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Abstract001

Recent progress in universal multilingual002
named entity recognition (NER) has been003
driven by multilingual transformer models,004
task-specific architectures, custom loss func-005
tions, and large-scale training datasets. How-006
ever, despite substantial prior work, we find that007
many critical design decisions for such mod-008
els are made without systematic justification,009
with individual components evaluated only in010
combination rather than in isolation. We ar-011
gue that this lack of rigor impedes progress012
in the field by making it difficult to identify013
which choices improve multilingual general-014
ization. In this work, we conduct extensive015
experiments on transformer backbones, archi-016
tectures, training objectives, data composition,017
and threshold selection. Building on these find-018
ings, we present OTTER, a universal multi-019
lingual NER model supporting over 100 lan-020
guages. OTTER achieves consistent improve-021
ments over strong multilingual NER baselines,022
outperforming similarly sized models by 5.3023
percentage points in F1 and achieving com-024
petitive performance compared to 90× larger025
generative models, while being substantially026
more efficient. We release model checkpoints,027
training, and evaluation code to facilitate repro-028
ducibility and future research.029

1 Introduction030

Multilingual named entity recognition (NER) is031

a token-level information extraction task (Lample032

et al., 2016; Akbik et al., 2018) used in applications033

such as knowledge graph construction (Zhong et al.,034

2023; Arsenyan et al., 2024), invoice parsing (Perot035

et al., 2024) or web search (Shachar et al., 2025).036

While large language models (LLMs) (Grattafiori037

et al., 2024; Yang et al., 2025; DeepSeek-AI et al.,038

2025; Team et al., 2025) are increasingly capable039

and improve performance on multilingual NER,040

their billion parameters come at a high computa-041

tional cost. Instead, recent work use such models042

Figure 1: Overview of the design choices in universal
multilingual NER systems: the dataset, backbone, ar-
chitecture, and training objective. Prior work typically
fixes a particular combination of these choices and stud-
ies only their joint effect. In this work, we vary each
dimension in a controlled setting to isolate its impact on
performance and efficiency.

as effective teachers for training smaller, more ef- 043

ficient encoder-only models, as done in GLiNER 044

(Zaratiana et al., 2024, 2025), NuNER (Bogdanov 045

et al., 2024), or LitSet (Golde et al., 2024). 046

Design choices are rarely justified. However, 047

despite this progress, many design choices in the 048

literature are only weakly justified or briefly dis- 049

cussed. Because such choices vary widely across 050

systems, it is hard to tell which ones actually drive 051

performance, and progress becomes difficult to in- 052

terpret. For instance, Zaratiana et al. (2024); Huang 053

et al. (2022) use a cross-encoder architecture, 054

while Zhang et al. (2023); Bogdanov et al. (2024); 055
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Golde et al. (2024) use a bi-encoder. Likewise,056

gliner-multi-v2.11 uses mDeBERTa (He et al.,057

2023) as its backbone, whereas gliner-x-base2058

uses mT5 (Xue et al., 2021). To our knowledge,059

these choices have never been systematically ab-060

lated, so their trade-offs in compute, data efficiency,061

and performance remain poorly understood. In this062

work, we examine these core design dimensions063

and measure their effects on performance and effi-064

ciency.065

Identifying the core design dimensions. Specif-066

ically, we identify five core dimensions along067

which prior work differs: (i) the choice between068

cross-encoder and bi-encoder architectures, (ii) the069

transformer backbone, (iii) the training objective,070

(iv) the composition of the training dataset, and071

(v) the selection of language-specific thresholds072

for zero-shot NER. Figure 1 illustrates these di-073

mensions. We evaluate them within a controlled074

experimental setting to isolate their individual and075

joint effects.076

Contributions. Building on these insights, we077

train OTTER, an optimized universal multilingual078

NER model. OTTER achieves strong performance079

across seven multilingual NER benchmarks, con-080

sistently outperforming existing models of compa-081

rable size and remaining competitive with substan-082

tially larger generative models, while also being083

efficient at both training and inference time. We084

structure the paper around the design dimensions085

identified above, devoting a section to each, and086

we release model checkpoints and code to support087

reproducibility and further research in multilingual088

NER.089

We summarize our contributions as follows:090

• We empirically investigate the critical design091

choices in universal multilingual NER, iso-092

lating the effects of architecture, transformer093

backbone, loss function, training data and094

language-specific thresholding.095

• Building on these findings, we derive OTTER,096

a multilingual NER model supporting over097

100 languages, and evaluate it zero-shot across098

multiple benchmarks, achieving state-of-the-099

art performance on many of them.100

1https://huggingface.co/urchade/gliner_
multi-v2.1

2https://huggingface.co/knowledgator/
gliner-x-base

• We release the model checkpoints, training 101

datasets, and training and evaluation code to 102

facilitate reproducibility and further study in 103

multilingual NER.3 104

2 Methodology 105

2.1 Dimension 1: Architecture and Backbone 106

At a high level, there are two main approaches for 107

combining text inputs X = x1, . . . , xn and label in- 108

puts Y = y1, . . . , yn. The cross-encoder approach 109

concatenates text and label descriptions and feeds 110

them jointly into a single transformer, allowing 111

text tokens to directly cross-attend to label tokens 112

(Equation (1)). This paradigm is used, for example, 113

in GLiNER (Zaratiana et al., 2024). In contrast, 114

bi-encoders process text and label inputs separately 115

using two transformer encoders (Equation (2)), as 116

in Binder (Zhang et al., 2023), and combine their 117

representations only after encoding. 118

HX,HY = fCE(X,Y), (1) 119

HX = fX
BI(X), HY = fY

BI(Y). (2) 120

The underlying encoders are typically initialized 121

from pretrained transformer models and are trained 122

using in-batch negatives. We note that there are 123

also more advanced approaches to negative mining 124

which we do not explore with this work. 125

Given hidden representations HX ∈ R|X|×d and 126

HY ∈ R|Y|×d, we project token and label represen- 127

tations using two-layer MLPs to obtain start, end, 128

and label embeddings (Equations (3) to (5)). Can- 129

didate spans are then represented by concatenating 130

the corresponding start and end projections with a 131

span-width embedding, yielding a span representa- 132

tion ki,j for each span (i, j) (Equation (6)). 133

S = MLPSTART(H
X), (3) 134

E = MLPEND(H
X), (4) 135

Q = MLPLABEL(H
L), (5) 136

ki,j = MLPSPAN

(
si ⊕ ej ⊕D(j − i)

