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Abstract

LLM-based evaluation systems (LLM judges)
have emerged as a scalable alternative to ex-
pensive human evaluations. Although, LLM
judges demonstrate 70-80% agreement with
human evaluators, their robustness under se-
mantically equivalent prompt variations remain
underexplored. Through systematic evaluation
of 8 models across 4 NLG tasks using 10 se-
mantically equivalent paraphrases per prompt
(= 115000 evaluations), we identify a critical
accuracy-robustness gap: attribute verifiability
affects the robustness more than model choice,
with factually verifiable attributes achieving
0.71 accuracy versus 0.19 for subjective at-
tributes. Our investigations discover three key
insights: 1) Task structure characteristics in-
fluence the robustness and in turn accuracy, 2)
Attribute verifiability as the strongest predictor-
factually verifiable attribute achieve 0.71 ac-
curacy versus 0.19 for subjective attributes,
3) No single winning model-smallest model
(LLaMA-3.1-8B) exhibits second-best perfor-
mance, while the strongest model (LLaMA-
4) from the same family significantly lag be-
hind, thus demonstrating that general capabil-
ity improvements do not necessarily result in
evaluation robustness. With these findings, we
propose a diagnostic framework grounded in
attribute verifiability that enables principled de-
cisions about evaluation automation. Our work
establishes new standards for assessing LLM
judge reliability beyond simple accuracy met-
rics.

1 Introduction

Rapid progress in LLM capabilities has led to
widespread adoption of LLM-based evaluation
across NLP research and application. LLM judges
offer compelling advantages including scalability
beyond manual evaluations, consistency in evalua-
tion, and capability to evaluate diverse task outputs.
In this context, it is imperative to study and ensure
the reliability of these evaluation agents. Although
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recent work reports 70-80% agreement with hu-
man evaluators in overall quality assessments (Kim
etal., 2024; Liu et al., 2023; Zheng et al., 2023), the
robustness of these evaluations is relatively under-
explored. We investigate this critical question: Are
LLM-judges robust to input variations? Specifi-
cally, we focus on non-adversarial and semantically
equivalent prompt variations which are natural in
multi-member and global application teams in prac-
tice. Our motivation lies in the fact that human
evaluators, despite their differences, are generally
consistent when evaluating semantically similar
content. Their response or evaluation does not get
affected by different structure or form, paraphrases,
and ordering or sequence. If LLM judges exhibit
significant sensitivity to input prompt variations-
adversarial or otherwise- their efficacy as reliable
evaluators is fundamentally compromised.

The Robustness Gap Recent evaluation bench-
marking efforts primarily focus on accuracy met-
rics, while consistency under perturbations remains
underexplored. An LLM judge demonstrating
strong agreement with human experts does not
guarantee consistency across prompt variations.
For instance, an LLM judge may assign coherence
scores of 8/10 and 3/10 to the same summary under
semantically equivalent prompt paraphrases. This
represents a critical gap between accuracy (agree-
ment with humans) and robustness (consistency
under perturbations).

Natural linguistic variations of input instructions
that maintain semantic equivalence are considered
for our investigations. These non-adversarial varia-
tions test the sensitivity to instruction reformulation
- a common occurrence in real-world applications
where different users may phrase the evaluation cri-
teria differently. We present our experiments and
investigations across multiple models, tasks, and
evaluation metrics! to establish a baseline under-

'We use evaluation metrics, evaluation attributes, and eval-
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standing of LLLM judges and identify patterns in
their incorrect evaluations. Our contributions are
as follows:

* Comprehensive Robustness Benchmark: We es-
tablish the first large-scale benchmark for LLM
judge robustness under non-adversarial prompt
variations, evaluating 8 LLM judges across 4
NLG tasks using average 10 semantically equiv-
alent paraphrases per prompt (=~ 115000 eval-
uations). Our multi-metric approach (accuracy,
win-rate gap, sensitivity) provides comprehen-
sive robustness characterization beyond simple
consistency measures.

e Multi-Dimensional Vulnerability Assessment:
We identify systematic relationships between
task structure, attributes, model characteristics,
and robustness.

* Empirical Insights Challenging Common As-
sumptions: We demonstrate that (1) model
size does not predict evaluation robustness—the
smallest model (LLaMA-3.1-8B) outperforms
substantially larger models, (2) task structure af-
fects robustness more than model selection, and
(3) accuracy alone is insufficient for assessing
judge reliability—high average accuracy can co-
exist with poor robustness.

* Diagnostic framework for Principled Mitigation:
Based on our empirical findings, we propose
the first attribute verifiability-based diagnostic
framework that maps evaluation characteristics
(attribute verifiability, task structure) to appro-
priate strategies enabling informed decisions for
automated evaluation.

2 Related Work

LLM-as-a-Judge Recent works have demon-
strated the use of LLM judges in diverse applica-
tions such as story evaluation (Chiang and Lee,
2023), code comprehension(Yuan et al., 2023),
and general open-ended tasks like Chatbot Arena
and MT-Bench(Zheng et al., 2023). Works like
Prometheus 1 and 2 (Kim et al., 2023, 2024) and
JudgelLM (Zhu et al.) introduce a comprehensive
and customizable judge training along with address-
ing evaluation metrics and known biases (position,
format, and knowledge), respectively. There exists
limited work (Wang et al.; Liu et al., 2023; Hu et al.,
2024) that specifically focuses on LLM judges for

uation measures interchangeably.

the evaluation of quality measures that are hard to
quantify and prone to confusion.

Robustness in NLG Evaluation (Badshah and
Sajjad, 2025) reports that when an LLM judge is
instructed to provide a step-by-step explanation for
its decision, its evaluations become more transpar-
ent and consistent. Although many studies have re-
ported that state-of-the-art LLLMs show high align-
ment with human evaluators(Kim et al., 2024; Liu
etal., 2023; Zheng et al., 2023; Sottana et al., 2023),
there are instances in which LLM judges exhibit se-
rious shortcomings (Schroeder and Wood-Doughty,
2024; Shi et al., 2025; Thakur et al., 2025). Despite
their promising performance in diverse settings,
even powerful LLM judges still exhibit known is-
sues of hallucination (Ye et al., 2023a; Huang et al.,
2025), factual errors (Wang et al., 2024; Turpin
et al., 2023), and bias(Gallegos et al., 2024). Re-
cent studies report various biases, including po-
sition, verbosity, authority, style preference, and
self-preference (Zheng et al., 2023; Saito et al.,
2023; Ye et al.; Hu et al., 2024; Wataoka et al.),
indicating room for improvement in robust evalua-
tions. Moreover, non-adversarial input variations
such as reformatting or rephrasing can also affect
evaluations. This particular direction of robustness
has not been explored in depth.

