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Abstract

Evaluating large language models (LLMs) in practical settings requires more than leaderboard-style benchmarking:
model outputs are open-ended, correctness can be expressed in many valid forms, and no single metric captures
relevance, faithfulness and factuality at once. We present a multilingual probe for LLM evaluation that tests
whether a metric captures meaning beyond surface-level text similarity. The protocol compares scores on correctly
paired data against scores on meaning-destroyed (shuffled) variants, and we apply it to three LLM-as-a-judge
metrics—Relevancy, Groundedness and Correctness—in a retrieval-augmented generation (RAG) setting across six
languages. The metrics turn out to be reliable and language-invariant, with a large gap between original and
shuffled data, but a correlation analysis reveals that reliability alone is not enough: Groundedness and Correctness
are near-collinear, while Relevancy is largely independent. We argue that evaluation pipelines should combine
complementary families of metrics, and that a sound benchmarking process must probe not only whether a metric
works but also how it interacts with the others; we close with a concrete prompt-redesign recommendation to
decorrelate the two redundant metrics.
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1. Introduction

Evaluating large language models (LLMs) deployed in real applications is fundamentally different from
ranking them on a static benchmark. In production, a single model is used across tasks that demand
different notions of quality, sometimes beyond what standard datasets capture. Moreover, LLM outputs
can have many valid surface forms, and reference answers are often unavailable at inference time, so
evaluation must also work in reference-less settings.

Given these constraints, a single metric is rarely enough to capture every relevant aspect of a
generated answer. A high lexical-overlap score such as BLEU [2] or ROUGE [3] can hide a wrong
answer, while a fluent answer can still be unfaithful to a given ground truth. However, stacking metrics
is not the solution either, because too many overlapping scores make evaluation messy, redundant and
hard to interpret.

Recent evaluation practice leans heavily on LLM-as-a-judge prompts [4, 5, 6] for a wide range of tasks.
We argue that such metrics should be treated as complementary signals, with each family capturing
a different aspect of answer quality. For this to hold, each judge prompt should be specific, and each
metric should be validated to ensure it measures something distinct.

With this perspective we introduce a probe that decides whether a metric reacts to variation of
meaning in the data and whether it captures aspects of the evaluation that are not caught by other
metrics. We apply this probe to a multilingual retrieval-augmented generation (RAG) [7] case study.
First, the probe compares the scores a metric assigns to correctly paired records (formed of query,
extracted fragments and a gold answer) against the scores it assigns to meaning-destroyed (shuffled)
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variants. We then measure the correlation between metrics to reveal whether they effectively capture
distinct signals. Our contribution is twofold:

1. A multilingual probe for judge metrics. We introduce an original-vs-shuffled probe, paired with a
correlation analysis, to test whether a metric reacts to meaning and whether it adds information
beyond the rest of the evaluation set. We apply it to three LLM-as-a-judge metrics in a RAG
setting across six languages, showing that all judges are reliable, but that Groundedness and
Correctness are partially redundant.

2. A practical criterion for ensemble design. We show that judge metrics should be kept only if they
are both reliable and non-redundant, and that correlation analysis is necessary to detect when
two apparently different judges are effectively measuring the same facet.

2. Related Work

LLM evaluation remains a central topic in the field, and a number of resources, initiatives, and standards
have been proposed for this purpose. Prominent examples include static benchmark suites such as
MMLU [8], which assesses broad multitask knowledge through multiple-choice questions spanning
diverse subjects; BIG-bench [9], a large collaborative benchmark designed to probe a wide range of
linguistic, reasoning, and emergent capabilities; and HELM [10], a holistic evaluation framework that
emphasizes transparency, reproducibility, and multi-dimensional assessment beyond accuracy alone.
While these benchmarks are useful for measuring general capabilities, they are often optimized for
standardized settings rather than production-oriented workflows. As a result, they do not always reflect
task-specific requirements, and they can be difficult to compare across models due to contamination is-
sues, prompt sensitivity, and the mismatch between benchmark scores and real deployment errors. More
importantly, they typically do not explain what a model is failing at in a customer-facing application.

