
Search Arena Meets Nuggets: Towards Explanations and Diagnostics in the
Evaluation of LLM Responses

Anonymous ACL submission

Abstract001

Battles, or side-by-side comparisons in so-002
called arenas that elicit human preferences, are003
used to assess the large language model (LLM)004
output quality, and have recently been extended005
to retrieval-augmented generation (RAG) sys-006
tems. Although, battles mark progress in eval-007
uation, they have two key limitations for com-008
plex information-seeking queries: they are nei-009
ther explanatory nor diagnostic. On the other010
hand, nugget-based evaluation, that decom-011
poses long-form answers into atomic facts and012
highlights necessary parts in an answer, has013
emerged as a promising strategy for RAG evalu-014
ation. In this work, we employ AutoNuggetizer,015
a nugget-based framework, to analyze ∼5K016
Search Arena battles from LMArena by au-017
tomatically generating and assigning nuggets,018
converting each model response into a quan-019
titative score. We observe strong alignment020
between nugget-based Elo rankings and human021
preferences, with Kendall’s τ of 0.71 and Spear-022
man’s ρ of 0.88, exceeding the corresponding023
alignment achieved by LLM-as-a-judge evalu-024
ation (0.64 and 0.79, respectively), while sub-025
stantially reducing the number of preference026
inversions. Furthermore, we provide in-depth027
analyses including inversions, nugget quality,028
and shared-blindness effects. All our code and029
datasets will be released publicly upon paper030
acceptance.031

1 Introduction032

The notion of “battles”, or side-by-side compar-033

isons of responses from large language models034

(LLMs), has become a popular method for evaluat-035

ing their quality (Zheng et al., 2023; Chiang et al.,036

2024). In the “arena” setup, users are shown two037

LLM outputs and asked to indicate which one they038

prefer. This approach was popularized by LMSYS039

through MT-Bench (Zheng et al., 2023) and later040

expanded into the Chatbot Arena (Chiang et al.,041

2024). The popularity of these arenas has made042

them a key marketing tool when launching new 043

LLMs from companies such as Google, OpenAI, 044

and Meta, who regularly tout leaderboard rank- 045

ings on Chatbot Arena in model releases. Recently, 046

arena-based evaluations have been extended to a 047

variety of domains, including AI agents (Yekollu 048

et al., 2024), vision and image generation (Lu 049

et al., 2024; Jiang et al., 2024), multilingual gener- 050

ation (Thakur et al., 2025a), and even GitHub pull 051

requests (Wang et al., 2025). 052

Battles were extended to search-augmented 053

LLMs in the Search Arena (Miroyan et al., 054

2025). Unlike the original setup, which focused 055

on “closed-book” LLM responses, Search Arena 056

evaluates retrieval-augmented generation (RAG) 057

systems in two stages: first, retrieving relevant 058

web-sourced documents, and next using them to 059

generate long-form answers with citations using 060

LLMs (Pradeep et al., 2025a; Han et al., 2024). 061

While such side-by-side comparisons enable the 062

evaluation of search-augmented LLM-based sys- 063

tems at scale, we see them having at least two 064

drawbacks: they are neither explanatory nor diag- 065

nostic, especially in scenarios where determining 066

the better answer is not straightforward. It would 067

be desirable for an evaluation to (at least attempt 068

to) explain why a user might have preferred one 069

response over another. 070

We hypothesize that the nugget evaluation 071

methodology (Pradeep et al., 2024, 2025b) can 072

be adapted to address these two limitations for 073

complex information-seeking queries. The core 074

idea is to measure answer quality based on the re- 075

call of information nuggets, or atomic facts, that 076

should appear in high-quality responses. In Auto- 077

Nuggetizer (Pradeep et al., 2024, 2025b), this pro- 078

cess can be fully automated using LLMs, breaking 079

down a long-form model response into a quantita- 080

tive score. 081

In our work, we adapt the AutoNuggetizer 082
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Meme began with
Ninja referencing low

taper fades

The "Low Taper Fade" meme,
which began in early 2024,
experienced a resurgence in late
2024. [...] This remark led to a
new wave of memes humorously
depicting Ninja as being out of
touch with current trends. As of
March 2025, the meme continues
to be referenced, indicating its
lasting presence in internet
culture.

The low taper fade
meme is still massive

as of May 2024

GPT4.1

The low taper fade meme is
indeed still massive in 2025,
having evolved and persisted in
popularity since its origins in early
2024. [...] Overall, the low taper
fade meme has demonstrated
unusual longetivity in the fast-
paced world of internet trends,
remaining a significant part of
online culture well into 2025. 

is the low taper fade meme still massive?
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Outcome:
ModelB

Search Arena (Test) Instance

As long as this meme exists,
the answer is, "probably not".
Even if the haircut itself falls
out of style, the internet’s
ability to keep jokes alive
ensures that “Low Taper Fade
is Still Massive” will remain
massive in our hearts. Was
this article helpful?
Thank You for feedback
Edited by Zainab Shaikh

Figure 1: An example from Search Arena illustrating both nugget generation and assignment. First, GPT4.1 generates
nuggets based on the query, retrieved chunks from URL contents, and the responses from both models (A and B).
Each nugget is then labeled with an importance level—either “vital” or “okay”. Next, GPT4.1 evaluates whether each
model supports each nugget, assigning one of three labels: “support”, “partial support”, or “no support”. Finally,
these support judgments are scored and aggregated to determine the outcome (the model with the higher score is
preferred).