Unlike prior work investigating robustness to
response-content variations (position, verbosity,
format of text being evaluated), we study robust-
ness to variations in the evaluation instructions
themselves. Our diagnostic framework is the first
to map attribute verifiability to deployment strat-
egy, providing pre-evaluation guidance rather than
post-hoc analysis.

3 Experimental Design

Traditional NLG evaluation metrics such as BLEU
and ROUGE rely on token overlap and cannot ac-
count for subjective attributes such ‘coherence’ and
‘organization’. LLM judges demonstrate the poten-
tial to evaluate these dimensions, motivating our
investigation of their robustness. We design exper-
iments to systematically assess robustness across
multiple factors: task characteristics, model archi-
tectures, evaluation attributes, and prompt formula-
tions.

Tasks & Datasets

We consider
{Summarization

NLG tasks
dataset  (Stiennon

four diverse
(Tldr
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et al.,, 2020)), Dialogue Generation (Topical
Chat (Mehri and Eskenazi, 2020)), Question
Generation (QG-Eval (Fu et al., 2024)), Essay
Evaluation (ASAP++/DREsS (Mathias and
Bhattacharyya, 2018; Yoo et al., 2025))} for
non-adversarial instruction variation experiments.
The tasks are selected considering the diversity
in the type of output and the relevant evaluation
metrics. We select ~ 100 samples per task to
enable comprehensive cross-model comparison: 8
models X 4 tasks x 12 attributes x 10 paraphrases
= 38,400 evaluations. Although larger samples
would be ideal, this design balances experimental
coverage with computational feasibility, yielding
~ 115,000 total evaluations across all conditions.
Samples were selected randomly from each dataset,
stratified by score distribution to ensure balanced
representation across all quality levels. We follow
the scoring methodology reported in the original
work. More details are provided in the Appendix.

Model Families

We use eight models as evaluators - three each
for the GPT (Ye et al., 2023b; OpenAl et al.,
2024) {GPT-3.5-turbo,GPT-4.1-nano,GPT-4.1 }and
LLaMA families(Al, 2025, 2024){LLaMA-3.1-
8b,LLaMA-3.3-70b, LLaMA-4}, one each from
Claude (Anthropic, 2025) {Claude Sonnet 4.5 }and
Mistral (Mistral-Al et al., 2025) {Magistral
Medium }families. This diverse selection enables
analysis of: (1) model family effects (GPT vs
LLaMA vs Claude vs Mistral), (2) size scaling
relationships (8B vs 70B+ parameters), (3) propri-
etary vs open-source trade-offs, and (4) recency
effects (comparing successive generations within
families). All models used default temperature set-
tings (T=1.0 where applicable). LLaMA models
were accessed as instruction-tuned variants via the
Groq API.

Prompt Paraphrase Generation and Validation

We focus on paraphrasing as it is the most natural
non-adversarial variation, seen across teams and
deployment contexts. It establishes a conservative
lower bound, and unreliability in this setup implies
worse failures under stronger perturbations, such
as lists and formatting. We generate semantically
equivalent paraphrases through a rigorous three-
step process:

* Step 1: Synthetic Generation - Following
(Cao et al., 2024), we use GPT-4 to gener-

ate 10-15 semantically equivalent paraphrases
for each evaluation prompt, with instructions
to: 1) preserve all evaluation criteria and con-
straints, 2) vary the syntactic structure and lex-
ical choice, and 3) maintain uniform formal-
ity. Results do not show any bias and system-
atic family advantage for GPT-family judges.
Findings on largest (/strongest) GPT model
are consistent with relevant Claude and Llama
model patterns, ruling out systematic bias.

 Step 2: Manual Validation - All candidates are
manually reviewed, rejecting paraphrases that:
1) added or removed evaluation constraints,
2) shifted emphasis between criteria, or 3)
introduced ambiguity. Out of 180 paraphrases,
60 parphrases were rejected.

* Step 3: Quality Verification - We validated
semantic equivalence using edit distance (ED)
(Levenshtein, 1966) as a proxy for surface-
level variation and cosine similarity of SBERT
embeddings (Reimers and Gurevych, 2019)
as a proxy for semantic preservation/semantic
similarity (SS). A high edit distance indicates
that paraphrases differ in form; a high se-
mantic similarity indicates that they preserve
meaning. Mean edit distance: 0.529 + 0.12;
mean semantic similarity: 0.876 + 0.08, con-
firming substantial surface variation with pre-
served semantics.

Table 1 shows representative paraphrases. Com-
plete paraphrase sets for all 12 attributes are pro-
vided in Appendix.

NLG Evaluation Metrics

Traditional NLG evaluation techniques are inca-
pable of evaluating subjective attributes such as co-
herence and interestingness. Manual evaluation is
essential in these assessments, making the process
time-consuming and resource-hungry, and LLM
judges present an attractive alternative. Conse-
quently, we evaluate LLLM judges for their perfor-
mance on subjective evaluation metrics.In total, we
consider 12 subjective evaluation measures (Refer
Figurel) -{Summarization: (coherence, accuracy,
quality), Dialogue Generation (understandabil-
ity, naturalness, interestingness), Question Gen-
eration (clarity, conciseness, answerability), Es-
say Evaluation (content, organization, language)}.
These attributes span a spectrum from factually
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Attribute

Original — Paraphrase (P1)

Coherence
(Summarization)

Orig: "For this axis, answer the question “how coherent is the summary on its own?”
A summary is not coherent if it’s difficult to understand what the summary is trying

to say. Generally, it’s more important that the summary is understandable than it

being free of grammar errors."

P1: "A summary is coherent when it can be clearly understood on its own, with

ideas flowing in a logical and connected way. Minor grammatical errors are acceptable

coherence."

as long as they don’t hinder understanding. If unclear phrasing or poor structure
makes the summary difficult to comprehend, it should be rated lower for

Interestingness
(Dialogue)

Orig: "Is the response dull/interesting? When evaluating a response, consider

how entertaining and interesting it is. Such qualities often boost engagement and
enjoyment. Responses should not feel uninspired or boring. Typically, an engaging
response includes intriguing or unexpected content.

