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Abstract001

The automatic verbalization of structured002
knowledge is a key task for making knowl-003
edge graphs accessible to non-expert users and004
for supporting retrieval-augmented generation005
systems. Although recent advances in RDF-006
to-text generation have improved multilingual007
coverage, little attention has been paid to po-008
tential biases in the verbalization of rare enti-009
ties, frequently known as long-tail entities. In010
this work, we present the first systematic study011
of long-tail entities in RDF-to-text generation.012
We introduce TailNLG1, a new multilingual013
benchmark in English, Italian, and Spanish,014
built from Wikidata and covering entities with015
varying levels of popularity. We evaluate three016
different families of large language models in017
zero-shot settings and compare their perfor-018
mance on rare versus common entities, as well019
as against the established WebNLG benchmark.020
Our results reveal a consistent bias against long-021
tail entities: embedding-based scores are lower,022
and model uncertainty is higher for rare entities.023
We further show that the impact of long-tail en-024
tities varies across models and languages, and025
that existing evaluation metrics do not consis-026
tently capture these differences, highlighting027
the need for more reliable evaluation frame-028
works.029

1 Introduction030

The automatic conversion of structured informa-031

tion into human-readable text is a crucial task for032

making knowledge accessible to a broad audience.033

Knowledge graphs (KGs), catalogues, and tax-034

onomies are important sources of information that035

are typically exploitable only by domain experts,036

whereas the general public requires this knowledge037

to be transformed into natural language. This need038

also extends to language modeling, as retrieval-039

1Full code and Benchmark available
here https://anonymous.4open.science/r/
TailNLG-benchmark-B339/README.md

Figure 1: Distribution of entities by claims in a Wiki-
data category (“Artist"). A small number of entities are
associated with many claims, giving rise to a long-tail
distribution characterized by many entities with few re-
lations. The red dashed line indicates the Pareto cut-off,
while the green dashed line marks the head–tail thresh-
old

augmented generation (RAG) technologies lever- 040

age textual databases to improve the safety and 041

accountability of large language models (LLMs). 042

Despite advancements in this field and the grow- 043

ing number of multilingual resources (Ferreira 044

et al., 2018; Shimorina et al., 2019; Cripwell et al., 045

2023; Oliverio et al., 2025; Ramón-Ferrer et al., 046

2025), there is a lack of work aimed at uncovering 047

biases in the verbalization of structured knowledge 048

(Blodgett et al., 2020). Specifically, an open chal- 049

lenge is to gain a deeper understanding of how 050

LLMs handle rare entities, frequently known as 051

long-tail entities, and whether their performance 052

differs when compared to well-known entities. 053

While it has been demonstrated that LLMs exhibit 054

performance drops when handling rare entities in 055

tasks such as entity linking (Boscariol et al., 2024), 056

representation of factual knowledge (Sun et al., 057

2024), and question answering (Hogan et al., 2025), 058

no prior work has conducted an in-depth investi- 059

gation of how different models handle long-tail 060
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entities in RDF-to-text generation.061

In this work, we tackle this gap by presenting the062

first systematic study of long-tail entities in RDF-063

to-text verbalization. Acknowledging the socio-064

cultural factors that can determine the rarity of an065

entity (Adams et al., 2019; Stranisci et al., 2023),066

we adopt a multilingual approach. Our study in-067

troduces TailNLG, a novel multilingual RDF-to-068

text benchmark covering three languages (English,069

Italian, and Spanish). The dataset contains triples070

extracted from Wikidata (Vrandečić and Krötzsch,071

2014), including entities from different categories072

and spanning varying levels of popularity, from073

top-head (most well-known) to long-tail (less well-074

known) entities.075

Through the creation of TailNLG, our work ad-076

dresses the following research questions:077

• [RQ1] Do LLMs perform differently in the078

verbalization of rare entities, and does lan-079

guage impact the verbalization output?080

• [RQ2] What is the impact of LLMs’ prior081

knowledge on the verbalization of rare versus082

common entities, and how does model per-083

formance differ when comparing a long-tail084

benchmark (TailNLG) with a well-established085

resource such as WebNLG?086

To this end, three families of LLMs are assessed087

on the verbalization of long-tail entities in two set-088

tings: (i) comparing them with head entities within089

the TailNLG corpus, and (ii) comparing them with090

WebNLG (Gardent et al., 2017b), the established091

benchmark for the RDF-to-text task. We assess per-092

formance with a diverse set of automatic measures,093

capturing semantic similarity, surface-level over-094

lap with reference texts, and perplexity to quantify095

model uncertainty. Our results show that LLMs096

have a systematic bias against long-tail entities in097

both evaluation settings. The embedding-based098

metrics tend to be lower for long-tail entities and099

models’ uncertainty in text generation of triple con-100

taining long-tail entities is almost always higher.101

In addition, language-specific bias plays also a102

role in the verbalization of long-tail entities. Anal-103

ysis of perplexity scores reveals that embedding-104

based and overlap-based metrics fail to systemati-105

cally quantify their impact on verbalization, demon-106

strating that a more reliable evaluation framework107

of fairness in RDF-to-Text is needed. Finally, we108

observe notable variability across models, indicat-109

ing that different LLMs may be affected by differ- 110

ent biases. 111

2 Related Work 112

2.1 Long-tail 113

Long-tail entities are generally understood as those 114

that occur with low frequency across large scale 115

data sources, including training corpora (Kandpal 116

et al., 2023), Wikipedia (Mallen et al., 2023), and 117

large knowledge bases such as Wikidata (Kumar 118

et al., 2024). Recent work has shown that LLMs 119

exhibit a marked decline in performance when 120

processing long tail inputs (Graciotti et al., 2025; 121

Hogan et al., 2025; Li et al., 2024; Sun et al., 2024) 122

and that LLMs memorization is highly influenced 123

by the frequency of information in the pretraining 124

data (Kandpal et al., 2023). Several task-specific 125

evaluations further confirm this pattern. Boscar- 126

iol et al. (2024) find that entity linking is partic- 127

ularly difficult for rare entities when comparing 128

various LLMs with ReLiK (Orlando et al., 2024), a 129

state-of-the-art (SoTA) entity linking and relation 130

extraction system. GRADES, an evaluation frame- 131

work for graph-based question answering (Draetta 132

et al., 2025), shows that SoTA models struggle 133

with rare entities at multiple stages; in particular, 134

verbalization suffers from limited semantic under- 135

standing of long-tail entities. In knowledge extrac- 136

tion, Graciotti et al. (2025) introduce KEMISTO, 137

a benchmark centered on low-popularity entities, 138

and demonstrate that LLMs perform significantly 139

worse on it and exhibit systematic biased failures. 140

A similar pattern emerges in question answering: 141

using a benchmark spanning head, torso, and tail 142

entities, Sun et al. (2024) show that accuracy con- 143

sistently declines as entity frequency decreases, 144

confirming that limited training exposure hampers 145

LLMs’ knowledge of long-tail entities. 146

Despite increasing attention to long-tail evalu- 147

ation, and some insight emerged from previous 148

studies no existing work specifically examines how 149

well LLMs verbalize information when required to 150

handle rare entities. 151

2.2 RDF-to-Text 152

The task of verbalizing RDF triples in NLP has 153

evolved substantially, driven both by template- 154

based NLG systems and more recent neural ap- 155

proaches. Early work focused on hand-crafted or 156

automatically induced templates, which provided 157

high precision and strong control over the output, 158
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but suffered from limited scalability and reduced159