(Pradeep et al., 2024) framework to analyze ap-083

proximately 5K battles in the Search Arena in a084

fully automatic manner (see Figure 1), eliminat-085

ing the need for cumbersome human judgments.086

The framework includes two stages: (1) nugget087

generation: eliciting nuggets from model answers088

and scraped documents from cited URLs, and (2)089

nugget assignment: evaluating whether each an-090

swer supports a nugget or fact. Our results show091

that human preferences correlate well with the dis-092

tribution of nugget scores, achieving a very high093

alignment between Elo rankings of nugget-based094

evaluation and human preferences (Kendall’s τ of095

0.71 and Spearman’s ρ of 0.88). Furthermore, our096

extended analysis diagnose the score inversions,097

nugget quality and potential shared-blindness in098

our evaluation setup. To summarize, our contribu-099

tions are as follows:100

• Extending AutoNuggetizer to an arena setting101

with live search. We adapt Search Arena to102

AutoNuggetizer by scraping and chunking the103

dataset URLs to form a retrieval corpus, then ap-104

ply nuggetization to head-to-head battles where105

LLMs have live web-search access—moving be-106

yond prior nugget evaluations that assume a107

fixed/static corpus.108

• Rigorous analysis of nuggetization and pref-109

erence inversions. We audit nugget factuality110

and diversity (lexical and semantic) and dissect111

“preference inversions,” showing how query type112

(e.g., ambiguous vs. factoid) and language sys-113

tematically affect nugget-based preferences;114

• Comparisons to alternative evaluators. We115

benchmark nugget-based preferences against116

LLM-as-a-judge, surface-form metrics (e.g.,117

ROUGE-style overlap) and judging with factors118

like fluency and generation style, highlighting119

when each method succeeds or fails. 120

2 Related Work 121

Nugget-based evaluation. First introduced in the 122

TREC QA Track in 2003 (Voorhees, 2003a,b), the 123

nugget-based evaluation methodology focuses on 124

identifying essential atomic facts—called nuggets— 125

that are relevant to a given question. This method- 126

ology was later extended to tasks like summa- 127

rization and broader conceptions of question an- 128

swering (Nenkova and Passonneau, 2004; Lin and 129

Demner-Fushman, 2006b; Dang and Lin, 2007; 130

Lin and Zhang, 2007), and researchers have ex- 131

plored automation to improve its scalability (Lin 132

and Demner-Fushman, 2005, 2006a; Pavlu et al., 133

2012). 134

The recent emergence of LLMs has enabled au- 135

tomated, reliable nugget-based evaluation (Pradeep 136

et al., 2024; Alaofi et al., 2024; Pradeep et al., 137

2025b; Thakur et al., 2025b; Abbasiantaeb et al., 138

2025). Several RAG evaluation frameworks—such 139

as FactScore (Min et al., 2023), RUBRIC (Farzi 140

and Dietz, 2024), and others (Arabzadeh and 141

Clarke, 2024; Mayfield et al., 2024)—incorporate 142

the nugget concept, although most of these pro- 143

posed approaches are either not validated or pri- 144

marily validated on traditional ad hoc retrieval, and 145

hence their applicability to long-form answers is 146

unclear. We refer readers to (Pradeep et al., 2025b) 147

for a more detailed discussion of related work. In 148

this work, we focus on the AutoNuggetizer frame- 149

work from (Pradeep et al., 2024), and apply it to 150

the side-by-side comparisons of LLM responses in 151

the Search Arena. 152

Related arena benchmarks. The Search 153

Arena (Miroyan et al., 2025) by LMArena is a 154
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Figure 2: Empirical cumulative distribution functions (CDFs) comparing nugget score differences (scoreB −
scoreA) across human vote categories. Each subplot shows a Kolmogorov-Smirnov (K-S) test between two groups:
(left) modelA wins vs. modelB wins, (center) modelA wins vs. tie, and (right) modelB wins vs. tie. The K-S statistic
and corresponding p-value are annotated in each plot, quantifying the distributional differences between groups.
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Figure 3: Empirical probability density function (PDF)
of nugget score differences (scoreB − scoreA) grouped
by human preference category: modelA wins, tie, or
modelB wins. A separate Kernel Density Estimation
(KDE) with bandwidth 0.5 is fitted for each group.

benchmark that evaluates LLMs with access to a155

live web-search tool. Other notable efforts include156

the MTEB Arena (Hugging Face, 2023), which157

extends the Massive Text Embedding Benchmark158

(MTEB) framework (Muennighoff et al., 2023) to159

head-to-head evaluation across embedding models,160

and Ragnarök (Pradeep et al., 2025a), which161

offered a head-to-head RAG evaluation framework162

on the MS MARCO V2.1 collection in the TREC163

2024 RAG Track.164

3 Experimental Design165

Search Arena overview. Search Arena (Miroyan166

et al., 2025) is a crowd-sourced platform that eval-167

uates search-augmented LLMs via side-by-side168

human-preference judgments (Chiang et al., 2024).169

The V1 dataset1 includes 7K battles between two170

RAG-oriented systems (modelA and modelB; e.g.,171

1https://huggingface.co/datasets/lmarena-ai/
search-arena-v1-7k
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Figure 4: Confusion matrix comparing human and
nugget preferences. A threshold of 0.07 is applied to
treat nugget preference scores as a tie.

Gemini-2.5-Pro-Grounding vs. Perplexity-Sonar- 172

Reasoning-Pro). For each battle, annotators choose 173

one of the four outcomes: modelA wins, modelB 174

wins, good tie (both responses are equally good), 175

or bad tie (both responses are equally bad). Search 176

result URLs used during generation are available 177

for ∼6.7K battles, totaling ∼80K unique URLs. 178

The Search Arena dataset includes both single- 179

and multi-turn battles. We restrict our analysis 180

to single-turn battles only—5,103 instances where 181

the system returns a single response—because over- 182

all votes in multi-turn settings do not reliably cap- 183

ture per-query preferences, which is what Auto- 184

Nuggetizer evaluates. 185

Search Arena also contains battles for several 186

non-English languages, e.g., Chinese or Russian. 187

Non-English languages collectively account for 188

less than 40% of the dataset, with English compris- 189

ing the remaining majority. Detailed statistics for 190

single-turn battles used in this work are presented 191

in Appendix A.1. Queries in Search Arena vary 192

widely, ranging from long code snippets to prompts 193

that demand complex reasoning or exhibit ambi- 194

guity and vagueness. We show a few examples 195
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of queries from the Search Arena dataset in Ap-196

