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ABSTRACT

We present the Judge Reliability Harness, an open source library for constructing
synthetic validation suites that test the reliability of AI judges (also referred to
as LLM judges or autograders). As AI-judge-based scoring is widely deployed
in AI benchmarks, more tooling may be needed to systematically assess judge
behavior under realistic perturbations. Given a benchmark dataset and an AI
judge configuration, the harness generates tests that evaluate both consistency
(score stability under meaning-preserving edits) and discriminative accuracy (score
changes under meaning-changing edits) for free-response and agentic task formats.
In preliminary experiments across four judges and four benchmarks spanning
safety, persuasion, misuse, and agentic behavior, we observe substantial variation
in performance across models, tasks, and perturbation types. We do not observe a
judge that is uniformly reliable across all tested settings, and superficial changes
such as formatting, paraphrasing, and verbosity can induce failures. Code: https:
//github.com/RANDCorporation/judge-reliability-harness

1 INTRODUCTION

AI systems are increasingly used as judges to score, rank, or classify AI outputs in AI evaluations
(Thakur et al., 2025). In this paper, we refer to these systems as AI judges (also commonly called
LLM judges or “autograders”). Human evaluation yields high quality judgments but is expensive
and difficult to scale, which has motivated the widespread use of AI judges in place of human
annotators (Bai et al., 2024; Chiang et al., 2024). At the same time, adoption of AI judges has
outpaced systematic evaluation of their reliability. In practice, judge reliability depends on the full
judge configuration (model, prompt template, and rubric), and small input perturbations can alter
outcomes in ways not captured by point estimates of human agreement on small validation sets. This
creates a critical assurance gap for researchers and decision makers who depend on judge outputs for
model ranking, safety assessments, and benchmark reporting.

In this paper, we use reliability as an umbrella term that combines two properties: consistency, where
scores should remain stable under meaning-preserving edits, and discriminative accuracy, where
scores should change appropriately under meaning-changing edits. We introduce the Judge Reliability
Harness (JRH), an open source library that generates synthetic validation suites for both free-response
and agentic benchmarks. JRH supports perturbation families including label flips, format invariance,
semantic paraphrase, verbosity stress tests, stochastic stability checks, and synthetic ordinal targeting.
It includes a human-in-the-loop review interface so generated tests can be accepted, edited, or rejected
before evaluation. Across candidate judges, JRH aggregates pass rates, confidence intervals, and
cost–reliability trade-offs in standardized reports.

Our contributions are as follows: (1) we formalize a practical reliability framing for AI judges
centered on consistency and discriminative accuracy; (2) we provide JRH, a configurable pipeline
for generating, validating, and auditing synthetic reliability tests across binary, ordinal, and agentic
evaluation settings; and (3) we present a preliminary empirical study across four judges and four
benchmarks indicating that robustness may be conditional on the underlying task performed by
the evaluated AI system and that no judge is uniformly robust in our tested setup. Additional
ordinal-specific diagnostics are provided in the appendix.
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Figure 1: Workflow for the Judge Reliability Harness. Human-in-the-loop review is performed after
generation of the JRH synthetic test suite and before evaluation by the judges.

2 RELATED WORK

Evaluation of open ended text generation remains a central challenge in natural language processing,
especially as LLMs are deployed in safety critical and applications that demand high reliability.
Human evaluation yields high quality judgments but is expensive and difficult to scale, which
has motivated the widespread use of LLMs as judges that score model outputs in place of human
annotators. Benchmarks such as MT-Bench (Bai et al., 2024) and Chatbot Arena (Chiang et al., 2024)
show that powerful judges like GPT-4 can approach expert level agreement on preference judgments,
while frameworks such as G-Eval (Liu et al., 2023) obtain strong correlations with human ratings
on summarization and dialog through structured rubrics and chain of thought prompting. Recent
surveys (Li et al., 2025) document the rapid proliferation of LLM-as-a-judge across diverse tasks and
evaluation settings, which establishes this paradigm as a core element of modern evaluation practice.