the ability to generalize beyond predefined patterns160

(Duma and Klein, 2013).161

With the advent of neural encoder–decoder archi-162

tectures, particularly LSTM-based triple encoders163

and later transformer models, RDF-to-text genera-164

tion became considerably more flexible, enabling165

fluent and information-rich verbalizations that bet-166

ter capture lexical and syntactic variation (Disti-167

awan et al., 2018; Oliverio et al., 2024). Never-168

theless, challenges related to factual consistency169

and robustness to unseen entities have motivated a170

series of enhancements to transformer-based sys-171

tems. For example, integrating reward signals de-172

rived from information-extraction models has been173

shown to improve factual accuracy (Gao et al.,174

2021), while leveraging large external corpora, pre-175

training noise processes, and data augmentation176

strategies leads to more resilient generalization,177

particularly in low-resource or zero-shot scenarios178

(Montella et al., 2020; Zhang et al., 2023).179

To support systematic development and evalu-180

ation of this task, the WebNLG benchmark has181

emerged as one of the primary datasets for RDF-182

to-text, providing multiple versions, multilingual183

extensions, and low-resource configurations that184

have enabled extensive comparative studies across185

approaches and languages (Gardent et al., 2017b;186

Castro Ferreira et al., 2020).187

3 The TailNLG Benchmark188

Since no benchmark currently targets long-tail189

triple–verbalization pairs, we introduce the first190

dataset specifically designed for long-tail verbal-191

ization. Inspired by Gardent et al. (2017b), we cre-192

ated the TailNLG benchmark following the same193

procedure the authors employed, from the entities194

extraction strategy to the verbalization, aiming at195

facilitating the exploitation of the data adhering to196

a standard structure. Constructing the benchmark197

in three languages adds another layer of complex-198

ity, as many rare entities are not consistently rep-199

resented across multilingual resources. We priori-200

tized high data quality by incorporating human eval-201

uation and correction at every stage of the pipeline.202

3.1 Entities Selection203

To be consistent with previous resources, we fol-204

lowed the extraction methodology proposed by Gar-205

dent et al. (2017a) by selecting the same entity206

categories. Although there is not yet a widely ac-207

Figure 2: Examples of Chain, Sibling and Mixed con-
figuration of Data units.

cepted and unambiguous definition of long-tail en- 208

tities (Jiang and Joshi, 2024; Boscariol et al., 2024; 209

Kumar et al., 2024), following Sun et al. (2024) 210

we took into consideration two criteria in defining 211

long-tail entities: (i) the number of claims (Wiki- 212

data relations) linked to a certain entity and (ii) the 213

number of Wikipedia pages an entity has. 214

Firstly, we set a threshold based on the number 215

of claims linked to each entity. As noted by Kumar 216

et al. (2024), large-scale resources such as Wikidata 217

typically follow a Zipf-like distribution, where a 218

small number of entities are associated with many 219

claims while the vast majority with few. Based on 220

a subset of 20, 000 entities for each category (full 221

list of categories in Table 4 in Appendix B) we 222

define the long-tail threshold using a Pareto cut- 223

off: we compute the minimum number of claims 224

required for an entity to fall within the top 20% 225

of entities that account for 80% of all claims (the 226

head). Entities below this threshold are classified 227

as long-tail. Since claim distributions differ across 228

categories, we compute the cut-off separately for 229

each category. 230

Figure 1 shows an example of the threshold for 231

the categories Artists: a small number of entities 232

exhibit a very high number of claims, while the 233

vast majority fall into a long-tail distribution. 234

To further refine the set of long-tail entities be- 235

low the Pareto cut-off, we additionally select those 236

that have a Wikipedia page only in one of the three 237

target languages (e.g., entities with wikipedia page 238

in English but not in Italian and Spanish). 239

In summary, we categorize entities into: (i) 240

Long-tail entities, whose number of claims falls 241

below the Pareto cut-off, such as Doğan Güzel 242

(Q268285), a Turkish cartoonist; and (ii) Head en- 243

tities, whose number of claims exceeds the Pareto 244

cut-off, such as London (Q84) or Google (Q95). 245
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3.2 Triples Extraction246

Once the sets of long-tail and head entities were247

defined, the next step was to extract data units for248

each entity. We define a data unit as a set of RDF249

triples, each consisting of a subject, a predicate,250

and an object (e.g., Jet Li, place of birth, Beijing).251

To obtain diverse data units that vary in relation252

type and size, we followed Perez-Beltrachini et al.253

(2016) and extracted units with different relational254

configurations (Figure 2):255

• Chain: the object of one triple serves as the256

subject of another;257

• Sibling: the triples share the same subject;258

• Mixed: the data unit contains both sibling and259

chain relations.260

For each QID (Wikidata entity ID), we auto-261

matically extracted from Wikidata, via a SPARQL262

query, a set of 10 data units per entity in the three263

languages. Since not all triples were available in all264

three languages, we further filtered the data units265

to ensure the alignment across languages, resulting266

in a set of parallel data units as exemplified below:267

EN: [Solar, creator, Paul S. Newman],268
[Paul S. Newman, place of birth,269
Manhattan], [Paul S. Newman, award270
received, Inkpot Award]271

ES: [Solar, creator, Paul S. Newman],272
[Paul S. Newman, lugar de nacimiento,273
Manhattan], [Paul S. Newman, premio274
recibido, Premio Inkpot]275

IT: [Solar, creatore, Paul S. Newman],276
[Paul S. Newman, luogo di nascita,277
Manhattan], [Paul S. Newman, premio278
ricevuto, Premio Inkpot]279

