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Abstract001

Most existing benchmarking approaches for002
evaluating the output quality of large language003
models (LLMs) rely on comparing LLM re-004
sponses to predefined references. Such meth-005
ods, based on static datasets, quickly become006
outdated as LLM capabilities and use cases007
evolve. In this work, we introduce VARCO008
Arena—a novel, cost-effective, and robust009
benchmarking approach that leverages a single-010
elimination tournament structure to minimize011
the number of required comparisons while elim-012
inating the need for static references or costly013
human annotations. We validate our approach014
through two experiments: (i) a simulation study015
that examines its robustness under various con-016
ditions, and (ii) an empirical evaluation using017
publicly available benchmark prompts. In both018
experiments, VARCO Arena consistently out-019
performs current LLM benchmarking practices,020
achieving stronger correlations with human-021
established Elo ratings. Our results demon-022
strate that VARCO Arena not only produces023
reliable LLM rankings but also provides a scal-024
able, adaptable solution for qualitative eval-025
uation across diverse, customized use cases.026
We release our demo and code at [URL place-027
holder].028

1 Introduction029

The versatility of Large Language Models (LLMs)030

stems from their generative capacity to address a031

wide array of tasks. The multi-faceted capability of032

LLMs enables flexible applications across numer-033

ous user scenarios (Ouyang et al., 2022; Köpf et al.,034

2024; Roziere et al., 2023). As versatility emerges035

as a core attribute of LLMs, the challenge of ac-036

curately gauging their skill becomes increasingly037

significant. In response to this challenge, numer-038

ous benchmarks evaluating LLM capabilities have039

emerged (Hendrycks et al., 2020; Srivastava et al.,040

2023; Zhong et al., 2024). Many LLM benchmarks041

employ formats amenable to automated scoring.042

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- 043

lems (Gao et al., 2022; Patel et al., 2021), multiple- 044

choice questions (Lin et al., 2022), and code execu- 045

tion (Austin et al., 2021; Chen et al., 2021). While 046

these benchmarks are valuable, they primarily as- 047

sess problem-solving abilities. The need for LLM 048

benchmarks extends beyond this, as the primary 049

value of LLMs lies in the versatility of their gener- 050

ative behavior. Researchers have primarily relied 051

on pairwise comparisons to evaluate and rank the 052

LLMs based on human preference annotations. A 053

representative example of this approach is Chat- 054

bot Arena (Chiang et al., 2024), which computes 055

Elo ratings based on a massive number of human 056

votes. While Chatbot Arena benefited from reli- 057

able, open-ended prompts generated by a large user 058

base, obtaining such a high volume of annotations 059

from dedicated annotators remains challenging. 060

To address these challenges, several benchmark 061

datasets for generation tasks have been developed 062

and applied with an LLM judge (Zheng et al., 2024) 063

to quantify LLM capabilities. Using these bench- 064

marks and their reference responses, LLMs are 065
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No. Comp. (↓) Judge Eval. Type
Chatbot Arena unknown human head-to-head

Current Practice nmodel · |X| LLM
reference

-based
VARCO Arena (nmodel − 1) · |X| LLM head-to-head

Table 1: Comparison between Current Practice and
Varco Arena. |X| and nmodel 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 their066

