benchmark critiques have long warned about [30], and closing such gaps is the aim of a maturing
evaluation science for generative systems [31]. The discrimination margin we can measure is small,
and in one model on one task it is not quite zero, but it never approaches the level a reliable attribution
would need, so the practical conclusion stands.

This reframes what the recent surge of agent-attribution work is measuring. Benchmarks such
as Who&When [3], MAST [4], and the full-trace benchmark of Chen et al. [5] report that current
judges localize the decisive step poorly. Our results give a mechanism for that poor performance
rather than another number. The judge is not failing to find the cause so much as declining to look
for the right kind of cause, because it has one structural answer it reaches for regardless of what the
trace contains. Methods that add more trace, in the spirit of richer observability [19,20] or fuller
provenance [22,23], make that answer more confident without making it more discriminating. The
classic fault-localization literature anticipated the shape of this trade, that more execution information
does not monotonically improve diagnosis [25,26], and our result is the agentic, black-box version of
it.

A head-to-head comparison against the published attributors is not the right test, and we say
why rather than leave it implicit. Who&When [3], AgenTracer [13], MAST [4], and TRAIL [6] each
pair a proposed attributor with its own annotated dataset and report localization accuracy on
naturally occurring failures, where the true cause is labeled after the fact and the cause structure is
not controlled. Our claim is not that one attributor beats another but that the model judge underneath
all of them carries a structural propensity that a controlled localized-versus-distributed contrast
exposes and an after-the-fact benchmark cannot isolate. Running those systems on our injected tasks
would measure the same judges we already test, and running our judges on their datasets would
reintroduce the missing ground truth the injection harness was built to supply. The low localization
numbers those benchmarks report are consistent with the propensity we measure, which is the
comparison that matters.

The arithmetic-free control isolates the costly half of the mechanism. When the judge recomputes
the aggregate it does so unreliably and manufactures an inconsistency that justifies blaming the
producing step. Forbidding recomputation removes the false attribution on distributed faults, yet the
same prohibition removes the only signal the judge had for catching a localized one, so the two cannot
be repaired together by prompt design. The Claude transcript makes the bias visible in a single line.
The model recomputed a categorical majority, noticed mid-sentence that the tally was correct, and
still blamed the tally step. A correct observation lost to a structural prior is not a calibration problem
that a temperature or verbosity fix addresses. It is a property of how these models attribute. An
ablation sharpens this. The blame is unmoved by temperature but relocates when the trace order is
shuffled, concentrating on the final position under natural order, so it tracks where a step sits in the
prompt rather than the step’s causal role.

The cross-lab frontier split carries the durability claim. A reader could dismiss a single-model
result as idiosyncrasy and a single-lab result as a house style. Two frontier reasoning models, from
OpenAl and Anthropic, sit at opposite extremes of the same axis, one fabricating a cause and the
other abstaining past the real one, and neither discriminates. The failure does not track capability,
since the weakest and the strongest models we tested both fail, and it does not track the failure
direction, since reasoning ability moves a model only toward a more articulate version of its default.
The implication for attribution is direct. A model judge can supply a confident attribution and a
plausible rationale while showing at most a weak and unreliable ability to distinguish the two cause
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structures a diagnosis most needs to separate, and the rationale can contradict the model’s own
correct intermediate observation. The realistic environment widens that durability further, since six
current-generation models from six developers reproduce the failure on a six-step heterogeneous
task, where it deepens into a collapse of contamination localization rather than easing with a more
lifelike trace. The issue is not merely low accuracy but the absence of a validated error rate for the
discrimination the method is asked to make. A method that cannot reliably distinguish a localized
corruption from a distributed process failure should not be treated as an independent basis for
attribution without corroborating analysis.

One assumption underlies all of this, that the trace the judge reads is faithful to what the agent
did. That need not hold. A trace can be altered after the fact, or shaped during execution by prompt
injection into a tool result [32-34], and a judge that anchors on the final position and manufactures a
specific cause is easy to steer, since whoever controls what sits in the blamed position controls the
attribution. Trace faithfulness therefore bounds what any judge built on top can be trusted to say,
and a model judge adds a second point of failure rather than removing the first.

6. Limitations

The environments are constructed rather than drawn from production logs, which is the price
of controlled ground truth, since naturally occurring failures do not arrive labeled with their true
cause. We answered the most common form of this objection, that the tasks are too simple, by adding
the realistic vendor-spend environment of Section 4.8, a six-step heterogeneous tool chain on which
the result not only held but sharpened across six further current-generation models. What remains
open is the step from a constructed realistic task to a production deployment or a public agent
benchmark such as WebArena or ToolQA, where the cause cannot be injected and ground truth must
be annotated after the fact. We expect the propensities to persist, since they held from the compact
tasks through the realistic one and across the capability range, but we do not claim to have measured
a production system. We use “realistic” here to mean procedurally closer to a deployed tool-agent
workflow, not naturally occurring production evidence.