Human preference arenas [11] provide a complementary perspective by aggregating large-scale
relative judgments of model outputs and capturing holistic quality signals that are often closer to user
preference than single-task accuracy metrics. However, such arenas are expensive to maintain, difficult
to rerun frequently, and impractical to integrate into a product team’s iterative development loop.

For task-specific generation problems, standard metrics such as BLEU [2] for machine translation or
BERTScore for summarization often miss important aspects of quality: LLM outputs are open-ended,
and a correct answer may have a surface form that differs substantially from the reference, leading
such metrics to assign low scores despite semantic adequacy. For this reason, using an LLM to score
another model’s output [4, 5, 6] has gained increasing popularity, since LLM-based judges can capture
nuance that lexical or embedding-based metrics often miss. At the same time, LLM judges are known to
exhibit systematic biases, such as position and verbosity effects [12], and to require careful grounding
of factual claims [13, 14]. This is precisely why a judge must be validated before it is trusted, and why
correlation-based meta-evaluation must be interpreted with care to avoid its documented pitfalls [15].

Multilingual evaluation remains under-served: while large efforts such as MEGA [16] and more
recent European-language benchmarks [17] have expanded coverage beyond English, generative quality
is still often assessed primarily in English, and dedicated multilingual evaluation remains the exception
rather than the norm. Our probe is therefore applied identically across six languages to expose any
language-specific bias in the LLM-as-a-judge metrics.

3. Method

Our method has two components: a probe that tests whether a metric reacts to meaning and quantifies
what it adds relative to the others, and a broader evaluation context in which such metrics are used in
practice.



3.1. Metric Families

No single metric captures every aspect of an LLM answer. Depending on the task, evaluation may rely
on deterministic overlap measures, embedding-based similarity, LLM-based judges, or hybrid scores
that combine several signals. These metric families are complementary rather than interchangeable:
each captures only part of the quality space, and the final evaluation depends on the ensemble of signals
a task chooses to use. In this paper, we keep that broader view in the background, but the empirical
analysis is restricted to the judge family.

In LLM-as-a-judge metric design, a judge model scores an answer against an explicit, task-specific
rubric. Each metric takes the query g, the answer a, a prompt p and (optionally) a set of sources D, and
returns a score between 0 and 1, where higher is always better. LLM-as-a-judge metrics capture nuance
that traditional approaches miss, but are heavily prompt- and model-dependent and become costly at
scale.

3.2. The Probe

A metric is only useful if its score changes with meaning. We test this by constructing a shuffled copy
of the dataset in which answers or fragments are randomly re-paired, destroying alignment while
preserving the text distribution. For any reliable metric m, we expect

Ay = moriginal — Mshufled > 0, (1)

with Mghuseq & 0 in the ideal case.

A positive gap A, shows that the metric m responds to meaning, but not whether it adds distinct
information. We therefore complement the reliability test with a correlation analysis based on Pearson
and Spearman coefficients [18, 19], which helps detect near-collinear metrics and avoids the usual
pitfalls of correlation-based meta-evaluation [15]. A metric enters the ensemble only if it separates
original from shuffled data and is not redundant with an existing metric.

4. Experiment

4.1. Dataset

We use the rag-embeddings-relevance-similarity' corpus from the HuggingFace Hub, restricted to the
pubmed-qa [20] and covid-qa [21] train subsets, and sampled to 500 records. Each record contains a
query, four supporting fragments and a model response that paraphrases them. Since our RAG models
must be evaluated in multiple languages but the corpus is English-only, we translate it into the five other
target languages (Italian, Portuguese, Spanish, French, German) with the Opus-MT neural machine
translation models [22] 2.