P1:"Responses should aim to be both engaging and entertaining, as these

qualities often enhance user satisfaction and involvement. Avoid

responses that are monotonous or lack intrigue. Typically,

a compelling response includes unfamiliar yet intriguing information.

Based on this, evaluate how interesting the response is."

Table 1: Representative Paraphrase Examples

verifiable (accuracy, answerability, understandabil-
ity) through semi-objective (clarity, naturalness,
conciseness, coherence) to subjective (interesting-
ness, quality, organization, language, content), en-
abling analysis of how attribute characteristics af-
fect robustness. Overall, the experiments are spread
across 4 tasks, 8 models, 100 samples, 12 evalua-
tion metrics, and average 10 paraphrases, totalling
to ~ 115000 LLM judge invocations.

Ground Truth and Evaluation Metrics

Ground Truth: We use human-annotated scores
from original datasets as the ground truth. For all
tasks, LLM judges are prompted to produce integer
scores on the same scale used in the original human
annotation study. Annotation protocols vary by
task: 1) Summarization (TL;DR) - 5-point Likert
scales for coherence, accuracy, quality (Stiennon
et al., 2020); 2) Dialogue (TopicalChat) - 3-point
Likert scales for naturalness and interestingness, 2-
point scale for understandability (Mehri and Eske-
nazi, 2020); 3) Question Generation (QGEval)- 3-
point scales for clarity, conciseness, answerability
(Fu et al., 2024); 4) Essay Evaluation (ASAP++)-
6-point scales for content, organization, language
(Mathias and Bhattacharyya, 2018)

Evaluation: We define accuracy as the exact in-
teger score match:

N , ,
Accuracy = (1/N) 32521 I(Shm = Shuman)

where I(-) is the indicator function, Sy, is the
LLM judge’s score, and Sy man is the ground truth.
N is the number of samples. For tolerance-based
evaluation, we define accuracy as

Accuracyior = (1/N) SN 1S}~ Shaman] <
7) where 7 i.e. tolerance = 0.5 (discussed in Sec-

tion 5.1).

Robustness Metrics

We quantify robustness using three complementary
metrics:

Win-rate Gap (Cao et al., 2024): For each con-
figuration (model, task, attribute), we compute ac-
curacy across k=10 paraphrases. The gap measures
worst-case variance: Gap = mazjep yAcc; —
min;e xAccj Large gaps indicate high sensitiv-
ity to prompt variation (Cao et al., 2024).

Sensitivity (Errica et al.,, 2025): Label-
independent stability measured as coef-
ficient of wvariation across paraphrases:
Sensitivity = o(s1,82,..,Sk)/ (51,52, .., Sk)

where s; is the score vector for paraphrase j, o
is the standard deviation, p is the mean. Lower
values indicate more stable predictions regardless
of correctness.

Consistency: Percentage of samples where
all k paraphrases result identical scores:
Consistency = (1/N)SN I(si = sy =
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... = st ) where I(-) is the indicator function, NV is
total number of samples, and k is the number of
paraphrases. This formulation is based on similar
evaluations in (Hua et al., 2025; Jang et al., 2021).
For example, if an LLM judge assigns scores [0.8,
0.3, 0.7] across three paraphrases for an attribute,
win-rate gap = 0.5, sensitivity = std/mean = 0.23,
consistency = 0 (not all identical). These met-
rics capture different aspects of robustness: win-
rate gap measures worst-case instability, sensi-
tivity measures typical variance, and consistency
measures perfect agreement rate. All our experi-
ments use single-turn point-wise evaluations with-
out reasoning, assigning a numeric score on the
task-specific scale. Every prompt contains a para-
phrased rubric for evaluation.

As a proxy for human robustness, we note that the
original datasets report inter-annotator agreement
of 77% for Summarization (TL;DR), average 40%
for Dialogue (TopicalChat), average 60% for Ques-
tion Generation (QGEval), which suggests humans
maintain decent consistency. However, we did not
specifically perform human-consistency analysis
across paraphrases.

Same-Prompt Variability

To isolate paraphrase-induced variance from
stochastic decoding noise, we ran 10 same-prompt
repetitions for three top-performing models (GPT-
4.1, Claude Sonnet 4.5, Llama-3.3-70B) across
all tasks and attributes ( 30K additional evalua-
tions). Paraphrasing produces significantly more
accuracy spread than stochastic sampling (win-rate
gap: 0.114 vs 0.078, Wilcoxon p=0.010, 1.48x ra-
tio). Critically, this effect is attribute-dependent:
verifiable attributes show no significant differ-
ence between paraphrase and same-prompt con-
ditions (A=+0.012, p=0.66), while semi-objective
attributes are significantly more susceptible to para-
phrasing (A=+0.051, p=0.041, 12/15 configura-
tions positive). This confirms that paraphrase sen-
sitivity is not a uniform LLM property but is medi-
ated by attribute verifiability — consistent with our
diagnostic framework.

4 Results & Discussion

We report our findings for robustness in LLM
judges in the context tasks, models, and attributes.
Refer to Figure 1 For detailed results.

The Accuracy-Robustness Disconnect Our ex-
periments unearth a critical disconnect between

the reported accuracy and robustness. A single-
prompt evaluation is often incomplete and mislead-
ing evaluation for LLM judge reliability. Accuracy
and win-rate gap show weak positive correlation’
3(Pearson r =0.13, p = 0.185, n.s.; Spearman p
= 0.21, p = 0.029), explaining only 1.6% of ro-
bustness variance (R? = 0.016). This near-zero
relationship confirms that high average accuracy
does not predict robustness. Interestingly, sensi-
tivity shows significant negative correlation with
accuracy (r =-0.29, p = 0.002), modestly suggest-
ing that more accurate configurations tend to have
lower prediction variance.

Task-level Hierarchy Integrating accuracy with
robustness metrics confirms a clear task-specific
hierarchy. Task characteristics significantly affect
accuracy (with one-way ANOVA F(3, 108) =25.15,
p < Task structure explains 41.1% of performance
variance. Dialogue evaluation shows highest match-
ing (0.65-0.97 on ‘Understandability’ attribute),
while Essay evaluation shows significantly low
agreement (0.03-0.24) with human evaluations. It
can be observed that the accuracy of the evalua-
tion agreement consistently decreases in Dialogue
Generation, Question Generation, Summarization,
and Essay Evaluation in that order. We observe
that Question Generation has the best overall per-
formance, Dialogue Generation has the most dra-
matic within-task performance variance, Summa-
rization exhibits moderate performance whereas
Essay Evaluation is fundamentally unstable and
unreliable.