)
. (6) 137

We then use a span representation ki,j to com- 138

pute label-specific logits using label representations 139

Q (Equation (7)). 140

ℓi,j,n = k⊤
i,jqn, qn ∈ Q. (7) 141

Technically, we follow the ideas of GLiNER 142

for the cross-encoder setup by introducing an ad- 143

ditional [LABEL] token to obtain label representa- 144

tions, and we adopt the Binder formulation for the 145

3Removed for double-blind review.
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bi-encoder setup. In our experiments, we sweep146

over both architectures using five different trans-147

former backbones.148

2.2 Dimension 2: Fine-Tuning Datasets149

In parallel, several large-scale NER datasets have150

been released that use large language models to151

annotate unlabeled data, which is then used to train152

smaller models. These datasets typically cover153

large label sets following a long-tail distribution,154

such as PileNER (Zhou et al., 2024) or NuNER155

(Bogdanov et al., 2024). Rather than a fixed on-156

tology, such label sets provide a more realistic su-157

pervision signal for generalizing to arbitrary label158

descriptions. In our experiments, we use datasets159

that vary substantially in language coverage, rang-160

ing from English-only to 91 languages. This lets161

us investigate whether a multilingual transformer162

trained only on English is sufficient for cross-163

lingual generalization, or whether fine-tuning on164

multilingual data yields additional gains.165

Further, we investigate the role of thresholding in166

multilingual NER. Multilingual transformers tend167

to produce predicted spans of substantially different168

lengths across languages, for example shorter spans169

for English and longer ones for Chinese, which af-170

fects both training and prediction (cf. Section F). A171

single fixed decision threshold is therefore unlikely172

to be optimal across all languages, however, it is173

desirable from a usability perspective. We investi-174

gate language-specific thresholding to account for175

these differences.176

2.3 Dimension 3: Loss Functions177

The training objective determines how the model178

combines text and label representations, and it must179

handle the severe class imbalance in span-based180

NER, where most span–label pairs are negatives.181

Existing models take different approaches: Binder182

uses a contrastive loss to align span and label rep-183

resentations in a shared embedding space, whereas184

GLiNER applies a binary cross-entropy loss over185

span–label pairs. In this work, we explore a range186

of loss functions that all aim to improve general-187

ization under imbalanced positive-to-negative an-188

notations: binary cross-entropy (BCE), BCE with189

positive weighting, focal loss (Lin et al., 2018) with190

varying α and γ, contrastive loss, and dice loss (Li191

et al., 2020).192

2.4 Modeling Without Word Segmentation 193

Classical named entity recognition relies on BIO 194

tagging (Ratinov and Roth, 2009), which assigns a 195

label to each word in the sequence. This requires 196

the input to be split into words beforehand. Word- 197

level tagging keeps the number of negative candi- 198

dates low and simplifies training, but it has two 199

drawbacks for our setting. First, it ties supervision 200

to word boundaries, so the model only updates the 201

representations at those boundaries. Second, and 202

more importantly, splitting text into words requires 203

an accurate word-segmentation model for each lan- 204

guage, which is impractical when covering many 205

languages and scripts. 206

To avoid this, we train directly on the raw in- 207

put text and let the model handle segmentation it- 208

self, forming candidate spans over subword tokens 209

rather than words. This increases the number of 210

negative span candidates, but it removes the need 211

for external, language-specific preprocessing and 212

ensures consistent behavior across scripts. We ana- 213

lyze this trade-off in Section F. 214

3 Experiment 1: Architecture and 215

Backbone 216

In this experiment, we train cross- and bi-encoder 217

models on the PileNER dataset (English-only, Latin 218

script) on five multilingual transformer backbones: 219

(i) xlm-roberta-base (Conneau et al., 2020), (ii) 220

mmBERT (Marone et al., 2025), (iii) mT5-base (Xue 221

et al., 2021), (iv) mdeberta-v3-base (He et al., 222

2023) and (v) rembert (Chung et al., 2021). 223

Hyperparameters. We train all models for 10k 224

steps without early stopping, using a batch size 225

of 12 and the AdamW optimizer (Loshchilov and 226

Hutter, 2019). Unless stated otherwise, we use 227

a learning rate of 3 × 10−5 for all transformer 228

backbones and MLP components, following the 229

settings recommended in the original works. For 230

the mT5 backbone, we use a higher learning rate 231

of 1 × 10−3, as suggested in the original paper. 232

We fix the maximum sequence length to 512 to- 233

kens (1024 for mmBERT) and consider subword 234

spans of up to length 30. We set the output di- 235

mension of all MLP projections to dMLP = 384 236

and that of the span-width embedding layer to 237

dwidth = 128. For the bi-encoder setup, we 238

use multilingual-bert-base-uncased (Devlin 239

et al., 2019) as the label encoder and represent la- 240

bels using the [CLS] token. We use standard binary 241
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Backbone
Architecture mDeBERTa mmBERT mT5 RemBERT XLM-R Avg.

Bi-Encoder 0.458 0.489 0.425 0.471 0.456 0.460
Cross-Encoder 0.494 0.529 0.427 0.528 0.441 0.484

Avg. 0.476 0.509 0.426 0.499 0.448 –

Table 1: Macro-averaged F1 on the holdout validation set for each combination of architecture and transformer
backbone, trained on PileNER. Within each row, the best and second-best scores are shown in bold and underlined,
respectively.

Figure 2: Macro-averaged micro-F1 scores across all backbones evaluation benchmarks with different decision
thresholds t. We observe that optimal performance is dependent on the transformer backbone.

