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Abstract

Most existing benchmarking approaches for
evaluating the output quality of large language
models (LLMs) rely on comparing LLM re-
sponses to predefined references. Such meth-
ods, based on static datasets, quickly become
outdated as LLM capabilities and use cases
evolve. In this work, we introduce VARCO
Arena—a novel, cost-effective, and robust
benchmarking approach that leverages a single-
elimination tournament structure to minimize
the number of required comparisons while elim-
inating the need for static references or costly
human annotations. We validate our approach
through two experiments: (i) a simulation study
that examines its robustness under various con-
ditions, and (ii) an empirical evaluation using
publicly available benchmark prompts. In both
experiments, VARCO Arena consistently out-
performs current LLM benchmarking practices,
achieving stronger correlations with human-
established Elo ratings. Our results demon-
strate that VARCO Arena not only produces
reliable LLM rankings but also provides a scal-
able, adaptable solution for qualitative eval-
uation across diverse, customized use cases.
We release our demo and code at [URL place-
holder].

1 Introduction

The versatility of Large Language Models (LLMs)
stems from their generative capacity to address a
wide array of tasks. The multi-faceted capability of
LLM:s enables flexible applications across numer-
ous user scenarios (Ouyang et al., 2022; Kopf et al.,
2024; Roziere et al., 2023). As versatility emerges
as a core attribute of LLMs, the challenge of ac-
curately gauging their skill becomes increasingly
significant. In response to this challenge, numer-
ous benchmarks evaluating LLM capabilities have
emerged (Hendrycks et al., 2020; Srivastava et al.,
2023; Zhong et al., 2024). Many LLM benchmarks
employ formats amenable to automated scoring.
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Figure 1: VARCO Arena directly compares LLM re-
sponse pairs in single-elimination tournament rather
than comparing references. In terms of deciding whether
a certain LLM is better or worse compared to the other
one, we suggest direct head-to-head comparison is more
intuitive and results in better separability.

Examples include benchmarks for arithmetic prob-
lems (Gao et al., 2022; Patel et al., 2021), multiple-
choice questions (Lin et al., 2022), and code execu-
tion (Austin et al., 2021; Chen et al., 2021). While
these benchmarks are valuable, they primarily as-
sess problem-solving abilities. The need for LLM
benchmarks extends beyond this, as the primary
value of LLMs lies in the versatility of their gener-
ative behavior. Researchers have primarily relied
on pairwise comparisons to evaluate and rank the
LLMs based on human preference annotations. A
representative example of this approach is Chat-
bot Arena (Chiang et al., 2024), which computes
Elo ratings based on a massive number of human
votes. While Chatbot Arena benefited from reli-
able, open-ended prompts generated by a large user
base, obtaining such a high volume of annotations
from dedicated annotators remains challenging.
To address these challenges, several benchmark
datasets for generation tasks have been developed
and applied with an LLM judge (Zheng et al., 2024)
to quantify LLM capabilities. Using these bench-
marks and their reference responses, LLMs are



No. Comp. () Judge  Eval. Type
Chatbot Arena unknown human head-to-head
. reference
Current Practice Nmodel * | X | LLM “based
VARCO Arena  (Nmodel — 1) - |X| LLM  head-to-head

Table 1: Comparison between Current Practice and
Varco Arena. | X| and npyoegel represents size of bench-
mark dataset, and number of candidate LLMs to rank
respectively. Human annotators are considered much
more costly than LLM judge counterpart.

ranked via pairwise comparisons between their
outputs and the reference responses provided by
LLM judges. Representative examples include Al-
pacaEval (Li et al., 2023), Arena-Hard-Auto (Li
et al., 2024), and MTBench (Zheng et al., 2023).
There are two major advantages to relying on ref-
erence responses: (1) The number of comparisons
required for ranking scales linearly with the number
of LLMs. (2) The reference response establishes a
quality standard for evaluating LLM outputs.

However, we argue that using reference re-
sponses to mediate comparisons between LLM
outputs is suboptimal and that head-to-head com-
parisons yield more accurate assessments. In this
context, we propose VARCO Arena as a novel eval-
uation framework that directly compares LLM re-
sponses while requiring fewer comparisons. Even
with fewer comparisons and without relying on
reference responses, VARCO Arena achieves a
stronger correlation with the human-established
Elo rankings from Chatbot Arena.

VARCO Arena is designed to conduct a single-
elimination tournament for each prompt across all
participating LLM responses and then compute
Elo ratings (Elo and Sloan, 1978) based on the out-
comes of these matches. By organizing tournament-
style matches for multiple LL.Ms on each prompt,
we obtain relative win rates between all possible
model pairs with fewer comparisons than those
required by reference-based methods. These win
rates are subsequently interpreted as Elo ratings,
enabling us to generate a comprehensive ranking
of candidate LLMs.