Structural Implications We infer that robust-
ness is sensitive to the length of the output. The
shorter the output, the more robust it is in detecting
variations. The results also hint at the dependence
on the structure of the output. Essays and sum-
maries are both comparatively less structured than
a dialog and a question. In that context, robustness
seems to be directly proportional to the degree of
structure in the output. Additionally, within-task
variance ( performance unstability across various
evaluation attributes under same task structure) ex-
ceeds between-task variance, demonstrating impor-

2All reported differences are statistically significant at p <
0.05 using appropriate tests (t-tests, ANOVA) with Bonferroni
correction for multiple comparisons where applicable, unless
explicitly noted as non-significant

3Ttem-level analysis (N=357 independent samples, one
robustness score per taskxsample) yields Welch’s ANOVA
F(3,186)=148.11, p = 4.1510~°, =0.55, confirming find-
ings are not an artifact of evaluation count inflation.
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Figure 1: Accuracy on Non-Adversarial Perturbation

tance of attribute nature.

Attribute Verifiability We believe that attribute
verifiability is the strongest influencer on the ro-
bustness of the judge. We categorize the evaluation
attributes into three categories: 1) Factually ver-
ifiable - attributes that can be validated through
knowledge sources: { accuracy, answerability, un-
derstandability,}, 2) Semi-objective - knowledge-
based validation is possible to some extent: {clar-
ity, naturalness, conciseness, coherence}, and 3)
Subjective - minimal dependency on knowledge
sources: {interestingness, quality, organization,
language, content}. Our hypothesis is that subjec-
tive attributes such as ‘interestingness’ and ‘quality’
have high susceptibility to perturbations, and objec-
tive attributes like ‘accuracy’ and ‘answerability’
are relatively robust. We perform one-way ANOVA
test to see effect on accuracy and attribute-type. We
observe that attribute type significantly affects ac-
curacy (one-way ANOVA F(2, 109) = 73.68, p <
0.001, n? = 0.575, large effect size). Specifically,
verifiable attributes significantly outperform sub-
jective attributes (Cohen’s d = 3.93), representing
an extremely large effect. Semi-objective attributes
fall between these extremes. All pairwise compar-
isons remain significant after Bonferroni correction
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Figure 2: Relationship between Accuarcy, Win-rate,
and Sensitivity. Attributes types: red [J - subjective ,
magenta A - semi-objective, green o - verifiable ,

for multiple comparisons (o = 0.017).

All three factually verifiable attributes (accuracy:
0.56, answerability: 0.66, understandability: 0.89)
individually outperform all five subjective at-
tributes (see Table 6). This effect can be seen
within tasks as well: For example, in Dialogue
Generation, understandability (factually verifiable
attribute) achieve average accuracy of 0.89 while
interestingness (subjective attribute) report the av-
erage accuracy of 0.29 despite identical task struc-
ture. Seven out of eight models achieve high ac-
curacy (>0.90) on understandability, zero models
exceeds 0.51 on interestingness. We believe that
this gap arises because models are able to leverage
their factual knowledge and retrieval-like capabil-
ities to validate verifiable attributes, while subjec-
tive attributes require complex reasoning and pref-
erence understanding that may vary with instruc-
tion framing. Additional analysis for verifiability
based patterns uncovers that only 41% of config-
urations achieve stability threshold (win-rate gap
<0.15 AND sensitivity <0.15), with a distribution of
50% verifiable, 42.5% semi-objective, and 35.4%
subjective attribute configurations. Thus, selecting
the right attribute for automated evaluation is much
more important than selecting the right model.

From our experiments, we infer that LLM judges
for factually verifiable attributes (expected accu-
racy 0.65-0.98) are ready to go into production en-
vironments with appropriate model selection. On
the other hand, mitigation strategies are required
for evaluating semi-objective attributes (expected
accuracy 0.46-0.67). Subjective attributes (accu-
racy < 0.30) are better suited for human review.

Overall, Only 41.1% of configurations reach stabil-
ity threshold (win-rate gap < 0.15 AND sensitivity
< 0.15). Stability rates vary by attribute type: verifi-
able (50.0%), semi-objective (42.5%), and subjec-
tive (35.4%).1t should be noted that this difference
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Attribute Type | Baseline | Best A

Accuracy veri 0.560 0.750 | +0.190
Coherence semi 0.460 0.464 | +0.004
Quality subj 0.180 0.237 | +0.057
Naturalness semi 0.500 0.517 | +0.017
Interestingness subj 0.290 0.200 | -0.090
Understandability | veri 0.890 0.950 | +0.060
Answerability veri 0.660 0.850 | +0.190
Conciseness semi 0.630 0.765 | +0.135
Clarity semi 0.670 0.810 | +0.140
Content subj 0.160 0.900 | +0.740
Language subj 0.120 0.562 | +0.443
Organization subj 0.160 0.500 | +0.340

ver: verifiable, semi: semi-objective, subj: subjective

Table 2: Individual Attribute Performance and Mitiga-
tion Results (n~100 per attribute per task)

does not demonstrate statistical significance (2
= 1.46, p = 0.482). This suggests that while veri-
fiable attributes show better stability, the effect is
smaller than the accuracy advantage.

This verifiability-driven pattern extends to the
same-prompt baseline: paraphrasing adds no sig-
nificant variance for verifiable attributes (p=0.66)
but significantly amplifies inconsistency for semi-
objective attributes (p=0.041), confirming the
attribute-type boundary identified in our frame-
work.

No Winning Model We consider 8 models
from four different model-families (OpenAI-GPT,
Meta-LLaMA, Anthropic-Claude, and Mistral-
Magistral) with diverse architectures, training pro-
tocols, model sizes, and availability. We observe
that no single model dominates in evaluation ex-
periments. The best model choices often varies by
task and attribute. The smallest model LLaMA-
3.1-8B achieves second overall ranking (0.492 av-
erage accuracy) demonstrating excellent perfor-
mance on verifiable attributes while disastrously
failing on subjective dimensions. Claude Son-
net 4.5 (rank 1 with 0.502 average accuracy) pro-
vides best accuracy-consistency balance across di-
verse task and GPT-4.1-nano being the 8th and
worst-performing model (accuracy=0.30). Within
the LLaMA family, LLaMA-4 (0.445) underper-
forms both LLaMA-3.3-70B and LLaMA-3.1-8B,
with margins of of 0.055 and 0.002 respectively.
More interestingly, LLaMA-3.1-8B and LLaMA-
4 show divergent correlation patterns (r=-0.730
vs r=-0.164), suggesting different mechanisms for
achieving similar accuracy. This demonstrates that
model evolution does not guarantee identical im-
provement across all evaluation dimensions.