An emerging research direction investigates whether existing AI judge methods are sufficiently
reliable. Chehbouni et al. (2025) use tools from measurement theory to argue that enthusiasm for
LLM judges has outpaced rigorous scrutiny of their validity and reliability, and that key assumptions
about their use as measurement instruments remain under tested. Thakur et al. (2025) benchmark
multiple judge models against human exam graders and find that only the largest models attain
reasonable alignment, while still displaying sensitivity to prompt complexity and a tendency toward
lenient scoring. Doddapaneni et al. (2024) introduce the FBI meta-evaluation benchmark, where
targeted perturbations that degrade factuality, instruction following, long form coherence, or reasoning
reveal that evaluator LLMs often fail to detect quality drops. Ye et al. (2024) identify a wide range
of biases in AI judges, including position and verbosity biases, and propose the CALM framework
to quantify their impact. Complementary recent studies examine both the limits and practical use
of LLM judges at scale, including broad multi-task evaluations, synthetic-data-based evaluation
protocols, and uncertainty-aware annotation aggregation (Bavaresco et al., 2025; Boyeau et al., 2025;
Gligoric et al., 2025; Dorner et al., 2025). Taken together, these studies show that the reliability of AI
judges cannot be taken for granted.
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3 METHODOLOGY

In this section, we outline and describe the reliability tests used to systematically evaluate AI judge
reliability. Each test reveals a different dimension of reliability or robustness through the generation
and validation of synthetically generated data. Each run proceeds in four stages: (1) the seed dataset
is loaded and normalized into a common schema (2) synthetic data pipelines are run to generate and
validate perturbed items that probe different failure modes, (3) the judge is evaluated on the generated
samples and (4) the harness computes and aggregates reliability metrics that characterize where and
how the judge failed.

3.1 BASIC PERTURBATIONS

This suite of tests is organized into two families used throughout this paper: discriminative tests and
consistency tests. Discriminative tests introduce meaning-changing edits and check whether the judge
appropriately changes its decision. Consistency tests apply meaning-preserving transformations (for
example, reformatting, paraphrasing, or response-length variation) and check whether the judge
preserves its original score.

• Label flip (discriminative). The original response is rewritten so that it clearly violates
the rubric or inverts the ground-truth label, while preserving topic and overall structure. A
reliable judge should flip its decision on these perturbations.

• Format invariance (layout-only changes). The response is rewritten to alter visual layout
without changing the text itself: adding or removing blank lines between paragraphs,
inserting clusters of extra spaces within lines, or adding indentation at the start of lines. The
judge should be invariant to these purely formatting changes and preserve its original score.

• Semantic paraphrase. The response is paraphrased so that wording and sentence structure
change, but the underlying meaning and factual content remain the same. A robust judge
should give paraphrases the same score as the original.

• Verbosity bias (short vs. long). The response is rewritten into longer or shorter variants
that preserve the same factual content and intent: an expanded version with additional
explanation and a compressed version that is more concise. These perturbations test whether
judges over-reward longer answers or penalize succinct ones when quality is held constant.

3.2 STOCHASTIC STABILITY

This test measures whether the behavior of the AI judge is consistent across identical inputs. This
pipeline samples from the original dataset and creates duplicates of each item. The evaluation stage
compares each duplicate request and measures scoring consistency by comparing the autograder
outputs across the duplicates of the same underlying sample so any variation reflects stochastic
instability rather than changes in content.

3.3 SYNTHETIC ORDINAL

For datasets requiring ordinal scores, the synthetic ordinal mode generates synthetic samples targeting
each level of an ordinal rubric. This pipeline aims to produce an even distribution of samples across
the range of possible ordinal scores. It maintains a scoring bucket manager that tracks which score
levels have been generated for each source sample. For each target score “bucket” the pipeline
leverages temperature ramping, starting at an initial temperature and incrementally increasing towards
the user-defined maximum. Few-shot examples from the desired scoring level are also included to
guide the generation of the new synthetic samples. After each attempt, we employ a validator LLM to
confirm the achieved score – if the target is missed, the system retries with an increased temperature
up to the configurable maximum. The pipeline also leverages a computed cosine similarity metric
between the generated sample and all the original examples (to ensure the generator is not drawing
too heavily from the provided few shot example/s and (2) the previously generated synthetic samples
(to encourage synthetic response diversity).
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3.4 AGENTIC MODE

This data generation mode supports ingestion of Inspect (UK AI Security Institute, 2024) evaluation
files and enables users to generate variations of agentic transcripts. Agentic mode is comprised of
two tests:

