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Abstract
Evaluating Natural Language Generation (NLG) systems is difficult: classical metrics are either reference-based
or fail to capture important dimensions of quality such as factual accuracy or reasoning validity, while human
evaluation is costly, slow, and sometimes inconsistent. Recent approaches that use Large Language Models (LLMs)
as judges offer a scalable and reproducible alternative, but the standard methods such as single-answer grading
and pairwise comparison suffer from significant limitations, including prompt design sensitivity, positional bias,
global inconsistency, etc. To address these issues, we propose a voting-based evaluation method that prompts an
LLM to rank all system outputs simultaneously, producing a complete preference ordering treated as a vote. By
repeating this process under different random seeds and permutations and aggregating the resulting rankings
with robust voting rules, our method mitigates positional bias, reduces noise, and enforces consistency and
transitivity. Our experiments show that this approach is more reliable and efficient than existing LLM-based
evaluation methods.
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1. Introduction

Evaluating the performance of Natural Language Processing (NLP) systems in a robust and meaningful
way is a critical scientific challenge. This becomes even more difficult with generative models, where a
unique “ground truth” answer often does not exist and output quality is difficult to define precisely.
In recent years, NLP research has increasingly focused on generative tasks, where models produce
open-ended text for applications such as translation, summarization, open-domain question answering,
and dialogue systems. These tasks inherently involve balancing multiple quality dimensions (fluency,
coherence, relevance, factual correctness, and sometimes creativity or style), which is challenging
because there are often many plausible ways to fulfill a given request. As a result, there is no single
gold-standard output – different valid answers can vary widely in wording, focus, or detail. This
multiplicity of acceptable outputs, along with linguistic nuances like idiomatic expressions and pragmatic
context, makes designing evaluation metrics particularly difficult. Existing approaches for evaluating
NLG (Natural Language Generation) fall into three categories: classical (automated) metrics, human
evaluation, and LLM (Large Language Model) based evaluation. Classical metrics cover a wide range of
task-specific measures, such as exact match or F1 scores for QA, or BLEU/ROUGE for translation and
summarization. While these metrics are useful in constrained settings, they also typically are reference-
based and lack elasticity. Overlap-based scores like BLEU and ROUGE are somewhat more permissive,
but they often fail to capture key aspects of quality such as factual accuracy and coherence. More
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broadly, classical metrics tend to focus on a single dimension (e.g., lexical similarity or precision/recall)
while overlooking others like factual correctness or reasoning validity. As a result, they have low
granularity for NLG evaluation and can be gamed by superficial strategies. Moreover, traditional metrics
have shown only moderate correlation with human judgment on high-quality outputs [1].

Human judgment is often regarded as the ultimate standard for evaluating NLG systems. Annotators
(domain expert or crowd workers) can assess outputs along multiple axes (e.g., fluency, correctness,
relevance), or directly rank/score the outputs from different systems. For example, benchmarks like
WMT use professional translators to rank translation outputs and annotate errors [2]. Obtaining reliable
results, however, requires clear guidelines and sufficient training to avoid annotator bias and fatigue [3].
Even then, human evaluations can suffer from inconsistency: different annotators may disagree, and
individuals may not remain consistent over time. Recent studies have also pointed out that even expert
ratings are subject to variability and can be influenced by context and presentation [4]. While human
evaluation provides rich and nuanced assessments, its high cost and variability usually restricts it to
small sample sizes, which may not capture the full performance of a system.

More recently, with the advent of powerful LLMs, a new paradigm has emerged: using LLMs to
evaluate the outputs of other models (“LLM-as-a-Judge”). This approach promises scalable, cheap, and
reproducible evaluation, without relying on strict ground-truth references. In the literature “LLM-as-
a-Judge” methods are usually implemented in two main forms, Single-Answer Grading and Pairwise
Comparison, which differ in whether the LLM assigns an absolute score to a single output or instead
makes a relative judgment between two candidate outputs. In more details, Single-Answer Grading
leverages an LLM to score an individual output against specific criteria, either directly, or through
a multi-step process that produces a single numeric score per answer [5]. In the direct setting, the
LLM simply returns a number representing, for example, the comprehensiveness, or relevance of
the answer, sometimes guided by chain-of-thought reasoning to better align with human values [6].
RAGAS (Retrieval Augmented Generation Assessment) [7], which is a collection of evaluation metrics,
includes “Factual Correctness”, which is a notable example of the multi-step setting. In this approach
both the system answer and the reference are decomposed into individual semantic claims (claim
decomposition), and then compared for NL-based entailment. These are then aggregated via different
arithmetic functions to output the final scores (e.g., precision, recall or F1-score). The second approach,
Pairwise Comparison, instead ask the LLM to compare two systems’ outputs for the same query and
determine which one is better (or whether they are tied). This method has been popularized in settings
like chat model battles [8], Elo rating arenas [9], and MT (Machine Translation) benchmarks [10],
where state-of-the-art LLMs serve as judges. Compared to single-output scoring, pairwise evaluation is
often more discriminative, as the direct comparison between two outputs makes their differences more
evident.