pendix A.2.197

Corpus generation. To evaluate LLM responses198

in the absence of ground-truth answers, we use199

the search result URLs provided in the dataset,200

collected from each system response as relevant201

sources of information. We begin by constructing a202

corpus from the 47K unique URLs associated with203

single-turn battles. This process involves down-204

loading the contents of each URL, extracting the205

main textual content, and segmenting the text into206

chunks of ten sentences with an overlap of two207

sentences, using the xx_sent_ud_sm model from208

spaCy.2209

Once the corpus is prepared, we encode the210

chunks and the query prompts utilizing the211

BAAI/bge-m3 model.3 We retrieve the top 50 most212

relevant chunks for each query via the cosine sim-213

ilarity between the chunk and query embeddings214

using Pyserini’s FAISS indexing and search (Lin215

et al., 2021). Notably, both the chunking and encod-216

ing models support multilingual corpora, ensuring217

a robust language coverage.218

Nugget evaluation. Nugget generation creates219

atomic facts that highlight the essential information220

required in a RAG answer, and assignment cate-221

gorizes their support level for the model response.222

Following (Pradeep et al., 2024), we use the Auto-223

Nuggetizer tool in the nuggetizer code reposi-224

tory4 to generate and assign information nuggets225

to model responses. As shown in Figure 1, there226

are two steps in nugget generation and assignment:227

1. Nugget generation: For each prompt extracted228

from the dataset, we construct a request to Auto-229

Nuggetizer that includes the query (i.e., the230

prompt itself), along with relevant chunks re-231

trieved from our created corpus, ordered by rel-232

evance and responses from each model, inserted233

in a random order to mitigate the positional bias.234

We include model responses for two key rea-235

sons. First, approximately 5% of the battles236

do not contain any URLs. Second, even when237

URLs are present, about 16% of them yield 100238

bytes or less of content after scraping5. These239

2https://spacy.io/models/xx#xx_sent_ud_sm
3https://huggingface.co/BAAI/bge-m3
4https://github.com/castorini/nuggetizer
5Invalid cases occurs due to issues such as cookie or JavaScript
requirements, invalid or expired links, geo-blocking, and
similar obstacles.

cases make the LLM responses a valuable fall- 240

back source of information for nugget genera- 241

tion. The AutoNuggetizer tool then processes 242

the request and identifies nuggets that are rel- 243

evant to the query from the retrieved chunks 244

and the provided LLM responses. Furthermore, 245

each nugget is assigned an importance label: 246

“vital” or “okay”, reflecting its relevance to the 247

input query. 248

2. Nugget assignment: Once nuggets and their im- 249

portance labels are generated (from the previous 250

step), we use AutoNuggetizer to assign them 251

to model responses, determining whether each 252

nugget is supported in the answer. This step 253

categorizes each nugget into “supported”, “par- 254

tially supported”, or “not supported”. We adopt 255

the “All Score” metric, that achieves the highest 256

recall by counting nuggets of all importance and 257

support levels6. We emphasize that while the 258

AutoNuggetizer framework supports different 259

degrees of manual intervention, in this work, 260

we are running the entire evaluation pipeline 261

end-to-end automatically. 262

4 Experimental Results 263

Unless stated otherwise, all experiments in this pa- 264

per are conducted using GPT4.1, with a knowledge 265

cutoff of June 2024, as the underlying LLM used 266

by the AutoNuggetizer via Microsoft Azure. Out 267

of the 5,103 single-turn battles in Search Arena, 268

five were excluded from our analysis due to is- 269

sues such as Azure content filtering, invalid out- 270

put formats, or other nugget generation failures. 271

On average, each single-turn battle full evaluation 272

(comprising both nuggetization and assignment) re- 273

quires approximately 2–3 seconds when executed 274

using the Azure OpenAI API. We set a maximum 275

of 30 nuggets per battle, though this limit is rarely 276

reached (only in 67 battles). When it is reached, 277

only nuggets labeled as okay are removed, while 278

no vital nuggets are discarded. On average, about 279

∼12.5 nuggets are generated per battle. 280

Main Results. Figure 3 presents our main results, 281

the probability densities of nugget score differences 282

(scoreB − scoreA) conditioned on the human pref- 283

erence judgment (i.e., the battle outcomes). On 284

the top, we show the distribution when modelA 285

6We find that “Strict Vital”, which was the primary metric
used in the TREC 2024 RAG Track (Pradeep et al., 2025b),
is too strict for our use case, particularly when only a small
number of nuggets are available.
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wins; on the bottom, we show the distribution286