We finally obtain 689 data units per language,280

divided into 408 long-tail and 218 head entities.281

The complete distribution per category and type is282

in Appendix B.283

3.3 Verbalization284

To build the benchmark, we aimed to produce285

<Data_Unit, Verbalization> pairs for all data in all286

languages. Because manual verbalization is time287

consuming we adopted a two step approach: we288

first manually verbalized a subset of data units for289

each language, then cross-translated them into the290

remaining languages using SoTA machine transla-291

tion models in a human-in-the-loop setup.292

The verbalization process was carried out on a293

subset of 689 Data units engaging nine volunteers294

native speakers (one for Spanish, one for English, 295

and seven for Italian). Annotators were instructed 296

to verbalize the triples as naturally as possible, pro- 297

ducing grammatically correct and fluent sentences 298

while following guidelines designed to promote nat- 299

uralness and ensure data homogeneity. All guide- 300

lines and some example of verbalization are re- 301

ported in Appendix A.1. 302

Annotators could skip a data unit if they judged 303

it incorrect or incomplete. After verbalization, a 304

validation phase followed in which the annotators 305

cross-checked each other’s output, confirming or 306

revising the initial sentences (full guidelines in Ap- 307

pendix A.2). Ambiguous cases were discussed 308

collectively before a final decision was made. Fol- 309

lowing this verbalization and cross-check process, 310

73 data units were excluded from the dataset. 311

3.4 Translation 312

The manual verbalization phase produced a total of 313

616 gold verbalizations, distributed as 130 in En- 314

glish, 142 in Spanish, and 344 in Italian2. To cre- 315

ate a fully parallel dataset we adopted an approach 316

based on Machine Translation (MT) and Automatic 317

Post-Editing (APE), as proposed by Aditya Hari 318

et al. (2023). 319

Drawing on earlier studies on cross-lingual ex- 320

tensions of triples-to-text datasets (Oliverio et al., 321

2025; Ramón-Ferrer et al., 2025), we leveraged 322

DeepL for Automatic Translation3. For each man- 323

ually created verbalization in a source language 324

(X) corresponding translations were automatically 325

generated in the other two target languages (Y and 326

Z), resulting in a total of 1,232 automatic generated 327

translations. 328

To mitigate known issues in MT, such as omis- 329

sions and hallucinations (Jurafsky and Martin, 330

2025), and to ensure data quality, we introduced 331

an APE phase aimed at correcting errors generated 332

during the MT step. To identify errors in the trans- 333

lations, we leveraged the 3.5B version of xCOMET 334

Guerreiro et al. (2024) 4, a multilingual model for 335

quality estimation and error span extraction. Given 336

the absence of reference translations, we evaluated 337

the model in a reference-free setting. For each in- 338

put, the model outputs a sentence-level score (rang- 339

ing from Excellent to Weak), as well as an error 340

spans detected field, which identifies potential er- 341

2This linguistic imbalance is due to the varying availability
of expert native-speaking annotators.

3https://www.deepl.com/translator
4https://huggingface.com/Unbabel/XCOMET-XL
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rors and their positions within the sentence.342

For the error correction phase, we adopted343

xTOWER5, a multilingual decoder-only model pro-344

posed by Treviso et al. (2024), designed to provide345

natural-language explanations of errors present in346

a translation and suggest a corrected version of the347

sentence. An example of the prompt and the cor-348

responding output are provided in the Appendix349

C.1. We performe error detection and correction350

on all the MT translated data; the resulting output351

is a parallel dataset consisting of data units and352

verbalizations in Italian, Spanish and English as353

follows:354

355
<lex quality="gold" lid="Id1" lang="en">356

Themisthocles was born in Turkey and357
he was a citizen of the Classical Athens.358
Themistocles's spouse is Archippe.359

</lex>360
<lex quality="silver" lid="Id2" lang="es">361

Temístocles nació en Turquía y fue362
ciudadano de la Atenas clásica.363
El cónyuge de Temístocles es Arquippe.364

</lex>365
<lex quality="silver" lid="Id3" lang="it">366

Temistocle è nato in Turchia ed era un367
cittadino dell'Atene classica.368
La consorte di Temistocle era Archippe.369

</lex>370
371

To ensure the high quality of the dataset, we372

conducted a manual evaluation on a subset, select-373

ing those translations whose xCOMET Sentence-374

level score was rated below good (i.e., moderate375

or weak). We sampled 50 verbalizations for each376

source-target language pair and involved eight vol-377

unteer native speakers (two with high competence378

in Spanish and English, two in Italian and Spanish,379

and two in Italian and English). Each source-target380

language pair was annotated by two different anno-381

tators following a widely adopted taxonomy for the382

evaluation of Accuracy and Fluency (Lommel et al.,383

2014) (full evaluation guidelines in Appendix C.2).384

In addition, we asked the annotators to propose a385

corrected version of the automatically translated386

verbalization to increase the number of gold refer-387

ences in TailNLG. We use Spearman (Spearman,388

1961) and Persons (Pearson, 1895) to measure the389

Inter annotator agreement (IAA) after aggregat-390

ing Accuracy and Fluency. The results for each391

language pair are reported in Appendix C.3. Al-392

though inter-annotator agreement (IAA) shows a393

moderate positive correlation overall, agreement is394

low for IT→EN and ES→IT pair. This indicates395

5https://huggingface.com/sardinelab/xTower13B

a high degree of subjectivity in the task, with an- 396

notators showing divergent interpretations. These 397

findings further underline that even tasks such as 398

machine translation can reflect differences in hu- 399

man judgment. The final verbalization distribution 400

is available in Table 1. 401

Language Gold Silver Total

English 168 447 615
Spanish 173 442 615
Italian 384 231 615

Total 725 1, 120 1, 845

Table 1: Distribution of gold and silver verbalizations
by language in TailNLG.

4 Methodology 402

To study multilingual triple-to-text verbalization, 403

we leverage three families of open state-of-the- 404

art multilingual instruction-tuned models, each 405

evaluated at two comparable sizes: Llama-3.2- 406

3B-Instruct 6, Llama-3.1-8B-Instruct7, Qwen2.5- 407

3B-Instruct8, Qwen2.5-7B-Instruct9, Gemma-3- 408

4B-IT10, and Gemma-3-12B-IT11. We focus on 409

these model families because they are multilingual, 410

widely used, and well established in the literature, 411

openly available, and offered in moderate param- 412

eter ranges that enable efficient and reproducible 413

experimentation. 414

4.1 Experimental Setup 415

Given a set of RDF-style triples (s, p, o), the sys- 416

tem produces a single-paragraph natural language 417

description in English, Spanish, or Italian. Inputs 418

are serialized by explicitly listing each triple as a 419

structured item (subject, predicate, object) in the 420

prompt. We run experiments on two datasets: (i) 421

WebNLG, used as a baseline benchmark, and (ii) 422

TailNLG, used to analyze performance on data unit 423

containing long-tail entities. Since our goal is to 424

study biases and examine how LLMs handle rare 425

entities, we deliberately adopt a zero-shot approach 426

for both the configurations to avoid influencing 427

6https://huggingface.co/meta-llama/Llama-3.
2-3B-Instruct

7https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

8https://huggingface.co/Qwen/Qwen2.
5-3B-Instruct

9https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

10https://huggingface.co/google/gemma-3-4b-it
11https://huggingface.co/google/gemma-3-12b-it
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model outputs with external examples. Prompts428