cross-entropy loss and leave the exploration of dif-242

ferent datasets and loss functions to later sections.243

For evaluation during development, we use244

a holdout set of eight languages (English, Ger-245

man, French, Spanish, Chinese, Arabic, Hindi,246

and Japanese), drawn from the validation splits247

of MultiNERD (Tedeschi and Navigli, 2022) and248

PAN-X (Hu et al., 2020), with 500 samples per249

split. We perform threshold optimization after train-250

ing to study transfer across languages. While per-251

language thresholds can be tuned when validation252

data is available for each target language, this is un-253

realistic in a zero-shot setting, where the languages254

seen at inference time are not known in advance.255

We therefore tune a single global threshold on the256

holdout set and apply it across all languages, favor-257

ing robust transfer to unseen languages over per-258

language fitting and avoiding the need for language-259

specific validation data at deployment time.260

Results. We report results on the validation set261

in Table 1, using the best global threshold for each262

configuration. The cross-encoder outperforms the263

bi-encoder on average (0.484 vs. 0.460 F1), and264

mmBERT is the strongest backbone overall (0.509265

F1 averaged across architectures), followed closely266

by RemBERT (0.499 F1). For both architectures,267

mmBERT is the best backbone (0.489 F1 for the 268

bi-encoder, 0.529 F1 for the cross-encoder) and 269

RemBERT the second-best, suggesting that the rel- 270

ative ranking of backbones is fairly stable across 271

architectures. Backbone choice nonetheless mat- 272

ters substantially: mT5 is consistently the weakest, 273

trailing mmBERT by 0.064 F1 in the bi-encoder 274

setting and by 0.102 F1 in the cross-encoder set- 275

ting. XLM-R is the one backbone whose ranking 276

depends on the architecture, performing reasonably 277

in the bi-encoder setup (0.456 F1) but dropping to 278

the lowest cross-encoder score among the strong 279

backbones (0.441 F1). 280

Threshold Selection. We evaluate model per- 281

formance across a range of global decision thresh- 282

olds t ∈ {0.05, 0.1, 0.15, . . . , 0.5}, in steps of 283

0.05, used to convert span–label scores into final 284

predictions. We restrict the range to [0.05, 0.5] 285

because lower thresholds are needed to compen- 286

sate for the large negative-to-positive span ratio 287

in span-based NER. Figure 2 shows the macro- 288

averaged micro-F1 over the eight validation splits 289

for each backbone, with the optimal threshold per 290

curve marked. We observe a consistent differ- 291

ence between the two architectures: the bi-encoder 292

peaks at lower thresholds (roughly t ∈ [0.2, 0.3]), 293
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Figure 3: F1 versus decision threshold per language,
macro-averaged over backbones for each architecture
(cross-encoder: solid; bi-encoder: dashed). Latin (avg.)
is averaged over English, German, French, and Spanish;
the optimal threshold per curve is marked.

whereas the cross-encoder peaks at higher thresh-294

olds (roughly t ∈ [0.4, 0.5]). We attribute this295

to the way each architecture combines span and296

label information. The bi-encoder relies on late297

interaction, scoring spans and labels independently298

before comparing them, which tends to produce299

lower-confidence matches that are best captured at300

lower thresholds. The cross-encoder fuses span and301

label information early, yielding sharper, higher-302

confidence scores that favor higher thresholds.303

Cross-encoders transfer better across scripts.304

To examine how thresholding interacts with differ-305

ent languages and scripts, we macro-average over306

backbones to obtain a single curve per architecture307

for each language, shown in Figure 3. On Latin-308

script languages (averaged over English, German,309

French, and Spanish), the two architectures behave310

almost identically, peaking at high thresholds. Non-311

Latin scripts, in contrast, peak at lower thresholds,312

likely because subword tokenization splits them313

into more fragments. The differences between ar-314

chitectures also emerge here: across Hindi, Arabic,315

Japanese, and Chinese, the cross-encoder (solid)316

consistently outperforms the bi-encoder (dashed),317

with the gap widening at higher thresholds. This318

suggests that early fusion of span and label infor-319

mation in the cross-encoder leads to better cross-320

lingual and cross-script transfer than the late inter-321

action of the bi-encoder.322

Performance Comparison. Using the cross-323

and bi-encoder with mmBERT, we compare how324

their cost and performance scale with the number325

Figure 4: Micro-F1, latency, and FLOPs versus the
number of inference labels for the cross- and bi-encoder
(mmBERT). The dotted line shows bi-encoder inference
FLOPs with cached label embeddings.

of labels provided at inference. We extend the 326

label set of our validation split up to 1,000 label de- 327

scriptions by adding the most frequent labels from 328

PileNER, thereby introducing noise and ambiguity, 329

such as synonyms or more fine-grained labels. We 330

measure micro-F1, inference latency, and FLOPs 331

(Figure 4). We find that micro-F1 decreases for 332

both architectures as the label set grows, indicating 333

that larger, more confusable label sets hurt per- 334

formance. The cross-encoder, however, collapses 335

beyond 250 labels: once not all labels fit in a sin- 336

gle forward pass, logits computed across separate 337

batches are no longer comparable. The bi-encoder 338

avoids this, as its scores are independent of the 339

batch composition. In terms of cost, the bi-encoder 340

has higher training FLOPs, but at inference its la- 341

bel embeddings can be cached and reused across 342

inputs, making inference roughly linear in the la- 343

bel set size and far cheaper. Bi-encoder latency is 344

nearly identical with and without caching, so we 345

omit the training-time curve for readability. 346

5



Bi-Encoder Cross-Encoder
Dataset RemBERT mmBERT RemBERT mmBERT Avg.

PileNER 0.471 0.489 0.528 0.529 0.504
Euro-GLiNER-x 0.488 0.575 0.534 0.612 0.552
FiNERweb 0.453 0.474 0.555 0.575 0.514

Table 2: Macro-averaged F1 across evaluation language splits per training dataset for bi-encoder and cross-encoder
architectures with different transformer backbones. Best per row in bold, second-best underlined.

Figure 5: Macro-averaged micro-F1 scores with different decision thresholds t using different training datasets. We
observe that optimal performance for each language is dependent on scripts and languages covered during training.