when modelB wins; and in the middle, ties. Battles287

where the output of both models is considered to288

be equally bad are excluded from the distributions.289

These results appear to support our hypothesis290

that nugget scores correlate with human prefer-291

ences. In the case where modelA wins (top row),292

the distribution skews to the left (negative values),293

indicating that modelA typically gets higher nugget294

scores than modelB . Conversely, when modelB295

wins (bottom row), the distribution skews to the296

right (positive values), suggesting that modelB gen-297

erally obtains a higher nugget score. When the298

human indicates a tie (middle row), the distribution299

peaks around zero, as expected, indicating similar300

nugget scores between models.301

Statistical Tests. To analyze the statistical differ-302

ences among these three conditional distributions,303

we performed pairwise Kolmogorov-Smirnov (K-304

S) tests. As shown in Figure 2, the K-S statistic305

values range from 0.205 to 0.313, with p-values306

of 1.2e−24 or lower, indicating that all three distri-307

butions differ significantly from one another (i.e.,308

we have high confidence that these samples were309

drawn from different distributions). These findings310

validate our hypothesis that nugget score differ-311

ences align with human preferences, reinforcing312

the potential of nugget-based metrics as reliable313

evaluators of model quality in head-to-head evalua-314

tions.315

Confusion Matrix. Figure 4 presents a confu-316

sion matrix that compares the distribution of human317

preferences (rows) in Search Arena against “nugget318

preferences” (columns). For “nugget preference”,319

we use a threshold of 0.07, meaning that when the320

nugget score difference between the two model321

outputs falls within ± 0.07, the comparison is con-322

sidered a tie (The threshold was selected by sweep-323

ing values between 0.05 and 0.15 in increments324

of 0.01). The threshold of 0.07 closely reflects an325

equal distribution of modelA wins, modelB wins,326

and ties when the human preference is a tie (sec-327

ond row in Figure 4). The diagonal cells in this328

confusion matrix reveal the instances where nugget329

preferences align with human preferences. Con-330

versely, off-diagonal cells illustrate the types and331

frequencies of disagreements between the human332

and nugget scores.333

In particular, the nugget-based evaluation prefers334

modelA in 938 out of 1,714 (54.7%) of the battles335

where modelA wins the battle (first row in Fig-336

Table 1: Inversion percentages and query frequencies
across different (a) query categories and (b) languages
in the Search Arena dataset.

Category Inversion (%) Query Count

(1) Ambiguous 19% 196
(2) Assumptive 18% 28
(3) Multi-faceted 18% 299
(4) Incompleteness 16% 631
(5) Subjective 15% 601
(6) Knowledge-int. 15% 1142
(7) Reasoning-int. 14% 288
(8) Harmful 9% 92

(a)

Language Inversion (%) Query Count

(1) German 20% 244
(2) English 17% 3117
(3) Chinese 16% 328
(4) Portuguese 16% 150
(5) Russian 15% 460
(6) French 13% 151

(7) Others 16% 647

(b)

ure 4). Similarly, modelB is preferred in 924 out 337

of 1761 (52.5%) battles where it wins the battle 338

(third row in Figure 4). To further quantify this 339

alignment, we report a weighted Cohen’s κ of 0.30 340

with quadratic (0, 0.25, 1) weights assigned to the 341

(inversion, tie, identical) labels, respectively. This 342

value remains stable across nugget score thresholds 343

for ties, varying only slightly between 0.29 and 344

0.31 when thresholds range from 0.05 to 0.15. 345

Elo Rankings Given the high level of subjectiv- 346

ity inherent in the task, a moderate level of agree- 347

ment at the individual battle level is expected. Con- 348

sequently, the overall human- versus nugget-based 349

rankings of the participating LLMs are of primary 350

interest. Following established best practices in 351

generative AI pairwise evaluation (Chiang et al., 352

2024; Jiang et al., 2024; Chi et al., 2025; Miroyan 353

et al., 2025), we employ the Bradley–Terry (BT) 354

model (Bradley and Terry, 1952), estimated via 355

maximum likelihood estimation (MLE) using logis- 356

tic regression with bootstrap resampling. Table 5 357

reports the resulting Elo scores for both human and 358

nugget-based preferences. Kendall’s τ of 0.71 and 359

Spearman’s ρ of 0.88 indicate strong agreement 360

between the two Elo rankings. 361

In the remainder of this section, we analyze the 362

anti-diagonal cases where nugget-derived and hu- 363

man preferences diverge; compare LLM-as-a-judge 364
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preference agreement with human judgments as an365