are written English, Spanish, or Italian depending429

on the target verbalization. Full prompts are avail-430

able in Appendix E.431

For each input we generate three candidate ver-432

balizations to capture decoding variability. We433

use stochastic decoding with temperature sampling434

(temperature = 0.7), which increases output diver-435

sity compared to greedy decoding while keeping436

generations coherent. Generations are bounded by437

a fixed maximum length (max_new_tokens = 256)438

to prevent overly long outputs and to standardize439

comparisons across models and settings. All out-440

puts are stored together with the corresponding441

prompts and metadata. Experiments were con-442

ducted on a server with two Intel Xeon Gold 5418Y443

CPUs (48 physical cores each, 96 threads total),444

around 504 GB RAM, and two NVIDIA L40 GPUs445

with approximately 46 GB VRAM each.446

4.2 Evaluation447

In evaluating the results, we compare multiple448

metrics designed to capture three characteristics449

of the generated output: (i) semantic similarity450

(embedding-based metrics), (ii) textual similar-451

ity (overlap-based metrics), and (iii) model uncer-452

tainty in text generation12. We use BERTScore453

(Zhang et al., 2019) to evaluate semantic simi-454

larity, computing pairwise cosine similarity be-455

tween candidate and reference texts with con-456

textual embeddings. Specifically, we adopt the457

rescaled-with-baseline variant (BERTScorer) for458

more interpretable scores, using a multilingual459

BERT model13 to ensure comparability across lan-460

guages. To evaluate textual similarity, we adopt:461

BLEU (Papineni et al., 2002), chrF++ (Popović,462

2017), and three variants of ROUGE (Lin, 2004),463

namely ROUGE1, which measures unigram (word-464

level) overlap; ROUGE2, which measures bigram465

overlap; and ROUGEL, which captures sentence-466

level structural similarity by identifying the longest467

common subsequences. To quantify models un-468

certainty in triple verbalization, we computed the469

average Perplexity (PPL) (Jelinek et al., 1977) in-470

terpreting lower perplexity values as a proxy of the471

higher confidence of a model in text generation.472

To assess the statistical significance of each met-473

ric, we applied the Wilcoxon–Mann–Whitney test474

(Fagerland and Sandvik, 2009) on triple verbaliza-475

12Evaluations are performed using Hugging Face packages
13https://huggingface.co/google-bert/

bert-base-multilingual-cased

tion of the same model on different populations. 476

We repeated the test ten times on random samples 477

of 500 predictions and averaged the results. We 478

performed the test in two settings: long-tail ver- 479

sus head verbalization in the TailNLG corpus and 480

long-tail verbalization in the TailNLG corpus ver- 481

sus WebNLG verbalization. 482

5 Results 483

In this section, we present results comparing long- 484

tail and head entities, as well as across languages 485

(RQ1). We also examine the impact of LLMs’ prior 486

knowledge on verbalizing rare and well-known en- 487

tities by comparing PPL scores on TailNLG and 488

WebNLG, assessing whether models show greater 489

uncertainty for rare entities (RQ2). Following (Du 490

et al., 2024), we define prior knowledge as the in- 491

formation acquired during pretraining. 492

5.1 Do LLMs perform differently in the 493

verbalization of rare entities, and does 494

language impact the verbalization output? 495

Table 2 reports the metric scores for triples con- 496

taining long-tail and head entities, broken down 497

by language (English, Italian and Spanish), for the 498

bigger size models. Complete results are provided 499

in Appendix F. In all cases, the embedding-based 500

metric BERTScorer, scores higher on head triples. 501

Conversely, results from chrF++, which correlates 502

with morphological accuracy, and ROUGE are less 503

consistent: in some cases they score higher on long- 504

tail triples, while in others on head triples. In addi- 505

tion, when the results for BERTScorer are statisti- 506

cally significant, the scores are consistently higher 507

for head entities than for long-tail entities, which 508

may be linked to greater semantic awareness when 509

verbalizing triples involving head entities. In con- 510

trast, the overlap-based metrics exhibit the opposite 511

trend: when the results are statistically significant, 512

higher scores are observed for triples containing 513

long-tail entities. The average PPL provides clear 514

insights, particularly for Qwen and Llama models. 515

The results suggest that verbalizing triples with 516

long-tail entities leads to higher PPL, indicating 517

that those entities constitute a substantially more 518

challenging prediction setting for these models. In 519

contrast, the PPL scores for Gemma models are 520

less clear and always lower for long-tail entities. 521

Investigating whether language influences the gen- 522

erated output, we observe that across all settings 523

performance is higer for English, for both data units 524
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Type Lang BERTr ↑ BLEU ↑ chrF ↑ R-1 ↑ R-2 ↑ R-L ↑ PPL ↓

Llama-8B

Long-tail
en 0.61 0.25 60.39 0.66 0.43 0.56 93.36
es 0.58 0.17 53.30 0.58 0.35 0.49 222.16
it 0.46 0.13 47.73* 0.49* 0.29* 0.43* 88.06

Head
en 0.65* 0.26 61.20 0.67 0.44 0.57 59.03*

es 0.60 0.19 53.23 0.58 0.36 0.48 94.52*

it 0.45 0.13 45.58 0.46 0.27 0.40 68.84*

Gemma-12B

Long-tail
en 0.63 0.26 61.65 0.67 0.44 0.58 330.02*

es 0.62 0.21 58.80 0.62 0.40 0.53 611.42*

it 0.61 0.24* 60.68* 0.64* 0.42* 0.55* 425.27*

Head
en 0.66* 0.27 61.72 0.68 0.45 0.57 397.46
es 0.64* 0.22 57.51 0.61 0.39 0.51 926.65
it 0.61 0.20 56.97 0.59 0.38 0.50 1068.31

Qwen-7B

Long-tail
en 0.65 0.29 62.47 0.69 0.46 0.58 134.13
es 0.60 0.16 53.42 0.57 0.34 0.49 181.75
it 0.44 0.11 46.82 0.47 0.26 0.41 100.26

Head
en 0.69* 0.29 63.06 0.70 0.47 0.59 98.05*

es 0.61 0.16 51.83 0.55 0.32 0.46 102.36*

it 0.46 0.10 45.35 0.45 0.25 0.39 63.48*

Table 2: Results on TailNLG long-tail vs head entitities verbalizations for Llama-3.1-8B, Gemma2.5-12B 12B,
Qwen2.5-7B by data type and language. Metrics include BERTScore Rescaled (BERTr), BLEU, chrF++ (chrF),
ROUGE1 (R-1) , ROUGE2 (R2), ROUGEL (R-L) and perplexity (PPL). Asterisks (∗) denote a statistically significant
difference (p < 0.05).