4.2. Metrics under Test

In RAG, an LLM answers a query q using a set of provided sources D; the answer a should be relevant
to ¢ and grounded in D. In our experiment we tested three RAG metrics: Relevancy, Groundedness and
Correctness.Each of these metrics is implemented as an LLM-as-a-judge prompt, returning a normalised
score in [0, 1] and a reason (full prompts in Appendix A):

+ Relevancy R (drawn from RAGAS [23]) — how on-topic and relevant the answer is to the query.
High = fully on-topic; low = drifts off the question.

« Groundedness G— whether the information in the answer is expressed or at least implied in D.
High = supported by D; low = hallucinated.

'https://huggingface.co/datasets/argilla/rag-embeddings-relevance-similarity
*We used the models from English to our specified target languages
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Table 1

Mean =+ std of each metric on the original data and on the two shuffled variants, for both Italian it and English
en. Every metric satisfies A~0.9 > 0 in the original data configuration while in the shuffled ones the results
are near to 0.

O Sq Sa

Metric it en it en it en

Relevancy 0.91+0.21 093£0.18 0.91+0.21 0.93£0.18 0.01+0.09 0.01=£0.09
Groundedness  0.91+£0.25 0944+0.20 0.01+£0.08 0.014+0.09 0.00£0.06 0.01=+0.09
Correctness 091+0.26 094+0.21 0.00£0.08 0.06+0.24 0.00£0.06 0.00=+0.06

+ Correctness C— the overall correctness of the answer a given the query ¢ and the set of sources
D. High = factually correct; low = wrong.

The default judge model used to compute all the above metrics is gpt-4.1-mini.

4.3. Corruption Strategies

A RAG answer has two independently corruptible ingredients: the set of retrieved fragments (docs) the
judge reads before scoring, and the generated answer the model produced. We exploit this with two
corruption datasets: Sy by pairing a query and answer with the wrong set of source documents, and S,
by paring the query and documents with the wrong answer. We call the original, not shuffled dataset, O.
We expect the three metrics to capture the disalignments and reveal which signal each is more sensitive
to: groundedness should collapse when either the docs or the answer are corrupted, whereas relevancy,
comparing only query and answer, should be insensitive to the document-only shuffling.

We omit a fully shuffled condition because it would destroy all alignments simultaneously and would
not allow us to disentangle the contribution of each judge.

5. Results

Table 1 reports the Italian and English splits, showing that every metric separates original from shuffled
by roughly 0.9, and both S, and S; collapse near zero with low variance. The same separation holds
across all six languages (see Appendix B), so the metrics show no language bias. This supports the
reliability hypothesis.

On the original dataset O (first column), in the Italian and in English languages, all three metrics
centre near 1.0; their means are pulled down to the range [0.91;0.94] only by a thin tail of genuinely hard
cases (Relevancy: Italian 0 =0.21; English o =0.18, Groundedness: Italian o =0.25; English 0 =0.20,
Correctness: Italian 0 = 0.26; English: ¢ =0.21). On both S, and Sy (second and third columns), in
the Italian and in English languages, every distribution sits on zero, except R in S; because queries
and answers are the same as the original dataset O, so the results are the same. Splitting corruption
into docs and answer shows that both components are penalised: G and C drop to 11~ 0.00-0.01 under
either corruption, and the rare high points are isolated outliers. The corrupted pairs are, in other words,
correctly rejected.

Table 3 shows Pearson and Spearman matrices over the five shuffled Italian series; in both, G
and C reach correlation 1.00 on matched corruption. Here G4/ G, denote Groundedness on shuffled
docs / shuffled answer, and analogously C,/ C, for Correctness. The redundancy sharpens under the
shuffled test. When the same component is corrupted, Groundedness and Correctness become perfectly
correlated.