4 Experiment 2: Multilingual347

Fine-Tuning348

We now analyze the effect of the fine-tuning dataset.349

We consider three datasets: (i) PileNER (Zhou350

et al., 2024), which is English-only; (ii) Euro-351

GLiNER-x 4, which covers 12 Indo-European lan-352

guages in Latin script; and (iii) FiNERweb (Golde353

et al., 2025), which spans 91 languages and 25354

scripts. All three follow a long-tail distribution of355

entity types. We ask whether fine-tuning a multi-356

lingual backbone on English-only data is sufficient,357

or whether multilingual training data is needed.358

As a first indication, we tokenize each dataset359

with the XLM-R tokenizer and compute the frac-360

tion of subword embeddings that receive gradient361

updates during training (cf. Table 6). FiNERweb362

updates over 94% of subword embeddings, com-363

pared to only 38.55% for English-only PileNER,364

suggesting that much of the multilingual vocabu-365

lary is never trained under English-only fine-tuning.366

We otherwise reuse the experimental setup from367

the previous section.368

Results. We report macro-averaged F1 per train-369

ing dataset in Table 2. The cross-encoder outper-370

4https://huggingface.co/datasets/knowledgator/
gliner-multilingual-synthetic

forms the bi-encoder across all datasets and back- 371

bones, and mmBERT is the stronger backbone in 372

every setting. Multilingual training helps overall: 373

the best result for each architecture is obtained with 374

a multilingual dataset rather than with PileNER. 375

Euro-GLiNER-x is the strongest dataset on av- 376

erage (0.552), improving over PileNER for both 377

architectures (e.g., cross-encoder with mmBERT: 378

0.529 → 0.612). FiNERweb also improves the 379

cross-encoder over PileNER (0.529 → 0.575 for 380

mmBERT) but, unlike Euro-GLiNER-x, does not 381

help the bi-encoder, where it falls slightly below 382

English-only training. 383

Per-language analysis. Figure 5 breaks perfor- 384

mance down by language for the cross-encoder 385

with mmBERT. The gains from multilingual train- 386

ing are uneven across scripts. On Latin-script lan- 387

guages, FiNERweb does not improve over the other 388

datasets and even trails them, likely because its 389

broad language coverage dilutes Latin-script super- 390

vision. On non-Latin scripts, however, FiNERweb 391

already yields clear improvements, with Arabic, 392

Hindi, and Japanese all scoring higher than under 393

English- or Latin-only training. This indicates that 394

broad multilingual coverage trades a small amount 395

of Latin-script performance for substantially better 396

transfer to underrepresented scripts. 397
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Loss Function F1 Score

Baseline (BCE) 0.575

BCE + Pos. Weight λ
λ = 10.0 0.530
λ = 100.0 0.432

Focal Loss
α = 0.75, γ = 1.0 0.585
α = 0.25, γ = 2.0 0.573

Contrastive Loss
α = 0.5, β = 0.5 0.046

Dice Loss 0.577

Table 3: Performance across evaluation datasets for
different loss functions (cross-encoder, mmBERT, FiN-
ERweb).

5 Experiment 3: Loss Functions398

Using the best configuration from the previous399

experiments (mmBERT trained on FiNERweb), we400

compare loss functions: (i) binary cross-entropy401

(BCE) with optional positive upweighting, (ii) focal402

loss with varying α and γ, and (iii) a contrastive403

loss with adaptive thresholding (full definitions in404

Section E).405

Results. We report results in Table 3. Upweight-406

ing positives does not help and instead degrades per-407

formance, mainly by shifting the decision threshold408

upward. Dice loss roughly matches BCE (0.577 vs.409

0.575), and contrastive loss fails to train competi-410

tively in our setting (0.046), despite removing the411

need for a fixed threshold. Focal loss gives the best412

result (0.585 with α=0.75, γ=1.0), a marginal im-413

provement over BCE. We attribute this small gain414

to the breadth of label descriptions in FiNERweb:415

with many overlapping and fine-grained labels, the416

down-weighting of easy negatives in focal loss pro-417

vides a modest benefit over BCE.418

6 Combining The Insights419

We finally combine our findings to obtain OTTER,420

training our best architecture–backbone combina-421

tion on FiNERweb for 30k steps without early422

stopping, using the mmBERT backbone and bi-423

nary cross-entropy loss. We choose FiNERweb for424

its broad language and script coverage, and BCE425

since the more advanced loss functions yielded only426

marginal gains. Based on our threshold analysis,427

we adopt a single global threshold per architecture,428

t = 0.3 for the cross-encoder and t = 0.2 for the 429

bi-encoder, choosing values at the lower end of 430

the optimal range since non-Latin scripts peak at 431

lower thresholds and we evaluate across many lan- 432

guages and splits. To situate OTTER against the 433

current related work, we compare it to two families 434

of baselines: general-purpose multilingual LLMs 435

and dedicated universal NER models. The former 436

includes GPT-55, Qwen3-32B (Yang et al., 2025), 437

and Gemma3-27B (Team et al., 2025); the latter 438

includes WikiNeural (Tedeschi et al., 2021) and 439

two multilingual GLiNER variants (Zaratiana et al., 440

2024). 441

Evaluation Benchmarks. We use seven mul- 442

tilingual datasets for evaluation: DynamicNER 443

(Luo et al., 2025), UNER (Mayhew et al., 2024), 444

Masakhaner 2.0 (Adelani et al., 2022), MultiN- 445

ERD (Tedeschi and Navigli, 2022), MultiCoNER 446

v1 (Malmasi et al., 2022) and v2 (Fetahu et al., 447

2023) and PAN-X (Hu et al., 2020). We provide 448

an overview of the number of languages and label 449

set sizes in Table 5. As our evaluation covers 250 450

test splits in total, we limit each test split at 1,000 451

examples when it is larger. We report all results 452

using micro-averaged F1 within each dataset across 453

languages and a macro-averaged F1 across datasets 454

when reporting aggregate results. 455

Results. We report all baselines and OTTER in 456

Table 4. Our best cross-encoder reaches 0.484 457

F1, the strongest result among similarly sized task- 458

specific models, beating GLiNER-x-base (0.431) 459

by 5.3 pp. With per-language thresholds (OTTER*), 460

it improves to 0.501 F1, matching Qwen3-32B 461

(0.503) within 0.2 pp despite being roughly 90× 462

smaller. This reinforces our finding from Section 3 463

that per-language thresholding matters, as tokeniza- 464

tion varies across languages. 465

The cross-encoder outperforms the bi-encoder 466

at scale (0.484 vs. 0.437 for mmBERT), unlike our 467

earlier holdout experiments where the two were 468

comparable. We attribute this to its early fusion 469

of span and label information, which better cap- 470

tures language-specific patterns such as the varying 471

positive-to-negative span ratio across languages. 472

Among LLMs, Gemma3-27B is strongest over- 473

all (0.543), ahead of Qwen3-32B (0.503), while 474

GPT-5 is surprisingly weak (0.347). Overall, a care- 475

fully designed task-specific model matches Qwen3- 476

32B at a fraction of the size and compute. 477

5https://platform.openai.com/docs/models/
gpt-5
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Datasets
Dynamic- Masakha- MultiCoNER Multi- PAN-X UNER Avg.

Model NER NER v1 v2 NERD

LLMs
GPT-5 0.204 0.388 0.267 0.133 0.496 0.477 0.468 0.347
Qwen3-32B 0.365 0.535 0.419 0.349 0.617 0.554 0.681 0.503
Gemma3-27B 0.434 0.594 0.428 0.373 0.646 0.584 0.742 0.543

Universal NER Models
WikiNeural 0.001 0.307 0.097 0.013 0.652 0.403 0.506 0.283
GLiNER-multi-v2.1 0.291 0.480 0.366 0.238 0.533 0.532 0.551 0.427
GLiNER-x-base 0.187 0.559 0.329 0.210 0.582 0.509 0.644 0.431

OTTER (BI-ENC.)

w/ RemBERT 0.166 0.541 0.351 0.156 0.595 0.508 0.704 0.432
w/ mmBERT 0.251 0.485 0.355 0.182 0.576 0.479 0.661 0.427

OTTER (CROSS-ENC.)

w/ RemBERT 0.354 0.573 0.347 0.294 0.636 0.436 0.540 0.454
w/ mmBERT 0.382 0.511 0.358 0.254 0.638 0.535 0.713 0.484
w/ mmBERT* 0.385 0.523 0.369 0.265 0.661 0.549 0.754 0.501

Table 4: Macro-averaged F1 scores across NER benchmarks. We highlight the best average performance in bold.
*Using the best performing threshold per language before aggregating.