We validate the effectiveness of VARCO Arena
against current LLM benchmarking practices
through two experiments. First, we conduct a simu-
lation study (Section 4.2) to evaluate the reliability
and robustness of our tournament approach under
various controlled factors, including the number of
participating LLMs, the number of test prompts,
and the accuracy of the judge model. Second,

we empirically demonstrate that running VARCO
Arena with several judge LLMs on public bench-
mark (Section 4.3) prompts yields a stronger corre-
lation with human-established Elo rankings from
Chatbot Arena than does the reference-based ap-
proach.

These experiments confirm that our benchmark-
ing approach outperforms current practices in terms
of ranking reliability while requiring the lesser
number of comparisons (Table 1). Notably, the
simulation results—which emulate outcomes under
various conditions—underscore that the superior-
ity of our tournament approach is not coincidental
but rather reflects the inherent advantages of direct
pairwise comparisons over mediated comparisons
using reference responses.

In this work, we make the following contribu-
tions:

1. We introduce VARCO Arena, a novel
reference-free benchmarking method for
LLMs that leverages a single-elimination tour-
nament structure to perform head-to-head
comparisons of LLM responses across test
prompts. This approach eliminates the de-
pendency on static references and enhances
benchmarking flexibility.

2. Through extensive simulation studies and
empirical evaluations, we demonstrate that
VARCO Arena not only yields more reli-
able LLM rankings compared to traditional
reference-based methods but also achieves
this with significantly fewer comparisons,
thereby reducing evaluation costs.

3. We release our demo and code to facilitate the
further research and reproducibility; the code
is available at [URL placeholder]

2 Preliminaries: Quantifying Generation
Ability

Quantifying an LLM’s generation ability is crucial,
but it presents several challenges. The outcomes of
comparisons between two LLMs are often proba-
bilistic, influenced by various factors such as the
provided test prompts and the inherently subjective
nature of human preferences. A straightforward
approach is to evaluate an LLM’s performance
across diverse test prompts, which approximates
its real-world performance. Two popular measures
for LLM generation ability are the win rate against
reference responses and the Elo rating.



2.1 Win Rate in Comparison to the Reference

AlpacaEval (Li et al.,, 2023) and Arena-Hard-
Auto (Li et al., 2024) are representative benchmark
datasets that aim to quantify LLM response qual-
ity using reference responses. These benchmarks
employ an LLM judge with a standardized prompt
for automated evaluation of generation capability.
Given the prompts, LLM responses, and reference
responses, the judge LLM is tasked with determin-
ing whether the reference or the response is pre-
ferred. The LLM’s win rate across the test prompts
in the benchmark is used as a measure of its gener-
ation proficiency.

2.2 Elo Rating

The Elo rating system, introduced by Elo and Sloan,
has since become a popular method for quantifying
performance levels in competitive sports and, more
recently, for evaluating the generative abilities of
LLMs. The primary purpose of the Elo rating sys-
tem is to represent a participant’s skill level as a
single scalar value, enabling the prediction of rela-
tive win rates between participants who have never
directly competed. Assessing the superiority of one
LLM over another in terms of generative capability
shares several similarities with determining win-
ners in competitive sports. Varying test prompts
may yield different results, similar to how weather
or other factors can influence the outcome of a
sports match. While a superior team or LLM is not
guaranteed to outperform its inferior counterpart in
every instance, it tends to succeed more frequently.
With Elo ratings, one can expect the relative chance
of winning between a pair of players. The expected
win rate of the player ¢ against j is computed as
follows:

S 1 1
PG > j) = = T 108790
(

1 4+ 10(R;—Ri)/400

Computing accurate Elo ratings requires a suffi-
cient number of matches to estimate relative win
rates between pairs of participants. The resulting
matrix of relative win rates is then used to estimate
Elo ratings through logistic regression, similar to
multivariate logistic regression with a sigmoid func-
tion. In Equation 1, P(i > j) represents the ex-
pected win rate of participant ¢ over j, R; is the
Elo rating of participant 7, and Aj; is the Elo rating
difference between participants j and i (R; — R;).

Chatbot Arena presents a leaderboard of LLMs,
with Elo ratings computed from matches evaluated

by a large user base. Users prompt a pair of LLMs
and submit their judgments of which one responded
better. Although Chatbot Arena relies on manual
evaluation of matches, it offers an intuitive method
for comparing LLMs using Elo ratings.

3 VARCO Arena

We propose VARCO Arena, a reference-free ap-
proach for benchmarking large language models
(LLMs) via single-elimination tournaments. In-
stead of comparing model responses against fixed
references, VARCO Arena directly compares out-
puts from different models, determining superiority
through head-to-head matchups for each prompt
in our benchmark dataset. Repeated tournaments
across prompts yield reliable leaderboards that re-
flect the relative performance of each model.

We begin by motivating our approach over
current reference-based evaluations (Section 3.1).
Next, we detail how VARCO Arena performs tour-
naments and results in Elo ratings (Section 3.2 and
Algorithm 1). Finally, we discuss the reason why
aggregating the results from tournaments promises
reliable ranking (Section 3.3).