• Agent perturbation mode modifies transcripts to induce rubric violations

• Agent positives steers the transcript towards satisfying the rubric criteria

Both modes rely on the same core pipeline for modifying logs. The pipeline first loads the Inspect
evaluation along with the rubric instructions. A planning LLM analyzes the agent transcript and
generates a sequence of edit steps targeting specific messages. A separate editor LLM then iterates
through each proposed step, modifying the flagged agent messages to move the transcript toward the
target outcome—either degrading performance to trigger a rubric violation or improving it to achieve
a passing evaluation. Each edit is designed to be logically coherent and account for preceding changes.
A summarizer LLM consolidates the evolving conversation state so the editor can make contextually
appropriate modifications. An optional verifier LLM confirms whether the edited transcript achieves
the target outcome before the perturbation is emitted.

3.5 HUMAN IN THE LOOP REVIEW

All data-generation modes support optional human-in-the-loop review for quality control. Reviewers
can accept, edit, or reject items and score labels (Appendix Figure 2), which helps catch edge cases,
correct validation errors, and improve perturbation realism and coverage.

4 EXPERIMENTS

This section describes the experimental setup for evaluating JRH, including benchmarks, rubrics,
judge models, reliability-test configuration, and evaluation protocol. We apply JRH to four AI judges
across four benchmark datasets, using a fixed test suite per dataset to probe failure modes.

Unless otherwise noted, GPT-4o mini generates benchmark responses, and Gemini 3 Pro validates
whether perturbations achieve intended target labels before evaluation. For each benchmark, all
judges are evaluated on the same curated synthetic set. We consider GPT-4o, Claude Sonnet 4.5,
LLama Maverick 4.1, and Gemini 2.5 Pro, each paired with a benchmark-appropriate prompt template
and rubric.

4.1 BENCHMARKS

We down-sample each benchmark because perturbing every sample is costly and manual review must
remain tractable (e.g., eight tests across ten samples already requires 80 API calls). For FORTRESS,
Persuade, and HarmBench, ten samples were manually selected to ensure adequate representation of
the original datasets through stratified sampling on category columns in each dataset. We perturbed
these subsets using OpenAI’s GPT-4o-mini and validated the resulting samples with Gemini 3 Pro.
When Gemini 3 Pro raised safety errors during validation, GPT-4o-mini served as a fallback validator.
For the AgentHarm benchmark, sixteen samples were randomly selected and stratified by harm
category (eight categories with two samples each). These sample sizes are intentionally limited and
are designed for framework demonstration rather than formal hypothesis testing; therefore, we do not
treat observed differences as statistically significant.

The PERSUADE benchmark (Crossley et al., 2024) is comprised of argumentative essays produced
by students from 6th to 12th grade to assess writing quality across several dimensions. For this
dataset, we stratify based on discourse type and run the full suite of JRH tests (excluding label
flip and agentic) that target both ordinal calibration and invariance: synthetic ordinal, three format
invariance tests (altering vertical spacing, intra-line spacing, and indentation), semantic paraphrase,
verbosity bias, and stochastic stability with 10 samples per test.

FORTRESS (Knight et al., 2025) is a benchmark that evaluates how robust LLMs are against
misuse, with a specific focus on national security and public safety. For this dataset, we examine the
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following reliability tests: label flip, format invariance, semantic paraphrase, and verbosity bias. The
FORTRESS samples are stratified based on the risk subdomain.

HarmBench (Mazeika et al., 2024) targets harmful content, with binary labels indicating whether
a response violates safety policies. For HarmBench, we run the same reliability tests as we do on
FORTRESS. The responses are stratified based on the SemanticCategory so that perturbations
cover a range of different harm types.

AgentHarm (Andriushchenko et al., 2025) is an agent safety-related benchmark that evaluates the
compliance or violation of various harmful requests across a multi-step agent task. This mode will
generate perturbations that either violate the specified criteria in the rubric or evaluate the ability of
the judge to discern these subtle changes across an entire agent transcript. This mode relies more
heavily on the human in the loop review during generation due to the complexity of agent behavior.
The dataset will be stratified by scenario category, testing 2 generated samples from each of the 8
categories (Disinformation, Drugs, Fraud, Harassment, Hate, Sexual, Copyright, and Cybercrime).