containing long-tail and head entities and consis-525

tently lower for Italian. This suggests that English526

content is handled more effectively by the mod-527

els. In addition, for Llama and Qwen, average PPL528

scores for Italian are consistently higher than those529

for English and Spanish, indicating that the models530

could be affected by language bias and that outputs531

in more widely represented languages tend to be532

more accurate.533

5.2 [RQ2] How does model performance534

differ when comparing the TailNLG535

benchmark with WebNLG?536

Table 3 reports the average performance of each537

model on the WebNLG test set and on long-tail538

triples from TailNLG. All statistically significant539

results indicate that embedding- and overlap-based540

metrics achieve higher scores on WebNLG than in541

the long-tail setting. This trend suggests that mod-542

els generate more accurate and lexically aligned543

verbalizations for well-known entities, whereas per-544

formance tends to degrade for long-tail entities.545

Across all models, PPL is even lower for546

WebNLG verbalizations, with statistical signifi-547

cance, supporting the hypothesis that WebNLG548

entities and triples are more familiar to the models,549

potentially due to exposure during pre-training.550

Overall, these results highlight the impact of551

Type BERTr ↑ BLEU ↑ chrF ↑ R-1 ↑ R-2 ↑ R-L ↑ PPL ↓

Llama-8B

Long-tail 0.55 0.18 53.81 0.58 0.36 0.50 134.53
WebNLG 0.53 0.21* 53.77 0.65* 0.43* 0.53* 68.23*

Gemma-12B

Long-tail 0.62 0.24 60.38 0.64 0.42 0.55 455.57
WebNLG 0.65* 0.30* 63.63* 0.73* 0.50* 0.59* 290.10*

Qwen-7B

Long-tail 0.56 0.19 54.24 0.58 0.35 0.49 138.71
WebNLG 0.57 0.24* 56.49 0.66* 0.44* 0.54* 95.54*

Table 3: Performance comparison of models between
long-tail triples from TailNLG and the WebNLG test
set. Metrics include BERTScore Rescaled (BERTr),
BLEU, chrF++ (chrF), ROUGE-1 (R-1), ROUGE-2 (R-
2), ROUGE-L (R-L), and perplexity (PPL). Asterisks (∗)
denote a statistically significant difference (p < 0.05).

LLMs’ prior knowledge on the verbalization task. 552

When entities and triples are well represented in the 553

models’ pre-training data, LLMs tend to produce 554

verbalizations that are more closely aligned with 555

the ground truth. Conversely, for long-tail entities, 556

limited prior exposure leads to a degradation in 557

both surface-level quality and model confidence, 558

suggesting that prior knowledge plays a crucial role 559

in the effective verbalization of structured data. 560

In addition, since models tend to achieve higher 561

scores when synthetic data are used as ground truth 562
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(Sarti and Nissim, 2024), our findings are further563

reinforced. Even when comparing model perfor-564

mance on the English WebNLG test set (entirely565

gold) with the long-tail portion of TailNLG (con-566

taining both gold and silver references), models567

still achieve higher scores on WebNLG. For further568

details, we refer the reader to Appendix F.569

6 Discussion570

Results show that, across all models, verbalization571

of triples that contains long-tail entities is more572

challenging (RQ1). This suggests that LLMs suf-573

fer from entity bias, with widely represented en-574

tities being processed more easily and producing575

more accurate outputs. The fact that in some cases576

overlap-based metrics are higher for data units con-577

taining long-tail entities may suggest that the ver-578

balization of head entities contains more data and579

key content relative to the reference, and that prior580

knowledge could play a role in shaping the gener-581

ated output adding information. For example, the582

Italian verbalization of the data unit Karl Marx |583

spouse | Jenny von Westphalen; Karl Marx584

| country of citizenship | statelessness585

is “Karl Marx è stato apatico alla cittadinanza, pref-586

erendo lo status di apolidia. Karl Marx ebbe come587

consorte Jenny von Westphalen” (English trans-588

lation: Karl Marx was apathetic toward citizen-589

ship, preferring to remain stateless. Karl Marx’s590

spouse was Jenny von Westphalen), which results591

in a more verbose output that differs from the target592

sentence. The results concerning language strongly593

confirm the hypothesis that models also suffer from594

language bias, and that verbalizations in English595

are more accurate. These results may also be influ-596

enced by the fact that both Italian and Spanish have597

richer morphologies than English. For example, the598

Italian verbalization of the triples Amanda Ammann599

| country of citizenship | Switzerland;600

Amanda Ammann | occupation | model results601

in "Amanda Ammann è una cittadina svizzera e la-602

vora come modello" (English translation: Amanda603

Ammann is a Swiss citizen and works as a model),604

which exhibits a gender disagreement between the605

first part of the sentence (“cittadina svizzera”) and606

the final noun (“modello”). Generally Italian out-607

put tend to be less accurate and suffer from some608

additions and omissions.609

Another important finding emerging from the610

results is the high variability across evaluation met-611

rics. In particular, reference-based metrics are not612

always able to detect the presence of bias or pro- 613

vide reliable scores, as becomes evident from the 614

comparison with PPL, which yields more consis- 615

tent results. In addition, the analysis suggests that 616

different models may be affected by different types 617

of bias; in particular, Gemma exhibits a higher PPL 618

for triples containing long-tail entities. 619

The prior-knowledge experiment confirms our 620

hypothesis that models perform better on a bench- 621

mark such as WebNLG compared to TailNLG 622

(RQ2), as the models may have been exposed 623

during pre-training to information related to the 624

WebNLG benchmark or to the entities it contains. 625

This finding is supported, with statistical signifi- 626

cance, by both reference-based evaluation metrics 627

and PPL. 628

7 Conclusion and Future Works 629

In this work, we investigated the performance 630

of three state-of-the-art language models’ fami- 631

lies in depth for verbalizing long-tail entities in 632

a multilingual setting. To this end, we intro- 633

duced TailNLG, the first benchmark composed 634

of triple–verbalization pairs covering entities that 635

range from rare to well-represented. Our results 636

show that the leveraged models suffer from both 637

language and entity biases, and that they perform 638

better on a widely exploited benchmark such as 639

WebNLG compared to TailNLG. Consistent with 640

prior work, our findings highlight that current 641

models struggle to handle long-tail entities, re- 642

vealing limitations that make tasks involving less- 643

represented entities more difficult and less reliable. 644

As future work, we plan to first enrich the 645

TailNLG benchmark by adding more languages 646

and data units. To further refine the dataset, we 647

also aim to distinguish entity types not only based 648

on their popularity (i.e., number of claims) but also 649

by incorporating culturally specific data units to 650

explore the models’ cultural bias. Finally, we plan 651

to enrich the dataset with a gold standard that takes 652

into account the diverse perspectives of annotators, 653

enabling the investigation of human label variation 654

in the verbalization task. 655

Limitations 656

We acknowledge that building a new high-quality 657

benchmark is challenging, as it requires achieving 658

an appropriate balance between human annotation 659

and automatic processing steps. In this work, we 660

consistently paired the automatic phase with hu- 661
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man assessment in an effort to ensure the high-662