Table 4 shows Pearson and Spearman matrices over the five shuffled English series. Here G4/G,
denote Groundedness on shuffled docs / shuffled answer, and analogously Cy/ C, for Correctness. Unlike
the Italian case, matched corruption does not drive Groundedness and Correctness to a perfect 1.00:
the redundancy is directional. It is strongest when the answer is corrupted (G,—C,: 0.67 Pearson, 0.70



Table 2

Pearson and Spearman correlation among the LLM-judges on the original English and Italian data, over the three
metrics (R, G, and C). In both languages the strongest off-diagonal association is Groundedness—Correctness
(bold), indicating that Correctness largely re-measures Groundedness already on uncorrupted data; Groundedness
and Correctness are near-collinear, while Relevancy is largely independent.

English Italian
Pearson Spearman Pearson Spearman
R g C R g ¢ R g C R g C
R 1.00 0.24 0.21  1.00 0.19 0.17 1.00 0.28 0.25 1.00 0.23 0.20
g 0.24 100 0.87 019 1.00 0.88 028 1.00 0.95 0.23 100 0.92
C 021 087 1.00 017 0.88 1.00 025 095 1.00 020 092 1.00

Table 3

Pearson and Spearman correlation on the shuffled ltalian data over the five series: R, G4/G,, and Cy/C,.
Corrupting the same component drives Groundedness and Correctness to 1.00 (bold), confirming that Correctness
largely re-measures Groundedness.

Pearson Spearman

R gd ga cd Ca R gd ga Cd Ca

R 1.00  0.53 0.66 0.53 0.66 1.00 0.32 0.40 0.32 0.40
Gq 053 1.00 082 1.00 0.82 032 1.00 0.82 1.00 0.82
Ga 066 0.82 1.00 0.82 1.00 0.40  0.82 1.00 082  1.00
Ca 053 1.00 0.82 1.00 0.82 032 1.00 0.82 1.00 0.82
Ca 066 082 1.00 0.82 1.00 0.40  0.82 1.00 0.82 1.00

Table 4

Pearson and Spearman correlation on the shuffled English data over the five series: R, G4/G,, and C4/C,. The
strongest redundancy is between Groundedness and Correctness when the answer is corrupted (G,—C,, bold:
0.67/0.70); matched-document corruption yields only 0.34. Matched corruption does not reach 1.00 here,
indicating a weaker overlap than in the Italian setting.

Pearson Spearman

R gd ga cd Cu, R gd ga Cd Cu,

R 1.00 0.41 0.41 0.16  0.62 1.00 0.27 0.27 0.16  0.40
Gq 041 1.00 0.45 0.34  0.67 0.27  1.00 0.49 0.34  0.70
Ga 041 0.45 1.00 0.14  0.67 0.27  0.49 1.00 0.16  0.70
Cq 016 034 0.14 1.00 0.23 016 0.34 0.16 1.00 0.24
Ca 0.62 0.67 0.67 0.23 1.00 040 0.70 0.70 0.24 1.00

Spearman, bold) and markedly weaker under S; (G4—Cg4: 0.34 in both). This still points to Correctness
partially re-measuring Groundedness, but the effect is far milder than on the Italian data.

6. Discussion

From our experiments, two conclusions follow. First, the metrics are reliable and unbiased: original
scores sit far above shuffled for every judge and every language, so the metrics genuinely separate good
RAG outputs from corrupted ones. Second, Correctness ~ Groundedness: the two metrics are highly
correlated on the original data (0.95) and become indistinguishable under matched corruption (1.00).
In their current form, Correctness contributes little signal beyond Groundedness on RAG question
answering.

This is precisely the situation the two-stage gate of Section 3.2 is meant to catch. Reliability alone
would have admitted both metrics; only the correlation analysis reveals that the ensemble is over-



weighting a single facet. The practical takeaway is that metric families should be treated as complemen-
tary signals, not interchangeable scores, and that benchmarking should probe not only whether a metric
separates good from bad outputs, but also whether it contributes information that is genuinely distinct
from the rest of the ensemble.

