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Abstract001

Recent progress in universal multilin-002
gual named entity recognition (NER) has003
been driven by advances in multilingual004
transformer models and task-specific ar-005
chitectures, loss functions, and training006
datasets. Despite substantial prior work,007
we find that many critical design deci-008
sions for such models are made with-009
out systematic justification, with archi-010
tectural components, training objectives,011
and data sources evaluated only in combi-012
nation rather than in isolation. We argue013
that these decisions impede progress in014
the field by making it difficult to iden-015
tify which choices improve model per-016
formance. In this work, we conduct017
extensive experiments around architec-018
tures, transformer backbones, training019
objectives, and data composition across020
a wide range of languages. Based on021
these insights, we introduce OTTER, a022
universal multilingual NER model sup-023
porting over 100 languages. OTTER024
achieves consistent improvements over025
strong multilingual NER baselines, out-026
performing GLiNER-x-base by 5.3pp in027
F1 and achieves competitive performance028
compared to large generative models such029
as Qwen3-32B, while being substantially030
more efficient. We release model check-031
points, training and evaluation code to032
facilitate reproducibility and future re-033
search.034

1 Introduction035

Multilingual named entity recognition (NER) is a036

widely used information extraction task that iden-037

tifies named entities such as “person” or “loca-038

tion” in text (Lample et al., 2016; Akbik et al.,039

2018) and is used in applications such as knowl-040

edge graph construction (Zhong et al., 2023; Ar-041

senyan et al., 2024), automatic invoice extraction042

(Perot et al., 2024), and large-scale document in-043

Figure 1: Overview of the design choices in universal
multilingual NER systems. Prior work typically com-
bines a choice of dataset, architecture, backbone, and
training objective, only investigating their joint effects.
In this work, we systematically combine these dimen-
sions in a controlled setting to study their impact on
performance and efficiency.

dexing and search (Shachar et al., 2025). The de- 044

velopment of increasingly capable large language 045

models (LLMs) (Grattafiori et al., 2024; Yang et al., 046

2025; DeepSeek-AI et al., 2025; Team et al., 2025) 047

also achieves improved performance on the task of 048

multilingual NER but, more importantly, we can 049

utilize such models as effective teachers to train 050

smaller and more effective encoder-only models 051

as done in UniNER (Zhou et al., 2024), GLiNER 052

(Zaratiana et al., 2024, 2025), NuNER (Bogdanov 053

et al., 2024) or LitSet (Golde et al., 2024). How- 054

ever, despite progress in this area, we find many 055

design choices in the literature are only weakly 056

justified experimentally or briefly discussed. 057
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We argue that performance improvements aris-058