outputs and the reference responses provided by067

LLM judges. Representative examples include Al-068

pacaEval (Li et al., 2023), Arena-Hard-Auto (Li069

et al., 2024), and MTBench (Zheng et al., 2023).070

There are two major advantages to relying on ref-071

erence responses: (1) The number of comparisons072

required for ranking scales linearly with the number073

of LLMs. (2) The reference response establishes a074

quality standard for evaluating LLM outputs.075

However, we argue that using reference re-076

sponses to mediate comparisons between LLM077

outputs is suboptimal and that head-to-head com-078

parisons yield more accurate assessments. In this079

context, we propose VARCO Arena as a novel eval-080

uation framework that directly compares LLM re-081

sponses while requiring fewer comparisons. Even082

with fewer comparisons and without relying on083

reference responses, VARCO Arena achieves a084

stronger correlation with the human-established085

Elo rankings from Chatbot Arena.086

VARCO Arena is designed to conduct a single-087

elimination tournament for each prompt across all088

participating LLM responses and then compute089

Elo ratings (Elo and Sloan, 1978) based on the out-090

comes of these matches. By organizing tournament-091

style matches for multiple LLMs on each prompt,092

we obtain relative win rates between all possible093

model pairs with fewer comparisons than those094

required by reference-based methods. These win095

rates are subsequently interpreted as Elo ratings,096

enabling us to generate a comprehensive ranking097

of candidate LLMs.098

We validate the effectiveness of VARCO Arena099

against current LLM benchmarking practices100

through two experiments. First, we conduct a simu-101

lation study (Section 4.2) to evaluate the reliability102

and robustness of our tournament approach under103

various controlled factors, including the number of104

participating LLMs, the number of test prompts,105

and the accuracy of the judge model. Second,106

we empirically demonstrate that running VARCO 107

Arena with several judge LLMs on public bench- 108

mark (Section 4.3) prompts yields a stronger corre- 109

lation with human-established Elo rankings from 110

Chatbot Arena than does the reference-based ap- 111

proach. 112

These experiments confirm that our benchmark- 113

ing approach outperforms current practices in terms 114

of ranking reliability while requiring the lesser 115

number of comparisons (Table 1). Notably, the 116

simulation results—which emulate outcomes under 117

various conditions—underscore that the superior- 118

ity of our tournament approach is not coincidental 119

but rather reflects the inherent advantages of direct 120

pairwise comparisons over mediated comparisons 121

using reference responses. 122

In this work, we make the following contribu- 123

tions: 124

1. We introduce VARCO Arena, a novel 125

reference-free benchmarking method for 126

LLMs that leverages a single-elimination tour- 127

nament structure to perform head-to-head 128

comparisons of LLM responses across test 129

prompts. This approach eliminates the de- 130

pendency on static references and enhances 131

benchmarking flexibility. 132

2. Through extensive simulation studies and 133

empirical evaluations, we demonstrate that 134

VARCO Arena not only yields more reli- 135

able LLM rankings compared to traditional 136

reference-based methods but also achieves 137

this with significantly fewer comparisons, 138

thereby reducing evaluation costs. 139

3. We release our demo and code to facilitate the 140

further research and reproducibility; the code 141

is available at [URL placeholder] 142

2 Preliminaries: Quantifying Generation 143

Ability 144

Quantifying an LLM’s generation ability is crucial, 145

but it presents several challenges. The outcomes of 146

comparisons between two LLMs are often proba- 147

bilistic, influenced by various factors such as the 148

provided test prompts and the inherently subjective 149

nature of human preferences. A straightforward 150

approach is to evaluate an LLM’s performance 151

across diverse test prompts, which approximates 152

its real-world performance. Two popular measures 153

for LLM generation ability are the win rate against 154

reference responses and the Elo rating. 155
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2.1 Win Rate in Comparison to the Reference156

AlpacaEval (Li et al., 2023) and Arena-Hard-157

Auto (Li et al., 2024) are representative benchmark158

datasets that aim to quantify LLM response qual-159

ity using reference responses. These benchmarks160

employ an LLM judge with a standardized prompt161

for automated evaluation of generation capability.162

Given the prompts, LLM responses, and reference163

responses, the judge LLM is tasked with determin-164

ing whether the reference or the response is pre-165

ferred. The LLM’s win rate across the test prompts166

in the benchmark is used as a measure of its gener-167

ation proficiency.168

2.2 Elo Rating169

The Elo rating system, introduced by Elo and Sloan,170

has since become a popular method for quantifying171

performance levels in competitive sports and, more172

recently, for evaluating the generative abilities of173

LLMs. The primary purpose of the Elo rating sys-174

tem is to represent a participant’s skill level as a175

single scalar value, enabling the prediction of rela-176

tive win rates between participants who have never177

directly competed. Assessing the superiority of one178

LLM over another in terms of generative capability179

shares several similarities with determining win-180

ners in competitive sports. Varying test prompts181

may yield different results, similar to how weather182

or other factors can influence the outcome of a183

sports match. While a superior team or LLM is not184

guaranteed to outperform its inferior counterpart in185

every instance, it tends to succeed more frequently.186

With Elo ratings, one can expect the relative chance187

of winning between a pair of players. The expected188

win rate of the player i against j is computed as189

follows:190

P(i > j) =
1

1 + 10(Rj−Ri)/400
=

1

1 + 10∆ij/400

(1)191

Computing accurate Elo ratings requires a suffi-192

cient number of matches to estimate relative win193

rates between pairs of participants. The resulting194

matrix of relative win rates is then used to estimate195

Elo ratings through logistic regression, similar to196

multivariate logistic regression with a sigmoid func-197

tion. In Equation 1, P (i > j) represents the ex-198

pected win rate of participant i over j, Ri is the199

Elo rating of participant i, and ∆ij is the Elo rating200

difference between participants j and i (Rj −Ri).201

Chatbot Arena presents a leaderboard of LLMs,202

with Elo ratings computed from matches evaluated203

by a large user base. Users prompt a pair of LLMs 204

and submit their judgments of which one responded 205

better. Although Chatbot Arena relies on manual 206

evaluation of matches, it offers an intuitive method 207

for comparing LLMs using Elo ratings. 208

3 VARCO Arena 209

We propose VARCO Arena, a reference-free ap- 210

proach for benchmarking large language models 211

(LLMs) via single-elimination tournaments. In- 212

stead of comparing model responses against fixed 213

references, VARCO Arena directly compares out- 214

puts from different models, determining superiority 215

through head-to-head matchups for each prompt 216

in our benchmark dataset. Repeated tournaments 217

across prompts yield reliable leaderboards that re- 218

flect the relative performance of each model. 219

We begin by motivating our approach over 220

current reference-based evaluations (Section 3.1). 221

Next, we detail how VARCO Arena performs tour- 222

naments and results in Elo ratings (Section 3.2 and 223

Algorithm 1). Finally, we discuss the reason why 224

aggregating the results from tournaments promises 225

reliable ranking (Section 3.3). 226

3.1 Comparing to a Reference is not Always 227

Helpful 228

Although reference texts are a standard way to eval- 229

uate and rank large language models (LLMs), they 230

introduce potential failure modes. Beyond the fact 231

that a single reference might not capture every di- 232

mension of correctness, relying solely on a refer- 233

ence can lead to unreliable rankings of LLMs. 234

Consider an ideal scenario with a judge capable 235

of perfectly distinguishing the quality of any two 236

outputs. If we choose to compare LLM responses 237

directly to rank them using Elo ratings (Equation 1), 238

all head-to-head comparisons are utilized. In con- 239

trast, reference-based evaluation for differentiating 240

LLMs can exhibit failure modes, as shown in Equa- 241

tion 2. 242

M1(Xi)
vs. →

M2(Xi)


M1(Xi) > Yi > M2(Xi) (helpful)
M1(Xi) < Yi < M2(Xi) (helpful)
M1(Xi), M2(Xi) > Yi (unhelpful)
M1(Xi), M2(Xi) < Yi (unhelpful)

(2) 243

When the reference output (Yi) for a prompt 244

(Xi) successfully disambiguates the pair of LLM 245

responses M1(Xi) and M2(Xi) (as in the first and 246
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second cases), comparison to the reference is effec-247

tive for benchmarking. Otherwise, these compar-248

isons do not help differentiate LLM performance.249

Consequently, the reference-based approach pro-250

vides less information for ranking when multiple251

responses are either both correct or both incorrect252

relative to the reference.253

3.2 Tournaments of LLMs over multiple254

prompts to Elo Ratings255

Algorithm 1 Tournaments of LLMs over prompts

Require: prompts X = {x1, x2, ..., xi}, LLMs
M = {m1, m2, ..., mj}, outputs Oi,j =
mj(xi)