3.1 Comparing to a Reference is not Always
Helpful

Although reference texts are a standard way to eval-
uate and rank large language models (LLMs), they
introduce potential failure modes. Beyond the fact
that a single reference might not capture every di-
mension of correctness, relying solely on a refer-
ence can lead to unreliable rankings of LLMs.

Consider an ideal scenario with a judge capable
of perfectly distinguishing the quality of any two
outputs. If we choose to compare LLM responses
directly to rank them using Elo ratings (Equation 1),
all head-to-head comparisons are utilized. In con-
trast, reference-based evaluation for differentiating
LLMs can exhibit failure modes, as shown in Equa-
tion 2.

Mi(X;) > Y; > Ma(X;) (helpful)
M1VS L M, (X;) < Y; < My(X;) (helpful)
M, (X; M;(X;), Ma(X;) >Y;  (unhelpful)

M;(X;), Ma(X;) <Y;  (unhelpful)

2

When the reference output (Y;) for a prompt
(X;) successfully disambiguates the pair of LLM
responses M (X;) and Mo (X;) (as in the first and



second cases), comparison to the reference is effec-
tive for benchmarking. Otherwise, these compar-
isons do not help differentiate LLM performance.
Consequently, the reference-based approach pro-
vides less information for ranking when multiple
responses are either both correct or both incorrect
relative to the reference.

3.2 Tournaments of LLMs over multiple
prompts to Elo Ratings

Algorithm 1 Tournaments of LLMs over prompts
Require: prompts X = {z1, =2, ..., 2;}, LLMs
M = {ml, ma, ..., mj}, outputs Oi,j =
myj(x;)
Ensure: Ranked LLMs with Elo ratings
1: function Match(mq, mo, )

2: return m if IsBetter (O, 1,05 2)

3: else mo

4: end function

5: function SingleElim(M, x, res)

6: if | M| = 2 then

7: res.append(Match(M[0], M[1], x))
8: return res[-1]

9: end if

10: mid + ||M]/2]

11: left < SingleElim(M[:mid], z, res)
12: right <— SingleElim(M [mid:], x, res)
13: return SingleElim(left + right, z, res)
14: end function

15: function Tournaments2Ranks(X, M)

16: res <[]

17: for z; € X do

18: SingleElim(Shuffled(M), x;, res)
19: end for
20: return ComputeElo(res)

21: end function

Figure 1 and Algorithm 1 illustrate how VARCO
Arena benchmarks LLMs via a tournament ap-
proach. Here, | X| denotes the number of prompts
in the benchmark dataset. Each execution of
VARCO Arena runs a tournament among partic-
ipant LLMs for every prompt in the dataset.

The use of tournament structures for LLM bench-
marking offers both benefits and challenges. A ma-
jor advantage of a single-elimination tournament
is efficiency. As shown in Table 1, the number of
matches scales linearly with the number of partici-
pants and even lower compared to using references.
However, single elimination tournament only iden-
tifies a champion, leaving the relative ordering of

other participants unclear.

To retain tournament’s efficiency while obtain-
ing a fine-grained ranking, we propose aggregat-
ing tournament results over multiple prompts with
randomized initial match-ups for each prompt. Per-
forming multiple tournaments with random initial-
ization offers several benefits:

1. It resolves ties among non-champion partici-

pants from previous tournaments.

2. It mitigates the impact of unfavorable match-
ups in any single tournament.

3. Aggregating match results allows for precise
win rate estimation via Elo ratings, resulting
in a well-aligned overall ranking.

4. More matches are allocated to high-
performing participants while ensuring every
participant is evaluated at least once per
prompt.

In Section 3.3, we further explain how aggregat-
ing multiple tournaments could yield an reliable
ranking of LLMs. We also provide an analysis of
the number of matches each LLM faces, offering
a comprehensive view of the method’s efficiency
and effectiveness.

3.3 Why Aggregating Multiple Tournaments
Yields Reliable Ranks?

Our approach aggregates match outcomes from
multiple tournaments to approximate the com-
plete set of pairwise comparisons—akin to the
comparisons made in merge sort. In a single-
elimination tournament, every participant advances
based solely on match outcomes, a process that
mirrors the merging steps in merge sort. Notably,
a single-elimination tournament executes only the
comparisons strictly necessary for determining the
winner, omitting many comparisons that merge sort
would perform further.

We posit that the missing pairwise match-ups
in any one tournament can be recovered by ag-
gregating tournaments conducted over different
prompts. This hypothesis relies on the assump-
tion—central to our use of the Elo model—that
match outcomes are independent of the prompt.
Consequently, matches across different prompts
are considered equivalent.

Considering only the initial comparisons, which
are randomly sampled, the aggregate number of
comparisons is | X| - Nmodel/2. Since Mmodel 1S
typically on the order of tens and | X | comprises
at least hundreds, this number exceeds the total



possible match-ups, ("mgde‘) . Furthermore, as
shown in Table 1, the remaining matches—totaling
| X| - (Pmodel — 1)—either contribute additional
merge sort structures or enhance the accuracy of
estimating relative win rates among LLM partici-
pants.