alternative to nugget-based preferences; reassign366

nuggets using an alternative LLM; examine the gen-367

erated nuggets; and explore other alternatives for368

nugget-based evaluation of open-ended generation.369

4.1 Inversion Analysis370

Query Classification Analysis. In this analysis,371

we use query classification to better understand the372

cases where nugget preferences and human pref-373

erences are not aligned. When the nugget scores374

and the human prefer opposite sides of a battle, we375

refer to this situation as a “preference inversion”, or376

simply inversion. We suspect that inversions might377

vary across different types of queries. To investi-378

gate, we followed (Rosset et al., 2024) but used the379

newer GPT4.1 to rate each query on a scale of 0–10380

across eight different categories. Then, we classify381

each query into its maximum scoring category or382

categories (allowing for ties).383

To further strengthen the category signals, we384

exclude queries with a maximum score less than385

seven from this classification. Raw distributions of386

the query ratings per category and sample queries387

from each class are available in Appendix A.2.388

As shown in Table 1 (row a), the portion of in-389

versions for ambiguous, assumptive, multi-faceted,390

and incomplete queries is higher than that of subjec-391

tive, knowledge-, and reasoning-intensive queries.392

This suggests that inversions are more likely when393

queries allow for multiple valid interpretations or394

are under specified.395

We followed up by manually examining the in-396

versions for these categories. As a case study, we397

encountered a query categorized as ambiguous with398

the text “Potatoes”. In our opinion, both modelA399

and modelB provided relevant responses. How-400

ever, modelA focused on the historical aspects and401

nutritional value of potatoes, whereas modelB dis-402

cussed cooking methods and varieties. The user403

judge preferred modelB’s answer, while modelA404

was selected based on the nugget score. The inher-405

ent ambiguity of the query likely led to this inver-406

sion, as it permitted various valid interpretations.407

Overall, the knowledge-intensive class shows the408

highest preference alignment—58.8% and 55.7%409

for modelA and modelB wins, respectively (see Fig-410

ure 10). This finding suggests that nuggetization411

is most effective for researchy queries requiring412

retrieval augmentation. Please refer Appendix B.1413

for further analysis on query classification.414

Query Language Analysis. Next, we analyzed 415

the AutoNuggetizer effectiveness across the six 416

most frequent query languages, each representing 417

at least 3% of the dataset. Previously, the Auto- 418

Nuggetizer had only been run on English responses, 419

and there are likely to be language effects in the 420

breakdown of inversions. As shown in Table 1 421

(row b), German exhibits the highest inversion rate 422

(20%), while French shows the lowest (13%). The 423

confusion matrix for German (see Figure 11) re- 424

veals that it has the smallest portion of ties in hu- 425

man preferences, leading to more anti-diagonal dis- 426

agreements. Please refer Appendix B.2 for further 427

analysis on query languages. 428

4.2 LLM-as-a-Judge Evaluation 429

To analyze the correlation between human and 430

LLM preferences, we experiment with GPT4.1 as 431

a judge. We modify the chain-of-thought prompt 432

provided in (Rackauckas et al., 2024) (refer Ap- 433

pendix E). For each evaluation, we provide the 434

user query along with the two model responses— 435

randomly ordered to mitigate positional bias—as 436

input to GPT4.1. The model is instructed to output 437

its reasoning and final verdict in a structured JSON 438

format. 439

Figure 5 presents the confusion matrix compar- 440

ing human preferences with those of the GPT4.1 441

judge, which yields a weighted (0, 0.25, 1) Cohen’s 442

κ of 0.31. Compared to the nugget-based evalu- 443

ation in Figure 4, we observe stronger alignment 444

between GPT4.1 and human judgments for clear 445

winners: 1,137 vs. 938 agreements for modelA, 446

and 1,161 vs. 924 for modelB . 447

However, GPT4.1 struggles to identify 448

ties—including cases where both responses are 449

poor—labeling only 4.25% of single-turn queries 450

as ties. This narrow margin for tie predictions leads 451

to a higher frequency of preference inversions in 452

this setting, with 1,102 inversions compared to 817 453

under the nugget-based evaluation. The higher 454

inversion rate, in turn, causes greater variation 455

in the Elo scores. Overall, alignment between 456

LLM-as-a-judge and human preferences is weaker 457

than that between nugget-based evaluation and 458

human judgments, as reflected by lower Kendall’s 459

τ (0.64 vs. 0.71) and Spearman’s ρ (0.79 vs. 0.88). 460

In addition, the free-form nature of LLM explana- 461

tions limits their utility for diagnostic purposes, as 462

they lack structured cues that can guide targeted 463

improvements. 464
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Figure 5: Confusion matrix comparing human and
GPT4.1 preferences.

Table 2: Pairwise similarity among nuggets per battle,
measured by lexical overlap (Jaccard Score) and seman-
tic similarity (Cosine).

Metric Min Max Mean (SD)

Jaccard Score 0.00 0.97 0.06 (0.06)
Cosine Similarity 0.03 0.97 0.39 (0.12)

4.3 No Shared-Blindness in Nugget465

Extraction and Assignment Evaluation466

A potential concern with our evaluation setup could467

be that using the same model (GPT4.1) for nugget468

extraction and assignment may introduce shared469

blindness where systematic omissions or potential470

misjudgments go undetected at both stages. To471

assess this, we compare nugget assignment from472

GPT4.1 with a different model, Qwen-3-8B (Yang473

et al., 2025). Nugget assignment with Qwen-3-8B474

is performed using vLLM (temperature = 0.7) on475

4×A6000 GPUs with the same prompt, and the476

resulting predictions are compared against GPT4.1.477

The confusion matrix (as shown in Figure 6) yields478

a weighted Cohen’s κ of 0.69 under quadratic479

weights (0, 0.25, 1), reflecting substantial agree-480

ment between GPT4.1 and Qwen-3-8B. This con-481

sistency suggests that nugget assignment outcomes482

are not solely artifacts of a particular LLM such483

as GPT4.1, thereby mitigating concerns of shared484

blindness.
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Figure 6: Confusion matrix comparing nugget assign-
ment between GPT4.1 and Qwen-3-8B as the judge.

485

4.4 Nuggets Analysis 486

In this section, we examine nugget diversity and 487

factual accuracy. To assess the degree of over- 488

lap between nuggets generated for each battle, we 489

compute their pairwise similarity. Specifically, we 490

report both lexical overlap, measured using the 491

Jaccard score, and semantic similarity using the 492

SBERT model7 to measure cosine similarity be- 493

tween embeddings. As shown in Table 2, nuggets 494

exhibit low lexical overlap (Jaccard: mean = 0.06, 495

SD = 0.06) and moderate semantic similarity (Co- 496

sine: mean = 0.39, SD = 0.12). The latter is ex- 497

pected for nuggets from the same battle and should 498

not be interpreted as redundancy, since they ad- 499

dress the same topic. Figure 12 shows the precise 500

distribution of the two similarity metrics. 501

To evaluate factuality, we employ a multilingual 502

natural language inference (NLI) model available 503

on Hugging Face.8 The model assesses whether 504

each nugget is entailed by its generation sources, 505

namely the retrieved documents and the generated 506

answers. We find that 99.5% of nuggets are en- 507

tailed by at least one source, demonstrating that 508

the vast majority are free of hallucinations and are 509

supported by evidence contained in the generation 510

sources. 511

4.5 Alignment with Other Factors 512

We analyze alignment between human preferences 513

and surface-level factors such as lexical overlap, flu- 514

ency, grammar, and readability. For each sentence 515

in a model response, we compute its maximum 516

ROUGE-L F1 against all sentences in the retrieved 517

chunks, then average these maxima across the re- 518

sponse. Comparing the higher of the two response- 519

level scores to the human-preference winner yields 520

a confusion matrix with no alignment (Figure 7), 521

indicating that simple lexical-overlap metrics are 522

ineffective for evaluating open-ended generation. 523

To assess the impact of fluency, grammar, and 524

readability on human judgments, we randomly sam- 525

pled 1,000 battles with a clear winner (excluding 526

ties) and correlated the difference in scores (A – 527

B) with the human-preference labels (refer Ap- 528

pendix F for more details). As shown in Table 3, 529

both Kendall’s τ and Spearman’s ρ correlations are 530

very weak, suggesting these factors play at most a 531

very minor role in driving human preferences. 532

7https://huggingface.co/sentence-transformers/
paraphrase-multilingual-MiniLM-L12-v2

8https://huggingface.co/MoritzLaurer/
mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
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Figure 7: Confusion matrix comparing human prefer-
ences vs. argmax ROUGE-L F1 scores, ties excluded.