Although decomposition-based metrics may appear more sophisticated and explainable while remain-
ing convenient, they have several critical weaknesses. Different runs of claim extraction can generate
different sets of claims, leading to inconsistent scoring. [11] Moreover, single-output evaluation methods
are highly sensitive to prompt engineering: the wording, choice of few-shot examples, and domain
proximity can significantly bias both the decomposition, the entailment and thus the final scores. When
outputs are lengthy and rich in content, claim decomposition becomes especially costly, as many claims
must be extracted and verified, requiring many separate LLM calls (impacting the token usage). Another
limitation is due to the fact that the extracted claims can vary drastically in information content (from
trivial to substantive), yet they are treated as equally important to compute the final score. As a result,
scoring can be dominated by uninformative checks, while crucial errors or omissions in the output
remain overlooked or underrepresented. Finally, single-answer grading often leads to very coarse scores;
in RAGAS Factual Correctness metric, for instance, only a couple of claims are typically extracted from
an answer, so the final score becomes almost binary. This low resolution makes it difficult to distinguish
fine gradations in quality.

Pairwise comparison methods also face their own set of problems. One common problem is the
LLM’s bias on the order of the items in the prompt [12][13], as an LLM preference depends on the
order in which candidate outputs are presented. Recent studies [12] found that even with careful



prompt engineering, the agreement when swapping candidate order is only around 89% in the best case.
Another issue is the inconsistency across comparisons: since each comparison is made in isolation, the
outcomes may not form a consistent global ranking [14]. It is possible to get cycles (loop in preferences,
e.g., 𝑎 > 𝑏, 𝑏 > 𝑐, 𝑐 > 𝑎) where each pairwise decision seems rational locally but together they are
mutually inconsistent. In that case a separate algorithm, such as Elo [9] or TrueSkill [15], ranking
systems designed to turn pairwise comparisons into consistent global rankings, must be applied which
are themselves sensitive to noise in the presence of cycles and contradictory votes. Pairwise evaluation
also scales poorly, as comparing 𝑁 systems via pairwise comparisons requires 𝒪(𝑁2) LLM evaluations
(to compare all ordered pairs) which quickly becomes impractical as the number of systems increases
(common case in NLG). A further limitation is the lack of global context, since standard of what an LLM
judge considers “better” might shift depending on the particular opponent in the pair. For example,
system A might barely outperform B and lose by a large margin to C, yet a pairwise-only view cannot
capture the relative magnitude of these differences.

2. LLM-as-a-Voter

Our novel evaluation method builds on ideas from computational social choice, particularly the use
of voting rules. Before introducing our method, referred to as LLM-as-a-Voter, we provide a brief
overview of the voting framework it relies on.

Voting framework. Suppose we have a set 𝐶 = {𝑐1, 𝑐2, . . . , 𝑐𝑁} of 𝑁 candidates (for example, the
outputs of 𝑁 different NLG systems under evaluation). When presented with these outputs, an LLM
judge produces a ranking, that is, a total order over 𝐶 from the best to the worst candidate. We denote
this ranking using a preference relation ≻, where 𝑐𝑖 ≻ 𝑐𝑗 means the judge prefers output 𝑐𝑖 over 𝑐𝑗 . We
allow the possibility of ties in the ranking (the judge might consider two outputs equally good), but for
simplicity we will assume a strict order unless stated otherwise. A profile 𝑃 is a collection of 𝑀 such
preference rankings, 𝑃 = {≻(1),≻(2), . . . ,≻(𝑀)}, obtained from either multiple independent judges
or multiple runs of the same judge. Intuitively, each ranking in the profile can be seen as a vote on
the relative quality of the outputs. The goal of a voting rule is to aggregate the profile 𝑃 into a single
collective ranking or a winner. More formally, a voting rule is a function that, given a set of candidates
and the preference profile, outputs an aggregated ranking of the set of candidates (or the winner of
the election). In our context, for each query 𝑖 = 1, 2, . . . , 𝑄 (a question to an NLG system) we obtain a
profile consisting of 𝑀 rankings, resulting in a total of 𝑄 ·𝑀 virtual votes whose ordinal “preferences”
we aggregate.