Ensure: Ranked LLMs with Elo ratings
1: function Match(m1,m2, x)
2: return m1 if IsBetter(Ox,1, Ox,2)
3: else m2

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], x, res)
12: right← SingleElim(M [mid:], x, res)
13: return SingleElim(left + right, x, res)
14: end function
15: function Tournaments2Ranks(X,M )
16: res ← []
17: for xi ∈ X do
18: SingleElim(Shuffled(M ), xi, res)
19: end for
20: return ComputeElo(res)
21: end function

Figure 1 and Algorithm 1 illustrate how VARCO256

Arena benchmarks LLMs via a tournament ap-257

proach. Here, |X| denotes the number of prompts258

in the benchmark dataset. Each execution of259

VARCO Arena runs a tournament among partic-260

ipant LLMs for every prompt in the dataset.261

The use of tournament structures for LLM bench-262

marking offers both benefits and challenges. A ma-263

jor advantage of a single-elimination tournament264

is efficiency. As shown in Table 1, the number of265

matches scales linearly with the number of partici-266

pants and even lower compared to using references.267

However, single elimination tournament only iden-268

tifies a champion, leaving the relative ordering of269

other participants unclear. 270

To retain tournament’s efficiency while obtain- 271

ing a fine-grained ranking, we propose aggregat- 272

ing tournament results over multiple prompts with 273

randomized initial match-ups for each prompt. Per- 274

forming multiple tournaments with random initial- 275

ization offers several benefits: 276

1. It resolves ties among non-champion partici- 277

pants from previous tournaments. 278

2. It mitigates the impact of unfavorable match- 279

ups in any single tournament. 280

3. Aggregating match results allows for precise 281

win rate estimation via Elo ratings, resulting 282

in a well-aligned overall ranking. 283

4. More matches are allocated to high- 284

performing participants while ensuring every 285

participant is evaluated at least once per 286

prompt. 287

In Section 3.3, we further explain how aggregat- 288

ing multiple tournaments could yield an reliable 289

ranking of LLMs. We also provide an analysis of 290

the number of matches each LLM faces, offering 291

a comprehensive view of the method’s efficiency 292

and effectiveness. 293

3.3 Why Aggregating Multiple Tournaments 294

Yields Reliable Ranks? 295

Our approach aggregates match outcomes from 296

multiple tournaments to approximate the com- 297

plete set of pairwise comparisons—akin to the 298

comparisons made in merge sort. In a single- 299

elimination tournament, every participant advances 300

based solely on match outcomes, a process that 301

mirrors the merging steps in merge sort. Notably, 302

a single-elimination tournament executes only the 303

comparisons strictly necessary for determining the 304

winner, omitting many comparisons that merge sort 305

would perform further. 306

We posit that the missing pairwise match-ups 307

in any one tournament can be recovered by ag- 308

gregating tournaments conducted over different 309

prompts. This hypothesis relies on the assump- 310

tion—central to our use of the Elo model—that 311

match outcomes are independent of the prompt. 312

Consequently, matches across different prompts 313

are considered equivalent. 314

Considering only the initial comparisons, which 315

are randomly sampled, the aggregate number of 316

comparisons is |X| · nmodel/2. Since nmodel is 317

typically on the order of tens and |X| comprises 318

at least hundreds, this number exceeds the total 319
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possible match-ups,
(
nmodel

2

)
1. Furthermore, as320

shown in Table 1, the remaining matches—totaling321

|X| · (nmodel − 1)—either contribute additional322

merge sort structures or enhance the accuracy of323

estimating relative win rates among LLM partici-324

pants.325

Moreover, considering that each unique pair326

meets in at least |X|/(2(nmodel − 1)) matches2327

across the benchmark, this frequency is sufficient328

for a fair estimation of their relative win rates.329

In summary, aggregating tournaments not only330

reconstructs the full set of pairwise comparisons for331

a merge sort but also ensures that each pair of mod-332

els faces one another often enough to yield accurate333

win rate estimations, leading to reliable Elo ratings.334

Based on these considerations, we propose that335

conducting tournaments over a benchmark prompts336

will yield a reliable ranking of LLMs.337

4 Experiments338

We run two experiments with different settings for339

comparing VARCO Arena and current practice of340

reference-based benchmarking. In the first experi-341

ment (Section 4.2) we conduct a simulation study342

to control various factors that affect LLM bench-343

marking. This simulation tests our foundational344

propositions for VARCO Arena design (mentioned345

in Section 3.1 and 3.3) under a more controlled,346

simplified environment immune to noisy factors347

such as potential biases of LLM judges (Park et al.,348

2024).349

The other is empirical experiments (Section 4.3).350

We use gpt-4o and -mini as well as other sev-351

eral popular models such as Claude3.5, Qwen2.5,352

Llama3.1, and Gemma2 to validate the effectiveness353

of our tournament approach against current LLM354

benchmarking practices. By presenting both simu-355

lation and empirical results, we aim to demonstrate356

the effectiveness of our tournament approach. In357

Section 4.1, we first describe the common experi-358

mental settings before getting into specific details359

of each experiments in the following subsections.360

1Note that merge sort produces a set of match-ups with no
duplicates.

2A model participates in between |X| and ⌈log2 nmodel⌉
matches per tournament. Dividing this by the number of possi-
ble match-ups per model, 2(nmodel − 1), yields the expression
above.