est possible quality. Nevertheless, the presence663

of silver verbalizations in the benchmark consti-664

tutes a limitation, since machine translation tools,665

although reliable, may not fully align with human666

judgments.667

Second, by leveraging a well-known resource668

such as Wikidata, the variability of available claims669

is limited. As a result, models may already be670

familiar with many of the relations, which also671

recur across different data units.672

Finally, in defining long-tail entities, we adopted673

a simplified approach for experimental purposes,674

considering only a quantitative parameter (num-675

ber of claims). However, we are aware that entity676

underrepresentation is a multifaceted issue that in-677

volves multiple dimensions, both vertical (numeros-678

ity) and horizontal (cultural aspects). In future679

work, it would be valuable to consider additional680

perspectives and to define long-tail entities using a681

more comprehensive characterization.682

Ethical considerations683

Our work relies on knowledge extracted from Wiki-684

data, whose community of contributors has recog-685

nized the underrepresentation of non-Western and686

woman contributors. This has an impact on how687

knowledge is shaped and which entities suffer un-688

derrepresentation. Adopting a purely statistical ap-689

proach to the definition of long-tail entities might690

have resulted in overlooking these cultural factors.691

Nevertheless, this approach was preferred to the692

adoption of theoretically grounded models of under-693

representation, as the latter could have introduced694

additional research bias in corpus creation.695

All annotations have been performed voluntar-696

ily by the members of our research group without697

relying on external annotation platforms.698

During the preparation of this work, the authors699

used AI tools in order to: Grammar and spelling700

check. After using this tool, the authors reviewed701

and edited the content as needed and take full re-702

sponsibility for the publication’s content.703
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A Verbalization guidelines 961

The annotators were asked to verbalize the data- 962

units following guidelines: 963

A.1 Verbalization 964

• Verbalize the triples as naturally as possible, 965

aiming to create grammatically correct and 966

fluent sentences. You may choose whether or 967

not to follow the original order of the triples. 968

Please indicate this in the “Order preserved” 969

column by writing YES if the triple is verbal- 970

ized in the same order, or NO if it is not. 971

• You are free to break down the information 972

conveyed by each set of triples in one or more 973

sentences according to your preferences. 974

• If a triple makes no sense (e.g., "Black Racer", 975

"different from", "Black Racer"), you may 976

choose not to verbalize it. In this case, write 977

NA in the annotation column. 978

• If a triple is very difficult or uncertain to in- 979

terpret, you may propose a verbalization and 980
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leave comments in the Notes column. A col-981

league will review uncertain verbalizations982

later.983

• If you have the necessity to check the984

meaning or the translation of certain entities985

of claim you can use WikiData https:986

//www.wikidata.org/wiki/Wikidata:987

Main_Page.988

• Named entities989

– For named entities, if an equivalent ex-990

ists in Italian or Spanish, please use the991

correct translation in your verbalization.992

– If you have doubts about the translation993

of a claim, you can find the correspond-994

ing version in Spanish or Italian on Wiki-995

data.996

– If you cannot find an equivalent in Ital-997

ian or Spanish, do not translate it. In-998

stead, flag the triple as problematic in the999

“Notes” column.1000

A.2 Validation1001

In this phase, the annotators will cross-check and1002

review colleagues’ annotations, evaluating whether1003

each verbalization is acceptable by answering the1004

following questions:1005

• Does the text sound fluent and natural?1006

• Does the text include all and only the informa-1007

tion from the data?1008

• Is the text written in good language (no1009

spelling or grammatical mistakes)?1010

B Data Unit distribution per Category1011

C Translation1012

C.1 Error correction1013

You are provided with a Source, Trans-1014

lation, Translation quality analysis, and1015

Translation quality score (weak, moder-1016

ate, good, excellent). The Translation1017

quality analysis contain a translation1018

with marked error spans with different1019

levels of severity (minor, major or1020

critical). Additionally, we may provide1021

a **reference translation**. Given this1022

information, generate an explanation for1023

each error and a fully correct translation.1024

Italian source: Osvaldo il congilio è un1025

Category Count

Politician 47
Airport 46
Model 30
SportsTeam 37
Building 47
Company 44
Artist 41
City 47
MeanOfTransportation 20
Food 35
CelestialBody 17
Astronaut 33
Monument 47
ComicsCharacter 48
River 30
University 47
WrittenWork 26
Athlete 47

Type Count

Long-tail 408
Head 218

Total entries 689

Table 4: Distribution of data entries across categories
and entity types.

personaggio dell’opera Lupo Alberto 1026

English translation: Osvaldo the congil 1027

is a character from the opera Wolf 1028

Albert. 1029

Translation quality analysis: 1030

Osvaldo the con<error sever- 1031

ity="minor">gil</error> is a char- 1032

acter from the opera<error sever- 1033

ity="minor">Wolf Albert</error>. 1034

Translation quality score: good 1035

The corresponding output is: 1036

Explanation for error: The term "con- 1037

gilio" is a typographical error and should 1038

be corrected to "coniglio," which means 1039

"rabbit" in Italian. The correct trans- 1040

lation of "Lupo Alberto" is "Wolfy Al- 1041

bert," as "Lupo" means "wolf" and "Al- 1042

berto" is a common name in Italian. The 1043

translation also misses the gender of "Os- 1044

valdo," which is masculine, and the cor- 1045

rect translation should reflect that. Ad- 1046

ditionally, the translation of "opera" as 1047
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"opera" is correct, but the translation of1048

