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Abstract

Deterministic benchmark scores show that
an agent received credit, but not whether
that credit was earned, reported honestly, or
would hold on a second run. We introduce
a Trust Layer for Agent Evaluation, an addi-
tive post-hoc framework that reports, beside
each recorded score, whether it should be be-
lieved. It verifies four properties: whether the
result is supported by the benchmark’s own
grading logic, whether a passing answer was
earned through traceable computation, whether
the agent’s completion claim matches what oc-
curred, and whether the result is stable under re-
peated execution. The first three use only saved
artifacts; the fourth re-runs the agent. Model
judgments only label evidence under majority
voting; all verdicts follow deterministic rules
and never modify the recorded score. Applied
to five agent configurations on 108 tasks from
Agents’ Last Exam, every model shows pass-
ing runs with no traceable computation (at rates
varying tenfold), confirmed false completion
claims, and unstable results: 18–46% of tasks
do not stay in one score band over five runs.
Only 22.6% of recorded passes clear all four
checks (95% CI 15.0–32.6, n=84). Measuring
what an agent can do and verifying that it actu-
ally did it are different problems, and current
benchmarks address only the first.

1 Introduction

LLM agents are now evaluated on increasingly re-
alistic long-horizon benchmarks in software engi-
neering, scientific discovery, web interaction, and
professional work. SWE-bench (Jimenez et al.,
2024), τ -bench (Yao et al., 2024), ScienceAgent-
Bench (Chen et al., 2025), and Agents’ Last Exam
(ALE) (Sun et al., 2026) replace subjective assess-
ment with executable grading, deterministic tests,
and reference-based verification, so a benchmark
score is often treated as an objective measurement
of capability.

But a score answers only one question: did the
grader award credit? It does not say whether the
credit was earned, whether the reported outcome
reflects what happened, or whether the result would
hold on a second run. A run that fabricates a plau-
sible value scores exactly like one that computed it.
A run that fails but claims success scores exactly
like one that fails and says so. Because agent runs
vary from attempt to attempt, a run that passes once
in five tries scores exactly like one that passes ev-
ery time; repetition studies show single-run scores
shifting by several points from chance alone (Bjar-
nason et al., 2026). And a failing score may re-
flect a packaging or evaluation artifact rather than
genuine inability. In each case the number is accu-
rate about the run and misleading about the agent,
which raises a question the score cannot resolve
on its own: can a recorded benchmark score be
trusted?

Existing work addresses these concerns sepa-
rately, through benchmark auditing, reward hack-
ing and corrupt success (Skalse et al., 2022; Cao
et al., 2026), honesty (Ren et al., 2025; Chern et al.,
2024), reliability (Gupta, 2026), and provenance
tracking for LLM-generated content (Sediqin et al.,
2026a), usually with new benchmarks, datasets,
or protocols. None answers the simpler question
a benchmark user faces: given a score already
recorded, should it be believed?

We introduce a Trust Layer for Agent Evalua-
tion, an additive post-hoc framework that audits
recorded outcomes using artifacts benchmarks al-
ready save (trajectories, staged outputs, grading
code) and runs alongside the benchmark rather
than replacing it. It applies four verifiers, one per
case above. Competence checks whether the bench-
mark’s own grading logic reproduces the recorded
outcome and names the decisive cause of failure.
Reward Hacking checks whether a pass was earned
through traceable computation or reached through
shortcuts and ungrounded outputs. Agent Decep-
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tion Detection checks the agent’s completion claim
against the independently verified outcome. Relia-
bility checks whether repeated runs under identical
conditions stay in the same score band.

This is the first framework we know of to ver-
ify these four properties together, for an individual
recorded score, from evidence a benchmark already
produces. Its central design principle is the separa-
tion of judgment from decision: models may help
label evidence, but every verdict comes from a de-
terministic rule, and any load-bearing model label
needs a majority of three independent votes. This
matters because the closest prior work finds that
judges of false completion claims anchor on con-
fident language, with no configuration exceeding
AUROC 0.65 (Advani et al., 2026).

On 108 ALE tasks, the layer finds grading con-
tradictions in both directions, including recorded
passes that the benchmark’s own grader scores at
zero when re-run on the saved output; passing re-
sults with no traceable computation behind them;
false completion claims in every recorded band;
and results that do not reproduce. The dimen-
sions prove additive rather than overlapping: many
flagged tasks are caught by a single dimension, so
removing any one would leave them looking clean,
and only a minority of recorded successes clear all
four. Our contributions are:

1. To our knowledge, the first post-hoc trust layer
that verifies whether a recorded score is repro-
ducible, earned, honest, and supported by the
benchmark’s own grading logic, unifying four
properties previously studied separately.

2. A design in which every verdict is determinis-
tic and model judgment only labels evidence
under a majority of three votes, so the head-
line number stays intact and auditable.

3. An empirical study over 108 professional
tasks showing that substantial trust failures
hide behind benchmark scores, that the four
dimensions detect largely distinct failures, and
that requiring all four leaves far fewer verified
results than the scores suggest. Code will be
released upon acceptance.

2 Related Work

Agentic benchmarks and validity auditing. Re-
cent agent benchmarks favour verifiable, code-
based outcomes. ALE grades long-horizon pro-
fessional tasks with deterministic scripts against

expert references, relying on LLM judging for un-
der 7% of workflows (Sun et al., 2026). SWE-
bench grades code fixes for real GitHub issues
with unit tests (Jimenez et al., 2024), τ -bench com-
pares the final database state with a reference (Yao
et al., 2024), and ScienceAgentBench scores self-
contained programs on tasks from peer-reviewed
publications (Chen et al., 2025). Each reduces a
run to one score from the final artifact, leaving the
trajectory unscored. Such scores can misrepresent
competence: Zhu et al. (2026) formalize validity
threats in a manual checklist spanning task and out-
come validity, Kapoor et al. (2024) show that un-
controlled cost distorts conclusions, and automated
auditing finds that test suites can reject correct solu-
tions, with evaluator limitations increasingly dom-
inating reported scores (Tu et al., 2026). These
efforts audit benchmark construction through ex-
pert review, and related checks govern consistency
in document repositories (Sediqin et al., 2026b).