4.2 HUMAN IN THE LOOP VALIDATION

To improve the quality of the synthetic test cases, we use human-in-the-loop validation. We first
generate the synthetic task data and then use the JRH review interface to allow the annotator to accept,
edit, or reject perturbations and their labels. For FORTRESS, Persuade, and HarmBench, we did
not require human edits to the LLM-generated perturbations before accepting the modified samples
because, upon human review, they appeared to satisfy the intended reliability tests.

Human in the loop validation was used significantly in the AgentHarm benchmark to ensure that the
generated synthetic data points were generating realistic and accurate transcripts for the evaluator
to assess. For the agent perturbations mode where we targeted transcript modifications that
degraded the quality of the transcript, 14 out of 16 had one or more message modified. For the
agent positives mode, where our harness targets transcript modifications to better align the
response with the rubric criteria, only 2 out of 16 transcripts were modified in the HITL phase. The
greater reliance on the HITL step in the former mode reflects limitations primarily caused by safety
guardrails in the model used to perturb transcripts (GPT-4o).

4.3 EVALUATION PROTOCOL

Judge reliability is the fraction of items where the judge agrees with the target label. The primary
outputs are four heatmaps (one per benchmark) that show per-test, per-judge accuracy, where higher
values indicate better agreement.

4.4 LLM JUDGES

We evaluate 4 LLMs judges, including GPT-4o, Claude Sonnet 4.5, Llama Maverick 4.1 17B and
Gemini 2.5 Pro when used as judges. 3 models are inferenced through their company provided
APIs (GPT-4o, Claude Sonnet 4.5, and Gemini 2.5 Pro), while LLama Maverick 4.1 17B was access
through AWS Bedrock. During preliminary experiments on the AgentHarm benchmark, we observed
Sonnet 4.5 frequently had inconsistencies in its natural-language reasoning and the returned structured
score. This behavior was not observed in Opus 4.5 or Haiku 4.5 (or any other tested model). We
therefore use Claude Opus 4.5 in place of Sonnet 4.5 in the AgentHarm.

5 RESULTS

This section reports preliminary findings from applying JRH across four judges and four benchmarks.
Because the validation suites are deliberately small, results are intended to demonstrate JRH utility
rather than statistically robust comparative claims. Three patterns appear: robustness is generally
higher on structured binary tasks than on open-ended ordinal writing tasks; meaning-preserving
surface edits can still cause failures; and cost and reliability are not tightly coupled (e.g., Llama
Maverick 4.1 17B is often strong at lower cost).

In Figures 3a, 3b and 3c, we report metric scores achieved by each AI judge across eight reliability
tests for FORTRESS, HarmBench, and Persuade. In this setup, judges appear more robust on
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Figure 2: Human in the Loop Review User Interface (Agentic mode). The original sample from the
benchmark is shown at the top. The left shows the transcript provided as input along with edits made
by the synthetic data pipeline in red and green. The right shows the edited transcript, which is a free
text box the user may use to make further edits. The bottom gives the user an option to accept the
sample if they are satisfied with the edits, or to reject the sample and move on to the next one.
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(a) FORTRESS (b) HarmBench

(c) Persuade (d) AgentHarm

Figure 3: Reliability heatmaps across FORTRESS, HarmBench, Persuade, and AgentHarm.

FORTRESS and HarmBench and more fragile on Persuade. Across tests, performance on semantic
paraphrase is often comparatively stable, with the lowest observed value at 40% (Gemini 2.5 Pro on
Persuade). The weaker performance on Persuade may be related to the task’s multi-level scoring
regime: FORTRESS and HarmBench are primarily binary judgments, while Persuade requires scores
in [1, 6].

Across benchmarks, we do not observe a model that is uniformly robust to perturbations, highlighting
sensitivity to the overall judge configuration (instruction, rubric, graded text, and judge model). We
also observe an inverse pattern in model volatility between Persuade and HarmBench in Table 4.
In Persuade, Claude Sonnet 4.5 has the highest observed standard deviation (17.18%) and Gemini
2.5 Pro the lowest (11.10%), while in HarmBench this ordering reverses (Claude: 11.13%, Gemini:
17.17%). This pattern suggests that robustness may depend strongly on the evaluated task.