The two compact-task experiments use fifty instances per cell, with Wilson and bootstrap
intervals on every proportion and the central within-model comparison tested directly. The realistic
environment raises this to two hundred per cell and adds six current-generation model families, so
the broad claim no longer rests on the smaller samples alone. The two frontier models in the compact
tasks were run once per environment, so their exact percentages there are point estimates, though
their qualitative placement is unambiguous. The DeepSeek V3 checkpoint in the compact tasks
returned malformed output on roughly one call in five even with structured output requested, which
blurs its absolute position, but because those failures fall on both cause types equally they do not
disturb the central within-model comparison. The temperature and trace-order ablations rest on a
single model at fifty instances, so they illustrate the propensity’s robustness and its positional
character rather than establishing either across the full panel.

The fault taxonomy is three classes, not the full space of agent failures. Contaminated input,
early misdirection, and distributed drift were chosen because they separate a localized from a
distributed cause cleanly, which is the distinction under test, not because they exhaust how agents
fail. A judge that cannot make this distinction may still be useful for failure modes outside our
taxonomy, and our claim is scoped to the distinction we measured.

7. Conclusion

Using a model to attribute the cause of an agent failure is appealing and increasingly common,
and it rests on an assumption the evidence does not support. Asked to separate a single bad input
from a slow distributed degradation, none of the evaluated judges did so reliably, from open-weight
models through two frontier reasoning models from different labs, and through six further current-
generation models on a realistic task. Each was dominated by one propensity to blame the step that
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produced the result, correct by accident for the localized cause and wrong for the distributed one,
and more of the trace strengthened that propensity rather than granting discrimination. The behavior
spans the capability range and both frontier labs, which makes it a property of model-as-judge
attribution rather than a weakness of any one system. Any use of these judges to attribute agent
failures should carry that caveat plainly. An attribution and a fluent rationale are not evidence that
the model distinguished the cause it named from the one it did not.
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Appendix A. Judge prompts

The standard judge prompt, given as the system message.
You are a failure analyst for autonomous AI agents. You are given a task and an
execution trace. Identify the single decisive step that caused the failure,
using ONLY the information present in the trace. If the failure has no single
decisive step because the cause is spread across many steps, set decisive step
to null and root cause class to “drift”. If the trace does not contain enough
information to tell, set decisive step to null and root cause class to
“unknown”. Do not guess a step. Respond with JSON only, no prose, in exactly
this shape: {“decisive step”: <integer step index or null>, “root cause class”:
“contaminated input|early error|drift|unknown”, “rationale”: “<one sentence>"}

The arithmetic-free control prompt is identical except that it forbids recomputation.

You are a failure analyst for autonomous AI agents. You are given a task and an
execution trace. Do NOT perform arithmetic and do NOT recompute any totals or
sums. Attribute the failure to a single step only if that step’s recorded input
is itself clearly anomalous relative to comparable values in the trace. If the
degradation is spread across many steps with no single anomalous input, set
decisive step to null and root cause class to “drift”. If you cannot tell from
the trace, set decisive step to null and root cause class to “unknown”. Respond
with JSON only, no prose, in exactly this shape: {“decisive step”: <integer step
index or null>, “root cause class”: “contaminated input|early error|drift|

unknown”, “rationale”: “<one sentence>"}
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Each call appends the task and the trace at the given completeness level in a fixed user message.
TASK: <task text>

OUTCOME: the run failed (the reported result was wrong) .
TRACE (one object per step, only the fields captured at this level are present):

<steps serialized as JSON>

Return the JSON now.

Appendix B. Sample execution trace

A vendor-spend run at full detail records six steps. The first two are shown, with the raw per-
transaction data present only at L3.
step 0 query ledger (ledger=RPT-1000, period=Q3)
tool result: {period: Q3, num transactions: 23}
external state: {transaction ids: [TX-S0Y-0, TX-UMB-0, ...]}
step 1 fetch transactions(ids=[...])
tool result: {num records: 23}
external state: {transactions: [{txn: TX-SOY-0, vendor: Soylent,
amount: 812.44}, ...]} # present only at L3
step 2 total by vendor() -> {totals: {Soylent: 9210.5, Umbrella: 8944.1, ...}}
step 3 rank vendors() -> {top vendor, top_ total, ranking}
step 4 write file(summary.txt, “Top vendor: <name>")
step 5 final report

Contamination injects at the fetch step (step 1), with accepted steps 1 to 3; drift perturbs many
transactions with no single decisive step; early error queries the wrong period.
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