Proprietary models exhibit higher accuracy than

open-source models but this gap is attribute-
dependent. Evaluation for verifiable attributes
show minimal difference (+1.5%), while semi-
subjective attributes show moderate difference
(+13.1%). All models fail while evaluating sub-
jective attributes.

We identify couple of curious cases where results
go against logical expectations. When comparing
models from same family with different sizes, it
is observed that LLaMA-4 fails miserably and is
ranked 6th (with average accuracy 0.445) behind
the smaller and older models from the same fam-
ily. We hypothesize that the changes in architec-
ture and training setup may have affected evalua-
tion capabilities, needing additional investigation
in future. This demonstrates that general capa-
bility improvements do not guarantee evaluation
robustness. Magistral-medium exhibits extreme
verifiability-driven performance (0.079 to 0.913
across attributes) with near-zero sensitivity, reveal-
ing prompt insensitivity rather than genuine robust-
ness. It succeeds on verifiable attributes through
fixed strategies but fails catastrophically on subjec-
tive attributes requiring flexible judgment. Corre-
lation analysis, on disaggregation, reveals strong
model-specific patterns. Although 7 out of 8 mod-
els maintain the negative/weak correlation, Magis-
tral shows problematic positive correlations on both
robustness measures, indicating that higher accu-
racy corresponds to worse robustness.

Human Baseline Validation A preliminary hu-
man study (3 annotators, 6 samples per task, 5
instruction conditions) validates our framework:
intra-rater consistency was 83.3% for Answerabil-
ity (verifiable) versus 55.6% for Organization (sub-
jective), mirroring the LLM pattern. The exact
agreement between the annotators was 50.0% ver-
sus 0% — three annotators never fully agreed on
any Organization score regardless of the phrasing
of the instruction, confirming that subjective diffi-
culty is task-intrinsic rather than LL.M-specific.

S Towards Reliable LLM Judges

We evaluated three mitigation strategies, leveraging
our experimental data without requiring additional
api inferences.

e LLM Panel (LLMP): We simulate ensemble eval-
uation by combining predictions from multiple
models in our existing dataset. Three aggregation
methods are considered- 1) majority voting, 2)
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mean average, and 3) median aggregation. The
median aggregation is selected for the final com-
parison.

* LL.M-as-a-Fuser (LLMF): We use a stronger
model like Claude Sonnet 4.5 as a curator/fuser
to synthesize judgments from multiple models
along with their reasoning. The fuser model is
asked to produce a final consensus evaluation
with justification.

* Self-Consistency Aggregation (SC): We treat our
10 paraphrases as multiple sampling iterations
and use majority voting across corresponding
predictions.

We also consider tolerance-based performance as-
sessment (value=0.5, selected via sensitivity anal-
ysis across 7 € {0.25,0.5,1.0}) to accommodate
minor mismatches. Sensitivity analysis (Figure 3,
Appendix D) shows that 7 =0.5 provides optimal
accuracy-precision tradeoff: substantial improve-
ment for subjective attributes (+20-35%) while min-
imal inflation for verifiable attributes (+2-5%), con-
firming that subjective attributes suffer from granu-
larity issues rather than fundamental incapability.

5.1 A Framework for Principled Evaluation
Automation

Based on our robustness analysis and mitigation ex-
periments, we propose a diagnostic framework (Ta-
ble 3) that maps evaluation attribute types and task
characteristics to appropriate automation strate-
gies. This framework is grounded in our finding
that attribute verifiability fundamentally limits ro-
bustness, enabling researchers to make informed
methodological decisions. It serves two purposes:
1) It provides systematic guidance for researchers
designing evaluation protocols, identifying when
automated evaluation is possible versus when hu-
man judgment remains necessary, and 2) It sug-
gests appropriate mitigation strategies for border-
line cases where automation is desirable but re-
liability concerns exist. While pilot testing with
paraphrases and continuous monitoring is essential,
these recommendations provide provide method-
ological guidance for evaluation system design, en-
abling principled decisions about when automa-
tion is scientifically appropriate versus when hu-
man judgment should be prioritized. The attribute
boundary is further validated empirically. The
paraphrase sensitivity is statistically indistinguish-
able from stochastic noise for verifiable attributes

(p=0.66) but significant for semi-objective ones
(p=0.041), providing a principled justification for
the Tier 1/ Tier 2 boundary in Table 3.

5.2 Overall Findings

For each mitigation approach, we consider the im-
provement in accuracy as a performance evaluation
metric. Figure 3 presents the mitigation results
across all task-attribute combinations. No single
strategy uniformly dominates: LLMF with toler-
ance achieves the highest improvement (+17.8%),
but exhibits extreme variance across attributes (-
31% to +74%) at an additional API-inference cost.
LLMP shows stable improvements (+9.5% aver-
age) with moderate cost with the use of multiple
models, whereas SC is the last in performance
with modest gains (+4.7%) but with single model-
multiple prompt setup clocks in the lowest cost.

Attribute-Dependent Effectiveness: Mitigation
performance is strongly correlated with the veri-
fiability of attributes. Verifiable attributes benefit
the most from ensemble mitigation methods and
tolerance (‘answerability’: 0.66 —0.85), while sub-
jective attributes show limited improvement despite
tolerance matching (‘interestingness’: < 0.2). Both
LLMF and LLMP achieve strong improvements
for verifiable attributes, confirming that ensemble
methods can help reduce variance even when indi-
vidual judges perform well.