Moreover, considering that each unique pair
meets in at least | X|/(2(7model — 1)) matches®
across the benchmark, this frequency is sufficient
for a fair estimation of their relative win rates.

In summary, aggregating tournaments not only
reconstructs the full set of pairwise comparisons for
a merge sort but also ensures that each pair of mod-
els faces one another often enough to yield accurate
win rate estimations, leading to reliable Elo ratings.
Based on these considerations, we propose that
conducting tournaments over a benchmark prompts
will yield a reliable ranking of LLMs.

4 [Experiments

We run two experiments with different settings for
comparing VARCO Arena and current practice of
reference-based benchmarking. In the first experi-
ment (Section 4.2) we conduct a simulation study
to control various factors that affect LLM bench-
marking. This simulation tests our foundational
propositions for VARCO Arena design (mentioned
in Section 3.1 and 3.3) under a more controlled,
simplified environment immune to noisy factors
such as potential biases of LLM judges (Park et al.,
2024).

The other is empirical experiments (Section 4.3).
We use gpt-40 and -mini as well as other sev-
eral popular models such as Claude3.5, Qwen2.5,
Llama3. 1, and Gemma?2 to validate the effectiveness
of our tournament approach against current LLM
benchmarking practices. By presenting both simu-
lation and empirical results, we aim to demonstrate
the effectiveness of our tournament approach. In
Section 4.1, we first describe the common experi-
mental settings before getting into specific details
of each experiments in the following subsections.

"Note that merge sort produces a set of match-ups with no
duplicates.

%A model participates in between | X | and [logy, 7umodel |
matches per tournament. Dividing this by the number of possi-
ble match-ups per model, 2(nmogel — 1), yields the expression
above.

4.1 Chatbot Arena Leaderboard Ratings as
Ground-Truth LLM Rankings

We compare the results of each benchmarking ap-
proach against the rankings from the Chatbot Arena
leaderboard. Chatbot Arena is widely regarded as
one of the most reliable leaderboards due to its ex-
tensive collection of human preference annotations.
Given the large number of votes and the diverse set
of prompts used for model comparisons, the result-
ing rankings are considered sufficiently accurate to
serve as ground truth.

4.2 Experiment 1: Simulation Study

We designed a simple simulation to emulate a prob-
abilistic model of LLM matches, adhering to the
Elo rating system in a controlled environment. In
line with the Elo model’s assumptions, our judge
is configured to follow Equation 3 exactly. The
judge stochastically determines the winner of each
LLM match solely based on the Elo rating differ-
ence (Aj) and the judge’s accuracy (Pudge). As
described in Equation 3, the outcome of a sin-
gle match is sampled according to Pyredict(7 > J),
which is computed as the product of the judge’s ac-
curacy and the likelihood of model ¢ beating model
J based on the Elo gap (FPy;).

Ppredict(i > ]) = Pjudge X Pgt(i > .7)
. 3)
= Ljudge ¥ 1 1+ 10%4/400
The details of our simulation settings are as
follows:
Ground-truth Elo ratings (initial parameter of
the simulation, and at the same time, the gold
ranking to reproduce): We extracted Elo ratings
from the English category of Chatbot Arena as of
June 23. This Elo ratings are the estimates from
massive user-submitted judgments (approximately
60% of the total submissions to the platform). For
the simulation, any set of Elo ratings could be
used, but we opted for real values computed from
human preferences.

Judge Accuracy (Pjudge): In practice, a
judge’s accuracy is an adaptive value that depends
on factors such as the specific prompt-response
pair and the manner in which LLM judges are
prompted. In this simulation study, we control this
parameter, varying it from 0.6 to 0.9.



Number of Participant LLMs (nmede1) and
Benchmark Dataset Size (|X|): We varied
these factors to assess the robustness of both the
tournament and reference-based approaches under
diverse conditions. This allowed us to explore
how reliability changes with the number of partici-
pants in both data-poor and data-rich environments.

Simulation Procedure:

1. Select the participant LLLMs and obtain their
Elo ratings for the simulation.

2. Compute the expected relative win rates (FPy,
see Equation 3) from the participants’ Elo rat-
ings.

3. Sample match outcomes for each LLM pair
according to the benchmarking approach. The
winner of each match is sampled from Feq
(Equation 3), which depends solely on the Elo
gap (Ajj) and the judge’s accuracy (Pydge)-

4. Repeat step 3 for the designated number of
test prompts (| X ).

5. Calculate scores for ranking:

(a) For the reference-based approach (cur-
rent practice), use the win rate against the
reference model (gpt-4-1106-preview,
which has an Elo rating of 1233).

(b) For the tournament approach (VARCO
Arena), compute Elo ratings from all
match outcomes.

6. Rank the models based on these scores.

7. Compute the Spearman correlation between
the simulated rankings (from step 6) and the
ground-truth rankings (from step 1).

We perform 50 trials for each simulation config-
uration to mitigate randomness from tournament
brackets and sampling.