7 Related Work478

Natural Language Prompting with LLMs.479

The advent of increasingly capable autoregressive480

language models has introduced a new paradigm481

based on natural language prompting (Brown et al.,482

2020; Schick and Schütze, 2021; Min et al., 2022),483

effectively replacing the fixed output layer. This484

paradigm has been widely applied to informa-485

tion extraction tasks, including text classification486

(Halder et al., 2020; Sun et al., 2023), entity linking487

(Cao et al., 2021; Ding et al., 2024), and named488

entity recognition (Huang et al., 2022; Ashok and489

Lipton, 2023), as well as joint modeling across490

multiple tasks (Wang et al., 2023).491

Knowledge Distillation from Synthetic Datasets.492

A major drawback of large language models is493

their substantial computational cost. Consequently,494

more recent work no longer relies on the autore-495

gressive generation process at inference time, but496

instead adopts a knowledge distillation framework497

(Hinton et al., 2015). In this setup, LLMs serve as498

teachers to produce annotated datasets in a one-off499

process (Ye et al., 2022). This approach has been500

successfully applied to named entity recognition501

(Zhou et al., 2024; Bogdanov et al., 2024; Golde502

et al., 2025).503

Universal NER. Recent work such as Binder 504

(Zhang et al., 2023) and NuNER (Bogdanov et al., 505

2024) employs bi-encoder architectures, whereas 506

USM (Lou et al., 2023) and GLiNER (Zaratiana 507

et al., 2024) rely on cross-encoders. However, these 508

models differ substantially in their loss functions, 509

transformer backbones, and training data. In con- 510

trast, our work compares these design choices in a 511

controlled experimental setting. Finally, our work 512

follows the same research direction as Huang et al. 513

(2019), but using more recent modeling approaches 514

and training paradigms for universal NER. 515

8 Conclusion 516

In this work, we systematically explored the de- 517

sign space of prior approaches to universal NER. 518

Based on these insights, we derived OTTER, a new 519

state-of-the-art universal NER model that gener- 520

alizes to more than 100 languages. Our results 521

indicate that (i) multilingual training data is essen- 522

tial for universal NER, (ii) the effectiveness of a 523

transformer backbone strongly depends on the cho- 524

sen architecture, (iii) cross-encoders outperform 525

bi-encoders at scale in terms of generalization, (iv) 526

a simple binary cross-entropy loss is sufficient, and 527

(v) threshold selection plays a critical role in uni- 528

versal, multilingual NER. 529
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Limitations530

Pretrained model and data constraints. Our pro-531

posed approach is limited by the availability and532

quality of pretrained multilingual language mod-533

els and training data, as the design of OTTER is534

empirically derived from existing architectures and535

datasets. In this work, the maximum languages536

supported in one training dataset is 91.537

Language coverage. Although we evaluate OT-538

TER on more than 150 languages, only a subset539

of these languages is represented in the training540

data. As a result, performance may degrade for541

languages outside the investigated training scope,542

in particular for low-resource languages or scripts543

that are underrepresented in the pretrained models544

and/or the training data.545

Label semantics. The evaluation benchmarks con-546

sidered in this work use label sets with distinct class547

boundaries such as “person” and “location”. We548

do not explicitly investigate the effect of semantic549

similarity between entity labels, e.g. “person” and550

“human”, which may contribute to the observed per-551

formance differences when training with labels in552

the target language because we train the model to553

treat these labels as distinct concepts.554

Threshold Selection. We find that threshold se-555

lection for zero-shot NER is highly language-556

dependent, and therefore select the threshold based557

on a hold-out validation set. Thus, the performance558

gap to in-domain fine-tuned models can remain559

substantial, as label definitions and, in particular,560

span boundary conventions differ across datasets.561

As a result, our model can serve as a suitable start-562

ing point for further fine-tuning on target datasets,563

where dataset-specific label and boundary defini-564

tions can be incorporated.565
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Appendix 928

A Implementation and Compute 929

We use for all our experiments the transformers 930

library (Wolf et al., 2020) and PyTorch (Ansel et al., 931

2024). We conducted all experiments on 8 NVIDIA 932

RTX A6000 GPUs with 48GB VRAM each. 933

For LLMs, we use the default hyperparameters 934

for generation and re-use the prompt and substring 935

extraction procedure as introduced in Golde et al. 936

(2025). 937

B Evaluation Benchmarks 938

We show an overview of all evaluation benchmarks 939

used in Table 5. 940

Dataset # Langs # Labels

PAN-X 176 3
MasakhaNER 20 4
UNER 13 3
MultiCoNER v2 12 33
MultiCoNER v1 11 6
MultiNERD 10 15
DynamicNER 8 155

Table 5: Overview of evaluation benchmarks used in
our experiments, showing the number of supported lan-
guages and number of entity types.

C Detailed Results 941

We show detailed results for selected experiments 942

in Tables 9 and 10. 943

D Error Analysis 944

As we do not rely on word segmentation and in- 945

stead learn entity boundaries implicitly at the em- 946

bedding level, we observe negative implications 947

for languages with productive prefixation. For ex- 948

ample, on the Shona split of MasakhaNER, we 949

find that our model achieves an F1 score of 0.298, 950

which is substantially lower than comparable base- 951

lines such as GLiNER (above 0.6 F1 for both vari- 952

ants). By inspecting the model predictions, we ob- 953

serve that locative or associative prefixes attached 954

to named entities (e.g., eZimbabwe “in Zimbabwe”, 955
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Original Inputs: [“Mapurisa”, “eZimbabwe”,
“Republic”, “Police”, . . . ]
Gold: [O, ORG, ORG, ORG, . . . ]
Subword Tokenized: [_Map, ur, isa, _e ,
Zimbabwe, _Republic, _Police, . . . ]
Pred: [O, O, O, O , ORG , ORG , ORG ]

Figure 6: Example of a subword-boundary error. The
prefix marker in eZimbabwe is labeled as O (red), while
the following subwords are correctly predicted as ORG
(green).