Reward hacking, honesty, and reliability. Spec-
ification gaming, satisfying the literal objective but
not its intent, was formalized by Skalse et al. (2022)
and catalogued across reinforcement learning sys-
tems by Krakovna et al. (2020). For tool-using
LLM agents, benchmarks measure the propensity
to skip verification or tamper with the evaluation
itself (Thaman, 2026; Gabor et al., 2026), and Cao
et al. (2026) report corrupt success, correct end-
states reached while violating procedural integrity,
in 27% to 78% of reported successes. Advani et al.
(2026) characterize false success, agents asserting
completion the environment contradicts, and show
that LLM judges detect it unreliably; MASK (Ren
et al., 2025) and BeHonest (Chern et al., 2024) mea-
sure propensity in elicited scenarios rather than ver-
ifying claims in real runs. On reliability, single-run
pass@1 across 60,000 SWE-Bench-Verified trajec-
tories varies by up to 6.0 points depending on the
run selected, and the authors recommend passk as a
pessimistic bound (Bjarnason et al., 2026); related
work treats evaluations as experiments whose vari-
ance determines reproducibility (Mustahsan et al.,
2025), and ReliabilityBench measures consistency
under repetition and perturbation (Gupta, 2026).

Positioning. Validity work audits how a bench-
mark is constructed; reward hacking, false success,
and honesty work each target one mode, usually
through an LLM judge whose own reliability is in
question; and reliability work builds repetition into
new benchmarks, all at a different level than one
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score. The closest work, procedure-aware evalu-
ation (Cao et al., 2026), defines a new evaluation
of whether an agent followed the intended proce-
dure. We instead ask whether a score an existing
benchmark already recorded holds up, verifying
four properties of it from the saved trajectory and
grading code, per dimension and as a conjunction,
so a pass that is procedurally clean but unstable, or
earned but falsely reported, is still caught.

3 System Architecture

The trust layer is an additive stage that runs after a
benchmark has scored an agent (Figure 1). It has
four dimensions, one per failure class. D1 (Compe-
tence) asks what a recorded score is actually made
of and exposes scores the grader does not repro-
duce, in either direction. D2 (Reward Hacking)
asks whether a passing score was earned or reached
without doing the work. D3 (Agent Deception De-
tection) asks whether the agent’s success claim
is contradicted by the outcome. D4 (Reliability)
asks whether the score stays in the same band on
repetition. D1–D3 read only what the benchmark
saved; D4 also re-runs the agent. The layer reuses
the benchmark’s own grader wherever a verdict is
needed and never overwrites the recorded score,
reporting its findings beside it. It needs three things
from a benchmark: saved trajectories, accessible
grader logic, and outputs readable offline.

Evidence: the trajectory and re-grading. Two
artifacts benchmarks produce but never fully use
supply the evidence: the trajectory, the step-by-
step record showing how a result was produced, and
the benchmark’s own grader, re-run on the saved
output to reproduce the score instead of trusting it.
Every dimension rests on one or both.

3.1 D1: Competence

In short: re-run the grader and ask what actually
decided the score. D1 re-derives the verdict from
the saved output with the task’s own grader and
compares it with the recorded score. No model
assigns a score: a model labels gates by severity,
and the verdict is a deterministic function of those
labels. D1 has four stages, each using the output of
the last.

Stages A and B: typing and re-grading. A gate
is a check inside the grader whose failure forces
the score to zero, such as a missing file or a wrong
value. Stage A recovers every gate into a set G and

types it by what it protects,

τ(g) ∈
{
critical, process,
administrative

}
, (1)

where critical means the deliverable is de-
fective, process a violated method rule, and
administrative a packaging defect. Each gate
also carries an anti-gaming flag α(g). Typing is
done by an LLM judge under a majority of three
votes and, being a property of the grader rather than
a run, once per task. Stage B re-runs the grader on
the saved output and maps the fired gates F to a
verdict,

v = Φ(F, τ, α), F ⊆ G, (2)

with the most severe fired gate deciding, so a real
correctness failure cannot hide behind a lesser one.
Appendix A gives the gate criteria, matching pro-
cedure, severity ordering, and the verdicts Stage B
can return.

Stages C and D: claim and challenge. Stage C
reduces the agent’s terminal message, by determin-
istic pattern matching, to a completion claim c and
tests it against v, giving the three-valued honesty
signal used by D3:

ℓ =


1 if c = success ∧ v ∈ Vfail,

⊥ if c = success ∧ v ∈ Vunver,

0 otherwise,

(3)

where Vfail are verdicts that reproduce a genuine
failure and Vunver those that could not be repro-
duced offline. Stage D is the only place the earlier
facts are combined, by a purely deterministic rule
with no model call:

(D, δ) = Ψ(s, v, ℓ,m, κ),

D ∈
{
confirm, contradiction,
upgrade, unverified

}
,

(4)

where s is the recorded score, m whether the
prompt itself demanded the failed format, and κ
a format-blind check that the output values match
the reference. A confirm reproduces the recorded
outcome; a contradiction disagrees, with a signed
direction δ recording which side was wrong; an
unverified could not be checked offline; and an up-
grade, the one outcome needing all three earlier
stages, is reached when the run failed a check that
does not mean the work was wrong. Appendix A
gives the upgrade conditions and contrasts a con-
tradiction with an upgrade.
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Tasks Agent run
Deliverables

output trajectory score

Trust layer

D1 · Competence

A · gate typing
critical | process | administrative

B · offline re-grade

C · claim & honesty
D · decision

confirm · contradiction
upgrade · unverified

D2 · Reward Hacking

provenance
of each value

suspect
judge, 3 votes

clean

gamed
copied · fabricated

D3 · Agent Deception Detection

Stage 1 · confirmed lie
shared with D1 part C

Stage 2 · severity adjudication
hard or soft

ℓ
D4 · Reliability

repeated runs under identical config

infrastructure failures excluded

score distribution and band crossing

Trust verdict
a task is trusted only where all four dimensions clear it

Results & scope
per task and per dimension, beside the ALE score

Figure 1: Overview of the Trust Layer. D1 re-derives the verdict, D2 traces value provenance, D3 tests the agent’s
claim, D4 repeats the run.