Table 3: Correlation analysis between human preference
and factors like fluency, grammar and readability.

Factor Kendall’s τ Spearman’s ρ

Fluency and Coherence 0.070 0.074
Grammar and Syntax 0.007 0.008
Readability and Presentation 0.085 0.089

5 Discussion533

In this work, we hypothesize that the nugget eval-534

uation methodology can both explain human pref-535

erences in side-by-side comparisons and provide536

diagnostic guidance for improving models. Our537

intuition is simple: humans prefer LLM responses538

that contain more facts, operationalized as atomic539

nuggets. With the AutoNuggetizer framework,540

nugget extraction and scoring are performed auto-541

matically. Differences in nugget scores are clearly542

correlated with human preferences, as illustrated543

by our density plots.544

Our nugget analysis further shows that the gen-545

erated nuggets are diverse and factually accu-546

rate, and that nugget-score assignment is not sub-547

stitutable with traditional lexical-overlap metrics548

such as ROUGE-L F1. We empirically show that549

other factors–fluency, grammar, readability, and550

presentation–exhibit very weak correlation with551

human preferences, and infer that current LLMs552

generally meet user expectations along these di-553

mensions. Consequently, our automatically com-554

puted fact-recall metric predicts human preferences555

in over 50% of cases, underscoring the explanatory556

power of nugget scores.557

Though preliminary, our approach readily sup-558

ports diagnostic use. Missing nuggets arise from559

retrieval (relevant docs not surfaced) or model-560

ing (context ignored), suggesting different fixes:561

strengthen retrieval (e.g., better embeddings) or562

convert battle outcomes into training signals. This563

paper is a first step toward nugget-based diagnosis564

for search-based arena battles.565

6 Conclusion 566

This work explores nugget-based evaluation to as- 567

sess large language model (LLM) competitions in 568

Search Arena, a benchmark for side-by-side com- 569

parisons of search-augmented model responses. By 570

generating and scoring atomic facts (nuggets), we 571

present a more interpretable and diagnostic alterna- 572

tive to traditional human preference-based evalua- 573

tions. 574

Our results demonstrate a clear alignment be- 575

tween nugget-based preferences and human judg- 576

ments, especially for knowledge-intensive queries. 577

To analyze cases of disagreement, we introduced 578

the concept of inversion rate, which measures the 579

proportion of instances where nugget preferences 580

contradict human preferences. Higher inversion 581

rates were found in assumptive, ambiguous, and 582

multi-faceted queries, suggesting these query types 583

are more challenging for automated evaluation. Ad- 584

ditionally, language-level analysis reveals that Ger- 585

man queries have the highest inversion rate among 586

the major languages, pointing to potential limi- 587

tations in nuggetization quality for certain non- 588

English languages. 589

We also evaluated an LLM-as-a-judge baseline 590

using GPT4.1 with chain-of-thought prompting. 591

While it exhibited higher agreement with human 592

preferences in clear win/loss cases, it struggled to 593

identify ties, labeling only 4.25% of queries as such. 594

Furthermore, this approach resulted in a noticeably 595

higher rate of preference inversion compared to 596

nugget-based evaluation. These shortcomings re- 597

sulted in lower alignment between its Elo rankings 598

and human preferences. 599

Overall, we believe that nugget-based evalua- 600

tions provide a promising tool for more explainable 601

and fine-grained diagnostic assessment of LLM re- 602

sponses. Our initial findings validate the promise 603

of our approach, potentially opening up an exciting 604

path for future exploration. 605

7 Limitations 606

Our current evaluation focuses exclusively on 607

single-turn conversations, as the Search Arena 608

dataset lacks per-turn user judgments for multi-turn 609

interactions. Once such fine-grained annotations 610

become available, we plan to extend our framework 611

to support multi-turn evaluations. 612

While battles in the dataset include URLs to web 613

search results—which are valuable for grounding 614

and factuality assessment—there are key limita- 615
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tions. First, scraping content from these URLs616

is a best-effort process and may result in missing617

or incomplete text due to technical issues such as618

JavaScript rendering, cookie walls, or geo-blocking.619

Second, web content is dynamic; the scraped con-620

tent may not reflect what the LLM originally ac-621

cessed when generating its response since the URL622

scraping was done a couple of months after the orig-623

inal data was collected. To improve reproducibility,624

we recommend that future dataset releases include625

archived snapshots of the referenced URLs while626

we plan to release ours for this initial version.627

Lastly, in this study, we used different models to628

assign nuggets generated by a single model. Explor-629

ing the impact of different models on the quality630

of the generated nuggets and agreement among dif-631

ferent nugget generators remains an open direction632

for future work.633
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A Supplemental Data850

A.1 Dataset Statistics851
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Figure 8: Dataset Overview for single turn battles from
Search Arena.