paVaMugabe “at Mr. Mugabe”) lead to discrepan-956

cies between our predicted spans and the evalua-957

tion format. Considering the range of languages958

covered by the training data, we find that such con-959

structions are comparatively rare, which leads the960

model to predict entity spans starting at the lexical961

stem (e.g., Zimbabwe Republic Police), resulting962

in boundary mismatches with the gold annotations963

(Figure 6). While this behavior does not conform964

to the annotation guidelines, we consider it linguis-965

tically plausible.966

E Loss Function Definitions967

For each candidate span si,j , our models predict a968

score for every entity label ek. We denote by pi,j,k969

the predicted probability for span si,j for label ek.970

Further, let k∗ denote the gold label index for span971

si,j (or ∅ if the span is negative).972

Binary cross-entropy loss. For a given span si,j973

with gold label k∗, binary cross-entropy computes974

the negative log-likelihood over the model’s pre-975

dicted scores for each label:976

ℓBCE = − log pi,j,k∗ −
∑
k ̸=k∗

log
(
1− pi,j,k

)
. (8)977

Focal loss. For a given span si,j and a label k,978

we define979

pt =

{
pi,j,k∗ if k = k∗,

1− pi,j,k otherwise.
(9)980

The focal loss is then981

ℓFocal(pt) = −αt(1− pt)
γ log(pt). (10)982

The focusing parameter γ controls the down-983

weighting of easy examples and when γ = 0, the984

loss reduces to classical cross-entropy. The weight-985

ing factor α balances positive and negative exam-986

ples and can be set using inverse class frequencies987

or tuned as a hyperparameter. This loss follows the988

idea by Lin et al. (2018).989

Contrastive loss. Following Zhang et al. (2023), 990

we treat (si,j , ek∗) as a positive pair and contrast it 991

against a set of negative spans S−
k∗ for the same la- 992

bel, where sim(·, ·) = cos(·, ·)/τ is a temperature- 993

scaled cosine similarity. This yields the span-based 994

typing objective: 995

ℓspan = − log
exp

(
sim(si,j , ek∗)

)∑
s′∈S−

k∗∪{si,j}
exp

(
sim(s′, ek∗)

) .
(11)

996

The typing objective pushes entity spans close to 997

their label embedding, but does not specify how 998

close a span must be to be predicted as positive 999

at test time. To separate entity from non-entity 1000

spans without an explicit Outside class, we add a 1001

dynamic thresholding objective. We use the similar- 1002

ity between a special threshold span s0,0 (derived 1003

from the [CLS] token, which summarizes the full 1004

input) and the label embedding ek∗ as a per-label, 1005

input-specific threshold, and learn it jointly with 1006

the typing objective: 1007

ℓthr = − log
exp

(
sim(s0,0, ek∗)

)∑
s′∈S−

k∗

exp
(
sim(s′, ek∗)

) . (12) 1008

The two objectives are combined into a single con- 1009

trastive loss, 1010

ℓCon = α ℓspan + β ℓthr, (13) 1011

where α and β weight the typing and thresholding 1012

objectives, respectively. We set α = β = 0.5, 1013

giving equal weight to both. At inference, a span is 1014

predicted as positive for label k∗ if sim(si,j , ek∗) > 1015

sim(s0,0, ek∗), i.e. if it is more similar to the label 1016

than the learned threshold. 1017

Dice loss. Dice loss optimizes the soft 1018

Sørensen–Dice coefficient between predicted 1019

and target spans, directly targeting overlap rather 1020

than per-pair classification (Li et al., 2020). Let 1021

pi,j,k = σ(sim(si,j , ek)) be the predicted probabil- 1022

ity that span si,j has label k, and yi,j,k ∈ {0, 1} 1023

the corresponding target. The loss is defined as: 1024

ℓDice = 1−
2
∑

i,j,k pi,j,k yi,j,k + γ∑
i,j,k pi,j,k +

∑
i,j,k yi,j,k + γ

,

(14)

1025

where γ is a smoothing constant that stabilizes 1026

training and avoids division by zero. Because the 1027
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Subword Tokens
Dataset With Gradients (%)

PileNER 38.55
Euro-GLiNER-x 46.30
FiNERWeb 94.16

Table 6: Fraction of subword embeddings updated dur-
ing training.