"Wolf Albert" as "Wolf Albert" is incor-1049

rect because it does not convey the cor-1050

rect name of the work. The correct trans-1051

lation should reflect the proper name of1052

the work, which is "Lupo Alberto."1053

C.2 Guidelines Human MT Evaluation1054

Annotators were instructed to strictly follow the1055

evaluation guidelines and, when necessary, to cor-1056

rect the MT output by providing a correct or more1057

accurate version.1058

Annotate as 1 if the error is present and 0 if not,1059

respecting the following taxonomy:1060

Accuracy1061

Issues related to whether the information content1062

of the target is equivalent to the source. Subcate-1063

gories:1064

• Terminology: Issues related to the use of1065

domain-specific terms.1066

• Mistranslation: Issues related to the im-1067

proper translation of content, including erro-1068

neous translation of named entities.1069

• Omission: Content present in the source is1070

missing in the target.1071

• Addition: Content not present in the source1072

has been added to the target.1073

• Untranslated: Text inappropriately appears1074

in the source language.1075

Fluency1076

Issues related to the linguistic properties of the1077

target without relation to its status as a translation.1078

Subcategories:1079

• Grammar: Issues related to grammatical1080

properties of the text.1081

• Style: The text shows stylistic problems.1082

• Spelling: The text is spelled incorrectly.1083

• Typography: Problems related to typographi-1084

cal conventions.1085

• Unintelligible: Text is garbled or otherwise1086

unintelligible; indicates a major breakdown in1087

fluency.1088

Corrected Translation 1089

If the target translation is incorrect, you may pro- 1090

pose a new translation in the “Corrected translation” 1091

column. 1092

Guidelines for Annotators 1093

• Evaluate whether translating a Named En- 1094

tity (NE) makes sense in context, taking into 1095

account cultural and linguistic conventions; 1096

some NEs may be left untranslated. 1097

• Named entities should be considered correctly 1098

translated when it is common in the target 1099

language to refer to the entity in that way; 1100

otherwise, mark them as incorrect. Examples: 1101

– Crist Redemptor → Cristo Redentore → 1102

Christ the Redeemer [Correct] 1103

– Lupo Alberto → Wolfy Albert [Incor- 1104

rect] 1105

– Louis the Springer → Luigi il Precursore 1106

[Incorrect] 1107

Wrong NEs must be annotated in the column 1108

“Mistranslation”. 1109

• Assess when it is appropriate to keep a term 1110

in English (or another source language). 1111

• Pay attention to the correct use of verb tenses. 1112

• Ensure agreement between singular and plu- 1113

ral. 1114

• The translation should be read naturally in the 1115

target language. 1116

• Ensure that the meaning is accurately pre- 1117

served. 1118

• Annotators should mark 1 for each subcate- 1119

gory when an issue occurs. If you label 1, 1120

specify why in the “note” column. 1121

C.3 Manual assessment of translation 1122

In the table below are reported the Spearman and 1123

Pearson correlation between the two annotators. 1124

D TailNLG Benchmark 1125

Each entry contains the following metadata labels: 1126

• Category: domain/class of the subject (e.g., 1127

Artist, City, Monument). 1128

• Eid: internal entry id (e.g., Id1). 1129
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Source Target ρ r

es en 0.23 0.25
en es 0.32* 0.27
it en 0.15 0.02
en it 0.56* 0.64
es it 0.26 0.22
it es 0.53* 0.49*

Table 5: Spearman (ρ) and Pearson (r) correlation coef-
ficients across language pairs. Source and Target denote
the source language and the target language into which
the source is translated, respectively. Asterisks (*) de-
note a statistically significant difference (p < 0.05).

• Shape_type: data Units configuration (chain,1130

sibling, mixed) that controls structural com-1131

plexity.1132

• Size: number of triples for Data Units.1133

• Qid: Wikidata Id.1134

• Type: Distinction between head and long-tail1135

entities1136

• Sub_type: Distinction between subtypes (e.g.1137

head entities with rare claims).1138

• triplesets: originaltripleset (as col-1139

lected) and modifiedtripleset (normalized1140

input).1141

• lexicalizations: one or more lex elements1142

with attributes quality (gold/silver) and1143

lang (en/es/it).1144

E Prompts1145

English version In English, structured data is1146

commonly represented as triples, with the format1147

[subject, predicate, object]. Based on these triples,1148

generate a single-paragraph text composed of com-1149

plete, grammatically correct, and natural sentences.1150

INSTRUCTIONS:1151

- Generate the text solely from the input triples1152

- Return the final verbalization with this format:1153

The final verbalization is: [verbalization output]1154

- Insert the verbalization of the input triples within1155

square brackets [], without adding anything else.1156

Spanish version En español, los datos estructura-1157

dos se representan comúnmente como tríos, con el1158

formato [sujeto, predicado, objeto]. Basándose en1159

estos tríos, genere un texto de un solo párrafo com-1160

puesto por oraciones completas, gramaticalmente1161

correctas y naturales.1162

INSTRUCCIONES: 1163

- Genere el texto únicamente a partir de las tripletas 1164

de entrada. 1165

- Devuelva la verbalización final con este formato: 1166

La verbalización final es: [salida de verbalización] 1167

- entre corchetes [] inserte la verbalización de las 1168

tripletas de entrada, sin añadir nada más 1169

Italian version In italiano, i dati strutturati sono 1170

comunemente rappresentati come triple, con il for- 1171

mato [soggetto, predicato, oggetto]. Sulla base di 1172

queste triple, genera un testo di un solo paragrafo 1173

composto da frasi complete, grammaticalmente cor- 1174

rette e naturali. 1175

INSTRUZIONI: 1176

- Genera il testo esclusivamente dalle triple in input 1177

- Restituisci la verbalizzazione finale con questo 1178

formato: La verbalizzazione finale è: [output di 1179

verbalizzazione] 1180

- tra le parentesi quadre [] inserisci la verbaliz- 1181

zazione delle triple in input, senza aggiungere altro. 1182

F Results 1183
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Model Type BERTr BLEU ↑ chrF ↑ R-1 ↑ R-2 ↑ R-L ↑ PPL ↓

Qwen-3B Long-tail 0.50 0.13 50.10 0.53 0.30 0.45 182.87
Top-head 0.51 0.13 49.12 0.52 0.29 0.44 70.45*

Qwen-7B Long-tail 0.56 0.19 54.27 0.58 0.35 0.49 138.70
Top-head 0.58 0.18 53.41 0.57 0.35 0.48 87.96*

Gemma-4b Long-tail 0.53 0.17 54.32 0.57 0.35 0.48 4724.94
Top-head 0.56 0.17 53.48 0.56 0.34 0.46 3488.00*

Gemma-12b Long-tail 0.62 0.24 60.38 0.64 0.42 0.55 455.57*

Top-head 0.64 0.23 58.73 0.63 0.40 0.53 797.47

Llama-3B Long-tail 0.49 0.13 49.75 0.51 0.30 0.43 102.40
Top-head 0.50 0.14 48.19 0.49 0.29 0.42 72.55*

Llama-8B Long-tail 0.55 0.18 53.81 0.58 0.36 0.50 134.53
Top-head 0.57 0.19 53.34 0.57 0.36 0.48 74.13*

Table 6: Comparison of models by type. Asterisks (∗) denote a statistically significant difference with p < 0.05.

Model Lang BERTr BLEU ↑ chrF ↑ R-1 ↑ R-2 ↑ R-L ↑ PPL ↓

Llama-3B
en 0.58* 0.21* 56.67* 0.63* 0.40* 0.53* 73.51*

es 0.46 0.11 46.40 0.47 0.26 0.39 114.99
it 0.44 0.08 44.26 0.42 0.22 0.35 81.98

Llama-8B
en 0.63* 0.25* 60.72* 0.66* 0.43* 0.56* 79.37*

es 0.59 0.18 53.27 0.58 0.35 0.49 170.14
it 0.45 0.13 46.85 0.48 0.28 0.42 80.23

Qwen-3B
en 0.50 0.17* 52.79* 0.60* 0.36* 0.51* 84.29
es 0.54* 0.12 49.10 0.51 0.28 0.43 227.52
it 0.48 0.09 47.19 0.46 0.24 0.39 100.23

Qwen-7B
en 0.67* 0.29* 62.71* 0.69* 0.46* 0.59* 119.43
es 0.60 0.16 52.78 0.56 0.33 0.48 149.16
it 0.45 0.11 46.25 0.46 0.26 0.40 85.39*

Gemma-4b
en 0.62* 0.23* 60.32* 0.66* 0.42* 0.55* 3798.99
es 0.51 0.14 50.76 0.53 0.31 0.44 6068.41
it 0.50 0.14 50.85 0.50 0.30 0.43 2794.93*

Gemma-12b
en 0.64* 0.27* 61.68* 0.68* 0.44* 0.57* 357.51
es 0.63 0.21 58.27 0.62 0.39 0.52 739.90
it 0.61 0.22 59.17 0.62 0.40 0.53 687.37

Table 7: Average scores for different languages for each model (zero-shot). Asterisks (∗) denote a statistically
significant difference with p < 0.05.