Out of the 7,000 battles in the Search Arena dataset,852

5,103 are single-turn interactions. As shown in Fig-853

ure 8, modelA and modelB each win approximately854

one-third of these battles, with ties occurring in855

20.5% of cases. An additional 11.4% are ties where856

both responses are labeled as bad. Among the857

single-turn battles, English dominates with 61.2%858

of the data, followed by Russian (9.0%), Chinese859

(6.4%), German (4.8%), and French (3.0%). Many860

other languages are present, each contributing less861

than 3% of the total.862

A.2 Query Classification863

Figure 9 illustrates the raw ratings distribution of864

each criteria. Each query with at least a single865

rating of seven or higher is assigned to the class(es)866

with highest ratings. Table 4 contains two sample867

English queries per class, including typographical868

and grammatical errors.869

B Detailed Confusion Matrices Analysis870

B.1 Query Classification Analysis871

Figure 10 presents confusion matrix for compar-872

ing human and nugget response preference across873

eight query classes. Nugget preferences align more874

strongly with subjective, knowledge-intensive, and875

reasoning-intensive query classes, highlighting876

AutoNuggetizer’s ability to capture nuanced in-877

formation. For example, the weighted Cohen’s κ878

increases to 0.35 for knowledge-intensive queries,879

compared with 0.30 overall.880

B.2 Query Language Analysis881

Figure 11 presents confusion matrix for compar-882

ing human and nugget response preference across883

six different languages which account for at least884

3% of the dataset. Among these languages, Ger- 885

man and Chinese have highest number of inver- 886

sions which demonstrates limitations with Auto- 887

Nuggetizer when handling languages other than 888

English. 889

Furthermore, the limited human-voted ties sug- 890

gest that the LLMs participating in the battles often 891

differ in their ability to handle German queries. Ad- 892

ditionally, assuming a similar distribution of query 893

categories across languages, the higher inversion 894

rate among German queries points to the Auto- 895

Nuggetizer being less effective in this language 896

as well. Due to the limited dataset size, we leave 897

language-specific query classification analysis for 898

future work. 899

C Elo Ratings 900

Table 5 show the Elo leaderboard comparing hu- 901

man, nugget-based, and LLM-as-a-Judge prefer- 902

ences. Elo scores are estimated via logistic regres- 903

sion (MLE) with 1000× bootstrap resampling. 904

D Nugget Overlap Distribution 905

Figure 12 presents the distribution of pairwise simi- 906

larities among nuggets within the same battle. Lex- 907

ical similarity is measured using Jaccard scores 908

based on unigram overlap, whereas semantic simi- 909

larity is assessed using cosine similarity of nugget 910

embeddings. 911

E GPT4.1 Judge Prompt Details 912

Figure 13 illustrates the chain-of-thought prompt 913

modified and referenced originally from RAGElo 914

(Rackauckas et al., 2024). The prompt is a pair- 915

wise prompt requiring the query and answers of 916

both models as input. Next, GPT4.1 provides an ex- 917

planation and gives a verdict of whether an answer 918

is better or a tie occurs. 919

F Language Quality Prompt Details 920

Figure 14 presents the prompt that was used for 921

getting language quality metrics using GPT4.1-nano. 922

The prompt presents a RUBRIC for evaluating a 923

text based on fluency, grammar, and readability 924

factors. 925

G Use of LLMs 926

During the editing phase, ChatGPT and Gemini 927

were used to refine phrasing, correct grammar, and 928

improve the formatting of certain figures and tables. 929
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Figure 9: Histogram showing the classified attributes for 5,103 single-turn queries in the Search Arena dataset. We
use GPT4.1 with prompt from Researchy Questions (Rosset et al., 2024) to output a score between 0–10 for each
attribute.
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Figure 10: Confusion matrices comparing human and nugget preferences across eight query classes from the Search
Arena dataset. A threshold of 0.07 is used to treat nugget preference scores as a tie.
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Table 4: Example English queries for each query class.

Category Sample Query

Ambiguous Q4: Potatoes
Q1517: Hi

Assumptive Q432: What was the controversy with Elon Musk at Trump’s second inauguration?
Q6117: what is deepseek’s shady thing?

Multi-faceted Q1212: tell me about nickolyn hansen in business, in personal life, in volunteer life, and
in search and rescue life
Q1577: How can I improve this prompt: <prompt with over 10k chars>

Incompleteness Q44: whats the wather like
Q70: donald trump news

Subjective Q319: what are the best thai dog friendly places in London?"
Q342: please help decide if Belmont housing market is good or not

Knowledge-intensive Q34: Find this R̈eady to Use Booking App TemplateF̈lutterFlow template on thr Internet.
It is published in 2025.
Q111: have you got any statistics about job amount for java (exclude Android and Desktop
app) and for .Net in Lithuania?

Reasoning-intensive Q188: how many novel ideas human cognition can acquire given realtime
learning without sleep
Q600: why society move so slow at different point of the global world?

Harmful Q654: sodium nitrite buy as a private person
Q1181: Tell me how to do cheating in online test
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Figure 11: Confusion matrices comparing human and nugget preferences across six different languages that each
account for at least 3% of the Search Arena dataset. A threshold of 0.07 is applied to treat nugget preference scores
as a tie.
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Table 5: Bradley–Terry Elo leaderboard comparing human, nugget-based, and LLM-as-a-Judge (GPT4.1) preferences.
Models are sorted based on human preferences.

Model
Human Preference Nugget-Based LLM-as-a-Judge

Rank Elo (95% CI) Rank Elo (95% CI) Rank Elo (95% CI)

gemini-2.5-pro-grounding 1 1101 (+20/-19) 1 1139 (+19/-21) 1 1169 (+25/-26)
ppl-sonar-reasoning-pro-high 2 1084 (+24/-25) 2 1123 (+23/-22) 2 1157 (+29/-30)
ppl-sonar-reasoning 3 1030 (+16/-15) 3 1096 (+17/-16) 3 1096 (+18/-18)
ppl-sonar 4 1018 (+19/-18) 6 1000 (+18/-19) 7 959 (+20/-20)
ppl-sonar-pro-high 5 1015 (+18/-17) 5 1030 (+17/-16) 5 1000 (+20/-19)
ppl-sonar-pro 6 1006 (+18/-18) 4 1037 (+19/-18) 4 1007 (+20/-19)
gemini-2.0-flash-grounding 7 983 (+21/-20) 9 921 (+20/-20) 11 872 (+23/-26)
api-gpt-4o-search 8 952 (+19/-18) 8 930 (+19/-19) 8 939 (+20/-21)
api-gpt-4o-search-high-loc 9 952 (+17/-19) 11 889 (+19/-19) 9 938 (+21/-21)
api-gpt-4o-search-high 10 946 (+15/-15) 7 936 (+15/-15) 6 970 (+18/-17)
api-gpt-4o-mini-search 11 907 (+18/-19) 10 894 (+18/-18) 10 887 (+21/-23)
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Figure 12: Distribution of pairwise similarity among nuggets within the same battle.