4.3 Experiment 2: Assessing VARCO Arena
Using Various LLM Judges

To empirically validate our proposal, we evaluated
the reliability of both VARCO Arena and reference-
based approach over the top 20 models from the
Chatbot Arena leaderboards. This experiment em-
ploys actual prompt inputs and LLM outputs, dis-
tinguishing it from the earlier simulation study.

4.3.1 Dataset: Test Prompts and LLM
Responses Used

Testing the benchmarking approaches requires: (1)
test prompts and (2) the corresponding responses
from LLMs. For the benchmark dataset, we se-
lected Arena-Hard-Auto (Li et al., 2024). The

prompts in Arena-Hard-Auto were carefully cu-
rated from Chatbot Arena user queries. This
dataset consists of 500 prompts—two instances
for each of 250 subtopics. Although AlpacaE-
val (Li et al., 2023), which comprises 800 prompt-
reference pairs, could serve as a viable testbed,
we opted for Arena-Hard-Auto because its design
aligns more closely with Chatbot Arena. Arena-
Hard-Auto uses responses from gpt-4-0314 as the
reference outputs. For ranking, we utilized the
reserved outputs of the top 21 models from the
Arena-Hard-Auto Browser.>

4.3.2 Participant LLMs

For ranking, we selected 20 LLMs from the top of
the ChatBot Arena leaderboard in the hard prompts
category, as these models most closely align with
Arena-Hard-Auto.

4.3.3 LLM Judges

We used several aligned LLMs as judges for
testing both benchmarking approaches. LLMs of
our choice are gpt-4o family of models (OpenAl
et al., 2024), Claude3.5, and a selection of
open-weight models: Qwen2.5 (Qwen et al.,
2025), Llama3.1 (Grattafiori et al.,, 2024),
and Gemma2 (Team et al., 2024). For pairwise
comparisons of responses, we employed the
judging prompt suggested in LLMBar (Zeng et al.,
2024) (See Appendix A.6.2). The same judge
prompt was applied consistently across both the
tournament and reference-based approaches. To
mitigate position bias (Wu and Aji, 2023), the
order of model responses was alternated during
evaluation. Further details on the LLM-as-a-judge
configuration are provided in Appendix A.6.

The two experimental settings are summa-
rized as follows:
Experiment 1 (Simulation Study): This ex-

periment uses the ground truth Elo ratings of
the models to initialize the simulation. We
vary control parameters for the benchmarking
approaches—including the judge’s accuracy
(Piudge), the number of test prompts used (| .X|),
and the number of participant LLMS (72y0de1)—tO
determine which benchmarking approach more
accurately reproduces the participants’ ranking.
For each configuration, we conduct 50 trials of
experiments.

3Extracted from the 2024 Jul 6 commit (fd42026).



Experiment 2 (Empirical Runs): This experiment
assesses the two benchmarking approaches using
empirical runs with various LLM judges. We select
the top 20 LLMs from Chatbot Arena and used
their reserved outputs on Arena-Hard-Auto test
prompts. For both the tournament and reference-
based approaches, we employ the Spearman corre-
lation coefficient to measure how well the results
align with the ground truth leaderboard rankings.
In our empirical study, we conduct 500 trials for
each experimental setting.

5 Results and Discussion

We assess the reliability and robustness of VARCO
Arena as a means for LLM benchmarking, compar-
ing it against the current reference-based approach.
Our results from both simulation study and em-
pirical runs indicate that the tournament approach
of VARCO Arena yields rankings that align more
closely with the ground-truth Elo leaderboards. We
present our findings using whisker plots and tables
in the following sections.

5.1 Experiment 1: Simulation Study Results

Figure 2 illustrates noticeable differences in Spear-
man correlation, indicating that the tournament ap-
proach is more reliable than the reference-based
method. The consistent performance gap across
various conditions—namely, the number of partic-
ipants, the number of test prompts, and judge ac-
curacy (nmodet> | X |, and Pjyage)—demonstrates the
robustness of the tournament approach. Although
the simulation simplifies real-world complexity, a
similar performance gap was observed in the em-
pirical findings (Experiment 2, Figure 3). This
consistency suggests that the robust performance
of VARCO Arena is not coincidental or limited to
a specific empirical setting of ours.

5.2 Experiment 2: Empirical Results

As hinted in the previous section, the empiri-
cal results in Figure 3 show that VARCO Arena
consistently outperforms the reference-based ap-
proach. Although the performance gaps are less
pronounced than in the simulation, the same trend
persists. In Table 2, we report the median values for
VARCO Arena and the reference-based approach
using the gpt-4o family of judges while varying
the number of test prompts (| X|). These results
consistently demonstrate that VARCO Arena out-
performs the reference-based method. Note that
VARCO Arena shows similar or superior reliability

even in extreme data-poor benchmark condition
(| X| = 50).