Model Quality BERTr ↑ BLEU ↑ chrF ↑ R-1 ↑ R-2 ↑ R-L ↑ PPL ↓

Llama-3B gold 0.46 0.12 48.04 0.48 0.27 0.40 95.30
silver 0.52* 0.14 49.80 0.52* 0.30* 0.44* 86.86*

Llama-8B gold 0.52 0.18 52.68 0.50 0.55* 0.48 90.94
silver 0.58* 0.19 54.22 0.59* 0.36 0.50* 122.10*

Qwen-3B gold 0.50 0.13 50.62 0.53 0.30 0.44 94.12
silver 0.51 0.13 49.08 0.52 0.29 0.45 165.11

Qwen-7B gold 0.53 0.17 52.59 0.55 0.33 0.47 117.53
silver 0.60* 0.20 54.75 0.59* 0.36 0.50 118.35

Gemma-4b gold 0.52 0.17 53.67 0.55 0.34 0.46 1143.13
silver 0.55* 0.18 54.18 0.57 0.35 0.48 6197.47

Gemma-12b gold 0.61 0.23 59.88 0.63 0.41 0.54 406.83
silver 0.64* 0.24 59.59 0.64 0.41 0.54 715.74

Table 8: Average scores for different quality levels (silver, gold) for each model (zero-shot). Asterisks (∗) denote a
statistically significant difference with p < 0.05.
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Type Lang BERTr BLEU ↑ chrF ↑ R-1 ↑ R-2 ↑ R-L ↑ PPL ↓

Llama-3B

Long-tail

en 0.57 0.21 56.58 0.62 0.39 0.53 86.17
es 0.45 0.11 47.07 0.48 0.26 0.40 144.99
it 0.44 0.09 45.61 0.44 0.23 0.37 75.80
total 0.49 0.13 49.75 0.51 0.30 0.43 102.32

WebNLG

en 0.56 0.23 57.17 0.71* 0.47* 0.56 53.67*

es 0.49* 0.16* 49.20 0.58* 0.35* 0.45* 68.28*

it 0.48* 0.13* 47.75* 0.53* 0.30* 0.42* 41.18*

total 0.51 0.17* 51.37 0.60 0.37 0.48* 54.38*

Llama-8B

Long-tail

en 0.61 0.25 60.39 0.66 0.43 0.56 93.36
es 0.58* 0.17 53.30 0.58 0.35 0.49 222.16
it 0.46* 0.13 47.73 0.49 0.29 0.43 88.06
total 0.55 0.18 53.81 0.58 0.36 0.50 134.53

WebNLG

en 0.61 0.30 65.53 0.74* 0.51* 0.59* 42.56*

es 0.55 0.19* 52.43 0.66* 0.43* 0.53* 90.42*

it 0.43 0.15* 45.35 0.54* 0.34* 0.46* 71.73*

total 0.53 0.21* 53.77 0.65* 0.43* 0.53* 68.23*

Gemma-4B

Long-tail

en 0.60 0.23 59.85 0.66 0.42 0.55 4886.76
es 0.50 0.14 51.49 0.54 0.32 0.45 8074.87
it 0.49 0.15 51.62 0.51 0.31 0.44 1213.20
total 0.53 0.17 54.32 0.57 0.35 0.48 4724.94

WebNLG

en 0.61 0.28* 62.43* 0.74* 0.50* 0.59* 930.34*

es 0.52 0.20* 53.79* 0.61* 0.39* 0.48* 1493.20*

it 0.49 0.18* 53.72 0.57* 0.36* 0.46 601.97*

total 0.54 0.22* 56.65* 0.64* 0.42* 0.51 1008.50*

Gemma-12B

Long-tail

en 0.63 0.26 61.65 0.67 0.44 0.58 330.02*

es 0.62 0.21 58.80 0.62 0.40 0.53 611.42
it 0.61 0.24 60.68 0.64 0.42 0.55 425.27
total 0.62 0.24 60.38 0.64 0.42 0.55 455.57

WebNLG

en 0.66* 0.33* 65.97 0.77* 0.53* 0.62* 333.93
es 0.65 0.30* 62.68 0.71* 0.49* 0.57* 210.04*

it 0.64* 0.28* 62.24* 0.70* 0.47* 0.57 326.33*

total 0.65* 0.30* 63.63 0.73* 0.50* 0.59* 290.10*

Qwen-3B

Long-tail

en 0.49 0.17 52.66 0.59 0.35 0.51 100.79
es 0.53 0.12 49.47 0.52 0.29 0.44 325.03
it 0.48 0.10 48.08 0.48 0.25 0.41 124.49
total 0.50 0.13 50.07 0.53 0.30 0.45 183.44

WebNLG

en 0.55* 0.24* 57.05 0.72* 0.47* 0.57* 51.40*

es 0.56* 0.17* 51.54 0.63* 0.38* 0.49* 150.84*

it 0.55* 0.15* 51.75 0.59* 0.34* 0.47* 55.81*

total 0.55* 0.19* 53.44 0.64* 0.40* 0.51* 86.02*

Qwen-7B

Long-tail

en 0.65* 0.29 62.47 0.69 0.46 0.58 134.13
es 0.60 0.16 53.43 0.57 0.34 0.49 181.75
it 0.44 0.11 46.82 0.47 0.26 0.41 100.26
total 0.56 0.19 54.24 0.58 0.35 0.49 138.71

WebNLG

en 0.68 0.34* 66.33 0.79* 0.55* 0.64* 46.52*

es 0.60 0.24 56.19 0.66* 0.43* 0.53* 117.41*

it 0.44 0.15 46.96 0.54* 0.33* 0.45* 122.70*

total 0.57 0.24 56.49 0.66* 0.44* 0.54* 95.54*

Table 9: Performance comparison of models on long-tail triples from TailNLG and WebNLG test set. Asterisks (∗)
denote a statistically significant difference with p < 0.05.

16


	Introduction
	Related Work
	Long-tail
	RDF-to-Text

	The TailNLG Benchmark
	Entities Selection
	Triples Extraction
	Verbalization
	Translation

	Methodology
	Experimental Setup
	Evaluation

	Results
	Do LLMs perform differently in the verbalization of rare entities, and does language impact the verbalization output?
	[RQ2] How does model performance differ when comparing the TailNLG benchmark with WebNLG?

	Discussion
	Conclusion and Future Works
	Verbalization guidelines
	Verbalization
	Validation

	Data Unit distribution per Category
	Translation
	Error correction
	Guidelines Human MT Evaluation
	Manual assessment of translation

	TailNLG Benchmark
	Prompts
	Results