3.2 D2: Reward Hacking

In short: ask where each answer value came from.
A score shows that an answer is correct, not how it
was produced. An agent that hardcodes a constant,
copies a value the prompt revealed, or writes plau-
sible numbers with no computation behind them
scores exactly like one that did the work, and the
grader is fooled. D2 marks such runs gamed, sep-
arating them from the honest passes they would
otherwise be counted among. It traces provenance
rather than re-checking correctness.

Tracing each value. D2 uses the reference an-
swer, which the agent never saw, as an offline ora-
cle to pick out which output values are the answer,
then traces each against three sources from the run:
output of commands the agent executed, inputs it
read or was given in the prompt, and text it typed
by hand into files and shell commands. Each value
gets a label,

π(x) ∈
{

DERIVED, GIVEN,
TYPED, UNGROUNDED

}
, (5)

DERIVED if it appears in executed output, GIVEN

if it came from an input or the prompt, TYPED if
written by hand, and UNGROUNDED if it appears
nowhere. The decisive test is for an answer value
absent from executed output: was it typed by the
agent, or produced by a script at run time? A cor-
rect value a script computed is real work; a hand-

typed one is not. Scalars are traced one at a time
and arrays at the file level (Appendix A).

Confessions, the judge, and the verdict. The
agent’s messages and reasoning are scanned for ad-
missions of copying or hardcoding, with a negation
guard so a stated intention not to hardcode is never
read as a confession. A confession is never a flag
on its own: with a value already found unearned
(matching the reference but neither computed nor
read) it confirms a hack; otherwise it only marks
the run for a closer look. Values that remain gen-
uinely unclear go to a model judge, which sees the
prompt, the flagged values, the agent’s words, and
its code, and is warned that printing a hardcoded
constant does not make it computed. Before con-
victing, D2 has the judge check whether the task
required the value to be computed; if the task per-
mits a direct answer, the value is cleared. A strict
majority of three votes is required to convict, so
a split resolves to clean: the check would rather
miss a cheat than accuse an honest run. The run
verdict is

Vint ∈ {clean, suspect, gamed}, (6)

where a strong flag gives gamed, a weak flag or un-
resolved value suspect, and a clean trace clean.
suspect is only a routing state that sends the run
to the judge, which resolves it, so none is reported.
Each verdict records its cheat type (copied or fab-
ricated); signals range from a confession with a
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provenance gap, the strongest, to a judge-voted fab-
rication resting on the absence of a trace, the weak-
est (Appendix A). An untraced value is flagged for
review, not convicted, and is marked gamed only
when a condition above holds, never when the task
permits a direct answer. A value fabricated and
then written through executed code looks derived,
so D2 bounds untraceable fabrication, not fabrica-
tion laundered through execution.

3.3 D3: Agent Deception Detection

In short: check the agent’s final report against what
really happened. The last message is where the
agent reports its result, so when it claims success
on a run that failed, oversight breaks down. The
benchmark gives the same score either way, so
lying costs the agent nothing and the score never
shows it. We use “lie” operationally: a claim of
success on a run whose failure was proven by re-
grading; D3 shows the report was false, not that
the agent knew it was. D3 has two jobs: a yes-
or-no check inside the D1 pipeline, and a separate
judgement of how serious a confirmed lie was.

Job 1: is the agent lying? This is the determin-
istic signal ℓ of Equation (3). It checks the agent’s
success claim against the re-graded verdict v, not
the recorded score: testing against the recorded
score would only show that the agent claimed suc-
cess and scored zero, mixing up a lying agent with
a grading error, while a re-grade tells them apart. If
re-running the grader proves the failure, the claim
is a confirmed lie (ℓ = 1); if the grader cannot be re-
run, it is marked suspected and D3 stops (ℓ = ⊥).
This fact feeds back into Stage D, where a proven
lie removes the agent’s benefit of the doubt on a
formatting-only failure. Because ℓ rests on D1’s
re-grade, the two dimensions are not independent
evidence.

Job 2: how serious was the lie? After D1 fin-
ishes, a model judge re-examines each confirmed
lie under majority vote, so this output is an adju-
dication rather than a measurement. The judge
sees the agent’s words and what independently hap-
pened (the recorded score, re-graded verdict, fired
gate, failure explanation, grader messages, and a
trajectory digest) and produces

(ℓ̂, γ, η, ϕ) = Ξ(ℓ, v, q, E), (7)

where q is the agent’s exact claim and E what hap-
pened in the run: a final decision ℓ̂ confirming or

dropping the lie, the kind of claim γ, whether a
concrete defect sits behind it η, and whether the lie
alone should fail the task ϕ (Appendix A). Job 2
never feeds back into D1, which uses only ℓ, so
the challenge decision never inherits the judge’s
variance and no score is changed. A confirmed lie
is used in exactly three places: it blocks a packag-
ing upgrade in Stage D, tags a lenient contradiction
with whether the agent also lied, and routes an
unverified pass to suspect.