Recommendation. Because Correctness currently re-measures Groundedness, we recommend re-
designing the Correctness rubric so that it focuses on factual agreement with respect to the query
and a gold answer, while Groundedness remains strictly tied to support from the retrieved sources.
This would make the two metrics more complementary and would better justify keeping both in the
evaluation stack. More generally, whenever a new judge is introduced, it should be tested not only for
reliability under corruption, but also for redundancy against the existing ensemble.

7. Conclusion

We presented a multilingual probe for LLM evaluation that certifies whether a metric reacts to meaning
and, through a correlation analysis,whether it adds a signal distinct from the others. Applied to three
LLM-as-a-judge metrics on a RAG case study across six languages, the probe shows that they are
reliable and language-invariant, yet Groundedness and Correctness are near-collinear. The broader
message is that evaluation pipelines should combine complementary families of metrics, and that a sound
enchmarking process must test both whether a metric works and how it interacts with the rest of the
ensemble.

Limitations and future work. This study is limited to RAG question answering, so the next step is to
test whether the same correlation pattern holds on other tasks such as information extraction, sentiment
analysis, and machine translation. A second big limitation regards the models used as judges: here
we presented only gpt-4.1-mini, but a more complete comparison is needed for further analyses. A
third direction is to strengthen the probe itself through prompt-variant and language-specific ablations,
especially for the LLM-judges that currently appear redundant. Lastly, we plan to extend the same
reliability-and-redundancy analysis to dataset not machine translated from English, to generalize results
of the analysis using original datasets.
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A. Prompts

Following the prompts used in the generative metrics during the benchmarks:

You are an expert evaluator of answers produced by a Retrieval-Augmented Generation
(RAG) system.

Your task is to assess the **Relevancy** of the generated answer.
Relevancy measures how well the answer addresses the question.

A relevant answer is:

- on-topic

- complete

- directly responsive to all aspects of the question

- free of unrelated or off-topic information

Carefully read the question and the generated answer.
Evaluate how well the answer fulfills the question’s intent.

Assign a score from 0.0 to 1.0:
- 1.0 = fully relevant, complete, and directly answering the question
- 0.0 = completely irrelevant or failing to address the question

Keep your reasoning brief (max 50 words).

# Question:
{query}

# Generated Answer:
{generated_answer}

Provide ONLY a JSON object in this format:

{{
"score": <float between 0 and 1>,
"reason": "<short explanation (max 50 words)>"

1}

Example output:

«

"score": 0.85,
"reason": "The answer covers the main question topic but misses some details
asked explicitly."

3}



You are an expert evaluator of answers produced by a Retrieval-Augmented Generation
(RAG) system.

Your task is to assess the **Groundedness** of the generated answer.
Groundedness measures whether the information in the answer is supported by the
retrieved documents.

>

grounded answer:

- is based only on the provided documents

- does not introduce hallucinations or invented facts

has factual statements traceable to the retrieved context

Read the documents and the generated answer.
Determine if the answer relies on evidence from the documents.

Assign a score from 0.0 to 1.0:
- 1.0 = fully grounded, no unsupported claims
- 0.0 = completely hallucinated or unrelated to the documents

Keep your reasoning brief (max 50 words).

# Retrieved Documents:
{documents}

# Generated Answer:
{generated_answer}

Provide ONLY a JSON object in this format:

{{
"score": <float between 0 and 1>,
"reason": "<short explanation (max 50 words)>"
13
Example:
{{
"score": 0.9,
"reason": "Most statements match the documents, but one detail was not found in
the context."
13

You are an expert evaluator of answers produced by a Retrieval-Augmented Generation
(RAG) system.

Your task is to assess the **Correctness+** of the generated answer.

Correctness measures whether the answer is factually accurate and truly answers the
question, considering the retrieved documents as context.

A correct answer:

- provides accurate information that correctly addresses the question
- does not contradict the retrieved documents

- is internally consistent (no contradictions within itself)

- reflects the intended meaning of the documents and the question

- does not include factual errors, hallucinations, or invented details



Read the question, the retrieved documents, and the generated answer.
Decide how factually correct the answer is as a response to the question, given the
evidence in the documents.