Semi-objective attributes demonstrate a mixed re-
sponse to mitigation. Although some show de-
cent improvements (‘clarity’: 0.67 — 0.81 with
LLMP+Tol, ‘conciseness’: 0.63 — 0.76 with
LLMF), some exhibit disastrous performance (‘nat-
uralness’: 0.50 — 0.2 with LLMF). This indicates

Mitigation Strategy Performance Over Baseline Accuracy

-0.14 -0.09 -0.09 -0.22 -0.22 0.29
-0.30 0.02 0.01 0.00 -0.03 0.50
0.06 0.06 0.06 0.02 0.02

Task - Quality Metric

Mitigation Strategy

Figure 3: Mitigation Improvement Results for all task-
attribute-strategy combinations: Green cells: Strat-
egy improves performance over baseline, Orange cells:
Strategy degrades performance compared to baseline,
Yellow/light cells: Minimal change from baseline
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Tier 1 Tier 2 Tier 3
Attributes | Factually Semi- Subjective
verifiable objective
Example | Accuracy, Coherence, Quality,
Attributes | Answerability | Naturalness Interesting
ness
Tasks QG,DG Summ,QG Summ,Essay
Setup single LLMP LLMF
LLM judge
Features low cost, moderate cost, | high cost,
production human review | high human
ready for borderline | intervention
cases

Table 3: Framework for Principled Evaluation Automa-
tion, QG: Question Generation, DG: Dialogue Genera-
tion, Summ: Summarization, Essay: Essay Evaluation

stronger models working as fusers overriding cor-
rect judgments in ambiguous attributes and crite-
ria. ‘Coherence’ in Summarization displays uni-
form performance degradation indicating the need
to look beyond aggregation-based mitigation for
some attribute-task combinations.

Subjective attributes win big with the toler-
ance benefit.  Specifically, Essay evaluation
attributes show impressive gains with LLMF-
‘content’:(0.16—0.90), ‘language’: (0.12—0.56),
and ‘organization’:(0.16—0.50). However, these
attributes also have large exact-vs-tolerance gap
highlighting model limitations in capturing exact
score boundaries. Additionally, performance of
‘interestingness’ attribute indicates that some at-
tributes may inherently be unsuitable for automa-
tion.

Tolerance Benefit: Accommodating predictions
within +0.5 of ground truth consistently helps to
improve performance. Although, the effect varies
by attribute type, with verifiable attributes show-
ing lowest improvement, and subjective attributes
gaining the most. This suggests that a larger scor-
ing range, such as a 7-point scale or an additional
intermittent scale rubric, may be beneficial for sub-
jective attributes.

6 Conclusion

This work presents a systematic investigation
of LLM judge robustness under non-adversarial
prompt variations. Through comprehensive evalua-
tion across 8 models, 4 tasks, and 12 attributes
(=~ 115,000 evaluations), we validate a critical
accuracy-robustness disconnect and identify its
root cause. We propose a diagnostic framework
grounded in attribute verifiability that enables prin-

cipled pre-deployment decisions about evaluation
automation — validated by sufficient empirical
evidence and a human baseline study. Our key
findings are- 1) Robustness must be assessed in-
dependently from accuracy. High average accu-
racy does not guarantee consistency under routine
prompt variations. 2) Attribute verifiability is the
strongest predictor- factually verifiable attributes
achieve 0.71 accuracy as compared to 0.19 for sub-
jective attributes; 3) Model sizes do not guarantee
evaluation robustness; 4) The task structure (short-
form versus long-form) significantly influences ro-
bustness than the model-choice. Our findings val-
idate the need of assessing LLM judges beyond
the accuracy metric. We demonstrate that attribute
verifiability constrains the robustness regardless
model improvements, suggesting some evaluation
dimensions may be inherently unsuitable for auto-
mated approaches. A preliminary human annota-
tion study corroborates this: intra-rater consistency
was 83.3% for the verifiable attribute (Answerabil-
ity) versus 55.6% for the subjective attribute (Or-
ganization) even with identical instructions, and
zero exact inter-annotator agreement was observed
for Organization under any instruction condition,
confirming that subjective evaluation difficulty is
task-intrinsic rather than an LLM-specific limita-
tion. To summarize, we provide 1) the first large-
scale robustness benchmark for LLM judges, 2)
a diagnostic framework based on attribute verifi-
ability for principled automation decisions, and
3) empirical evidence that general model capabil-
ities do not guarantee evaluation reliability. Our
work establishes new standards for assessing LLM
judges beyond simple accuracy metrics.

Limitations

There are several limitations that we are aware of.
We list a few important limitations in this section.

Model Coverage The selection of models was
deliberate considering 1) the frontier and widely-
used models, 2) to allow for investigations across
models from the same family, 3) different training
paradigms, and 4) budget constraints. - Addition-
ally, recent large-scale research (Kim et al., 2025;
Song et al.) provides strong evidence that testing
two frontier models from different providers cap-
tures the most independent evaluation signal. Our
core findings are observed across all competent
models and all tasks. This cross-task consistency
suggests genuine systematic patterns rather than
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model-specific artifacts.

Perturbation Types We experiment with para-
phrasing for non-adversarial instruction variations
in this work, as it is the most natural variation ob-
served across different contexts. We plan to sys-
tematically categorize perturbation taxonomy, and
future work includes the following perturbations:
1) formatting, 2) reordering, and 3) semantic per-
turbations.

Small sample-size We select samples with a
conscious consideration towards maximizing task
and attribute variations in evaluation settings.
From a conceptual perspective, our focus is on
LLM evaluator reliability and behavior, not task
performance. The NLG tasks serve only as testing
contexts for the evaluator’s behavior and not the
main objectives of the study. Across 4 tasks with
60-100 per task, we consider 357 core samples.
We reran the statistical analysis at the core-sample
level computing one robustness score per (task,

Anthropic. 2025. Introducing claude sonnet 4.5.

Negar Arabzadeh and Charles L.A. Clarke. 2025. A
human-ai comparative analysis of prompt sensitivity
in llm-based relevance judgment. In Proceedings of
the 48th International ACM SIGIR Conference on
Research and Development in Information Retrieval,
SIGIR 25, New York, NY, USA. Association for
Computing Machinery.

Sher Badshah and Hassan Sajjad. 2025. Reference-
guided verdict: Llms-as-judges in automatic eval-
uation of free-form qa. In Proceedings of the 9th
Widening NLP Workshop, pages 251-267.

Bowen Cao, Deng Cai, Zhisong Zhang, Yuexian Zou,
and Wai Lam. 2024. On the worst prompt perfor-
mance of large language models. Advances in Neural
Information Processing Systems, 37:69022-69042.

Manav Chaudhary, Harshit Gupta, Savita Bhat, and Va-
sudeva Varma. 2024. Towards understanding the
robustness of LLM-based evaluations under pertur-
bations. In Proceedings of the 21st International
Conference on Natural Language Processing (ICON),
pages 197-205, AU-KBC Research Centre, Chennai,

sample;d)byaveragingaccuracyacrossallothercon fijodiat ShE. Gksdbivsimatelndid {0 PAH —

leveldataset, thetaskef fectis foundtobeextremelystron,

classicone — wayANOV AisF(3,353) =
143.76,p= 7.1710%!, with a very large effect
size 172:0.550 and 9% CI [0.482, 0.601] and to
handle unequal group sizes and variances, Welch’s
ANOVA (F(3,186.45)=148.11, p=4.15x10%).
These results validate that our conclusions are
robust under item-level inference and are not an
artifact of inflated evaluation counts.