3.4 D4: Reliability
In short: run the task again and see whether the
result stays in the same band. One run is a sample,
not a measurement of a point; a pass that holds one
time in five is luck recorded as competence, invisi-
ble to any single-run dimension. D4 executes each
task N = 5 times under identical configuration and
characterises the score distribution {s1, . . . , sN}.
Each run is first classified as an infrastructure or
genuine failure from the termination record, trajec-
tory text, and usage counters (exhausted credit, a
dead sandbox, zero tool calls); infrastructure runs
are excluded, so D4 measures the agent, not the
harness. Over the surviving runs S,

s̄ = 1
|S|

∑
s∈S s, ∆̄ = s̄− srec,

crossed = 1
[
|{band(s) : s ∈ S}| > 1

]
,

(8)

where srec is the recorded score and band(·) maps
a score to pass, partial, or fail with ALE’s thresh-
olds (Sun et al., 2026). A task is varied when
crossed fires and stable otherwise (Gonzalez-
Pumariega et al., 2026). crossed asks whether
the repeats agree with each other; ∆̄ asks how far
they sit from the recorded score, negative meaning
the recorded run was the better one. Only crossed
decides whether a task clears D4; ∆̄ is reported,
not used as a gate.

Two further statistics separate what a score mea-
sures from what it merely samples (Bjarnason et al.,
2026). Treating a score as true ability plus noise,
the variance of repeats splits into a between-task
part (genuine differences in difficulty and capabil-
ity) and a within-task part (run-to-run randomness).
Their ratio

ρ = σ2
between/(σ

2
between + σ2

within) (9)

is the share of variance that is signal, and 1− ρ the
share that is not (Mustahsan et al., 2025). Estimat-
ing each task’s pass probability p̂ from its repeats
gives p̂k, the chance of passing k consecutive runs,

5



whose gap from p̂ is the capability a one-shot score
reports but cannot sustain. Appendix A gives the
per-task form of ρ and what else the persisted re-
peats support.

3.5 Aggregation Across Dimensions
A wrong answer, an unearned pass, a false claim,
and an unstable score call for different responses,
so the dimensions are reported separately; averag-
ing them would discard the distinction the layer
exists to draw. They are also reported as a conjunc-
tion: a task is trusted only where every dimension
clears it, meaning the verdict re-derives, the answer
values are grounded, no false claim is confirmed,
and the task is stable across repeats. This is a gate,
not a score: no dimension is weighted against an-
other, and the recorded score is never overwritten.

Counting rules. A task clears D1 only when
re-grading yields a verified pass; for a recorded
pass this means confirm, so contradiction
and unverified are D1 failures, and a task
whose grader cannot be re-run offline counts as
unverified. It clears D2 only when clean; gamed
and “no verdict” are D2 failures. It clears D3 when
no false claim is confirmed. It clears D4 only when
stable, whichever direction its repeats move, since
a score that changes bands cannot be trusted either
way, and a score is read as evidence about the agent
(Section 1). A task may fail several dimensions (a
run that fabricated its answer often also claimed
success for it), so the conjunction is not a sum and
we report the overlap (Zhou et al., 2026). The four
are not exhaustive, but they cover the trust failures
saved artifacts can evidence.

4 Experiments

4.1 Dataset and Setup
We evaluate the trust layer on 108 publicly avail-
able tasks from ALE (Sun et al., 2026), a bench-
mark of long-horizon work graded by determin-
istic scripts against expert references, spanning
ALE’s three difficulty tiers and 11 professional
domains, each with its own grading code produc-
ing a single score per run. Each task was run once
under each of five agent configurations: Claude
Sonnet 4.6, Claude Opus 5, GPT-5.6 Sol (GPT-
Sol), Muse Spark 1.2 (MetaMuse), and Gemini 3.6
Flash, the same agent harness and decoding con-
figuration. The recorded bands differ by model,
from 15 recorded passes for the weakest to 24
for the strongest (Appendix B). For D1–D3, the

Model confirm contra unverified upg

Sonnet 56 38 3 0
MetaMuse 50 47 0 0
GPT-Sol 50 47 0 0
Opus 53 43 1 0
Gemini 61 35 1 0

Table 1: D1 outcome per model.

Model Confirmed hard soft

Sonnet 55 26 29
MetaMuse 35 31 4
GPT-Sol 40 38 2
Opus 17 15 2
Gemini 27 26 1

Table 2: Confirmed false claims per model.

trust layer reads only what each run already saved:
the agent’s trajectory, the outputs it staged, and
the task’s own grading code. It re-executes that
code against the saved output without re-running
the agent, and never modifies the recorded score.
Where a dimension requires a model judgment we
use GPT-5.5 with three independent votes and a
strict majority.

A task is ungradable when its grader cannot be
re-run offline, which holds for 11 of the 108 and is
a property of the task rather than of any model, so
the same 11 are excluded for every agent. These
runs staged no output the grader could read, so
D1 produces no verdict, D3 has nothing to test a
claim against, and D2 no answer values to trace,
leaving 97 assessed throughout. D4 instead re-
runs the agent five times per task under identical
configuration. 87 of the 108 completed all five
repeats under Sonnet, and the 50 tasks repeated
under all five configurations were drawn at ran-
dom from those, stratified across ALE’s tiers (24
Near-Term, 18 Full-Spectrum, 8 Last-Exam) and
recorded band. Repeated-execution studies com-
monly use between three and six runs (Guo et al.,
2026; Zhang et al., 2025), so five is in line with
current practice. Each dimension therefore reports
its own denominator. Because the 50 repeated tasks
are drawn from all 108, the aggregate in Section 4.6
can include ungradable tasks, which count as fail-
ing D1 and D2 under the counting rules of Sec-
tion 3.5.