4.1 Chatbot Arena Leaderboard Ratings as 361

Ground-Truth LLM Rankings 362

We compare the results of each benchmarking ap- 363

proach against the rankings from the Chatbot Arena 364

leaderboard. Chatbot Arena is widely regarded as 365

one of the most reliable leaderboards due to its ex- 366

tensive collection of human preference annotations. 367

Given the large number of votes and the diverse set 368

of prompts used for model comparisons, the result- 369

ing rankings are considered sufficiently accurate to 370

serve as ground truth. 371

4.2 Experiment 1: Simulation Study 372

We designed a simple simulation to emulate a prob- 373

abilistic model of LLM matches, adhering to the 374

Elo rating system in a controlled environment. In 375

line with the Elo model’s assumptions, our judge 376

is configured to follow Equation 3 exactly. The 377

judge stochastically determines the winner of each 378

LLM match solely based on the Elo rating differ- 379

ence (∆ij) and the judge’s accuracy (Pjudge). As 380

described in Equation 3, the outcome of a sin- 381

gle match is sampled according to Ppredict(i > j), 382

which is computed as the product of the judge’s ac- 383

curacy and the likelihood of model i beating model 384

j based on the Elo gap (Pgt). 385

Ppredict(i > j) = Pjudge × Pgt(i > j)

= Pjudge ×
1

1 + 10∆ij/400

(3) 386

The details of our simulation settings are as 387

follows: 388

Ground-truth Elo ratings (initial parameter of 389

the simulation, and at the same time, the gold 390

ranking to reproduce): We extracted Elo ratings 391

from the English category of Chatbot Arena as of 392

June 23. This Elo ratings are the estimates from 393

massive user-submitted judgments (approximately 394

60% of the total submissions to the platform). For 395

the simulation, any set of Elo ratings could be 396

used, but we opted for real values computed from 397

human preferences. 398

399

Judge Accuracy (Pjudge): In practice, a 400

judge’s accuracy is an adaptive value that depends 401

on factors such as the specific prompt-response 402

pair and the manner in which LLM judges are 403

prompted. In this simulation study, we control this 404

parameter, varying it from 0.6 to 0.9. 405

406
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Number of Participant LLMs (nmodel) and407

Benchmark Dataset Size (|X|): We varied408

these factors to assess the robustness of both the409

tournament and reference-based approaches under410

diverse conditions. This allowed us to explore411

how reliability changes with the number of partici-412

pants in both data-poor and data-rich environments.413

414

Simulation Procedure:415

1. Select the participant LLMs and obtain their416

Elo ratings for the simulation.417

2. Compute the expected relative win rates (Pgt,418

see Equation 3) from the participants’ Elo rat-419

ings.420

3. Sample match outcomes for each LLM pair421

according to the benchmarking approach. The422

winner of each match is sampled from Ppred423

(Equation 3), which depends solely on the Elo424

gap (∆ij) and the judge’s accuracy (Pjudge).425

4. Repeat step 3 for the designated number of426

test prompts (|X|).427

5. Calculate scores for ranking:428

(a) For the reference-based approach (cur-429

rent practice), use the win rate against the430

reference model (gpt-4-1106-preview,431

which has an Elo rating of 1233).432

(b) For the tournament approach (VARCO433

Arena), compute Elo ratings from all434

match outcomes.435

6. Rank the models based on these scores.436

7. Compute the Spearman correlation between437

the simulated rankings (from step 6) and the438

ground-truth rankings (from step 1).439

We perform 50 trials for each simulation config-440

uration to mitigate randomness from tournament441

brackets and sampling.442

4.3 Experiment 2: Assessing VARCO Arena443

Using Various LLM Judges444

To empirically validate our proposal, we evaluated445

the reliability of both VARCO Arena and reference-446

based approach over the top 20 models from the447

Chatbot Arena leaderboards. This experiment em-448

ploys actual prompt inputs and LLM outputs, dis-449

tinguishing it from the earlier simulation study.450

4.3.1 Dataset: Test Prompts and LLM451

Responses Used452

Testing the benchmarking approaches requires: (1)453

test prompts and (2) the corresponding responses454

from LLMs. For the benchmark dataset, we se-455

lected Arena-Hard-Auto (Li et al., 2024). The456

prompts in Arena-Hard-Auto were carefully cu- 457

rated from Chatbot Arena user queries. This 458

dataset consists of 500 prompts—two instances 459

for each of 250 subtopics. Although AlpacaE- 460

val (Li et al., 2023), which comprises 800 prompt- 461

reference pairs, could serve as a viable testbed, 462

we opted for Arena-Hard-Auto because its design 463

aligns more closely with Chatbot Arena. Arena- 464

Hard-Auto uses responses from gpt-4-0314 as the 465

reference outputs. For ranking, we utilized the 466

reserved outputs of the top 21 models from the 467

Arena-Hard-Auto Browser.3 468

4.3.2 Participant LLMs 469

For ranking, we selected 20 LLMs from the top of 470

the ChatBot Arena leaderboard in the hard prompts 471

category, as these models most closely align with 472

Arena-Hard-Auto. 473

4.3.3 LLM Judges 474

We used several aligned LLMs as judges for 475

testing both benchmarking approaches. LLMs of 476

our choice are gpt-4o family of models (OpenAI 477

et al., 2024), Claude3.5, and a selection of 478

open-weight models: Qwen2.5 (Qwen et al., 479

2025), Llama3.1 (Grattafiori et al., 2024), 480

and Gemma2 (Team et al., 2024). For pairwise 481

comparisons of responses, we employed the 482

judging prompt suggested in LLMBar (Zeng et al., 483

2024) (See Appendix A.6.2). The same judge 484

prompt was applied consistently across both the 485

tournament and reference-based approaches. To 486

mitigate position bias (Wu and Aji, 2023), the 487

order of model responses was alternated during 488

evaluation. Further details on the LLM-as-a-judge 489

configuration are provided in Appendix A.6. 490

491

The two experimental settings are summa- 492

rized as follows: 493

Experiment 1 (Simulation Study): This ex- 494

periment uses the ground truth Elo ratings of 495

the models to initialize the simulation. We 496

vary control parameters for the benchmarking 497

approaches—including the judge’s accuracy 498

(Pjudge), the number of test prompts used (|X|), 499

and the number of participant LLMs (nmodel)—to 500

determine which benchmarking approach more 501

accurately reproduces the participants’ ranking. 502

For each configuration, we conduct 50 trials of 503

experiments. 504

3Extracted from the 2024 Jul 6 commit (fd42026).
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Experiment 2 (Empirical Runs): This experiment505