LLM-as-a-Voter procedure. Our novel evaluation, LLM-as-a-Voter extends comparative evaluation
by enforcing transitive preferences. A judge LLM is asked to rank outputs from 𝑁 systems with or
without reference gold-standard output. Its response consists of a string representing the ordering of
candidates from best to worst. For instance, given 5 candidates labeled 𝑎, 𝑏, 𝑐, 𝑑, 𝑒, the ranking 𝑐 𝑑𝑏 𝑒 𝑎
indicate that 𝑐 is the best candidate, 𝑎 is the worst, 𝑏 and 𝑑 are considered indistinguishable (tied) and
occupy the second place, while 𝑒 is the second-to-worst. This method scales linearly with the number
of systems 𝑁 under evaluation, and provides a total ordering of the candidates. Suppose we have 𝑁
NLG systems evaluated on 𝑄 tasks (e.g., natural language questions). To achieve position invariance
we consider 𝑀 random permutations of the 𝑁 outputs for each task. Each permutation corresponds
to a different ordering of the outputs in the prompts (i.e., a different way of presenting them to the
vote LLM). The final system ranking is obtained through a two-step aggregation: First, for each task,
the LLM judge produces ranking for all 𝑀 permutations of the outputs from 𝑁 systems. These 𝑀
rankings form the first election, on which we apply a voting rule to generate a single winner ranking
for each task. Second, the winner rankings across the 𝑄 tasks, form the second election on which we
apply the (same) voting rule again, producing the final system ranking across tasks. In principle, it is
possible that we have multiple winners. In such case, our method output them all as ex aequo winners.

This procedure guarantees a transitive ordering of systems performance across the tasks, while
requiring exactly 𝑀 · 𝑄 calls to the judge LLM. Figure 1 illustrates this process for an individual



question.

Question: Who won the
battle of Wagram?

N NLG systems

Voting rule
e.g. Borda

Voting LLM

c1: Napoleon

c4: Napoleon Bonaparte
c3: Archduke Charles
c2: Marshall Kutuzov

c5: I don't know

Final ranking:
c4, c1, c3, c2, c5

Please rank:
c2: Marshall Kutuzov
c5: I don't know
[...]

Please rank:
c2: Marshall Kutuzov
c5: I don't know
[...]

Please rank:
c2: Marshall Kutuzov
c5: I don't know
[...]

M prompts with
permuted answers

c4, c1, c3, c5, c2
c4, c1, c3, c2, c5

c1, c4, c3, c2, c5
M rankings, one
per permutation

Figure 1: The design of the LLM-as-a-Voter system on an individual question. For a given task (e.g., a natural
language question) an LLM ranks the outputs (𝑐1, 𝑐2, . . . , 𝑐𝑁 ) of 𝑁 candidate NLG systems under 𝑀 different
answer permutations. Each ranking is treated as a vote, and the set of votes is aggregated using a voting rule
such as Borda count to produce a final system ranking.

3. Experimental setup

3.1. Voting Rules

In our experiments we focus on two voting rules, Borda and Copeland, for aggregating LLM-generated
rankings, though our framework is more general and can accommodate also other voting rules.

Borda Count. The Borda count is a scoring rule that assigns a score to each candidate based on its
position in each vote’s ranking. In a ranking of 𝑁 candidates, a candidate gets 𝑁 − 1 points from a vote
if it is ranked first, 𝑁 − 2 points if ranked second, and so on, down to 0 points if ranked last. Formally,
if pos𝑣(𝑐) gives the position of candidate 𝑐 in vote 𝑣’s ordering (where 1 is top-ranked and 𝑁 is last),
the Borda score of 𝑐 is: 𝑆Borda(𝑐) =

∑︀𝑀
𝑣=1

(︀
𝑁 − pos𝑣(𝑐)