Table 3 presents the outcomes when using other
LLMs as judges, with a fixed number of prompts
(|X| = 500). The results for Claude3.5-sonnet,
Llama3.1-8b, and Qwen2.5-7b follow a simi-
lar trend. However, smaller models (Gemma2-2b
and Qwen2.5-0.5b) appears to be less reliable
for benchmarking. Hence, we recommend using
evaluation-specialized judge LLMs or, at least, gen-
erative judge models with around 7B parameters
regardless of using VARCO Arena or considering
reference-based approach.

Spearman corr. (1) |X]=50 100 250 475 500

comp. to ref. (40) 0.895 0.935 0.963 0.966 0.964
tournament (40) 0.905 0.940 0.960 0.970 0.970
comp. to ref. (40-mini) 0.895 0.908 0917 0916 0912
tournament (40-mini) 0.901 0919 0.931 0.933 0.933

Table 2: Spearman correlation (1) varying over size
of the benchmark set (| X|) for each benchmarking ap-
proach. Comp. to ref. refers to reference-based ap-
proach.

| = 500 claude3.5 llama3.1 qwen2.5 qwen2.5 gemma2
sonnet 8b-it Tb-it 0.5b-it 2b-it

comp. to ref. 0.924 0.820 0.756 0.089 0.592

tournament 0.930 0.850 0.811 -0.124 0.552

Table 3: Spearman correlation (1) result using other
LLMs as a judge. Comp. to ref. refers to reference-
based approach.

5.3 Incorporating a New LLM into an
Existing Leaderboard

While our main focus has been on ranking multiple
LLMs at once, it is also useful to consider the com-
mon scenario of adding a single new model to an ex-
isting leaderboard, which is also frequent use-case
for leaderboards. We explored two approaches:
(1) a binary search-like placement method, and
(2) using the top-performing model response as a
reference. Our findings indicate that the latter ap-
proach is more reliable (Table 4). Further details
and discussions are provided in Appendix A.4.

6 Related Works
6.1 Elo-based LLM Benchmarking

Recent studies have leveraged Elo ratings de-
rived from human preferences to benchmark
LLMs (Boubdir et al., 2023). For instance, Chatbot
Arena (Chiang et al., 2024) employs Elo as an eval-
uation metric, while RAGEIlo (Rackauckas et al.,
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Figure 2: Simulation results comparing the tournament and reference-based approaches. The tournament method
consistently outperforms the reference-based approach in Spearman correlation across various control variables: the
number of participant LLMS (1models), the number of benchmark prompts (|.X ), and judge precision (Pugge)-
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Figure 3: Results of VARCO Arena (tournament)
and reference-based approach with gpt-4o (left) and
gpt-4o0-mini (right) judge. VARCO Arena constantly
records higher Spearman correlation coherent with the
Experiment 1 result (Figure 2). Results summary is on
Table 2.

[Arank| (1) gt=1-6 7-13 14-19 (20) total avg.
binary search (40) 0.92 1.84 2.13 1.72
comp. to 1st (40) 198 1.55 1.57 1.39
binary search (40-mini)  1.27 1.82 1.21 1.5
comp. to Ist (40-mini) 1.00 143 143 1.37

Table 4: Comparison of the binary search method versus
using the top-performing model’s response as a refer-
ence (comp. to 1st) for inserting a new LLM into the
leaderboard. We report the mean rank deviation (| Ak |)
from the ground-truth leaderboard as an additional error
metric. For further details, see Algorithm 2 in Appendix.

2024) uses it as a ranking metric. These imple-
mentations highlight the benefits of applying Elo
ratings for open-ended text quality evaluation.

6.2 Reference-free Evaluation

Reference-free evaluation has emerged as a promis-
ing alternative to static reference-based methods
from the era of Natural Language Generation. Ad-
vances in LLLM capabilities have enabled models
to assess open-ended responses effectively (Jauhi-
ainen and Guerra, 2024). When reference quality
is poor, reference-free metrics like XComet (Guer-
reiro et al., 2023) works as a more reliable alterna-
tives.

7 Conclusion

We introduced VARCO Arena, a reference-free
LLM benchmarking approach that employs a
tournament-style framework with direct pairwise
comparisons to evaluate the generative capabilities
of LLMs. VARCO Arena offers a cost-effective,
scalable, and adaptable solution for benchmark-
ing response quality. Our simulation study and
empirical experiments demonstrate that VARCO
Arena consistently achieves higher rank reliabil-
ity compared to current reference-based methods,
as evidenced by stronger correlations with human-
established Elo ratings. Given its robust perfor-
mance and flexibility, we believe VARCO Arena
can serve as a reliable automated tool for model se-
lection and ranking across diverse and evolving use
cases. Future work will explore broader applica-
tions, such as benchmarking LLMs in multi-modal
settings (e.g., those incorporating visual or audio
inputs and outputs).