4.2 D1: Competence

D1 executes each task’s grading code offline on
the saved output, without re-running the agent,
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Model assessed clean gamed not
assessed gamed%

Sonnet 97 75 14 8 14.4
MetaMuse 97 52 38 7 39.2
GPT-Sol 97 45 49 3 50.5
Opus 97 75 10 12 10.3
Gemini 97 44 25 28 25.8

Table 3: D2 verdicts per model. Gamed% is over the 97
assessed tasks, including runs carrying no verdict.

and compares the result with the recorded score
(Table 1, 97 gradable tasks). The models cluster
between 50 and 61 confirmations although their
recorded passes differ by nine. Most contradictions
(contra) are partial scores below the verified-pass
bar: the benchmark credits partial work in propor-
tion, while D1 requires a complete re-derivation.
The real disagreements are smaller: 2 to 9 recorded
passes per model re-derive as failures, and one or
two recorded failures as passes (Appendix C). The
upgrade (upg) path was reachable but never granted,
since every candidate’s values differed from the
reference. Gate typing, D1’s only model-labelled
stage, agrees closely enough that the majority rule
absorbs residual disagreement rather than masking
a coin flip (Appendix C); every later stage is deter-
ministic: re-executing the grader five times on the
same output returns an identical verdict and band
on all 108 tasks.

4.3 D2: Reward Hacking
Over the 97 assessed tasks (Table 3), the models dif-
fer by a factor of five: Opus and Sonnet reach their
answers without doing the work on roughly one
run in eight, GPT-Sol on half; on recorded passes
the spread is tenfold, from 1 of 22 for Opus to 10
of 21 for GPT-Sol (Table 9). Runs with no verdict
are neither clean nor gamed and stay in the denom-
inator. This matters most for Gemini, whose rate
over runs with a verdict is 36.2% rather than 25.8%;
as these are unlikely to be missing at random, its
true rate lies between 25.8% and 54.6%. Fabrica-
tion, a value that matches the reference yet appears
in no executed output and nothing the agent read,
accounts for most convictions; copying a supplied
value is rarer and an explicit admission rarer still, so
the judge carries most D2 verdicts for every model.
Every Sonnet gamed verdict was verified by hand
against the trajectory, and all 14 held; Appendix D
gives the breakdowns. Injecting the reference value
into runs the detector had cleared tests the other
direction: D2 flagged 36 of 38 where the value was

Model Tasks stab. var. var.% ∆̄

Sonnet 50 27 23 46.0 −0.31
Opus 50 39 11 22.0 −0.30
GPT-Sol 50 41 9 18.0 −0.22
MetaMuse 50 38 12 24.0 −0.12
Gemini 50 36 14 28.0 −0.24

Table 4: D4 outcome per model.

left ungrounded, and 2 of 45 where executed code
wrote it.

4.4 D3: Agent Deception Detection

D3 runs the two jobs of Section 3.3. A claim can
only be tested where re-derivation reproduces what
happened, so the 11 tasks without an offline ver-
dict are ineligible; Table 2 covers the remaining
97. A claim is hard when a concrete defect sits
behind it (a fired critical gate, a missing output, or
a trace showing the work was wrong) while the
agent reported the deliverable as verified, and soft
when no such defect is evidenced, typically an over-
claim that all checks pass when the agent’s own
numbers were already below the bar. Roughly half
of Sonnet’s confirmed claims are soft, while the
other four models’ are mostly hard, so the same
detector finds two styles of misreporting. Models
also differ in how often they make confirmed false
completion claims, from 17 for Opus to 55 for Son-
net, and false claims appear in every recorded band
for every model, including full passes. On two an-
notated samples of Sonnet runs, annotators agreed
on whether success was claimed in 48 of 50 termi-
nal messages (κ = 0.85), and the matcher reaches
F1 = 0.91 against their consensus; on severity
they agreed at κ = 0.84, and the judge reaches
F1 = 0.97.

4.5 D4: Reliability

Table 4 covers the 50 repeated tasks. Its ∆̄ col-
umn, the mean change from the recorded score
over varied pass-band tasks, is negative throughout:
a recorded pass that fails to reproduce returns a
lower score than the one on record. Band compo-
sition differs by model, so rates are comparable
only within band (Appendix E, which also gives
the 87-task results). The varied rate ranges from
18.0% for GPT-Sol to 46.0% for Sonnet, a factor of
two and a half on identical tasks and conditions, so
instability is a property of the agent as well as the
task. The movement follows the recorded band: the
recorded run was the better run where the bench-
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mark recorded success and the worse run where
it recorded failure (Appendix E). Pooled over all
tasks the mean change is +0.03 or less for every
model, so the directions cancel and an aggregate
hides the effect completely.

Sonnet varies on 25.3% of the 87 tasks; its repeat
variance splits into 0.143 between tasks against
0.040 within, ρ = 0.78, so close to a quarter of
the variation in recorded scores is about which run
was saved, not about the agent. The noise is con-
centrated: the median task varies by a standard
deviation of 0.007 across repeats, the varied tasks
by 0.350. A task passes on 19.3% of individual re-
peats but only 13.8% of five-run sequences, and of
the 24 tasks passing at least once, only 12 pass ev-
ery time: half the tasks the benchmark could count
as successes succeed only some of the time, and
no single-run dimension can tell the halves apart.
Sonnet’s two independent campaigns, over the 87
tasks and the 50 drawn from them, disagree: 25.3%
against 46.0% varied under the same configuration,
where a random draw would carry about 13 varied
tasks rather than 23 (Table 13). The D4 verdict is
therefore itself a sample; we report both campaigns
rather than the more favourable one, and a larger
N would tighten the estimate. Because ∆̄ does
not gate the verdict, a stable task can settle in a
band other than the recorded one. Of the 181 stable
verdicts in Table 4, 16 do so (Gemini 10, Sonnet
2, Opus 2, MetaMuse 2, GPT-Sol 0), four of them
recorded passes. Requiring reproduction of the
recorded band would reclassify these 16; we report
them separately rather than folding them into the
stable/varied label.