ing from such heterogeneous experimental setups059

are difficult to interpret, making it harder for the060

community to achieve meaningful and grounded061

progress. For instance, Zaratiana et al. (2024);062

Huang et al. (2022) employ a cross-encoder ar-063

chitecture whereas Zhang et al. (2023); Bogdanov064

et al. (2024); Golde et al. (2024) use a bi-encoder ar-065

chitecture. Similarly, gliner-multi-v2.1 1 uses066

mDeBERTa (He et al., 2023) as the backbone067

transformer model (Vaswani et al., 2023) whereas068

gliner-x-base 2 employs mT5 (Xue et al., 2021).069

To the best of our knowledge, these choices have070

never been systematically ablated, and trade-offs071

in terms of compute, data efficiency and perfor-072

mance remain poorly understood. Thus, in this073

work, we examine a set of such core design dimen-074

sions and quantify their effects on performance and075

efficiency.076

Specifically, we identify four core dimensions077

along which prior work differs: (i) the choice be-078

tween cross-encoder and bi-encoder architectures,079

(ii) the selection of the transformer backbone, (iii)080

the training objective or loss function, and (iv) the081

composition of the training dataset. We also show082

these dimensions in Figure 1. We systematically083

combine and evaluate these design choices within084

a controlled experimental setting to isolate their in-085

dividual and joint effects. We conduct our analysis086

in three stages: first, we assess the impact of archi-087

tectural choices and backbone models; second, we088

train on different training datasets covering a dif-089

ferent number of languages; third, we ablate over090

a range of loss functions. Notably, we find that091

the transformer-choice is architecture-dependent092

as well as that a training dataset covering more093

languages is key to good performance. We further094

find that a simply using a binary cross-entropy loss095

performs best in our evaluation setting.096

Building on these insights, we train an optimized097

universal multilingual entity recognition model098

(OTTER). We achieve strong performance across099

seven multilingual NER benchmarks and consis-100

tently outperform existing multilingual NER mod-101

els of comparable size and remains competitive102

with substantially larger generative models. Fur-103

ther, OTTER remains competitive in efficiency at104

both training and inference time. We release model105

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

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

checkpoints and code to support reproducibility 106

and further research in multilingual NER. 107

We summarize our contributions as follows: 108

• We empirically investigate and identify crit- 109

ical design choices in universal multilingual 110

named entity recognition, examining the ef- 111

fects of architectures, transformer backbones, 112

loss functions, and training data. 113

• Based on these findings, we derive OTTER, 114

a multilingual NER model that supports over 115

100 languages, and zero-shot evaluate it across 116

multiple multilingual benchmarks, achieving 117

state-of-the-art performance in many of them. 118

• We release the model checkpoints, training 119

datasets, and training and evaluation code to 120

facilitate reproducibility and further study in 121

multilingual NER.3 122

2 Exploring The Design Choices 123

Dimension 1: Architecture and Backbone. At 124

a high level, there are two main approaches for 125

combining text inputs X = x1, . . . , xn and label in- 126

puts Y = y1, . . . , yn. The cross-encoder approach 127

concatenates text and label descriptions and feeds 128

them jointly into a single transformer, allowing 129

text tokens to directly cross-attend to label tokens 130

(Equation (1)). This paradigm is used, for example, 131

in GLiNER (Zaratiana et al., 2024). In contrast, 132

bi-encoders process text and label inputs separately 133

using two transformer encoders (Equation (2)), as 134

in Binder (Zhang et al., 2023), and combine their 135

representations only after encoding. 136

HX,HY = fCE(X,Y), (1) 137

HX = fX
BI(X), HY = fY

BI(Y). (2) 138

The underlying encoders are typically initialized 139

from pretrained transformer models and are trained 140

using in-batch negatives. We note that there are 141

also more advanced approaches to negative mining 142

which we do not explore with this work. 143

Given hidden representations HX ∈ R|X|×d and 144

HY ∈ R|Y|×d, we project token and label represen- 145

tations using two-layer MLPs to obtain start, end, 146

and label embeddings (Equations (3) to (5)). Can- 147

didate spans are then represented by concatenating 148

the corresponding start and end projections with a 149

3Inserted after review.

2

https://huggingface.co/urchade/gliner_multi-v2.1
https://huggingface.co/urchade/gliner_multi-v2.1
https://huggingface.co/knowledgator/gliner-x-base
https://huggingface.co/knowledgator/gliner-x-base


span-width embedding, yielding a span representa-150

tion ki,j for each span (i, j) (Equation (6)).151

S = MLPSTART(H
X), (3)152

E = MLPEND(H
X), (4)153

Q = MLPLABEL(H
L), (5)154

ki,j = MLPSPAN

(
si ⊕ ej ⊕D(j − i)