)︀
. This is equivalent to summing, over all

votes, the number of other candidates that each vote ranked below 𝑐. For example, if there are 𝑁 = 5
outputs and a particular vote ranks 𝑐 in second place, 𝑐 earns 5− 2 = 3 points from that vote. All the
Borda points from all 𝑀 rankings in the profile are totaled to get 𝑆Borda(𝑐). The candidates can then be
ordered by their total score, with a higher Borda score indicating a better overall ranking. Borda count
produces a complete transitive ranking of the candidates (ties in score are possible but uncommon with
enough votes). It captures the overall support a candidate receive across the profile; in our setting, this
means favoring outputs that are consistently near the top of the LLM’s rankings across many prompt
permutations.
Copeland’s Method. Given a profile, we can derive pairwise comparison counts for any two

candidates. Let 𝑁𝑖𝑗 denote the number of rankings in 𝑃 where 𝑐𝑖 ≻ 𝑐𝑗 . Similarly, 𝑁𝑗𝑖 is the count
preferring 𝑐𝑗 over 𝑐𝑖. The majority margin between 𝑐𝑖 and 𝑐𝑗 is 𝑚𝑖𝑗 = 𝑁𝑖𝑗 − 𝑁𝑗𝑖. If 𝑚𝑖𝑗 > 0, a
majority of the votes prefer 𝑐𝑖 to 𝑐𝑗 ; if 𝑚𝑖𝑗 < 0, they prefer 𝑐𝑗 to 𝑐𝑖; and 𝑚𝑖𝑗 = 0 indicates a tie
in the profile’s preferences. Copeland’s method is a pairwise majority rule where each candidate is
evaluated by its win-loss record in pairwise comparisons against all other candidates. For each pair
of candidates (𝑐𝑖, 𝑐𝑗), we determine who wins the majority vote: if 𝑁𝑖𝑗 > 𝑁𝑗𝑖 then 𝑐𝑖 wins over 𝑐𝑗 ,
and if 𝑁𝑖𝑗 < 𝑁𝑗𝑖 then 𝑐𝑖 loses to 𝑐𝑗 (in case of a tie 𝑁𝑖𝑗 = 𝑁𝑗𝑖, one can assign a half-win to each,
but we omit tie-handling here for simplicity). The Copeland score of candidate 𝑐𝑖 is then defined as:
𝑆Copeland(𝑐𝑖) =

∑︀
𝑗 ̸=𝑖

(︁
𝜒({𝑁𝑖𝑗 > 𝑁𝑗𝑖}) − 𝜒({𝑁𝑖𝑗 < 𝑁𝑗𝑖})

)︁
, where 𝜒({·}) is an indicator function.

In words, 𝑆Copeland(𝑐𝑖) = 𝑊𝑖−𝐿𝑖 where 𝑊𝑖 is the number of other candidates that 𝑐𝑖 beats in a majority
vote, and 𝐿𝑖 is the number that beat 𝑐𝑖. A win contributes +1 to the score and a loss −1; (with an equal
split for ties, +0 each). The candidate with the highest Copeland score is the overall winner under this



rule, and one can rank all candidates by their scores. Copeland’s method thus identifies candidates
that win many direct comparisons. In our setting it means that we focus on pairwise victories as the
currency of success. This method yields a transitive ranking as well.

Borda and Copeland rules provide a principled way to combine multiple preference rankings into
a single outcome. By using voting rules, we ensure the final evaluation is transitive (unlike arbitrary
pairwise LLM judgments) and gains stability from multiple independent votes. We chose Borda and
Copeland because they balance different criteria (overall consensus vs. majority wins) and have desirable
properties suitable for our use case. Borda count captures a global consensus order and is less sensitive to
outlier judgments, while Copeland’s method aligns with the intuitive notion of winning more comparisons
and will pick out a model that consistently outperforms others. Both methods are easy to compute and
scale to many candidates, and they make no assumptions about the votes beyond having preference
rankings, which fits our scenario of treating LLM outputs as preference votes.

3.2. Datasets

To evaluate our method, we test it on three datasets, each offering a different type of data:
MT-Bench is a dataset derived from LLM Arena [16] and consists of questions paired with a

number of head-to-head human judgments over pairs of model outputs. We restrict the evaluation to
three models (vicuna-13b-v1.2, gpt-3.5-turbo, llama-13b) chosen to maximize the pairwise
coverage, resulting in a subset of 47 questions with a total of 287 individual judge preferences.