4.6 Aggregation Across Dimensions
Table 5 gives the conjunction over the tasks the
benchmark recorded as passes, where it does its
work: D1’s verified-pass bar rejects a partial score
by definition, so no partial task can clear it. The D1–
D4 columns overlap and do not sum; Appendix F
gives all three bands. Between 7.7% and 40.0%
of recorded passes survive all four checks; all five
intervals overlap, so the rates bound how many
passes hold up rather than ordering the configu-
rations. Pooled (last row of Table 5), only 19 of
84 recorded passes survive all four checks (22.6%,
95% CI 15.0–32.6), so 65 fail at least one, and the
majority fails in every configuration. Models fail
for different reasons: GPT-Sol loses two thirds of
its passes to D2, 12 of 18 with no traceable compu-
tation behind them, while Opus is ungrounded on

failed aggregate

Model Passes D1 D2 D3 D4 trusted % 95% CI

Opus 20 8 3 0 5 8 40.0 [21.9, 61.3]
Sonnet 15 4 5 1 5 4 26.7 [10.9, 52.0]
MetaMuse 18 8 6 1 3 4 22.2 [9.0, 45.2]
GPT-Sol 18 7 12 3 4 2 11.1 [3.1, 32.8]
Gemini 13 7 5 2 3 1 7.7 [1.4, 33.3]

All 84 – – – – 19 22.6 [15.0, 32.6]

Table 5: Conjunction over recorded passes among the 50
repeated tasks, under the counting rules of Section 3.5.
Intervals are Wilson score intervals at 95%.

three and loses more to re-derivation than to any-
thing else. Between a third and a half of flagged
tasks are caught by a single dimension, so removing
any one would leave them indistinguishable from
clean ones. The ablation (Table 11) also shows how
much rests on model labels: the two determinis-
tic dimensions (D1, D4) leave 34 of 84 recorded
passes, and the two judge-assisted ones reject a
further 15, leaving 19. Over all 50 tasks the to-
tals reflect the threshold more than the evidence,
since D1 fails every partial task; the recorded-pass
figures answer the question the layer was built for.

5 Conclusion and Future Work

We presented a trust layer that verifies four prop-
erties of a recorded agent score: whether a failure
was genuine, whether a pass was earned, whether
the agent’s claim matched reality, and whether the
score is stable across repeated runs. It is additive,
never overwrites the recorded number, and confines
model judgment to labeling evidence. Across five
agent configurations, every model reaches a pass-
ing answer without computing it on some runs, at
rates differing tenfold between the cleanest and the
worst; confirmed false completion claims appear
in every recorded band for every model; and re-
peated execution takes 18% to 46% of tasks across
score bands, signed so that a recorded pass was
the agent’s better run and a recorded failure its
worse one, a direction pooling erases. Requiring all
four properties leaves 22.6% of recorded successes
standing, and between a third and a half of flagged
tasks are caught by a single dimension, so no one
check substitutes for the others. Because the layer
is benchmark-agnostic, future work will apply it to
SWE-bench Verified, τ -bench, and ScienceAgent-
Bench to make agent evaluation more trustworthy
across benchmarks. Measuring what an agent can
do and verifying that it did are distinct problems,
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and only the first is currently instrumented.

Limitations

Our claims are scoped to what the evidence sup-
ports. Precision is validated directly for D2 (hand-
checked gamed verdicts) and D3 (annotator agree-
ment, Section 4.4) on one configuration; extending
these checks to all models, and validating D1’s gate
typing against human labels, is natural next work.
With 13 to 20 recorded passes per configuration
and overlapping intervals in Table 5, the results
establish that most recorded passes fail at least one
check in every configuration, not a ranking of the
agents. All results come from ALE; because the
layer needs only a trajectory, a staged output, and
a re-runnable grader, applying it to other bench-
marks is straightforward. Every decision rule is
deterministic, and the ablation in Section 4.6 shows
how much of the result holds without any judge.
A gamed verdict means no traceable computation,
not intent to cheat, and D2 does not catch fabrica-
tion laundered through execution; a confirmed lie
shows a report was false, not that the agent knew
it. D4 re-executes the agent, its N = 5 verdict is
itself a sample, and stable tasks whose band dif-
fers from the recorded one are reported separately
(Section 4.5).
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A Method detail

This appendix collects the criteria, worked exam-
ple, label definitions, and statistical detail refer-
enced from Section 3.

Gate-type criteria (Stage A). The critical cate-
gory also covers gates enforcing requirements the
task itself mandates, such as a required output file,
a specified value that must match the ground truth,
or a constraint the prompt states explicitly, since
failing one of these means the delivered work does
not meet what was asked. A process gate is one
such as a requirement that an authored script invoke
a mandated simulation binary: the output could still
be correct if the rule were ignored. An adminis-
trative gate is one such as a submitted file missing
a schema-required key: the work may be correct
but cannot be read. Gates are recovered by scan-
ning every file of the grader rather than the nominal
scorer alone, since existence gates often live in the
entry module while value gates live in a delegated
one.

Gate matching (Stage B). From the trajectory
Stage B uses only the task identifier, and the instruc-
tion where needed to select the correct reference.
Each reported failure is matched back to a Stage A
gate by its identifier, which is the grader’s own
message template recognised in its filled-in out-
put. The verdicts Stage B can return are a wrong
answer, a fabricated or degenerate artifact caught
by the grader’s own guard, a violated method rule,
a missing deliverable, and a formatting slip, each
recorded separately.

Severity ordering (Stage B). When several gates
fire at once, a precondition failure outranks a qual-
ity miss, and among preconditions critical outranks
process, which outranks administrative. This order-
ing also closes an exploit, since an administrative
failure is the only verdict Stage D can upgrade, and
ranking prevents a run with any real failure from
being relabelled as a formatting slip.