)
. (6)155

We then use a span representation ki,j to com-156

pute label-specific logits using label representations157

Q (Equation (7)).158

ℓi,j,n = k⊤
i,jqn, qn ∈ Q. (7)159

Technically, we follow the ideas of GLiNER160

for the cross-encoder setup by introducing an ad-161

ditional [LABEL] token to obtain label representa-162

tions, and we adopt the Binder formulation for the163

bi-encoder setup. In our experiments, we sweep164

over both architectures using five different trans-165

former backbones.166

Dimension 2: Fine-Tuning Datasets. In paral-167

lel, several large-scale NER datasets have been168

released by using large language models to anno-169

tate unlabeled data, which is subsequently used to170

train smaller models. These datasets typically cover171

large label sets following a long-tail distribution,172

which can serve as a realistic supervision signal173

to generalize to arbitrary label descriptions rather174

than a fixed ontology such as PileNER (Lou et al.,175

2023) or NuNER (Bogdanov et al., 2024). In our176

experiments, we use datasets that vary substantially177

in language coverage, ranging from English-only to178

91 languages. With this comparison, we investigate179

whether a multilingual transformer trained only on180

English data is sufficient for cross-lingual gener-181

alization, or whether fine-tuning on data covering182

multiple languages yields additional gains.183

Dimension 3: Loss Functions. The training objec-184

tive reflects how the model combines text and label185

representations and must handle a severe class im-186

balance in span-based NER, where most span–label187

pairs are negatives. To do so, Binder uses a con-188

trastive loss to align span and label representations189

in a shared embedding space, whereas GLiNER190

applies a binary cross-entropy loss over span–label191

pairs. In this work, we explore the use of various192

loss functions from classical binary cross-entropy193

loss to focal loss (Lin et al., 2018) with varying194

values of α and γ.195

Modeling Without Word Segmentation. Named196

entity recognition traditionally uses BIO tagging197

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

schemes (Ratinov and Roth, 2009), where labels 198

are assigned to word-segmented sequences. While 199

this representation reduces the number of negative 200

span candidates and simplifies the training process, 201

it constrains supervision to word-level boundaries 202

and thus only updates representations correspond- 203

ing to these boundaries. Further, as we are inter- 204

ested in training a model for many languages and 205

scripts, this would require accurate word segmenta- 206

tion models for each language. 207

To address this limitation, we train our models 208

directly on the input texts and shift the burden of 209

word segmentation to the model itself by comput- 210

ing candidate spans over subword tokens. While 211

training on subword spans increases the number 212

of negative span candidates compared to word- 213

segmented sequences, it removes the need for ex- 214

ternal, language-specific preprocessing at inference 215

time and ensures consistent behavior across scripts. 216

We also refer to Section D to illustrate this trade- 217

off. 218

2.1 Experimental Setup 219

Evaluation Benchmarks. We use seven multi- 220

lingual, human-annotated dataset for evaluation: 221

DynamicNER (Luo et al., 2025), UNER (Mayhew 222

et al., 2024), Masakhaner 2.0 (Adelani et al., 2022), 223

MultiNERD (Tedeschi and Navigli, 2022), Multi- 224

CoNER v1 (Malmasi et al., 2022) and v2 (Fetahu 225

et al., 2023) and PAN-X (Hu et al., 2020). We pro- 226

vide an overview of the number of languages and 227

label set sizes in Table 1. As our evaluation covers 228

250 test splits in total, we limit each test split at 229

1,000 examples when it is larger. We report all re- 230

sults using micro-averaged F1 within each dataset 231

across languages and a macro-averaged F1 across 232

datasets when reporting aggregate results. 233

Hyperparameters. We train all models with 234
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BACKBONE
ARCHITECTURE MDEBERTA MMBERT MT5 REMBERT XLM-R AVG.

Bi-Encoder 0.330 0.373 0.293 0.379 0.349 0.345
Cross-Encoder 0.363 0.323 0.357 0.206 0.370 0.324

AVG. 0.347 0.348 0.325 0.292 0.359 –

Table 2: Macro-averaged performance across all evaluation benchmarks for different architectures and transformer
backbones. We highlight best and second-best scores per architecture 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.