assesses the two benchmarking approaches using506

empirical runs with various LLM judges. We select507

the top 20 LLMs from Chatbot Arena and used508

their reserved outputs on Arena-Hard-Auto test509

prompts. For both the tournament and reference-510

based approaches, we employ the Spearman corre-511

lation coefficient to measure how well the results512

align with the ground truth leaderboard rankings.513

In our empirical study, we conduct 500 trials for514

each experimental setting.515

5 Results and Discussion516

We assess the reliability and robustness of VARCO517

Arena as a means for LLM benchmarking, compar-518

ing it against the current reference-based approach.519

Our results from both simulation study and em-520

pirical runs indicate that the tournament approach521

of VARCO Arena yields rankings that align more522

closely with the ground-truth Elo leaderboards. We523

present our findings using whisker plots and tables524

in the following sections.525

5.1 Experiment 1: Simulation Study Results526

Figure 2 illustrates noticeable differences in Spear-527

man correlation, indicating that the tournament ap-528

proach is more reliable than the reference-based529

method. The consistent performance gap across530

various conditions—namely, the number of partic-531

ipants, the number of test prompts, and judge ac-532

curacy (nmodel, |X|, and Pjudge)—demonstrates the533

robustness of the tournament approach. Although534

the simulation simplifies real-world complexity, a535

similar performance gap was observed in the em-536

pirical findings (Experiment 2, Figure 3). This537

consistency suggests that the robust performance538

of VARCO Arena is not coincidental or limited to539

a specific empirical setting of ours.540

5.2 Experiment 2: Empirical Results541

As hinted in the previous section, the empiri-542

cal results in Figure 3 show that VARCO Arena543

consistently outperforms the reference-based ap-544

proach. Although the performance gaps are less545

pronounced than in the simulation, the same trend546

persists. In Table 2, we report the median values for547

VARCO Arena and the reference-based approach548

using the gpt-4o family of judges while varying549

the number of test prompts (|X|). These results550

consistently demonstrate that VARCO Arena out-551

performs the reference-based method. Note that552

VARCO Arena shows similar or superior reliability553

even in extreme data-poor benchmark condition 554

(|X| = 50). 555

Table 3 presents the outcomes when using other 556

LLMs as judges, with a fixed number of prompts 557

(|X| = 500). The results for Claude3.5-sonnet, 558

Llama3.1-8b, and Qwen2.5-7b follow a simi- 559

lar trend. However, smaller models (Gemma2-2b 560

and Qwen2.5-0.5b) appears to be less reliable 561

for benchmarking. Hence, we recommend using 562

evaluation-specialized judge LLMs or, at least, gen- 563

erative judge models with around 7B parameters 564

regardless of using VARCO Arena or considering 565

reference-based approach. 566

Spearman corr. (↑) |X| = 50 100 250 475 500
comp. to ref. (4o) 0.895 0.935 0.963 0.966 0.964
tournament (4o) 0.905 0.940 0.960 0.970 0.970
comp. to ref. (4o-mini) 0.895 0.908 0.917 0.916 0.912
tournament (4o-mini) 0.901 0.919 0.931 0.933 0.933

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

|X| = 500
claude3.5

sonnet
llama3.1

8b-it
qwen2.5

7b-it
qwen2.5
0.5b-it

gemma2
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 (↑) result using other
LLMs as a judge. Comp. to ref. refers to reference-
based approach.

5.3 Incorporating a New LLM into an 567

Existing Leaderboard 568

While our main focus has been on ranking multiple 569

LLMs at once, it is also useful to consider the com- 570

mon scenario of adding a single new model to an ex- 571

isting leaderboard, which is also frequent use-case 572

for leaderboards. We explored two approaches: 573

(1) a binary search-like placement method, and 574

(2) using the top-performing model response as a 575

reference. Our findings indicate that the latter ap- 576

proach is more reliable (Table 4). Further details 577

and discussions are provided in Appendix A.4. 578

6 Related Works 579

6.1 Elo-based LLM Benchmarking 580

Recent studies have leveraged Elo ratings de- 581

rived from human preferences to benchmark 582

LLMs (Boubdir et al., 2023). For instance, Chatbot 583

Arena (Chiang et al., 2024) employs Elo as an eval- 584

uation metric, while RAGElo (Rackauckas et al., 585

7



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 (nmodels), the number of benchmark prompts (|X|), and judge precision (Pjudge).

Figure 3: Results of VARCO Arena (tournament)
and reference-based approach with gpt-4o (left) and
gpt-4o-mini (right) judge. VARCO Arena constantly
records higher Spearman correlation coherent with the
Experiment 1 result (Figure 2). Results summary is on
Table 2.

¯|∆rank| (↓) gt=1-6 7-13 14-19 (20) total avg.
binary search (4o) 0.92 1.84 2.13 1.72
comp. to 1st (4o) 1.98 1.55 1.57 1.39
binary search (4o-mini) 1.27 1.82 1.21 1.5
comp. to 1st (4o-mini) 1.00 1.43 1.43 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 ( ¯|∆rank|)
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- 586

mentations highlight the benefits of applying Elo 587

ratings for open-ended text quality evaluation. 588

6.2 Reference-free Evaluation 589

Reference-free evaluation has emerged as a promis- 590

ing alternative to static reference-based methods 591

from the era of Natural Language Generation. Ad- 592

vances in LLM capabilities have enabled models 593

to assess open-ended responses effectively (Jauhi- 594

ainen and Guerra, 2024). When reference quality 595

is poor, reference-free metrics like XComet (Guer- 596

reiro et al., 2023) works as a more reliable alterna- 597

tives. 598

7 Conclusion 599

We introduced VARCO Arena, a reference-free 600

LLM benchmarking approach that employs a 601

tournament-style framework with direct pairwise 602

comparisons to evaluate the generative capabilities 603

of LLMs. VARCO Arena offers a cost-effective, 604

scalable, and adaptable solution for benchmark- 605

ing response quality. Our simulation study and 606

empirical experiments demonstrate that VARCO 607

Arena consistently achieves higher rank reliabil- 608

ity compared to current reference-based methods, 609

as evidenced by stronger correlations with human- 610

established Elo ratings. Given its robust perfor- 611

mance and flexibility, we believe VARCO Arena 612

can serve as a reliable automated tool for model se- 613

lection and ranking across diverse and evolving use 614

cases. Future work will explore broader applica- 615

tions, such as benchmarking LLMs in multi-modal 616

settings (e.g., those incorporating visual or audio 617

inputs and outputs). 618
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Limitations619