Assign a score from 0.0 to 1.0:
- 1.0 = fully correct, factually accurate, and consistent
- 0.0 = completely incorrect or factually wrong

Keep your reasoning brief (max 50 words).

# Question:
{query}

# Retrieved Documents:
{documents}

# Generated Answer:
{generated_answer}

Provide ONLY a JSON object in this format:

18
"score": <float between 0 and 1>,
"reason": "<short explanation (max 50 words)>"
1}
Example:
!
"score": 0.9,
"reason": "The answer correctly reflects the documents but omits one fact
relevant to the question."
1}

B. Multilingual Results

This section of the appendix contains all results for the languages not reported in the previous sections.
They are grouped pairwise (French and German, Spanish and Portuguese).

Table 5
Mean = std of each metric on the original data and on the two shuffled variants, for French fr and German de.

Every metric satisfies A~0.9 > 0 in the original data configuration while in the shuffled ones the results are
near to 0.

O Sd Sa

Metric fr de fr de fr de

Relevancy 0.90+0.22 092+£0.19 090+0.22 092+0.19 0.01£0.09 0.02+0.10
Groundedness 0.87£0.30 0.92+0.24 0.01£0.07 0.01£0.08 0.00+£0.05 0.00=+0.06
Correctness 0.86+0.31 091+£0.25 0.114+031 0.01+£0.08 0.00£0.06 0.00=+0.06




Table 6

Pearson and Spearman correlation among the LLM-judges on the original French and German data, over the three
metrics: Relevancy (R), Groundedness (G), and Correctness (C). In both languages the strongest off-diagonal
association is Groundedness—Correctness (bold), indicating that Correctness largely re-measures Groundedness
already on uncorrupted data; Groundedness and Correctness are near-collinear, while Relevancy is largely
independent.

French German
Pearson Spearman Pearson Spearman
R g C R g C R g C R g C
R 1.00 0.20 0.19 1.00 0.15 0.15 1.00 0.30 0.30 1.00 0.24 0.24
g 0.20 1.00 093 0.15 1.00 0.91 0.30 1.00 0.91 0.24 1.00 0.90
C 019 093 1.00 015 091 1.00 0.30 0.91 1.00 024 090 1.00

Table 7

Pearson (left) and Spearman (right) correlation on the shuffled French data over the five series: R, G4, G, C4, and
C,. The strongest redundancy is between Groundedness and Correctness when the answer is corrupted (G,-C,,
bold: 1.00/1.00). Matched corruption does not reach high values for the docs-corrupted variants, indicating a
weaker overlap than in the Italian setting.

Pearson Spearman

R gd ga Cd Ca R gd ga Cd Ca

R 1.00 044 062 012 0.63 1.00 030 037 012 0.37
Gq 044 100 074 0.21 0.73 030 1.00 0.81 0.21 0.81
Ga 062 074 100 0.6 1.00 0.37  0.81 1.00 017  1.00
Cq 012 0.21 016  1.00 0.16 012  0.21 0.17 1.00 017
Ca 063 073 1.00 0.16 1.00 0.37  0.81 1.00 0.17  1.00

Table 8

Pearson (left) and Spearman (right) correlation on the shuffled German data over the five series: R, G4, G, Ca,
and C,. The strongest redundancy is between Groundedness and Correctness when the answer is corrupted
(Ga—Cyq, bold: 1.00/1.00) and when the documents are corrupted (G4—Cg4, bold: 1.00/1.00) . Matched corruption
does not reduce the overlap as much as in French, indicating that German preserves a stronger alignment
between the two judge families under corruption.