Limitations

Although we tested robustness of the tournaments
performed by VARCO Arena, it still has added
factor for randomness such as match bracket initial-
ization which does not applies to reference-based
method. Rooms for improvement exist for more
informative match-making algorithm that would
achieve better ranking than single-elimination tour-
naments within same or less number of matches.
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A Appendix

A.1 Machine Requirements for Experiments

Except the part we inferenced open-weight mod-
els such as Llama, Qwen and Gemma, our ex-
periments are mostly do not require GPU usage.
Inference are done on one A100 GPU, but T4
would be enough for reproducing our experiments.
Otherwise, our experiments require querying API
and post-processing those with CPU. Experiments
could be run on personal desktops. The lowest spec-
ification of the machine we deployed had 15-8400
CPU, 16 GiB RAM.
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A.2 Assuring Statistical Significance of the
Results within Budget for proprietary
models

To ensure a statistically significant number of trials
for each experiment while staying within budget,
we utilize OpenAI’s Batch API to prepare full-grid
match outcomes (i.e., all-play-all matches for every
prompt) in a cache file, allowing us to reuse these
outcomes. Each empirical experiment consists of
500 trials per setting, with results represented us-
ing whisker plots or summary statistics such as me-
dian values. When experimenting with a subset of
the Arena-Hard-Auto benchmark (] X| < 500), we
sample a stratified subset of the benchmark dataset
for each new trial.

A.3 Elo ratings from VARCO Arena
compared to Human Annotations

Figure 4 shows the Elo ratings computed out of
VARCO Arena. For judge, we used gpt-40. As
mentioned in the caption, the Elo ratings are boot-
strapped median value from 500 trials. 95% confi-
dence intervals also plotted as an error bar, which
look negligible in scale compared to observed val-
ues. Matches are performed over Arena-Hard-Auto
benchmark dataset (500 prompts).

A.4 Binary search vs. Win rate over reference

A.4.1 Binary Search

We tried binary search placement of a newly added
LLM to the leaderboard without reference text in
Table 5. Details of how we implemented binary
search are attached in Appendix 2. It turns out
that binary search based on leaderboard ranks is
not as reliable as the current approach of scoring
the newcomer to the reference outputs. The num-
ber of judge operations performed is equivalent
to the matches allocated to the least-performant
model in a tournament, which is | X| (i.e. maxi-
mum possible matches that an LLLM could have is
| X | %1089 moder). Within the size of the benchmark
prompts (| X |), binary search is incompatible with
the current approach of using reference instead.

A.4.2 Comparing to the most performant
Model so far: Converting Elo Table
back to Win Rate

Assuming we preserved a set of match results and
model outputs from the last benchmarking, we
could benefit from those to perform insertion. One
could pick an appropriate anchor LLM as a ref-
erence in a leaderboard to estimate the skill of a
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Figure 4: Elo ratings of the model with gpt-4o judge on the full set of Arena-Hard-Auto (Li et al., 2024) prompts.
VARCO Arena result (bootstrapped median over 1000 samples of 500 trials) is in blue, plotted alongside the ratings
from the ground truth leaderboard in red (Chatbot Arena, Hard prompts category). Error bars are 95% confidence
intervals.

newcomer. Using previous matches from the tour-
naments that built the leaderboard could be used
for estimating win rates over the reference. This
is the same as converting the Elo table into a win
rate leaderboard. Since the leaderboard is not built
with full-grid matches but with tournaments, there
would be some missing matches against the ref-

. [Arank| (1) at=1 2 3 4 5 6 avg.
erence regardless we have picked. There are tWo  “binarysearch 009 124 175 155 126 110 | 0.92
ways to estimate the win rate over the reference (4011 . Pyl B
anchore . f B 2 .. .. B
model. We could just count the matches given (40) OO0 GO0 00200 G000 00200 004004
are enough in amount, or we could also convert binary search — 0.52  0.85  0.59 203 1.20 245 ) 127
. ) R X (40-mini) (09/-07) 1211 (10/-09) (02-02) (05/-05) (07/-06)
Elo ratings back to P(i > a) to use it directly ~ anchored 000 000 100 200 200 100 | 1.00
for Scoring for the model ranks in the leaderboard. (40-mini) (0.00000)  (0.000000)  (0.000000)  (0.000000)  (0.00/0.00)  (0.00/0.00)
Reminding that Elo rating is purposed for expect- 7 3 5 10 1 12 5 Tae
ing a likely outcome of the match, this should 131 127 222 174 227 223 186 | 1.84
. : (.10/-.10) 11/-11) (.14/-.12) (.09/-.09) (12/-11) (.12/-12) (.07/-.07)
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To see how well the two benchmarking approach 140 307 080 147 500 096 213
(anchored comparison and tournament approach) 0405 LI O8-09)  (O05-04) (LA (08-09)
. . . 200 200 1.00 121 300 021 - | 157
separates LLMs in adjacent ranks, we provide scat-
. . . . (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.03/-0.04) (0.00/0.00) (0.04/-0.03)
ter plot of Elo rating and win rate paired with 145 420 019 008 109 108 040 |1.21
error bar (95% Conﬁdence interval). We present (07/-08) (1717 (07/-06) (03/-02) (.05/-05) (.05/-05) (07/-07)
) . 100 200 200 100 1.00 3.00 000 | 143
the bOth results Of uSlng gpt—4o (Flgure 5) and (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00)

gpt-4o-mini (Figure 5) as a judge. Inside the
each plot, inseparables indicates the cases where Table 5: Binary search vs. Anchored comparison: Mean

any pair of datapoint co-includes each other within rank deviation (| Avank|) from ground-truth leaderboard.