score depends on the relative overlap between posi-1028

tives and predictions rather than on every negative1029

span individually, dice loss is naturally robust to the1030

severe positive–negative imbalance in span-based1031

NER.1032

F The Impact of Word-Segmented Inputs1033

We do not use word-segmented text when training1034

our models, although this practice is common in1035

prior work. Word segmentation allows masking ir-1036

relevant spans during training, for example when a1037

span covers multiple words and each word consists1038

of several subwords (cf. Figure 6). In such cases,1039

the model does not need to compute loss terms1040

for subword combinations that do not form valid1041

spans. However, this approach requires language-1042

specific word segmentation models. Maintaining1043

such models for more than 100 languages intro-1044

duces substantial manual overhead. We therefore1045

omit word segmentation and instead let the model1046

learn span boundaries implicitly. Concretely, we1047

treat all subword combinations up to a maximum1048

span length l as candidate spans.1049

To analyze the effect of this design choice, we1050

select two whitespace-separated languages from1051

FiNERweb (English and Swahili) and two non-1052

whitespace-separated languages (Thai and Chi-1053

nese). For each language, we subword-tokenize1054

the data in two ways: using raw text with span1055

labels based on character offsets, and using word-1056

segmented inputs with span labels having word1057

boundaries. We apply Stanza (Qi et al., 2020) for1058

word segmentation in Chinese and Thai, and sim-1059

ple whitespace splitting for English and Swahili.1060

We then remap span annotations from the charac-1061

ter level to the token level and enumerate all valid1062

spans up to length l = 30, both with and without1063

word-segmentation constraints.1064

We report the resulting positive-to-negative span1065

ratios in Figure 7. Using word-segmented inputs1066

consistently increases the positive-to-negative ratio1067

across all languages and tokenizers. Without word 1068

segmentation, the ratios vary substantially across 1069

languages and tokenizers, whereas using word- 1070

segmentated inputs largely aligns the ratios for En- 1071

glish and Swahili across tokenizers. While our 1072

approach removes the need for explicit word seg- 1073

mentation, it requires the model to learn language- 1074

specific boundary behavior from subword represen- 1075

tations alone. This choice leads to lower positive- 1076

to-negative ratios during training. However, our 1077

experiments indicate that the models can handle 1078

this setting. 1079

G Train-Eval Distributional Similarity 1080

To verify that the improvements from multilin- 1081

gual training cannot be explained by distributional 1082

matching between the training and evaluation data, 1083

we measure the lexical and semantic similarity 1084

between the training corpora and the evaluation 1085

benchmark. We use the English, German, and Rus- 1086

sian evaluation splits of MultiNERD and compare 1087

each against same-language samples drawn from 1088

PileNER, Euro-GLiNER-x, and FiNERweb, using 1089

20 subsamples of 5,000 sentences per language. 1090

We report two metrics: (i) the character 3–5-gram 1091

Jensen–Shannon divergence between the n-gram 1092

distributions, capturing lexical similarity, and (ii) 1093

the Frechet distance between sentence-embedding 1094

distributions, capturing semantic similarity. Sen- 1095

tence embeddings are computed with paraphrase- 1096

multilingual-MiniLM-L12-v2. For both metrics, 1097

lower values indicate greater similarity to MultiN- 1098

ERD. PileNER is English-only and Euro-GLiNER- 1099

x does not cover Russian, so the corresponding 1100

cells are empty. 1101

Training Corpus ENG DEU RUS

Lexical (n-gram JS divergence)
FiNERweb 0.153 0.170 0.235
Euro-GLiNER-x 0.157 0.136 –
PileNER 0.160 – –

Semantic (Frechet distance)
FiNERweb 2.339 1.844 2.413
Euro-GLiNER-x 0.959 0.379 –
PileNER 3.545 – –

Table 7: Lexical and semantic distance between each
training corpus and the MultiNERD evaluation splits
(English, German, Russian), averaged over 20 subsam-
ples of 5,000 sentences per language. Lower is more
similar.
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Figure 7: The impact of using pre-tokenized text for training. We can use word boundaries to exclude spans from
the loss resulting the higher positive-to-negative ratios.

The results show that FiNERweb is not the clos-1102

est corpus to MultiNERD on either metric. On1103

the semantic measure, Euro-GLiNER-x is substan-1104

tially closer to MultiNERD than FiNERweb for1105

both English (0.959 vs. 2.339) and German (0.3791106

vs. 1.844), and lexically the three corpora are com-1107

parable, with FiNERweb only marginally closer1108

for English. Despite this, FiNERweb yields the1109

strongest downstream performance, particularly on1110

non-Latin scripts. This indicates that the gains1111

from broad multilingual training do not stem from1112

FiNERweb being more distributionally similar to1113

the evaluation data, but from genuinely broader1114

language and script coverage.1115

H Smaller and Quantized LLM Baselines1116

Smaller and quantized LLMs are an important point1117

of comparison for efficiency. In our main experi-1118

ments we already use FP8-quantized versions of1119

Qwen and Gemma. To further isolate the effi-1120

ciency trade-off, we conduct an additional abla-1121

tion on the English, German, and Russian splits of1122

MultiNERD (1,000 examples each), comparing our1123

best-performing cross-encoder against the smaller1124

Qwen3-0.6B and Qwen3-4B variants. We measure1125

latency per example as a single encoder forward1126

pass for Otter and a single generation step for the1127

autoregressive models, using batch size 1 for a fair1128

comparison. All measurements are taken on a sin- 1129

gle H100. 1130

Model F1 Latency (ms) VRAM (GB)

English
Qwen3-0.6B 0.197 1029.9 1.25
Qwen3-4B 0.475 1111.1 7.73
Otter 0.769 18.5 1.43

German
Qwen3-0.6B 0.241 939.6 1.20
Qwen3-4B 0.484 1316.2 7.75
Otter 0.709 18.3 1.44

Russian
Qwen3-0.6B 0.043 1526.1 1.25
Qwen3-4B 0.274 1338.1 7.75
Otter 0.588 18.3 1.45

Table 8: F1, per-example latency (batch size 1, single
H100), and VRAM on the English, German, and Rus-
sian splits of MultiNERD (1,000 examples each). Best
per language in bold.

Even against smaller or quantized LLMs, the 1131

autoregressive baselines either incur substantially 1132

higher latency or achieve lower performance than 1133

the distilled encoder-only model. Otter outper- 1134

forms Qwen3-4B by a wide margin in F1 on all 1135

three languages while being roughly 50–80 times 1136

faster per example and using a fraction of the mem- 1137

ory. We do not report exact latencies for our largest 1138

baselines (about 30B parameters), since these were 1139

run through inference providers; our local FP8 mea- 1140
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surements place their per-example latency on the1141

order of several seconds, though this could be re-1142

duced with batching. Overall, these results support1143

our claim that distilled encoder models offer a sub-1144

stantially better performance-to-cost trade-off for1145

large-scale multilingual NER.1146
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ARC. DATA- τ DYNAMIC- MASAKHA- MULTICONER MULTI- PAN-X UNER AVG.
SET NER NER V1 V2 NERD

B
i-

E
nc

od
er

Pi
le

N
E

R

0.050 0.107 0.495 0.277 0.095 0.464 0.420 0.560 0.345
0.100 0.113 0.514 0.289 0.095 0.534 0.418 0.614 0.368
0.150 0.113 0.517 0.287 0.090 0.577 0.410 0.642 0.377
0.200 0.113 0.516 0.279 0.082 0.606 0.402 0.655 0.379
0.300 0.110 0.500 0.258 0.062 0.633 0.377 0.667 0.373
0.400 0.099 0.470 0.233 0.038 0.637 0.352 0.662 0.356
0.500 0.082 0.430 0.202 0.019 0.627 0.321 0.645 0.332

E
ur

o-
G

L
iN

E
R

-x

0.050 0.064 0.549 0.261 0.100 0.675 0.490 0.700 0.406
0.100 0.059 0.552 0.263 0.101 0.699 0.488 0.718 0.411
0.150 0.053 0.553 0.260 0.100 0.710 0.484 0.724 0.412
0.200 0.046 0.550 0.253 0.097 0.718 0.480 0.728 0.410
0.300 0.042 0.544 0.230 0.091 0.730 0.470 0.729 0.405
0.400 0.036 0.537 0.212 0.086 0.740 0.461 0.731 0.400
0.500 0.034 0.529 0.198 0.079 0.750 0.449 0.735 0.396

Fi
N

E
R

W
eb

0.050 0.145 0.505 0.328 0.137 0.491 0.510 0.608 0.389
0.100 0.158 0.538 0.346 0.149 0.543 0.517 0.677 0.418
0.150 0.164 0.545 0.352 0.154 0.574 0.515 0.702 0.430
0.200 0.166 0.541 0.351 0.156 0.595 0.508 0.704 0.432
0.300 0.164 0.516 0.331 0.144 0.612 0.489 0.681 0.420
0.400 0.160 0.468 0.287 0.113 0.603 0.451 0.632 0.388
0.500 0.145 0.397 0.233 0.067 0.557 0.394 0.541 0.333