Human Baseline Our investigation is limited by
different annotation protocols across datasets. A
unified human re-annotation study would provide
stronger baseline comparison. Also, we are aware
of the limitation due to the absence of a larger
human-annotator consistency analysis across para-
phrases. While we hypothesize humans would
demonstrate greater robustness to semantically
equivalent instructions, empirical validation would
strengthen our findings. We provide results from
a preliminary human study, and future work is
planned to conduct controlled studies measuring
inter-annotator agreement across instruction para-
phrases with a larger human study.
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Appendix
A Extended Related Work

LLM-as-a-Judge Comprehensive surveys (Gu
et al., 2024; Liu et al., 2023) provide systematic
insights into dimensions such as formal definition
and formulation, applications, and limitations. Re-
cent works have demonstrated the use of LLM
judges in diverse applications such as story eval-
uation (Chiang and Lee, 2023), code comprehen-
sion(Yuan et al., 2023) and general open-ended
tasks like Chatbot Arena and MT-Bench(Zheng
et al., 2023). Prometheus 1 and 2 (Kim et al., 2023,
2024) , fine-tuned evaluators based on LLaMA-2
with customizable evaluation criteria, demonstrate
performance matching with state-of-the-art propri-
etary models. JudgeLM (Zhu et al.) introduces a
comprehensive judge training along with address-
ing known biases (position,format, and knowledge).
There exists limited work (Wang et al.; Liu et al.,
2023; Hu et al., 2024) that specifically focuses on
LLM judges for the evaluation of quality measures
that are hard to quantify and prone to confusion.
Experimental results reveal that LLLMs possess in-
herent oversensitivity and confusion about quality
attributes. This motivates our work on the reliabil-
ity of evaluations for NLG quality measures.

Robustness in NLG Evaluation A central con-
cern in using LLM judges is calibration of their
robustness and reliability: are they consistent while
evaluating the content or are they vulnerable to
irrelevant factors and minor perturbations? (Bad-
shah and Sajjad, 2025) reports that when an LLM
judge is instructed to provide a step-by-step expla-
nation for its decision, its evaluations become more

transparent and consistent. Although many stud-
ies have reported that state-of-the-art LLMs show
high alignment with human evaluators(Kim et al.,
2024; Liu et al., 2023; Zheng et al., 2023; Sottana
et al., 2023), there are instances in which LLM
judges exhibit serious shortcomings (Schroeder
and Wood-Doughty, 2024; Shi et al., 2025; Thakur
et al., 2025). Despite their promising performance
in diverse settings, even powerful LLM judges still
exhibit known issues of hallucination (Ye et al.,
2023a; Huang et al., 2025), factual errors (Wang
et al., 2024; Turpin et al., 2023), and bias(Gallegos
et al., 2024). Specifically, recent studies have re-
ported challenges such as position bias(Zheng et al.,
2023), verbosity bias(Saito et al., 2023; Zheng
et al., 2023), confusing evaluation criteria, focusing
more on style compared to factual information(Hu
et al., 2024) and self-preference(Wataoka et al.).
(Ye et al.) systematically identifies in total 12 types
of disinct biases. These studies indicate a signif-
icant room for improvement in achieving robust,
bias-free evaluations. Moreover, non-adversarial
input variations such as reformatting or rephrasing
can also affect evaluations. This particular direc-
tion of robustness has not been explored in depth.

Evaluation Explainability Although LLM
judges can provide a numerical score or a prefer-
ence, details about how and why this evaluation is
achieved remain opaque. Human evaluators typi-
cally consider multiple quality dimensions such as
coherence, fluency, and relevance when assessing
text.If an LLM judge disagrees with the human
evaluator, it is critical to understand from where the
disagreement comes from. However, LLM judges
do not naturally provide this information, and this
is a crucial gap to make the evaluation explainable.
When an LLM judge provides a monolithic
judgment, users have little insight into whether the
model perhaps misjudged the factuality of the text,
misinterpreted the prompt, or over-emphasized
minor grammatical issues. Recent studies like
G-Eval have studied multidimensional evaluation
in their framework. (Hsu et al., 2024) presents
fine-tuned evaluators, specifically designed to
evaluate across quality dimensions including
faithfulness, coherence, and completeness. These
models not only provide ratings for these metrics
but also offer detailed explanation and verifiable
citation, thereby enhancing trust in the content.
G-Eval(Liu et al., 2023) proposes a founda-
tional framework that uses GPT-4-turbo with
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chain-of-thought reasoning to decompose given
evaluation criteria into structured steps. (Feng
et al., 2025) introduces SaMer, a scenario-aware
multidimensional evaluator that is capable of
adapting evaluation dimensions based on query
context.  Unlike fixed-dimension approaches,
SaMer automatically identifies and prioritizes
relevant evaluation dimensions tailored to specific
scenarios, achieving superior performance across
diverse evaluation tasks. FLASK (Fine-Grained
Language Model Evaluation)(Ye et al., 2024)
also focuses on multidimensional evaluation
and decomposes coarse-level scoring into skill
set-level evaluations for each instruction. This
approach enables more interpretable assessment
by considering instance-wise skill composition
rather than overall preference-based evaluation.
Similarly, LMUnit(Saad-Falcon et al., 2024) also
decomposes the response quality evaluation into
natural language unit criteria tests which are
explicit and testable. This framework improves
inter-annotator agreement and enables more
effective LLM development workflows. (Liu et al.,
2024) presents HD-EVAL, a framework based on
hierarchical criteria decomposition used to align
LLM evaluators with human preferences. The
framework decomposes evaluation tasks into finer-
grained criteria using iterative alignment training.
DeCE (Decomposed Criteria-Based Evaluation)
(Yu et al., 2025) demonstrates the effectiveness
of decomposed evaluation in expert domains
by separating precision and recall in legal QA
evaluation. Recent work (Chaudhary et al., 2024)
investigates robustness of LLM-based evaluators
under perturbations, reporting limited alignment
with humans. However, their focus on input
perturbations differs from our attribution-based
diagnostic approach for interpretation.