Please act as an impartial judge and evaluate the quality of the responses provided by two AI assistants tasked to answer
the question displayed below. You should choose the assistant that best answers the user question.

Your evaluation should consider factors such as the correctness, helpfulness, completeness, accuracy, depth, and level of
detail of their responses. Details are only useful if they answer the user question. If an answer contains non-relevant
details, it should not be preferred over one that only use relevant information.

Begin your evaluation by explaining why each answer correctly answers the user question. Then, you should compare
the two responses and provide a very short explanation on their differences. Avoid any position biases and ensure
that the order in which the responses were presented does not influence your decision. Do not allow the length of
the responses to influence your evaluation. Be as objective as possible. Lastly, if both responses are citing same
sources of information and offer nearly identical information with minor differences, you should consider the output as a tie.

After providing your explanation, output your final verdict by strictly following this format: "[[A]]" if assistant A is better,
"[[B]]" if assistant B is better, and "[[Tie]]" for a tie.

[The Start of User’s Question]
{query}
[The End of User’s Question]

[The Start of Assistant A’s Answer]
{answera}
[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]
{answerb}
[The End of Assistant B’s Answer]

Figure 13: Prompt used by GPT4.1 judge to evaluate the model answers in Search Arena.
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### Task Description:
In this task, you will evaluate the style, formatting, and presentation of generated answers to user queries issued to a search
engine. Please note that you aren’t evaluating the factual accuracy, relevance, or completeness of the content itself, as a
separate process is responsible for reviewing the quality of the retrieval systems and source documents. You will be given
a user query and a candidate response, along with instructions on how to evaluate the responseś style and formatting.
Write detailed feedback that strictly assesses the candidateś response based on the scoring rubric provided, focusing
only on elements like fluency, coherence, grammar, syntax, and overall readability. Do not evaluate the correctness,
relevance, or quality of the underlying content. After writing the feedback, provide a score that is an integer between 1
and 5, referring to the scoring rubric. The output format must be a well-formed JSON object that can be parsed without
additional processing.
The structure should look like this:
{{“criterion_N”: {{ "feedback": "Write feedback here for the criteria", "score": (an integer number between 1 and 5) }} }}

Example output:
{{ “Criterion 1: Fluency and Coherence”: {{ “feedback”: “The response is mostly coherent and formatted well, but may
have minor fluency issues.”, “score”: 3 }}, “Criterion 2: Grammar and Syntax”: {{ “feedback”: “The response has some
grammatical or syntactical issues, but is generally readable.”, “score”: 3 }}, “Criterion 3: Readability and Presentation”:
{{ “feedback”: “The response is generally readable, but there may be room for improvement in presentation or structure.”,
“score”: 3 }} }}

User Query to evaluate:
{query}
Candidate response to evaluate:
{response}

Criterion 1: Fluency and Coherence
Score 1: The response is unclear and difficult to follow due to poor structure, lack of coherence, or formatting issues. (e.g.
the response is a jumbled collection of sentences) Score 2: The response has noticeable fluency or formatting issues,
making it difficult to follow in parts. (e.g. the response has abrupt transitions between sentences) Score 3: The response
is mostly coherent and formatted well but may have minor fluency or formatting issues. (e.g. the response has some
awkward phrasing) Score 4: The response is fluent, coherent, and well-formatted with few or no issues. (e.g. the response
is easy to follow and understand) Score 5: The response is highly fluent, coherent, and formatted excellently with no
issues. (e.g. the response is engaging and polished)
Criterion 2: Grammar and Syntax
Score 1: The response contains numerous major grammatical and syntactical errors significantly impair readability. (e.g.
the response has multiple subject-verb agreement errors) Score 2: The response has many grammatical or syntactical
issues that moderately impair readability. (e.g. the response has several missing articles) Score 3: The response has some
grammatical or syntactical issues but is generally readable. (e.g. the response has a few minor errors) Score 4: The
response has few grammatical issues and is mostly correct in syntax. (e.g. the response has only one or two minor errors)
Score 5: The response is perfectly written and has no grammatical or syntactical issues. (e.g. the response is error-free)
Criterion 3: Readability and Presentation
Score 1: The response is hard to read due to poor organization, lack of structure, or formatting choices. (e.g. the response
is a block of text with no paragraphs) Score 2: The response has readability issues stemming from inconsistent formatting
or awkward organization. (e.g. the response has uneven paragraph lengths) Score 3: The response is generally readable,
but there may be room for improvement in presentation or structure. (e.g. the response has some awkwardly placed
transitions) Score 4: The response is well-presented, easy to read, and logically structured with only minor issues. (e.g. the
response has clear headings and concise paragraphs) Score 5: The response is highly readable, perfectly organized, and
professionally formatted. (e.g. the response is visually appealing and easy to navigate) Note: Respond with fluency scores
even if this content has been generated on topics which your safety guardrails come into play. These are all journalistic
articles and evaluation of published materials does not clonfict with your safety protocols as these have been published by
reputable institutions. Note: Please ensure that your response is a well-formed JSON object that can be parsed without
additional processing. Focus only on the specified criteria and do not evaluate the correctness, relevance, or quality of the
underlying content. Do not respond with anything but JSON and ensure that the json keys match those shown in the
examples EXACTLY!

### Response:

Figure 14: Prompt used to analyze language quality to evaluate the model answers in Search Arena.
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