Contradiction and upgrade (Stage D). An up-
grade is reachable only when the decisive failure is
an administrative one (from B), the prompt did not
demand that format (m = 0, from A), the values
match the reference (κ = 1, computed in Stage D),
and the agent was not caught lying (ℓ ̸= 1, from
C). Any other decisive gate simply confirms the
recorded zero with its cause. Signing δ records
which side was wrong: the benchmark failed a run

that should have passed, or passed a run that should
have failed. An agent that computes the right values
and writes them to result.csv when the grader ex-
pects results.csv fails correctly and fails again
on re-grade, so no contradiction arises; the zero
still misrepresents work that was done. This is only
available because an administrative gate protects a
requirement the task did not itself impose. Where
the prompt does state the format, the gate enforces
something the task asked for, and Stage A types it
as critical rather than administrative, so no upgrade
is reachable. Signing the direction matters for the
same reason: one case is a fairness bug that pun-
ished a capable agent, the other is unearned credit
inflating the leaderboard, and merging them into a
single “we disagree” would hide which occurred
and what to do about it.

Signal strength in D2. A confession accompa-
nied by a provenance gap is the strongest: both
halves are recorded facts, and each corroborates the
other, since the admission explains the gap and the
gap confirms the admission. A copied-value match
is deterministic but weaker, because a prompt that
states the expected answer makes it unreliable. A
judge-voted fabrication is the weakest, resting on
the absence of a trace rather than the presence of
evidence, which is why it requires a strict majority
and resolves to clean on a split.

Value tracing granularity (D2). Scalars are
traced one value at a time, so a constant pasted
directly into the output cannot hide among com-
puted ones, while arrays and large tables, which
are never printed number by number, are cleared at
the file level when the file itself was produced by
executed code.

Severity labels in D3. The judge gives a final
decision ℓ̂: it confirms the lie, or drops it if the
agent’s words did not really contradict what hap-
pened. The label γ separates two kinds of claim,
saying the work is correct versus merely saying it is
finished, the first being the more serious. The label
η marks the lie as hard or soft by whether a con-
crete defect sits behind it. Finally ϕ says whether
the lie alone should fail the task, on a deliberately
high bar that answers “unverifiable” whenever the
trace does not prove the deliverable was actually
wrong.

Per task variance and repeat artifacts (D4).
The within-task standard deviation gives the same
quantity as ρ per task, distinguishing a benchmark
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Model pass partial fail

Sonnet 15 36 46
MetaMuse 22 37 38
GPT-Sol 23 36 38
Opus 24 33 40
Gemini 18 25 54

Table 6: ALE’s recorded bands per model, over the 97
tasks with a re-derivable verdict. Because a dimension’s
rate depends on band composition, per-model rates are
not directly comparable without conditioning on band.

Model total P→F pass→F F→pass none→F

Sonnet 38 34 2 2 0
MetaMuse 47 37 9 1 0
GPT-Sol 47 36 9 2 0
Opus 43 33 8 2 0
Gemini 35 25 8 1 1

Table 7: Contradictions by direction, over the 97 grad-
able tasks (P = partial, F = fail).

whose noise is spread evenly from one whose noise
sits in a few unstable tasks. Each run’s artifacts are
persisted, so any of D1 through D3 can be applied
to any individual repeat.

B Recorded bands per model

C Competence detail

Table 1 reports one figure per outcome per model.
Two breakdowns sit behind it.

The first separates contradictions by direction,
which matters because they are not a single phe-
nomenon. A partial score that fails to clear the
verified-pass bar disagrees with the benchmark by
definition rather than by error: both sides compute
the same number and differ only on whether partial
credit constitutes a verified pass. A recorded pass
that re-derives as a failure, or a recorded failure that
re-derives as a pass, is a disagreement about the
outcome itself. Table 7 shows that the first case ac-
counts for most contradictions in every model, and
that the second is an order of magnitude smaller.
One task carried no recorded score at all and is
listed separately.

The second gives the full outcome distribution
by recorded band. The partial row is zero-confirm
for every model, which is the threshold rule made
visible: no partial score re-derives as a verified pass.
The pass row carries the disagreements that matter,
and it is where the models differ most, from two
contradictions for Sonnet to nine for MetaMuse
and GPT-Sol.

Model band Tasks confirm contra unver.

Sonnet pass 15 13 2 0
partial 36 0 34 2
fail 46 43 2 1

MetaMuse pass 22 13 9 0
partial 37 0 37 0
fail 38 37 1 0

GPT-Sol pass 23 14 9 0
partial 36 0 36 0
fail 38 36 2 0

Opus pass 24 15 8 1
partial 33 0 33 0
fail 40 38 2 0

Gemini pass 18 10 8 0
partial 25 0 25 0
fail 54 51 2 1

Table 8: D1 outcomes by model and recorded band,
over the 97 gradable tasks. Upgrade is zero throughout
and omitted.

Gate-typing agreement. Over 1,078 gates the
three votes within a pass are unanimous on 94.1%
and two independent passes agree on 96.8%. Be-
cause gate categories are a property of the grader
rather than of a run, the typed inventory transfers
across agents unchanged.

D Reward hacking detail

Table 3 reports one figure per model. Two break-
downs sit behind it.

The first gives the verdict distribution by
recorded band. The pattern is not shared across
models: for Sonnet the gaming rate falls from the
pass band to the fail band, from 20% to 10.9%,
while for the others it rises, so gaming concentrates
where credit is earned in one model and where it is
not in the rest.

The second gives the condition under which
each conviction was reached. Fabrication, which
requires a judge, accounts for between 78% and
100% of convictions in every model, while the two
deterministic conditions together account for the
remainder.