a batch size of 12 using the AdamW optimizer235

(Loshchilov and Hutter, 2019). Unless stated oth-236

erwise, we use a learning rate of 3× 10−5 for all237

transformer backbones and MLP components, fol-238

lowing the settings recommended in the original239

works. For the mT5 backbone, we use a higher240

learning rate of 1 × 10−3, as suggested in the241

original paper. We fix the maximum sequence242

length to 512 tokens (1024 for mmBERT) and243

consider subword spans of up to length 30. We244

set output dimension of all MLP projections to245

dMLP = 384 and of the span-width embedding246

layer to dwidth = 128. For the bi-encoder setup,247

we use multilingual-bert-base-uncased (De-248

vlin et al., 2019) as the label encoder and represent249

labels using the [CLS]-token.250

3 Results251

3.1 Dimension 1: Architecture and Model252

Backbones253

In this experiment, we train cross- and bi-254

encoder models on the PileNER dataset for 30k255

steps using five multilingual transformer back-256

bones: (i) xlm-roberta-base (Conneau et al.,257

2020), (ii) mmBERT (Marone et al., 2025), (iii)258

mT5-base (Xue et al., 2021) (Xue et al., 2021), 259

(iv) mdeberta-v3-base (He et al., 2023) and (v) 260

rembert (Chung et al., 2021). We apply early stop- 261

ping with a patience of 3 based on performance 262

on a held-out validation split of 500 samples. Fur- 263

ther, we use standard binary cross-entropy loss and 264

leave the exploration of different datasets and loss 265

functions to later sections. 266

Results. We report results for all evaluation bench- 267

marks in Table 2. Overall, we observe that the 268

best-performing configurations across architectures 269

achieve nearly identical performance, with the 270

bi-encoder performing best with Rembert (0.379 271

F1) and the cross-encoder with XLM-R (0.370 272

F1), indicating that optimal backbone choice is 273

architecture-dependent. Using a suboptimal back- 274

bone may lead to noticeable performance drops. 275

For example, we observe 0.330 F1 for the bi- 276

encoder with mDeBERTa, while the cross-encoder 277

achieves 0.323 F1 with mmBERT. We further ob- 278

serve that RemBERT behaves very differently de- 279

pending on the architecture: it performs compet- 280

itively in the bi-encoder setting but performance 281

degrades substantially in the cross-encoder setup 282

to 0.206 F1. 283
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We further note that early stopping is triggered284

across all configurations, and none of the models285

are trained for the full 30k steps. While we use286

early stopping based on in-domain validation per-287

formance, this criterion may not align with the test288

distribution. We therefore disable early stopping in289

later experiments and train models for more steps.290

Threshold Selection. We evaluate model per-291

formance across a range of decision thresholds292

t ∈ {0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.5} used to con-293

vert span–label scores into final predictions. We294

show results across all evaluation benchmarks in295

Figure 2. For the bi-encoder, we observe that the296

best performance is achieved with thresholds in297

the range t ∈ [0.2, 0.3]. For the cross-encoder, the298

optimal threshold varies across transformer back-299

bones, with mmBERT performing best at τ = 0.1300

and mT5 at τ = 0.4. This indicates that threshold301

behavior is more stable for the bi-encoder archi-302

tecture, whereas cross-encoders require backbone-303

specific threshold tuning.304

Performance Comparison. We now use the best-305

performing configuration for each architecture, we306

compare their computational requirements during307

training and inference as the number of labels in-308

creases. For this experiment, we select 1,000 exam-309

ples from the MultiNERD benchmark and extend310

the label set up to 1,000 labels by adding the most311

frequent labels from PileNER. For each configura-312

tion, we measure micro F1, inference latency, and313

FLOPs and show the results in Figure 3.314

Overall, we observe a consistent decrease in315

micro-F1 as the label set size increases for both316

architectures, suggesting that larger and potentially317

more similar label sets negatively affect inference318

performance. Further, the cross-encoder perfor-319

mance collapses when the label set exceeds 250320

labels as it is no longer possible to include all labels321

in a single forward pass. Since the cross-encoder322

learns to discriminate among in-batch labels, logits323

computed across different batches are not directly324

comparable.325

In terms of computational cost, the bi-encoder326

shows higher training FLOPs. During inference,327

however, the computational cost becomes approx-328

imately linear, since label embeddings can be329

cached and reused across inputs which substan-330

tially reduces the effective computation required by331

the bi-encoder. We observe only marginal differ-332

ences in inference latency between the bi-encoder333

training and inference and thus omit it from the334

plot for readability.335

Figure 3: Micro F1, latency, and FLOPs as the number
of labels increases.

3.2 Dimension 2: Dataset 336

We now analyze the effect of the fine-tuning 337

dataset. We consider three datasets for fine-tuning: 338

(i) PileNER (Zhou et al., 2024), which contains 339

English-only data; (ii) Euro-GLiNER-x, which cov- 340

ers 12 Indo-European languages in Latin script; (iii) 341

FiNERweb (Golde et al., 2025), which spans 91 342

languages and 25 scripts. 343

SUBWORD TOKENS
DATASET WITH GRADIENTS (%)

PileNER 38.55
Euro-GLiNER-x 46.30
FiNERWeb 94.16

Table 3: Fraction of subword embeddings updated dur-
ing training.