RewardBench 2 consists of (question, 𝑁 model answers) pairs, each paired with human judgment
identifying the best model’s answer. A limitation of this dataset is that it provides only a single human-
preferred answer per question rather than a full ranking. To ensure comparability, we select the largest
subset of questions answered by the same set of models. This results in 59 questions, with answers
from Llama-3.1-70B-Instruct,
claude-3.5-sonnet-20241022 and gpt-4o-2024-08-06.
WMT is an annual shared-task that focuses on evaluating general MT capabilities. For our experi-

ments we use the MQM-based human scores released for WMT20 [17] and WMT23 [18] translation
tasks1, covering English-German and Chinese-English. Each translation (i.e., each task in our terminol-
ogy) receives a numerical MQM severity-weighted score; by averaging these scores over all sentences
in a subset we obtain a single quality indicator for every system, which we then use to construct a
global ranking of the participating models. The four subsets contains 10–16 systems and between 400
and 2,000 translations, providing a balanced mix of different languages and text characteristics (e.g.,
shorter news snippets in 2020 and longer paragraphs in 2023). In particular, the 2020 data, collected
before the widespread deployment of LLMs, supplies a diverse collection of traditional NLG systems for
comparison.

3.3. Baselines

In our experiments we compare LLM-as-a-Voter against two LLM-as-a-judge baselines. The first one is
a simple head-to-head LLM for pairwise comparisons, where we aim to reduce the impact of position
bias by considering multiple calls per each permutation. The second is Rubrics Score, a task-agnostic
single-answer-grading procedure implemented in RAGAS evaluation framework [7]. It involves listing
a hierarchy of grades, with each grade being associated with a description in natural language, and
asking the LLM to assign the answer to one of these grades. For all methods We use GPT-OSS-120B 2 as
the judge LLM.

1https://github.com/google/wmt-mqm-human-evaluation
2https://github.com/openai/gpt-oss

https://github.com/google/wmt-mqm-human-evaluation
https://github.com/openai/gpt-oss


3.4. Metrics

To assess how well our system-generated rankings match human judgments we employ three measures:
consistency, accuracy, and Kemeny distance. Consistency measures the extent to which preferences
deduced from our system agree with human judgments of preference over pairs of model outputs. For
this metric we simply calculate the proportion of individual judgments for which the LLM-ranking-
derived decision is identical. Since human judgments may themselves be inconsistent, achieving 100%
agreement is often not possible, and we therefore also report a theoretical maximum. Accuracy is used
to evaluate whether the human-preferred candidate also appears at the top of the ranking of a given
method (ignoring the full ranking). In cases of ties on the first place, we assign 1/𝑘 points where 𝑘 is
the number of such tied-systems in the system outputs (which equals 1 when there is a unique winner).
The final accuracy is the average of points over the set of questions. Kemeny distance (sometimes
called Kendall’s tau distance) is used to quantify ranking differences based on the number of pairwise
disagreements between them. It is defined as follows: given two (possibly weak) rankings 𝜌 and 𝜁 over
the set of candidates, the Kemeny distance between them is the minimum number of swaps needed to
transform one ranking into the other. Equivalently, it is calculated as the number of pairs of items that
are ranked in the opposite order in 𝜎 and 𝜁 . More formally: 𝑑𝐾(𝜌, 𝜁) =

∑︀
𝑥≻𝜌𝑦

𝜒({𝑦 ≻𝜁 𝑥}). In our
application, we allow ties (weak orderings) in system rankings. To handle ties, we use the following
generalized Kemeny distance:

𝑑𝐾(𝜌, 𝜁) =
∑︁
𝑥≻𝜌𝑦

(︀
𝜒({𝑦 ≻𝜁 𝑥})+

+
𝜒({𝑦 ≡𝜁 𝑥})

2

)︀
+

∑︁
𝑥≡𝜌𝑦

(︀𝜒({𝑦 ̸≡𝜁 𝑥})
2

)︀
,

where 𝑥 ≡𝜌 𝑦 means that 𝑥 and 𝑦 are tied in the ranking 𝜌. The function above is equivalent to counting
the cardinality of the symmetric difference of the (weak) orders 𝜌 and 𝜁 (treated as non-strict orderings,
i.e., as a less or equal relation) and dividing it by 2. In our experiments we additionally normalize the
Kemeny distance by dividing its original version by its maximal value 𝑛(𝑛−1)