Although we tested robustness of the tournaments620

performed by VARCO Arena, it still has added621

factor for randomness such as match bracket initial-622

ization which does not applies to reference-based623

method. Rooms for improvement exist for more624

informative match-making algorithm that would625

achieve better ranking than single-elimination tour-626

naments within same or less number of matches.627
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Klimczak-Plucińska, Harleen Batra, Harsh Dhand, 1077
Ivan Nardini, Jacinda Mein, Jack Zhou, James Svens- 1078
son, Jeff Stanway, Jetha Chan, Jin Peng Zhou, Joana 1079
Carrasqueira, Joana Iljazi, Jocelyn Becker, Joe Fer- 1080
nandez, Joost van Amersfoort, Josh Gordon, Josh 1081
Lipschultz, Josh Newlan, Ju yeong Ji, Kareem Mo- 1082
hamed, Kartikeya Badola, Kat Black, Katie Mil- 1083
lican, Keelin McDonell, Kelvin Nguyen, Kiranbir 1084
Sodhia, Kish Greene, Lars Lowe Sjoesund, Lau- 1085
ren Usui, Laurent Sifre, Lena Heuermann, Leti- 1086
cia Lago, Lilly McNealus, Livio Baldini Soares, 1087
Logan Kilpatrick, Lucas Dixon, Luciano Martins, 1088
Machel Reid, Manvinder Singh, Mark Iverson, Mar- 1089
tin Görner, Mat Velloso, Mateo Wirth, Matt Davi- 1090
dow, Matt Miller, Matthew Rahtz, Matthew Watson, 1091
Meg Risdal, Mehran Kazemi, Michael Moynihan, 1092
Ming Zhang, Minsuk Kahng, Minwoo Park, Mofi 1093
Rahman, Mohit Khatwani, Natalie Dao, Nenshad 1094
Bardoliwalla, Nesh Devanathan, Neta Dumai, Nilay 1095
Chauhan, Oscar Wahltinez, Pankil Botarda, Parker 1096
Barnes, Paul Barham, Paul Michel, Pengchong 1097
Jin, Petko Georgiev, Phil Culliton, Pradeep Kup- 1098
pala, Ramona Comanescu, Ramona Merhej, Reena 1099
Jana, Reza Ardeshir Rokni, Rishabh Agarwal, Ryan 1100
Mullins, Samaneh Saadat, Sara Mc Carthy, Sarah 1101
Cogan, Sarah Perrin, Sébastien M. R. Arnold, Se- 1102
bastian Krause, Shengyang Dai, Shruti Garg, Shruti 1103
Sheth, Sue Ronstrom, Susan Chan, Timothy Jor- 1104
dan, Ting Yu, Tom Eccles, Tom Hennigan, Tomas 1105
Kocisky, Tulsee Doshi, Vihan Jain, Vikas Yadav, 1106
Vilobh Meshram, Vishal Dharmadhikari, Warren 1107
Barkley, Wei Wei, Wenming Ye, Woohyun Han, 1108
Woosuk Kwon, Xiang Xu, Zhe Shen, Zhitao Gong, 1109
Zichuan Wei, Victor Cotruta, Phoebe Kirk, Anand 1110

12

https://arxiv.org/abs/2410.21276
https://arxiv.org/abs/2407.06551
https://arxiv.org/abs/2407.06551
https://arxiv.org/abs/2407.06551
https://doi.org/10.18653/v1/2021.naacl-main.168
https://doi.org/10.18653/v1/2021.naacl-main.168
https://doi.org/10.18653/v1/2021.naacl-main.168
https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2406.14783
https://arxiv.org/abs/2406.14783
https://arxiv.org/abs/2406.14783


Rao, Minh Giang, Ludovic Peran, Tris Warkentin,1111
Eli Collins, Joelle Barral, Zoubin Ghahramani, Raia1112
Hadsell, D. Sculley, Jeanine Banks, Anca Dragan,1113
Slav Petrov, Oriol Vinyals, Jeff Dean, Demis Hass-1114
abis, Koray Kavukcuoglu, Clement Farabet, Elena1115
Buchatskaya, Sebastian Borgeaud, Noah Fiedel, Ar-1116
mand Joulin, Kathleen Kenealy, Robert Dadashi,1117
and Alek Andreev. 2024. Gemma 2: Improving1118
open language models at a practical size. Preprint,1119
arXiv:2408.00118.1120

Minghao Wu and Alham Fikri Aji. 2023. Style over sub-1121
stance: Evaluation biases for large language models.1122
Preprint, arXiv:2307.03025.1123

Zhiyuan Zeng, Jiatong Yu, Tianyu Gao, Yu Meng, Tanya1124
Goyal, and Danqi Chen. 2024. Evaluating large lan-1125
guage models at evaluating instruction following. In1126
International Conference on Learning Representa-1127
tions (ICLR).1128

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan1129
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,1130
Zhuohan Li, Dacheng Li, Eric Xing, Hao Zhang,1131
Joseph E Gonzalez, and Ion Stoica. 2023. Judging1132
llm-as-a-judge with mt-bench and chatbot arena. In1133
Advances in Neural Information Processing Systems,1134
volume 36, pages 46595–46623. Curran Associates,1135
Inc.1136