Because Persuade uses ordinal scores while the other benchmarks are primarily binary judgments,
we provide additional ordinal diagnostics (CCC, Pearson’s correlation, Spearman’s correlation, and
MAE) in the Appendix for completeness. We treat these appendix analyses as supplementary and do
not rely on them for the main conclusions in the body text.

Table 5 presents the distributions statistics of scores per benchmark. With the exception of Fortress,
we observe that autograders struggle and achieve their lowest mean scores on format invariance tests,
suggesting that models are more robust to semantic level perturbations/differences than to formatting
variations. This suggests that natural human errors such as typos are more likely to disrupt model
performance than semantic changes to content.

Figure 6 summarizes the reliability of the agent perturbation and agent positives tests
for AgentHarm. On agent perturbation, GPT-4o, Gemini 2.5 Pro, and Llama 4 Maverick
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Figure 4: Cost–reliability trade-off across benchmarks: x-axis is total evaluation cost (USD), y-axis
is average perturbation-conditioned reliability accuracy. Higher and farther-left points indicate better
reliability at lower cost.

each score 87.5%, while Claude Opus 4.5 scores 68.75%. On agent positives, Claude Opus
4.5, GPT-4o, and Llama 4 Maverick each score 93.75%, while Gemini 2.5 Pro scores 75%. In Table
3, GPT-4o and Llama 4 Maverick have the highest overall accuracy (0.906) in this setup. Opus 4.5
shows the largest asymmetry between tests (93.75% vs. 68.75%), which may indicate missed subtle
violations in multi-turn transcripts. Gemini 2.5 Pro exhibits the opposite pattern, which may indicate
a tendency to over-flag corrected transcripts.

6 DISCUSSION

The empirical findings highlight several tensions in the current evaluation ecosystem: although AI
judges are now central to benchmarking and research workflows, their reliability can vary across
tasks, perturbation families, and model choices. Several patterns appear in our stress tests.

Judge output robustness may be conditional on the underlying task performed by the evaluated
AI system. Models that appear stable when judging structured binary safety tasks (e.g., FORTRESS
or HarmBench) can degrade when judging open-ended ordinal writing tasks (Persuade). In our
setting, properties of the evaluated task—especially output structure and scoring regime—appear to
explain robustness differences at least as much as judge-model choice.

Robustness failures may persist under semantically intended invariances. Even when perturba-
tions are constructed to preserve target meaning (e.g., surface-form edits, paraphrases, and verbosity
variants), judge decisions can shift materially. This may indicate sensitivity to presentation-level
cues rather than only rubric-relevant content, which can inject instability into downstream model
comparisons.

Agentic evaluations may expose qualitatively different failure modes. Some judges appear to
struggle to detect subtle violations inserted into multi-turn transcripts (high false-negative rates),
while others may over-penalize corrected transcripts (high false-positive rates). These asymmetric
vulnerabilities suggest that judge performance in free-response tasks may not fully generalize to
agentic settings.

Cost-reliability trade-offs appear nontrivial. As shown in Figure 4 and Table 1, smaller or
moderately sized open models (e.g., Llama 4.1 Maverick 17B) may outperform or match the reliability
of premium frontier judges while operating at substantially lower inference cost. This challenges the
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assumption that the most expensive judge is necessarily the most reliable and points to potentially
more cost-effective evaluation practice.

Current results should be interpreted as exploratory. The present experiments use small, manually
reviewed subsets to demonstrate the end-to-end harness workflow and expose representative failure
modes. A key next step is increasing human review and curation effort to scale the validated
perturbation sets, which can enable higher-powered analyses and statistically robust claims.

7 SUMMARY AND CONCLUSION

This work introduces the Judge Reliability Harness (JRH), an open source library for constructing
synthetic validation suites to measure AI-judge reliability. We frame reliability as a combination of
consistency and discriminative accuracy, and in this preliminary setup we do not observe a single
judge that is uniformly robust across benchmarks. Given the intentionally small sample sizes in this
study, these findings should be interpreted as proof-of-utility and early directional evidence rather
than statistically significant comparisons. Our results suggest task-conditioned robustness, sensitivity
to perturbations designed to preserve meaning, and nontrivial cost–reliability trade-offs. Together,
these observations motivate reliability-aware judge selection, reporting, and benchmarking before
judge outputs are used for high-stakes model comparisons or safety claims. Increased investment
in human review can expand validated synthetic suites and support stronger, statistically robust
conclusions in future work.
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A COST EFFICIENCY BY MODEL AND BENCHMARK