2 .
Moreover, to situate our ranking approach with respect to WMT, we outline the human-centered qual-

ity metrics we compare against [17], namely the Scalar Quality Metric (SQM) and the Multidimensional
Quality Metric (MQM). SQM evaluates translation quality on a 0-6 scale, assessing both meaning preser-
vation and grammatical correctness within document context. A score of 0 corresponds to nonsense
with no meaning preserved, while 6 denotes perfect meaning and grammar. MQM evaluates translation
quality by explicitly identifying and categorizing errors within document segments, with attention to
context. Annotators highlight errors, label them with categories (e.g., Accuracy, Fluency, Terminology)
and rate their severity (Major, Minor, Neutral). Errors are then weighted with numerical scores: Minor
errors count as 1, Major errors as 5, and Non-translation as 25, with Minor Fluency/Punctuation errors
weighted as 0.1. Segment-level scores range from 0 (perfect) to 25 (worst), and are averaged across
annotators.

4. Results

The main goal of our experiments is to demonstrate that our new evaluation framework is both
valid and consistent. By validity, we mean that the evaluation outcomes should align closely with
human judgments, and by consistency, we mean that the framework should remain robust under noise
and invariant to arbitrary transformations (e.g., permutations). In what follows, we present detailed
experimental results with respect to these dimensions.

MT-Bench In the question/answering setting we define 𝑄 as the number of questions evaluated, and
as a reminder, 𝑁 as the number of system outputs per question, and 𝑀 as the maximum number of
permutations of these 𝑁 outputs within the prompt.



To measure how well each method’s results align with human judgments in MT-Bench, we use the
following evaluation procedures, adapted to the system under consideration.

For LLM-as-a-Voter we check on each of the individual pairwise human preferences defined over
one of the 𝑄 questions if the ranking of 𝑁 systems obtained is consistent with them. This requires
strict superiority of the chosen model in the ranking, or occupying the same place in the ranking if the
human decided on a tie. The dataset also includes 25.1% judgments where human judge is indifferent
and as such gives a 𝑡𝑖𝑒 judgment between the systems.

For Head-to-Head LLM-as-a-Judge in order to make it resistant to variant ordering we employ the
following procedure. On each question we find all 2 element permutations of 𝑁 systems. This in turn
yields twice each combination since once its present as (1, 2) and second time as (2, 1). Then we show
each combination ⌊𝑀2 ⌋ times to the LLM, in the end each combination of system answers is being
shown 𝑀 times to the LLM judge. Once we have that, to calculate the consistency of this method’s
judgments with human judgments, we aggregate across each question 𝑄 and the 2 element output
combinations to find the most common occurring system as the preferred one by the LLM judge (mode).
Since 𝑀 is even, it is possible that the judge LLM chose exactly 𝑀

2 times one system output and exactly
𝑀
2 the other system output. In such cases we assign 𝑡𝑖𝑒 judgment for this question, output combination

pair. There are 10 questions, output combination pairs that meet this criteria out of the 47 · 3 considered
(we have 47 questions and each model output is presented in 3 combinations). Then to calculate the
final model consistency with the benchmark we check for each human judgment, if the verdict of that
judge, on that output pair, was the same as this method’s judgment on that output pair.

For Rubrics Score, we use RAGAS to obtain a 1–5 grade per output. These grades are then used to
sort the outputs into a per-question ranking. Because of low granularity, the rankings contain much
more ties than in other methods. To calculate the final consistency, we verify for each question how
many of the human judgments are in agreement with the ranking constructed this way, and average
this over all the questions.

We report the final comparison across methods as well as the theoretically achievable maximum and
expectation in Table 1. Our system shows slightly higher performance than the competition, while
achieving higher stability across runs and lower computational cost.

Table 1
Consistency of our method compared to the baselines on MT-Bench, showing mean (𝜇), variance (𝜎2)
and computational cost (as number of LLM calls), averaged over 5 independent runs.