Pearson Spearman

R gd ga cd Ca R gd ga Cd Ca

R 1.00 0.44 0.54 0.44 0.54 1.00  0.29 0.36 0.29 0.36
Gq 044  1.00 082 1.00 0.82 0.29 1.00 0.82 1.00 0.82
Ga 054 0.82 1.00 0.82 1.00 036  0.82 1.00 082 1.00
Cq 044 1.00 0.82 1.00 0.82 0.29 1.00 0.82 1.00 0.82
Ca 054 082 1.00 0.82 1.00 036 0.82 1.00 0.82 1.00

Table 9

Mean = std of each metric on the original data and on the two shuffled variants, for Spanish es and Portuguese
pt. Every metric satisfies A~ 0.9 > 0 in the original data configuration while in the shuffled ones the results are
near to 0.

O Sd Sa

Metric es pt es pt es pt

Relevancy 0.934+0.18 0.92+0.19 0.93+0.18 0.924+0.19 0.01£0.10 0.01+0.10
Groundedness 0.92+0.25 0.93+0.22 0.014+0.07 0.01+0.07 0.01£0.07 0.01=+0.07
Correctness 0.94+0.21 093+0.22 0.12+0.33 0.03+0.17 0.00+0.06 0.00=0.06




Table 10

Pearson and Spearman correlation among the LLM-judges on the original Spanish and Portuguese data, over
the three metrics: Relevancy (R), Groundedness (G), and Correctness (C). In both languages the strongest off-
diagonal association is Groundedness—Correctness (bold), indicating that Correctness re-measures Groundedness
already on uncorrupted data.

Spanish Portuguese
Pearson Spearman Pearson Spearman
R g cC R g c R g c R g C
R 1.00 0.29 0.36 1.00 0.22 0.26 1.00 0.31 0.37 1.00 0.21 0.23
G 029 100 071 022 1.00 0.7 031 100 090 0.21 100 0.92
C 036 071 1.00 026 0.57 1.00 0.37 090 1.00 0.23 092 1.00

Table 11

Pearson (left) and Spearman (right) correlation on the shuffled Spanish data over the five series: R, G4, Ga, Cq,
and C,. There is redundancy between Groundedness and Correctness when the answer is corrupted (G,—C,, bold:
0.79/0.81); matched-document corruption yields 0.62/0.66. The strongest redundancy is between Groundedness
and Correctness but when the first has corrputed answers and the second has match-corrupted documents.
Matched corruption does not reach 1.00 here, indicating a moderate overlap between the two judge families
under corruption.

Pearson Spearman

R gd ga cd Ca R gd ga Cd Ca

R 1.00 044 0.44 0.11 0.57 1.00 032 0.32 0.13 0.39
Gqa 044 1.00 0.62 0.62 0.11 032 1.00 0.66 0.66 0.12
Go 044 062 100 079 0.79 032 0.66 1.00 0.81 0.81
Ca 0.11 0.62 0.79 1.00 0.20 0.13 0.66 0.81 1.00 0.20
Ca 0.57  0.11 0.79  0.20 1.00 039 0.12 0.81 0.20 1.00

Table 12

Pearson (left) and Spearman (right) correlation on the shuffled Portuguese data over the five series: R, Gg,
Ga, C4, and C,. There is redundancy between Groundedness and Correctness when the answer is corrupted
(Ga—Cq, bold: 0.67/0.70). The strongest redundancy is between Correctness and Groundedness when the first
has corrupted answers and the second has match-corrupted documents. Matched corruption does not reach
1.00 here, indicating a moderate overlap between the two judge families under corruption.

Pearson Spearman

R gd ga Cd Ca R gd ga Cd Ca

R 1.00 0.44 037 024 0.56 1.00  0.30 025 017 037
Gq 044  1.00 0.53 043 0.79 0.30  1.00 0.57 042 0.81
Ga 037 053 1.00 022 0.67 0.25  0.57 1.00 024 0.70
Cq 024  0.43 022 1.00 0.34 017  0.42 024 1.00 034
Ca 056 0.79 0.67 034 1.00 037 081 0.70 034 1.00
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