Benchmark Llama 4 Maverick 17B Claude Sonnet 4.5 GPT 4o Gemini 2.5 Pro
Fortress 0.0016 0.0230 0.0150 0.0108
Persuade 0.0008 0.0260 0.0430 0.0073
HarmBench 0.0015 0.0352 0.0190 0.0132
AgentHarm 0.0001 0.0050 0.0013 0.0007

Overall 0.0010 0.0223 0.0196 0.0080

Table 1: Cost efficiency of each judge by benchmark, reported as dollars spent per percentage point
of perturbation-conditioned reliability accuracy ($ / accuracy-point; lower is better). The overall row
aggregates costs across benchmarks and divides by mean accuracy.

Note: Cost per Accuracy Point =
∑

total cost usd
mean(accuracy) . Values represent dollars spent per percentage point of accuracy.

Overall row calculated as sum of all costs divided by average of all accuracies.
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B TOKEN PRICING USED FOR COST ANALYSIS

Model Input Cost / 1M tokens Output Cost / 1M tokens
GPT 4o $2.50 $10
Claude Opus 4.5 $5 $25
Claude Sonnet 4.5 $3 $15
Gemini 2.5 Pro $1.25 $10
Llama 4 Maverick 17B $0.24 $0.97

Table 2: Provider pricing assumptions used in the cost analysis, shown as input and output token
prices per 1M tokens for each judge model. These values determine the per-benchmark and overall
cost-efficiency estimates reported in this appendix.

Note: Pricing sources (accessed December 2025): GPT-4o
https://platform.openai.com/docs/pricing; Claude Opus 4.5

https://platform.claude.com/docs/en/about-claude/pricing; Gemini 2.5 Pro
https://ai.google.dev/gemini-api/docs/pricing; Llama 4 Maverick 17B via AWS Bedrock

https://aws.amazon.com/bedrock/pricing/.

C PERSUADE JUDGE PERFORMANCE BY RELIABILITY TEST (DETAILED
METRICS)
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Model Name Test Name CCC Pearson’s ρ Spearman’s ρs MAE

Claude Sonnet 4.5

format invariance 1 0.343 0.595 0.616 1.700
format invariance 2 0.868 0.928 0.901 0.500
format invariance 3 0.819 0.915 0.914 0.600
semantic paraphrase 0.125 0.327 0.444 1.200
stochastic stability 0.739 0.943 0.958 0.900
synthetic ordinal 0.838 0.901 0.889 0.484

verbosity bias long 0.627 0.834 0.911 1.300
verbosity bias short 0.600 0.901 0.846 1.300

GPT4o

format invariance 1 0.546 0.702 0.715 1.200
format invariance 2 0.881 0.965 0.942 0.500
format invariance 3 0.741 0.856 0.829 0.700
semantic paraphrase 0.744 0.963 0.973 0.600
stochastic stability 0.682 0.850 0.863 0.933
synthetic ordinal 0.955 0.960 0.944 0.226

verbosity bias long 0.877 0.888 0.834 0.600
verbosity bias short 0.898 0.936 0.887 0.500

Gemini 2.5 Pro

format invariance 1 0.465 0.600 0.659 1.300
format invariance 2 0.906 0.922 0.901 0.400
format invariance 3 0.846 0.899 0.914 0.600
semantic paraphrase 0.210 0.427 0.468 1.200
stochastic stability 0.853 0.886 0.850 0.400
synthetic ordinal 0.927 0.935 0.916 0.344

verbosity bias long 0.649 0.771 0.864 1.100
verbosity bias short 0.682 0.834 0.864 1.100

Llama Maverick 4

format invariance 1 0.634 0.709 0.733 1.000
format invariance 2 0.823 0.905 0.891 0.600
format invariance 3 0.705 0.836 0.831 0.800
semantic paraphrase 0.446 0.538 0.516 0.800
stochastic stability 0.564 0.752 0.761 1.100
synthetic ordinal 0.944 0.953 0.932 0.290

verbosity bias long 0.932 0.937 0.904 0.400
verbosity bias short 0.942 0.948 0.837 0.400