Method Consistency 𝜇 Consistency 𝜎2 Computational Cost

LLM-as-a-Voter (our) 66.06 % 1.09𝑒−2 % 𝑄 ·𝑀
Head-to-Head LLM-as-a-Judge 65.51 % 1.94𝑒−2 % 𝑄 · (𝑁2 −𝑁) · ⌊𝑀

2 ⌋
Rubrics Score 65.37 % 3.80𝑒−2 % 𝑄 ·𝑁
Theoretical Max 83.62 % — —
Expected Value 34.60 % — —

RewardBench 2 For RewardBench 2 we are interested in the accuracy of selecting the best model.
For LLM-as-a-Voter and Rubrics Score, we employ the same methods as above to derive the ranking of
the outputs. For Head-to-Head LLM-as-a-Judge, all pairs are compared in both permutations, and a
ranking is derived from pairwise comparisons using Copeland’s method. Having the rankings ready,
we then compare the first place in the ranking with the human-chosen best model. It is important
to note, that human-annotated data does not allow for ties, but they do occur in all of the systems
under evaluation. We report the final comparison across methods in Table 2. Similarly to the previous
experiment, we are able to achieve the highest accuracy, while maintaining stability across runs at a
low cost.



Table 2
Accuracy of our method compared to the baselines on RewardBench 2 (setup as in Table 1).

Method Accuracy 𝜇 Accuracy 𝜎2 Computational Cost

LLM-as-a-Voter (our) 81.52 % 1.26𝑒−2 % 𝑄 ·𝑀
Head-to-Head LLM-as-a-Judge 82.03 % 3.62𝑒−2 % 𝑄 · (𝑁2 −𝑁) · ⌊𝑀

2 ⌋
Rubrics Score 72.43 % 2.21𝑒−2 % 𝑄 ·𝑁

WMT To evaluate the validity of the proposed framework we benchmark it against the MQM-based
human preference rankings released for WMT20 and WMT23. For every subset we generate system-level
rankings with our two-step preference-aggregation pipeline (using either Borda or Copeland) and
compare them with the rankings produced by the baseline Rubrics Score method. Fidelity to the gold-
standard MQM ranking is quantified with the normalized Kemeny distance; for the WMT20 experiments
we additionally compute Kemeny distances for rankings derived from the SQM human-preference
metric, to provide an extra point of reference. Moreover, we consider two experimental conditions:
(i) reference-inclusive where the human reference translations were added to the candidate pool as
additional systems; and (ii) reference-exclusive where the references were omitted and only automatically
generated outputs were ranked.

Table 3
Normalized Kemeny distance for system rankings for WMT datasets in comparison to MQM ranking.
r-incl includes human reference translations, while r-excl excludes them and rank only system outputs.

SQM Borda Copeland Rubrics

r-incl r-excl r-incl r-excl r-incl r-excl r-incl r-excl

WMT20_ende 0.022 0.048 0.444 0.095 0.489 0.143 0.567 0.262
WMT20_zhen 0.011 0.018 0.467 0.214 0.489 0.250 0.700 0.554
WMT23_ende - - 0.090 0.030 0.083 0.023 0.083 0.023
WMT23_zhen - - 0.083 0.095 0.083 0.095 0.058 0.067

The results are shown in Table 3. They reveal several important patterns. In the reference-inclusive
setting both LLM-based approaches (our method and Rubrics Score) assign the human reference a
considerably lower rank than human annotators do, indicating that the current LLM judge tends to
undervalue human-written translations when they are mixed with model outputs (see Section 4.2 for
more details). Despite this systematic bias, our method consistently yields smaller normalized Kemeny
distances than Rubrics Score on the WMT20 data, demonstrating a closer alignment with the MQM
gold ranking. For the newer WMT23 data the two methods achieve comparable Kemeny distances,
and, importantly, the absolute distances are substantially lower for WMT23 overall, which makes the
head-to-head comparison less discriminative.

4.1. Ranking stability

We first evaluate the stability of our election-based ranking method under repeated trials and varying
prompt orders. Specifically, we consider two questions: (1) How consistent is the final aggregated
ranking of systems when we repeat the entire evaluation process (with independent random seeds)
multiple times? (2) For a given query, how similar are the per-query rankings (obtained from different
LLM prompt permutations) to the ranking obtained on that query via election function. For this
experiment we use a subset of the RewardBench 2 dataset (from LLM Arena user preferences) where a



fixed set of three models have outputs for 59 questions. For the first question, we ran the full election
procedure 5 times and recorded each model’s aggregate score under the Borda and Copeland voting
rules. Table 4 shows the mean (𝜇) and variance (𝜎2) of each model’s score across runs. The results
indicate that randomness in LLM outputs has negligible effect on the final winner ranking. For the
second question, we examine how each task’s ranking, obtained from multiple LLM queries with
different orderings of system answers in the prompt, deviates from the ranking obtained by applying
election function on the aforementioned rankings. To do so we measure the average Kemeny distance
between the rankings obtained from permutations of the LLM query and the resultant ranking on that
task obtained via election. We then report those average Kemeny distances across all the tasks in 5 runs
(with different random seeds) in order to account for randomness. This can be observed on Figure 2,
which shows that in case of both election functions (Borda and Copeland) the rankings we obtain from
permutations are close to the rankings obtained via elections.