C
ro

ss
-E

nc
od

er

Pi
le

N
E

R

0.050 0.199 0.049 0.252 0.190 0.506 0.094 0.045 0.191
0.100 0.216 0.049 0.223 0.206 0.562 0.102 0.060 0.203
0.150 0.229 0.047 0.192 0.209 0.593 0.100 0.069 0.206
0.200 0.230 0.044 0.161 0.207 0.612 0.098 0.071 0.203
0.300 0.225 0.034 0.108 0.192 0.627 0.086 0.073 0.192
0.400 0.204 0.024 0.067 0.166 0.625 0.064 0.049 0.171
0.500 0.166 0.014 0.036 0.133 0.603 0.044 0.027 0.146

E
ur

o-
G

L
iN

E
R

-x

0.050 0.086 0.453 0.226 0.097 0.674 0.466 0.641 0.378
0.100 0.079 0.437 0.177 0.066 0.682 0.444 0.641 0.361
0.150 0.068 0.417 0.137 0.040 0.677 0.422 0.622 0.341
0.200 0.052 0.392 0.098 0.023 0.662 0.399 0.604 0.319
0.300 0.032 0.337 0.038 0.006 0.608 0.343 0.546 0.273
0.400 0.016 0.272 0.011 0.001 0.524 0.282 0.468 0.225
0.500 0.007 0.197 0.004 0.000 0.413 0.216 0.370 0.173

Fi
N

E
R

W
eb

0.050 0.303 0.517 0.321 0.260 0.550 0.471 0.493 0.416
0.100 0.324 0.551 0.340 0.276 0.584 0.473 0.524 0.439
0.150 0.337 0.564 0.349 0.284 0.604 0.467 0.533 0.448
0.200 0.345 0.571 0.351 0.290 0.619 0.460 0.542 0.454
0.300 0.354 0.573 0.347 0.294 0.636 0.436 0.540 0.454
0.400 0.361 0.563 0.334 0.290 0.649 0.405 0.515 0.446
0.500 0.358 0.532 0.314 0.283 0.659 0.363 0.461 0.424

Table 9: Detailed results for rembert-base.
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ARC. DATA- τ DYNAMIC- MASAKHA- MULTICONER MULTI- PAN-X UNER AVG.
SET NER NER V1 V2 NERD

B
i-

E
nc

od
er

Pi
le

N
E

R

0.050 0.150 0.427 0.289 0.129 0.497 0.451 0.508 0.350
0.100 0.163 0.439 0.291 0.135 0.543 0.457 0.551 0.368
0.150 0.169 0.434 0.282 0.136 0.566 0.452 0.574 0.373
0.200 0.170 0.425 0.270 0.134 0.580 0.443 0.592 0.373
0.300 0.168 0.399 0.236 0.125 0.586 0.421 0.618 0.365
0.400 0.151 0.362 0.203 0.116 0.567 0.389 0.606 0.342
0.500 0.127 0.322 0.172 0.102 0.528 0.347 0.575 0.310

E
ur

o-
G

L
iN

E
R

-x

0.050 0.074 0.505 0.298 0.087 0.660 0.496 0.753 0.410
0.100 0.057 0.502 0.268 0.076 0.680 0.481 0.765 0.404
0.150 0.040 0.497 0.233 0.064 0.690 0.462 0.762 0.393
0.200 0.031 0.490 0.199 0.052 0.694 0.444 0.755 0.381
0.300 0.021 0.473 0.141 0.033 0.693 0.409 0.743 0.359
0.400 0.014 0.448 0.096 0.022 0.684 0.373 0.715 0.336
0.500 0.008 0.417 0.061 0.014 0.668 0.332 0.667 0.310

Fi
N

E
R

W
eb

0.050 0.218 0.548 0.325 0.165 0.532 0.509 0.627 0.418
0.100 0.237 0.553 0.343 0.175 0.569 0.509 0.670 0.437
0.150 0.245 0.523 0.353 0.180 0.581 0.497 0.675 0.436
0.200 0.251 0.485 0.355 0.182 0.576 0.479 0.661 0.427
0.300 0.253 0.401 0.341 0.182 0.554 0.436 0.597 0.395
0.400 0.249 0.334 0.315 0.175 0.524 0.390 0.518 0.358
0.500 0.227 0.273 0.275 0.158 0.483 0.335 0.418 0.310

C
ro

ss
-E

nc
od

er

Pi
le

N
E

R

0.050 0.223 0.321 0.175 0.084 0.477 0.362 0.468 0.301
0.100 0.208 0.359 0.181 0.087 0.536 0.356 0.535 0.323
0.150 0.174 0.351 0.175 0.082 0.562 0.338 0.545 0.318
0.200 0.137 0.327 0.162 0.071 0.572 0.314 0.534 0.303
0.300 0.080 0.265 0.131 0.049 0.571 0.263 0.473 0.262
0.400 0.036 0.195 0.096 0.029 0.547 0.216 0.370 0.213
0.500 0.015 0.125 0.062 0.015 0.503 0.167 0.244 0.162

E
ur

o-
G

L
iN

E
R

-x

0.050 0.189 0.477 0.279 0.141 0.696 0.465 0.681 0.418
0.100 0.193 0.495 0.304 0.144 0.720 0.469 0.712 0.434
0.150 0.193 0.498 0.311 0.138 0.731 0.469 0.727 0.438
0.200 0.186 0.497 0.309 0.129 0.739 0.470 0.732 0.437
0.300 0.166 0.492 0.297 0.110 0.749 0.469 0.741 0.432
0.400 0.145 0.487 0.279 0.091 0.754 0.468 0.748 0.425
0.500 0.124 0.480 0.258 0.074 0.754 0.465 0.745 0.414

Fi
N

E
R

W
eb

0.050 0.269 0.516 0.311 0.216 0.541 0.509 0.573 0.419
0.100 0.288 0.534 0.327 0.230 0.579 0.515 0.619 0.442
0.150 0.305 0.532 0.339 0.239 0.598 0.518 0.644 0.453
0.200 0.314 0.527 0.341 0.242 0.611 0.520 0.663 0.460
0.300 0.325 0.511 0.338 0.233 0.627 0.516 0.678 0.461
0.400 0.315 0.483 0.317 0.209 0.629 0.503 0.671 0.447
0.500 0.293 0.439 0.282 0.174 0.620 0.481 0.645 0.419

Table 10: Detailed results for mmBERT-base.
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