Since all datasets follow a long-tail distribution 344

of entity types, we aim to understand to what extent 345

multilingual training data is required, or whether 346

fine-tuning a multilingual backbone on English- 347

only data is sufficient. To illustrate the idea, we tok- 348

5



BI-ENCODER CROSS-ENCODER
DATASET XLM-R REMBERT MMBERT XLM-R REMBERT MMBERT AVG.

PileNER 0.349 0.379 0.373 0.370 0.206 0.323 0.333
Euro-GLiNER-x 0.375 0.412 0.410 0.383 0.361 0.438 0.397
FiNERweb 0.394 0.432 0.437 0.420 0.454 0.461 0.433

Table 4: Macro-averaged performance across datasets for bi-encoder and cross-encoder architectures with different
transformer backbones training on PileNER, Euro-GLiNER-x and FiNERweb.

enized each dataset using the XLM-R tokenizer and349

compute the fraction of subword embeddings that350

would receive gradient updates during training. Ta-351

ble 3 shows the results where we observe that train-352

ing on FiNERweb updates more than 94% of sub-353

word embeddings, while training on the English-354

only PileNER updates only 38.55%. We re-use the355

experimental setup from previous section.356

Results. We report results in Table 4 and further357

refer to the full experimental results in Appendix B.358

We first observe a consistent trend that increas-359

ing the language diversity of the training data im-360

proves performance across both architectures and361

transformer backbones. Training on FiNERweb362

yields performance improvements in all settings,363

e.g., +4.5pp F1 over PileNER for the bi-encoder364

and +5.0pp F1 for the cross-encoder when using365

XLM-R. The results obtained with Euro-GLiNER-366

x further support this observation, as training on367

12 languages already leads to consistent improve-368

ments over English-only training. Overall, we find369

that multilingual training consistently improves370

downstream performance, with FiNERweb provid-371

ing gains of up to 10.0 F1.372

Interestingly, we find that RemBERT and mm-373

BERT perform best for both architectures. In par-374

ticular, the cross-encoder with RemBERT shows375

an improvement of +24.8 F1 compared to training376

on English-only data, with similar trends observed377

for mmBERT.378

3.3 Dimension 3: Loss Functions379

Using the best-performing configuration from pre-380

vious experiments (mmBERT backbone trained on381

FiNERweb), we now evaluate different loss func-382

tions: (i) binary cross-entropy and upweighting383

positives, (ii) focal loss with varying α and γ, and384

(iii) a contrastive loss with adaptive thresholding.385

We provide full definitions in Appendix C.386

Results. We present results for training both archi-387

tectures, on mmBERT and FiNERweb, using dif-388

ferent loss functions and configurations in Table 5.389

ARCHITECTURE
LOSS BI-ENC. CROSS-ENC.

Baseline (BCE) 0.437 0.461

BCE + Pos. Weight λ

λ = 10.0 0.413 0.363
λ = 100.0 0.297 0.268

Focal Loss

α = 0.25, γ = 0.0 0.407 0.437
α = 0.50, γ = 0.0 0.401 0.438
α = 0.75, γ = 0.0 0.415 0.356
α = 0.50, γ = 1.0 0.422 0.314
α = 0.75, γ = 2.0 0.401 0.435

Contrastive Loss

α = 0.30, β = 0.3 0.395 0.430
α = 0.55, β = 0.5 0.417 0.435
α = 0.70, β = 0.7 0.409 0.392

Table 5: Performance across evaluation datasets for
different loss functions.