Prompt Robustness Works in (Tan et al., 2025;
Zeng et al.; Zhao et al., 2025; Singh et al., 2026;
Arabzadeh and Clarke, 2025) study robustness to
variations in the content being evaluated. For exam-
ple, the position of the answer, the verbosity of the
response, and the format of the generated text. In
many of these works, actual evaluation instruction
is fixed; only the content to be evaluated changes.
In contrast, our work focuses on robustness to vari-
ations in evaluation instructions themselves (para-
phrasing), while the content under evaluation re-
mains unchanged. Specifically, (Arabzadeh and
Clarke, 2025) investigates the prompt sensitivity

in IR domain with a focus on relevance judgement
with no mitigation strategies and is limited to 3
models. In contrast, we study prompt robustness
across 4 NLG tasks and 8 models with mitiga-
tion strategies and attribute verifiable taxonomy.
JudgeBench in (Tan et al., 2025) evaluates LLM
judges capability on objectively verifiable response
pairs, while we assess judge reliability under in-
put variations for NLG subjective quality attribute
evaluation. (Singh et al., 2026) investigates the
temporal robustness of finetuned judges to distribu-
tional shifts in generator models, while we study
whether LLM judges produce consistent evalua-
tions under semantically equivalent instruction vari-
ations. These are entirely different robustness axes.
In (Zhao et al., 2025), they study adversarial in-
puts (model responses) specifically designed to
exploit judge vulnerabilities, while we focus on
non-adversarial, semantically equivalent prompt
variations for evaluation instructions, targeting dif-
ferent components of the evaluation. LLMBar
in (Zeng et al.) targets instruction following and
evaluates whether LLM evaluators can distinguish
instruction-following outputs from incorrect ones.
We test the robustness of the judge under paraphras-
ing. We agree that paraphrasing the evaluation in-
struction is a subset of judge-input perturbations
studied in prior work. Our contribution focuses
mainly on subjective evaluation criteria, which can
be described in multiple semantically equivalent
ways. Evaluation rubric paraphrase sensitivity for
subjective NLG criteria is under-explored relative
to response-style perturbations.

B Types of Perturbations

Input instructions are broadly categorized into two
classes:

1) Adversarial Perturbations: These perturba-
tions are deliberately crafted inputs, designed to
mislead the LLLM judge. This tests whether LLM
judges can maintain independent judgment even
when presented with contradictory information.

2) Non-Adversarial Variations: Natural linguis-
tic variations of input instructions maintaining se-
mantic equivalence are considered under this cat-
egory. This tests the sensitivity to instruction
reformulation- a common occurrence in real-world
applications where different users may phrase the
evaluation criteria differently.

For example, to evaluate ‘Interestingness’ of a gen-
erated dialogue response, we consider following
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paraphrases for the original prompt "Is the response
dull/interesting? When evaluating a response, con-
sider how entertaining and interesting it is. Such
qualities often boost engagement and enjoyment.
Responses should not feel uninspired or boring.
Typically, an engaging response includes intrigu-
ing or unexpected content.".

1. "To be effective, a response should offer enter-
tainment and spark interest. Responses with
these traits usually foster higher user engage-
ment and enjoyment. Refrain from giving
plain or uninspired answers. Typically, the
most interesting responses include unexpected
or little-known details."

2. "Effective responses should be intriguing and
fun. These traits often lead to better user en-
gagement and satisfaction. Avoid responses
that seem tedious or repetitive. An interesting
response usually contains new and unexpected
facts."

3. "The best responses are those that are lively
and entertaining, which tend to keep users
more satisfied and involved. Avoid dull or
repetitive replies. Responses that surprise
or share lesser-known insights are generally
more compelling."

C Data and Code Availability

To facilitate reproducibility, we will release soon:
1) Complete prompt sets: All 120 paraphrased eval-
uation prompts, 2) Evaluation data: LLM judge
responses for all 115,000 evaluations, 3) Analysis
scripts: Code for all metrics and statistical tests,
and 4) Dataset details: Specific sample IDs and
preprocessing steps.

D Mitigation Strategies

Our primary contribution is the diagnostic frame-
work. The mitigation strategies demonstrate that
the accuracy-robustness gap is partially address-
able. Because our goal is to quantify and reduce
prompt-induced instability rather than optimize
task-specific accuracy, evaluating mitigation on the
same controlled set isolates and validates robust-
ness effects. External out-of-distribution validation
is a meaningful extension, and we will add experi-
ments on cross-task transfer or one extra dataset fo-
cused on mitigation. Table 3 in the paper provides
relative cost indicators. The costing will mainly
depend on the budget and API calls.

E Human Study

We provide results from a preliminary human study
using paraphrases for NLG evaluations. We con-
sider two setups: 1) Question Generation for ‘an-
swerability’ attribute, and 2) Essay Evaluation for
‘organization’ attribute. Each block has an eval-
uation prompt phrase and 6 samples to evaluate.
Common instructions provided in the google form
were as follows: Please evaluate each item inde-
pendently based only on the instruction shown in
each block. Do not compare across blocks. Some
blocks may appear similar; that is expected. Please
answer all items carefully.

Model Features

GPT-3.5-turbo-0125
GPT-4.1-nano-2025-04-14
GPT-4.1-2025-04-14
Claude Sonnet 4.5
LLaMA-3.1-8b-instant
LLaMA-3.3-70b-versatile
LLaMA-4

Mistral Magistral Medium

baseline-efficiency
smaller-efficient
latest

strong reasoning
smaller, efficient
larger, capable
latest generation
latest,alternative
architecture

Table 4: Models considered for robustness experiments.
Top four are proprietary models and bottom four are
open-source.

Task Accuracy | Sensitivity | Win-rate
Gap
Summ 0.356 0.152 0.146
Dialogue | 0.480 0.146 0.172
Question | 0.657 0.121 0.156
Essay 0.154 0.162 0.095

Table 5: Task Performance Statistics

Attribute | Baseline Best Best Acc.
Type Strategy A
Factually 0.71 PoLL/Fuser 0.89
Verifiable (+0.18)
Semi- 0.56 PoLL(Tol) 0.73
Objective (+0.17)
Subjective 0.19 Fuser(Tol) 0.54
(+0.35)

Table 6: Aggregate mitigation performance by attribute
category. Best strategy varies by attribute verifiability.
Even with mitigation, subjective attributes remain below
acceptable thresholds.
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Deploy:
= LLM-as-Fuser + Tolerance
= 70-80% Human Oversight
= Cost: 5x