. Result of binary search placement and anchored compar-
their range of error bars, and overlap means a cer- . . o ) .
ison insert by gpt-4o[-mini] judge are provided with

tain d:afta.point is'within some other’s range of error, bootstrapped 95% confidence interval (500 trials, 1000
when it is one-sided. samples, | X|=500, Arena-Hard-Auto (Li et al., 2024)).

A.6 Judge configuration

A.6.1 Evaluation Prompt

We use the prompt from LLMBar. The prompt
depicted in Figure A.6.2. We added 4 questions
for criteria of our own to Metrics. txt prompt of
(Zeng et al., 2024). You can refer to the original
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Algorithm 2 Binary Search for Enlisting new LLM

to a leaderboard

Require: Leaderboard L, new model mpey, test . 4—} !
prompts X, outputs O, assumes | X | > |[L| > ¢ 1

—
-

1
lo rating

Win ral
-
-

Tcomparisons
Ensure: Updated leaderboard L' with myey I ! ’
placed o T
11 Ncomparisons € I_lOgZ(‘L’)J I I J
2! Nmatches < HX |/ ncomparisonsJ -
3: function BINARYSEARCHPLACE- v '_T )
MENT(L, Mpew) I
4 X < Shuffle(X)
5 X < concat(X;X)
6: low «+ 0
7 high + |L| — 1
8 while low < high do
9 mid < | (low + high)/2| e
10: wins < 0 Figure 5: gpt-4o result of anchored comparison and
11: for i < 1 to Nmatches dO tournament approach. 1000 bootstrapped median from
12: x + X .pop() §OO observations used for confidence interval estima-
13: if Match(mpew, L[mid],z) =  tom
Mpew then
14: wins < wins +1
15: end if
16: end for puponny W
17: if wins > nmaiches/2 then 0s Tk T e
18: high < mid —1 overP g
19: else if wins < nmarches/2 then o7 3 o
20: low < mid +1 il
21: else if | X'| >0 then “ = R 1100
22: continue > Ensure tie g 1 g
23: else £ oo &
24: return mid, tie > Tie o g 2 inseparables
25: end if |
26: end while 03
27: return low, non-tie > Position found

28: end function

29: function UPDATELEADERBOARD(L, Myew)

30: position, istie —
BinarySearchPlacement(L, mpew)

31: L’ < L.insert(position, myey, isti€)

32: return L'

33: end function model

ny-p-3d6

Figure 6: gpt-4o result of anchored comparison and
tournament approach. 1000 bootstrapped median from
500 observations used for confidence interval estima-
tion.
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prompt in LLMBar github.

A.6.2 Decoding Parameters

We did not configure decoding parameters of judge
LLMs (gpt-4o[-mini]), which its temperature de-
faults to 1. The only parameter we have adjusted is
maximum number of tokens to be generated, which
for our prompt is less than 6 (i.e. The output of
our prompt is (a) or (b)). To avoid position bias,
we alternated the position of the responses from a
certain model across the benchmark prompt.
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PROMPTS = [ # metrics.txt from LLMBar

"role": "system", "content": "You are a helpful assistant in evaluating the quality of the outputs
for a given instruction. Your goal is to select the best output for the given instruction.", ,

"role": "user", "content": """Select the Output (a) or Output (b) that is better for the given in-
struction. The two outputs are generated by two different Al chatbots respectively.

Here are some rules of the evaluation:

(1) You should prioritize evaluating whether the output honestly/precisely/closely executes the instruction,
then consider its helpfulness, accuracy, level of detail, harmlessness, etc.

(2) Outputs should NOT contain more/less than what the instruction asks for, as such outputs do NOT
precisely execute the instruction.

(3) You should avoid any potential bias and your judgment should be as objective as possible. For
example, the order in which the outputs were presented should NOT affect your judgment, as Output (a)
and Output (b) are **equally likely** to be the better.

Do NOT provide any explanation for your choice.
Do NOT say both / neither are good.
You should answer using ONLY "Output (a)" or "Output (b)". Do NOT output any other words.

# Instruction:
instruction

# Output (a):
response_a

# Output (b):
response_b

# Questions about Outputs:

Here are at most three questions about the outputs, which are presented from most important to least
important. You can do the evaluation based on thinking about all the questions.

- Does the output well satisfy the intent of the user request?

- If applicable, is the output well-grounded in the given context information?

- Does the output itself satisfy the requirements of good writing in terms of:

1) Coherence

2) Logicality

3) Plausibility

4) Interestingness

Which is better, Output (a) or Output (b)? Your response should be either "Output (a)" or "Out-
put (b)ll:‘””l’
]
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