Table 3: Per-model performance on PERSUADE for each reliability test, using ordinal-metric
diagnostics: Concordance Correlation Coefficient (CCC), Pearson’s correlation (ρ), Spearman’s rank
correlation (ρs), and Mean Absolute Error (MAE). Higher CCC/ρ/ρs and lower MAE indicate better
agreement with target ordinal scores.
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D NON-AGENTIC BENCHMARK PERFORMANCE BY MODEL

Benchmark Judge Mean Score Std Dev Min Score Max Score

Persuade

Claude Sonnet 4.5 37.26% 17.18% 20.00% 60.00%
GPT-4o 48.43% 16.61% 30.00% 77.42%

Gemini 2.5 Pro 53.20% 11.10% 40.00% 70.00%
LLama 4 Maverick 52.62% 15.05% 30.00% 70.97%

HarmBench

Claude Sonnet 4.5 60.50% 11.13% 40.00% 73.33%
GPT-4o 62.33% 14.88% 40.00% 80.00%

Gemini 2.5 Pro 62.33% 17.17% 40.00% 85.33%
LLama 4 Maverick 73.92% 16.33% 38.00% 93.33%

Fortress

Claude Sonnet 4.5 69.42% 6.82% 60.00% 80.00%
GPT4o 70.00% 13.09% 50.00% 90.00%

Gemini 2.5 Pro 63.46% 20.25% 30.00% 87.67%
Llama Maverick 4 78.75% 17.27% 50.00% 100.00%

Table 4: Summary statistics of perturbation-conditioned reliability accuracy by judge and non-agentic
benchmark. Mean, standard deviation, minimum, and maximum are computed across reliability tests
within each benchmark.

E NON-AGENTIC BENCHMARK PERFORMANCE BY RELIABILITY TEST

Benchmark Test Mean Score Std Dev Min Score Max Score

Persuade

format invariance 1 35.00% 12.91% 20.00% 50.00%
format invariance 2 52.50% 5.00% 50.00% 60.00%
format invariance 3 40.00% 0.00% 40.00% 40.00%
semantic paraphrase 60.00% 8.16% 50.00% 70.00%
stochastic stability 37.50% 22.17% 20.00% 70.00%
synthetic ordinal 68.02% 8.21% 58.06% 77.42%

verbosity bias long 42.50% 17.08% 20.00% 60.00%
verbosity bias short 47.50% 15.00% 30.00% 60.00%

HarmBench

format invariance 1 61.66% 12.62% 53.33% 80.00%
format invariance 2 55.00% 25.75% 40.00% 93.33%
format invariance 3 50.00% 12.77% 40.00% 66.67%

label flip 63.33% 11.55% 53.33% 80.00%
semantic paraphrase 71.67% 6.38% 66.67% 80.00%
stochastic stability 68.17% 20.99% 38.00% 85.33%
verbosity bias long 76.67% 3.85% 73.33% 80.00%

Fortress

format invariance 1 72.50% 9.57% 60.00% 80.00%
format invariance 2 82.50% 12.58% 70.00% 100.00%
format invariance 3 80.00% 11.55% 70.00% 90.00%

label flip 50.00% 16.33% 30.00% 70.00%
semantic paraphrase 57.50% 12.58% 40.00% 70.00%
stochastic stability 83.25% 6.79% 75.33% 90.00%
verbosity bias long 65.00% 5.77% 60.00% 70.00%
verbosity bias short 72.50% 15.00% 60.00% 90.00%

Table 5: Summary statistics of perturbation-conditioned reliability accuracy by reliability test and
benchmark. Mean, standard deviation, minimum, and maximum are computed across judges for each
test.
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F AGENTIC BENCHMARK JURY PERFORMANCE

Model Accuracy Error Rate FPR FNR
GPT-4o 0.906 0.094 0.063 0.125
Claude Opus 4.5 0.813 0.188 0.063 0.313
Gemini 2.5 Pro 0.813 0.188 0.250 0.125
Llama 4 Maverick 17B 0.906 0.094 0.063 0.125
Best Trio Ensemble 0.906 0.094 0.063 0.125

Table 6: AgentHarm perturbation reliability results by judge model. Metrics include overall accuracy
and error rate, plus false-positive rate (FPR) and false-negative rate (FNR), to characterize distinct
failure modes when judging agentic transcripts.

Note: FPR = False Positive Rate, FNR = False Negative Rate. Bold indicates best performance.
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