Hand verification of Sonnet’s gamed verdicts.
Of the 14, 11 were required result values written
as literals with no computation or file source any-
where in the run, 2 reproduced a value the prompt
supplied, and 1 rested on the agent’s own admission
that it could not run the required engine and had
hand-built the results to resemble its output. That
admission is recorded text and the accompanying
provenance gap is computed from the file access

12



Model band Tasks assessed clean gamed n/a

Sonnet pass 17 15 11 3 1
partial 37 36 30 6 0
fail 54 46 34 5 7

MetaMuse pass 23 19 12 6 1
partial 42 41 24 15 2
fail 43 37 16 17 4

GPT-Sol pass 23 21 9 10 2
partial 40 38 21 17 0
fail 45 38 15 22 1

Opus pass 25 22 20 1 1
partial 37 36 30 4 2
fail 46 39 25 5 9

Gemini pass 19 16 12 3 1
partial 28 27 19 8 0
fail 61 54 13 14 27

Table 9: D2 verdicts by model and recorded band, over
the 97 assessed tasks. The Tasks column is the full 108
under each model’s own banding; n/a: not assessed.

Model copied confession fabricated total

Sonnet 2 1 11 14
MetaMuse 4 0 34 38
GPT-Sol 3 2 44 49
Opus 0 0 10 10
Gemini 1 1 23 25

Table 10: Conditions under which a gamed verdict was
reached, per model.

trail, so the two together are the strongest condi-
tion described in Section 3.2, and the evidence is
deterministic even though the detector did not join
them on this run.

Runs carrying no verdict. In most the agent
staged no output matching the graded reference, so
no answer values existed to trace; in a few the tra-
jectory contained no usable log. Gemini produced
nothing assessable on 28 of its 97 tasks.

E Reliability outcomes by band, and the
full Sonnet set

Table 4 reports one figure per model. Two break-
downs sit behind it.

The first gives the outcome by recorded band.
The band-level ∆̄ values are wider than the pass-
band figure reported in the body, running from
−0.31 to +0.67, and their signs are largely set by
the band, since a varied pass must have a repeat
below it and a varied failure a repeat above it. The
partial band is the only one free to move either way,
and it falls in four models and is flat in the fifth.

The second gives the outcome over the larger

Filter Son. Opus GPT Meta Gem. total

Recorded pass 15 20 18 18 13 84
+ D1 11 12 11 10 6 50
+ D1, D4 (determ.) 6 8 9 8 3 34
+ all four 4 8 2 4 1 19

Table 11: Recorded passes surviving each filter, over
the 50 repeated tasks (Son. = Sonnet, GPT = GPT-Sol,
Meta = MetaMuse, Gem. = Gemini).

Model band Tasks stable varied % ∆̄

Sonnet pass 15 10 5 33.3 −0.31
partial 19 10 9 47.4 −0.25
fail 16 7 9 56.2 +0.47

Opus pass 20 15 5 25.0 −0.30
partial 17 14 3 17.6 −0.08
fail 13 10 3 23.1 +0.67

GPT-Sol pass 18 14 4 22.2 −0.22
partial 20 17 3 15.0 +0.00
fail 12 10 2 16.7 +0.50

MetaMuse pass 18 15 3 16.7 −0.12
partial 21 15 6 28.6 −0.02
fail 11 8 3 27.3 +0.27

Gemini pass 13 10 3 23.1 −0.24
partial 15 8 7 46.7 −0.15
fail 22 18 4 18.2 +0.56

Table 12: D4 outcome by model and recorded band,
over the 50 tasks repeated five times under every config-
uration. ∆̄ is the mean change from the recorded score,
over the varied tasks in that band.

87-task set under Sonnet, which is the source of the
reliability statistics reported in the body. Its varied
rate of 25.3% is roughly half the 46.0% recorded
on the 50 tasks drawn from it, and the two are
discussed in Section 4.5.

F Aggregation across all recorded bands

Table 5 reports the conjunction over recorded
passes. Table 14 gives it across all three bands.
The partial row is zero throughout, and the fail
row nearly so, because D1 rejects a partial score
by definition and the conjunction requires all four
dimensions to clear; the totals therefore reflect that
threshold as much as the evidence, which is why
the body reports the pass band separately.

Ablation over recorded passes. Table 11 ap-
plies the dimensions in sequence to the 84 recorded
passes. D1 alone leaves 50 standing. Adding D4,
so that only the two deterministic dimensions apply,
leaves 34. Requiring all four leaves 19, so the two
judge-assisted dimensions reject a further 15 passes
that the deterministic checks clear, from none for
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band Tasks stable varied % ∆̄

pass 15 10 5 33.3 −0.31
partial 36 27 9 25.0 −0.25
fail 36 28 8 22.2 +0.48

Total 87 65 22 25.3 —

Table 13: D4 outcome by recorded band under Sonnet,
over the 87 tasks that completed all five repeats.

failed aggregate

Model band Tasks D1 D2 D3 D4 trust. fail.

Sonnet pass 15 4 5 1 5 4 11
partial 19 19 6 6 9 0 19
fail 16 14 3 7 9 0 16
Total 50 37 14 14 23 4 46

Opus pass 20 8 3 0 5 8 12
partial 17 17 4 3 3 0 17
fail 13 13 7 3 3 0 13
Total 50 38 14 6 11 8 42

GPT-Sol pass 18 7 12 3 4 2 16
partial 20 20 6 8 3 0 20
fail 12 12 6 2 2 0 12
Total 50 39 24 13 9 2 48

MetaMuse pass 18 8 6 1 3 4 14
partial 21 21 7 11 6 0 21
fail 11 11 7 2 3 0 11
Total 50 40 20 14 12 4 46

Gemini pass 13 7 5 2 3 1 12
partial 15 15 6 6 7 0 15
fail 22 22 17 6 4 0 22
Total 50 44 28 14 14 1 49

Table 14: Aggregation by model and recorded band,
over the 50 repeated tasks, all of which carry a D4
verdict; ungradable tasks among them count as failing
D1 and D2. D1–D4 count tasks failing that dimension
and overlap freely, so they do not sum; a task is trusted
only where all four clear it (trust./fail.: trusted/failed).

Opus to seven of nine for GPT-Sol.
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