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan1137
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,1138
Zhuohan Li, Dacheng Li, Eric Xing, et al. 2024.1139
Judging llm-as-a-judge with mt-bench and chatbot1140
arena. Advances in Neural Information Processing1141
Systems, 36.1142

Wanjun Zhong, Ruixiang Cui, Yiduo Guo, Yaobo Liang,1143
Shuai Lu, Yanlin Wang, Amin Saied, Weizhu Chen,1144
and Nan Duan. 2024. Agieval: A human-centric1145
benchmark for evaluating foundation models. In1146
Findings of the Association for Computational Lin-1147
guistics: NAACL 2024, pages 2299–2314.1148

A Appendix1149

A.1 Machine Requirements for Experiments1150

Except the part we inferenced open-weight mod-1151

els such as Llama, Qwen and Gemma, our ex-1152

periments are mostly do not require GPU usage.1153

Inference are done on one A100 GPU, but T41154

would be enough for reproducing our experiments.1155

Otherwise, our experiments require querying API1156

and post-processing those with CPU. Experiments1157

could be run on personal desktops. The lowest spec-1158

ification of the machine we deployed had i5-84001159

CPU, 16 GiB RAM.1160

A.2 Assuring Statistical Significance of the 1161

Results within Budget for proprietary 1162

models 1163

To ensure a statistically significant number of trials 1164

for each experiment while staying within budget, 1165

we utilize OpenAI’s Batch API to prepare full-grid 1166

match outcomes (i.e., all-play-all matches for every 1167

prompt) in a cache file, allowing us to reuse these 1168

outcomes. Each empirical experiment consists of 1169

500 trials per setting, with results represented us- 1170

ing whisker plots or summary statistics such as me- 1171

dian values. When experimenting with a subset of 1172

the Arena-Hard-Auto benchmark (|X| < 500), we 1173

sample a stratified subset of the benchmark dataset 1174

for each new trial. 1175

A.3 Elo ratings from VARCO Arena 1176

compared to Human Annotations 1177

Figure 4 shows the Elo ratings computed out of 1178

VARCO Arena. For judge, we used gpt-4o. As 1179

mentioned in the caption, the Elo ratings are boot- 1180

strapped median value from 500 trials. 95% confi- 1181

dence intervals also plotted as an error bar, which 1182

look negligible in scale compared to observed val- 1183

ues. Matches are performed over Arena-Hard-Auto 1184

benchmark dataset (500 prompts). 1185

A.4 Binary search vs. Win rate over reference 1186

A.4.1 Binary Search 1187

We tried binary search placement of a newly added 1188

LLM to the leaderboard without reference text in 1189

Table 5. Details of how we implemented binary 1190

search are attached in Appendix 2. It turns out 1191

that binary search based on leaderboard ranks is 1192

not as reliable as the current approach of scoring 1193

the newcomer to the reference outputs. The num- 1194

ber of judge operations performed is equivalent 1195

to the matches allocated to the least-performant 1196

model in a tournament, which is |X| (i.e. maxi- 1197

mum possible matches that an LLM could have is 1198

|X|∗ log2nmodel). Within the size of the benchmark 1199

prompts (|X|), binary search is incompatible with 1200

the current approach of using reference instead. 1201

A.4.2 Comparing to the most performant 1202

Model so far: Converting Elo Table 1203

back to Win Rate 1204

Assuming we preserved a set of match results and 1205

model outputs from the last benchmarking, we 1206

could benefit from those to perform insertion. One 1207

could pick an appropriate anchor LLM as a ref- 1208

erence in a leaderboard to estimate the skill of a 1209
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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-1210

naments that built the leaderboard could be used1211

for estimating win rates over the reference. This1212

is the same as converting the Elo table into a win1213

rate leaderboard. Since the leaderboard is not built1214

with full-grid matches but with tournaments, there1215

would be some missing matches against the ref-1216

erence regardless we have picked. There are two1217

ways to estimate the win rate over the reference1218

model. We could just count the matches given1219

are enough in amount, or we could also convert1220

Elo ratings back to P (i > a) to use it directly1221

for scoring for the model ranks in the leaderboard.1222

Reminding that Elo rating is purposed for expect-1223

ing a likely outcome of the match, this should1224

work. After this win rate of the newcomer model1225

P ∗(n > a) = count(n wins)
|X| could be directly com-1226

pared for enlisting.1227

A.5 Separability In terms of Confidence1228

Interval1229

To see how well the two benchmarking approach1230

(anchored comparison and tournament approach)1231

separates LLMs in adjacent ranks, we provide scat-1232

ter plot of Elo rating and win rate paired with1233

error bar (95% confidence interval). We present1234

the both results of using gpt-4o (Figure 5) and1235

gpt-4o-mini (Figure 5) as a judge. Inside the1236

each plot, inseparables indicates the cases where1237

any pair of datapoint co-includes each other within1238

their range of error bars, and overlap means a cer-1239

tain datapoint is within some other’s range of error,1240

when it is one-sided.1241

A.6 Judge configuration1242

A.6.1 Evaluation Prompt1243

We use the prompt from LLMBar. The prompt1244

depicted in Figure A.6.2. We added 4 questions1245

for criteria of our own to Metrics.txt prompt of1246

(Zeng et al., 2024). You can refer to the original1247

|∆rank| (↓) gt=1 2 3 4 5 6 avg.
binary search 0.09 1.24 1.75 1.55 1.26 1.10 0.92
(4o) (.04/-.03) (.14/-.14) (.09/-.09) (.07/-.06) (.08/-.08) (.10/-.09)

anchored 0.00 1.01 1.95 2.00 0.96 0.30 1.98
(4o) (0.00/0.00) (0.01/-0.01) (0.02/-0.02) (0.00/0.00) (0.02/-0.02) (0.04/-0.04)

binary search 0.52 0.85 0.59 2.03 1.20 2.45 1.27
(4o-mini) (.09/-.07) (.12/-.11) (.10/-.09) (.02/-.02) (.05/-.05) (.07/-.06)

anchored 0.00 0.00 1.00 2.00 2.00 1.00 1.00
(4o-mini) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.00/0.00)