First, we observe that simply upweighting positive 390

labels does not improve performance over the BCE 391

baseline. Instead, we observe that it mainly shifts 392

the prediction threshold up. While focal and con- 393

trastive losses achieve comparable performance, 394

BCE consistently performs better in both cases 395

(+1.5pp F1 for the bi-encoder and +2.3pp F1 for 396

the cross-encoder). We further observe two out- 397

liers when using focal loss for the cross-encoder 398

(α = 0.75, γ = 0.0 and α = 0.50, γ = 1.0), 399

which we attribute to early stopping after 3000 400

steps. This suggests that focal loss may converge 401

more slowly and require longer training than BCE. 402

For contrastive loss, we find that a balanced weight- 403

ing between typing and thresholding objectives per- 404

forms best for both architectures. Even though 405

we can avoid using a fixed threshold, contrastive 406

loss remains worse compared to simple BCE in our 407

setting. 408
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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 0.237 0.553 0.343 0.175 0.569 0.509 0.670 0.437
w/ mmBERT-100k 0.281 0.481 0.335 0.238 0.544 0.505 0.592 0.425

OTTER (CROSS-ENC.)

w/ RemBERT 0.354 0.573 0.347 0.294 0.636 0.436 0.540 0.454
w/ mmBERT 0.325 0.511 0.338 0.233 0.627 0.516 0.678 0.461
w/ mmBERT-100k 0.382 0.511 0.358 0.254 0.638 0.535 0.713 0.484
w/ mmBERT-100k* 0.385 0.523 0.369 0.265 0.661 0.549 0.754 0.501

Table 6: Macro-averaged F1 scores across NER benchmarks. We highlight the best average performance in bold.
*Using the best performing threshold per language before aggregating.

4 Combining The Insights409

We finally combine these findings and scale up410

training to obtain OTTER, which is trained on411

FiNERweb for 100k steps without early stopping,412

using the mmBERT backbone and binary cross-413

entropy loss. As baselines, we include multilingual414

LLMs (GPT-54, Qwen3-32B (Yang et al., 2025),415

and Gemma3-27B (Team et al., 2025)), WikiNeu-416

ral (Tedeschi et al., 2021), and two multilingual417

variants of GLiNER (Zaratiana et al., 2024).418

Results. We report results for all baselines and419

OTTER in Table 6. We first observe that the ini-420

tially trained bi-encoder and cross-encoder models421

from previous experiments achieve 0.437 and 0.461422

F1, respectively, outperforming the similarly sized423

GLiNER-x-base baseline by up to 3.0 pp F1 on424

average. We further find that extending training425

to 100k steps without early stopping yields addi-426

tional improvements in the cross-encoder setting427

of +2.3pp F1, whereas we do not observe simi-428

lar gains for bi-encoders. Further, we report re-429

sults for OTTER using the best-performing thresh-430

old per language per dataset rather than a fixed431

4https://platform.openai.com/docs/models/
gpt-5

one, showing an additional +1.5pp F1 in the cross- 432

encoder setting and closing the gap to 0.3pp F1 433

compared to Qwen3-32B, despite being approx- 434

imately 90× smaller. This observation confirms 435

the findings in Section 3.1 that universal multilin- 436

gual NER requires careful per-language threshold 437

selection, as underlying tokenization can vary sub- 438

stantially across languages. 439

While our initial results indicated the bi- 440

encoders perform similarly to cross-encoder, we 441

now observe cross-encoders clearly outperforming 442

bi-encoders. We attribute this difference to architec- 443

tural properties, as cross-encoders may better cap- 444

ture language-specific patterns, such as language- 445

dependent ratios between positive and negative 446

spans. We also observe that cross-encoders gener- 447

ally outperform their bi-encoder counterparts, al- 448

though the performance gap remains comparatively 449

small. 450

Among large language model baselines, GPT-5 451

shows weak performance across datasets, whereas 452

Gemma3-27B achieves the strongest overall results, 453

outperforming all other evaluated models. Qwen3- 454

32B also performs competitively, but remains be- 455

low Gemma3-27B on average. Overall, these re- 456
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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 4: 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).