Table 4
Stability of final rankings on subset of RewardBench 2. For each model we show the mean 𝜇 and
(variance 𝜎2)

Voting rule Claude 𝜇 (𝜎2) LLaMa 𝜇 (𝜎2) GPT 𝜇 (𝜎2)

Borda 76.9 (1.34) 65.2 (2.16) 34.9 (0.74)
Copeland 2 (0) 0 (0) -2 (0)

Figure 2: Stability and spread of permutation rankings to the rankings on each task on subset of RewardBench 2

4.2. Discrepancies Between LLM-Based and Human Evaluation

Our experiments show that while the election-based method produces internally consistent and transi-
tive rankings, it does not always align with human evaluations. It seems that often LLM judges favor
machine-generated outputs over human references. For example, in the WMT 2023 English–German
benchmark, our method ranked a GPT-4 translations above the human reference, whereas MQM human
annotation placed the reference first. We observe a similar pattern in WMT 2020, where aggregated
LLM rankings pushed human translations below several machine systems. To highlight this effect,
in Table 3 we report results both with and without including human references, showing how their
presence can shift the evaluation. Since these differences appear systematic, they likely stem from
underlying dynamics that distinguish LLM evaluation from human judgment. LLM evaluators often
weigh errors differently than humans, overlooking nuances or penalizing minor issues too harshly,
and they tend to reward consistency and formal style that resemble model outputs more than human
translations. Their judgments can also reflect training-induced self-preference and a lack of domain
knowledge, leading them to overvalue fluent but inaccurate content. As a result, our method sometimes
ranks AI outputs above nuanced human references. However, this is not unique to our method but a
broader limitation of LLM-based evaluation approaches.



5. Conclusions

To summarize, our election-based evaluation aligns with human judgment on many aspects and
demonstrate a high degree of stability. T he results are encouraging in spite of the scarcity of data. We
argue that the strengths of the election-based approach such as high validity, transitivity, scalability,
objectivity, and computational tractability, make it a valuable and promising tool for evaluating NLG
systems.

6. Limitations

Our study has several limitations. First, although the proposed election-based framework is general,
our empirical evaluation is still limited in scale and scope. We evaluate the method on three datasets,
covering question answering, preference modelling, and machine translation, but each experimental
setting has its own restrictions. In MT-Bench, we use a subset of questions and models selected to
maximize pairwise human-judgment coverage. In RewardBench 2, the available annotations identify
only a single human-preferred answer rather than a full human ranking. In the WMT experiments,
system-level rankings are derived from aggregated MQM scores, which provide a strong reference point
but do not capture all possible dimensions of translation quality.

Secondly, we consider only a limited set of voting rules, namely Borda and Copeland. These rules
were chosen because they are simple, scalable, and represent two natural aggregation principles: global
positional consensus and pairwise majority success. However, social choice theory offers many other
rules, each with different axiomatic and practical properties. Some rules may be more robust to outlier
rankings, strategic or adversarial outputs, near-ties, or polarized preference profiles. We therefore do
not claim that Borda or Copeland are optimal for all NLG evaluation scenarios. A more systematic
comparison of voting rules, including their failure modes under noisy LLM preferences, remains an
important direction for future work.

Finally, our evaluation focuses primarily on agreement with available human judgments and on
ranking stability. These are important desiderata, but they do not exhaust all aspects of evaluation quality.
We do not directly measure, for example, explanation quality, calibration of confidence, sensitivity to
adversarially constructed answers, or the ability to detect subtle factual and reasoning errors. The
proposed method should therefore be viewed as a complementary evaluation framework: it improves
the aggregation of LLM preferences into stable and transitive rankings, but it does not eliminate the
need for task-specific validation, expert analysis, and careful benchmark design.

Declaration on Generative AI

The authors have not employed any Generative AI tools.
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