7 8 9 10 11 12 13 avg.
1.31 1.27 2.22 1.74 2.27 2.23 1.86 1.84

(.10/-.10) (.11/-.11) (.14/-.12) (.09/-.09) (.12/-.11) (.12/-.12) (.07/-.07)

0.30 3.68 1.09 1.03 2.97 0.78 1.00 1.55
(0.04/-0.04) (0.04/-0.04) (0.03/-0.03) (0.02/-0.01) (0.02/-0.02) (0.05/-0.05) (0.00/0.00)

0.69 0.85 3.89 1.95 2.10 2.37 0.88 1.82
(.07/-.06) (.09/-.09) (.12/-.11) (.06/-.05) (.03/-.03) (.10/-.11) (.12/-.11)

0.51 0.52 3.50 1.00 1.00 3.00 0.50 1.43
(0.49/-0.51) (0.48/-0.52) (0.49/-0.51) (0.00/0.00) (0.00/0.00) (0.00/0.00) (0.50/-0.50)

14 15 16 17 18 19 20 avg.
1.40 3.07 0.80 1.47 5.00 0.96 - 2.13

(.04/-.05) (.11/-.11) (.08/-.09) (.05/-.04) (.11/-.11) (.08/-.09)

2.00 2.00 1.00 1.21 3.00 0.21 - 1.57
(0.00/0.00) (0.00/0.00) (0.00/0.00) (0.03/-0.04) (0.00/0.00) (0.04/-0.03)

1.45 4.20 0.19 0.08 1.09 1.08 0.40 1.21
(.07/-.08) (.17/-.17) (.07/-.06) (.03/-.02) (.05/-.05) (.05/-.05) (.07/-.07)

1.00 2.00 2.00 1.00 1.00 3.00 0.00 1.43
(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)

Table 5: Binary search vs. Anchored comparison: Mean
rank deviation (|∆rank|) from ground-truth leaderboard.
Result of binary search placement and anchored compar-
ison insert by gpt-4o[-mini] judge are provided with
bootstrapped 95% confidence interval (500 trials, 1000
samples, |X|=500, Arena-Hard-Auto (Li et al., 2024)).
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Algorithm 2 Binary Search for Enlisting new LLM
to a leaderboard
Require: Leaderboard L, new model mnew, test

prompts X , outputs Oij , assumes |X| > |L| >
ncomparisons

Ensure: Updated leaderboard L′ with mnew
placed

1: ncomparisons ← ⌊log2(|L|)⌋
2: nmatches ← ⌊|X|/ncomparisons⌋
3: function BINARYSEARCHPLACE-

MENT(L,mnew)
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⌋

10: wins← 0
11: for i← 1 to nmatches do
12: x← X .pop()
13: if Match(mnew, L[mid], x) =

mnew then
14: wins← wins +1
15: end if
16: end for
17: if wins > nmatches/2 then
18: high← mid −1
19: else if wins < nmatches/2 then
20: low← mid +1
21: else if |X| >0 then
22: continue ▷ Ensure tie
23: else
24: return mid, tie ▷ Tie
25: end if
26: end while
27: return low, non-tie ▷ Position found
28: end function
29: function UPDATELEADERBOARD(L,mnew)
30: position, istie ←

BinarySearchPlacement(L,mnew)
31: L′ ← L.insert(position, mnew, istie)
32: return L′

33: end function

Figure 5: gpt-4o result of anchored comparison and
tournament approach. 1000 bootstrapped median from
500 observations used for confidence interval estima-
tion.

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.1248

A.6.2 Decoding Parameters1249

We did not configure decoding parameters of judge1250

LLMs (gpt-4o[-mini]), which its temperature de-1251

faults to 1. The only parameter we have adjusted is1252

maximum number of tokens to be generated, which1253

for our prompt is less than 6 (i.e. The output of1254

our prompt is (a) or (b)). To avoid position bias,1255

we alternated the position of the responses from a1256

certain model across the benchmark prompt.1257
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PROMPTS = [ # metrics.txt from LLMBar 1258

1259

"role": "system", "content": "You are a helpful assistant in evaluating the quality of the outputs 1260

for a given instruction. Your goal is to select the best output for the given instruction.", , 1261

1262

"role": "user", "content": """Select the Output (a) or Output (b) that is better for the given in- 1263

struction. The two outputs are generated by two different AI chatbots respectively. 1264

1265

Here are some rules of the evaluation: 1266

(1) You should prioritize evaluating whether the output honestly/precisely/closely executes the instruction, 1267

then consider its helpfulness, accuracy, level of detail, harmlessness, etc. 1268

(2) Outputs should NOT contain more/less than what the instruction asks for, as such outputs do NOT 1269

precisely execute the instruction. 1270

(3) You should avoid any potential bias and your judgment should be as objective as possible. For 1271

example, the order in which the outputs were presented should NOT affect your judgment, as Output (a) 1272

and Output (b) are **equally likely** to be the better. 1273

1274

Do NOT provide any explanation for your choice. 1275

Do NOT say both / neither are good. 1276

You should answer using ONLY "Output (a)" or "Output (b)". Do NOT output any other words. 1277

1278

# Instruction: 1279

instruction 1280

1281

# Output (a): 1282

response_a 1283

1284

# Output (b): 1285

response_b 1286

1287

# Questions about Outputs: 1288

Here are at most three questions about the outputs, which are presented from most important to least 1289

important. You can do the evaluation based on thinking about all the questions. 1290

- Does the output well satisfy the intent of the user request? 1291

- If applicable, is the output well-grounded in the given context information? 1292

- Does the output itself satisfy the requirements of good writing in terms of: 1293

1) Coherence 1294

2) Logicality 1295

3) Plausibility 1296

4) Interestingness 1297

1298

1299

Which is better, Output (a) or Output (b)? Your response should be either "Output (a)" or "Out- 1300

put (b)":""", 1301

, ] 1302
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