sults indicate that while large language models457

can achieve strong multilingual NER performance,458

carefully trained task-specific models are able to459

close much of the performance gap with substan-460

tially lower computational cost.461

Negative Findings. As we do not rely on word462

segmentation and instead learn entity boundaries463

implicitly at the embedding level, we observe neg-464

ative implications for languages with productive465

prefixation. For example, on the Shona split of466

MasakhaNER, we find that our model achieves an467

F1 score of 0.298, which is substantially lower than468

comparable baselines such as GLiNER (above 0.6469

F1 for both variants). By inspecting the model pre-470

dictions, we observe that locative or associative pre-471

fixes attached to named entities (e.g., eZimbabwe472

“in Zimbabwe”, paVaMugabe “at Mr. Mugabe”)473

lead to discrepancies between our predicted spans474

and the evaluation format. Considering the range of475

languages covered by the training data, we find that476

such constructions are comparatively rare, which477

leads the model to predict entity spans starting at478

the lexical stem (e.g., Zimbabwe Republic Police),479

resulting in boundary mismatches with the gold an-480

notations (Figure 4). While this behavior does not481

conform to the annotation guidelines, we consider482

it linguistically plausible.483

5 Related Work484

Named entity recognition using machine learn-485

ing approaches has been widely studied, tradition-486

ally relying on a fixed output layer to compute a487

probability distribution over a predefined label set488

(Huang et al., 2015; Lample et al., 2016; Akbik489

et al., 2018).490

Natural Language Prompting with LLMs. The491

advent of increasingly capable autoregressive lan-492

guage models has introduced a new paradigm based493

on natural language prompting (Brown et al., 2020;494

Schick and Schütze, 2021; Min et al., 2022), ef-495

fectively replacing the fixed output layer. This 496

paradigm has been widely applied to informa- 497

tion extraction tasks, including text classification 498

(Halder et al., 2020; Sun et al., 2023), entity linking 499

(Cao et al., 2021; Ding et al., 2024), and named 500

entity recognition (Huang et al., 2022; Ashok and 501

Lipton, 2023), as well as joint modeling across 502

multiple tasks (Wang et al., 2023). 503

Knowledge Distillation from Synthetic 504

Datasets. A major drawback of large language 505

models is their substantial computational cost. 506

Consequently, more recent work no longer relies 507

on the autoregressive generation process at 508

inference time, but instead adopts a knowledge 509

distillation framework (Hinton et al., 2015). In 510

this setup, LLMs serve as teachers to produce 511

annotated datasets in a one-off process (Ye et al., 512

2022; Golde et al., 2023). This approach has been 513

successfully applied to named entity recognition 514

(Zhou et al., 2024; Bogdanov et al., 2024; Golde 515

et al., 2025). 516

Universal NER. Recent work such as Binder 517

(Zhang et al., 2023) and NuNER (Bogdanov et al., 518

2024) employs bi-encoder architectures, whereas 519

USM (Lou et al., 2023) and GLiNER (Zaratiana 520

et al., 2024) rely on cross-encoders. However, these 521

models differ substantially in their loss functions, 522

transformer backbones, and training data. In con- 523

trast, our work compares these design choices in a 524

controlled experimental setting. 525

Finally, our work follows the same research di- 526

rection as Huang et al. (2019), but using more re- 527

cent modeling approaches and training paradigms 528

for universal NER. 529

6 Conclusion 530

In this work, we systematically explored the de- 531

sign space of prior approaches to universal NER by 532

comparing architectures, transformer backbones, 533

training datasets, and loss functions within a uni- 534

fied experimental setup. Based on these insights, 535

we derived OTTER, a new state-of-the-art univer- 536

sal NER model that generalizes to more than 100 537

languages. Our results indicate that (i) multilin- 538

gual training data is essential for universal NER, 539

(ii) the effectiveness of a transformer backbone 540

strongly depends on the chosen architecture, (iii) 541

cross-encoders generally outperform bi-encoders in 542

terms of generalization, (iv) a simple binary cross- 543

entropy loss is sufficient, and (v) threshold selection 544

plays a critical role in universal, multilingual NER. 545
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Limitations546

Pretrained model and data constraints. Our pro-547

posed approach is limited by the availability and548

quality of pretrained multilingual language mod-549

els and training data, as the design of OTTER is550

empirically derived from existing architectures and551

datasets. In this work, the maximum languages552

supported in one training dataset is 91.553

Language coverage. Although we evaluate OT-554

TER on more than 150 languages, only a subset555

of these languages is represented in the training556

data. As a result, performance may degrade for557

languages outside the investigated training scope,558

in particular for low-resource languages or scripts559

that are underrepresented in the pretrained models560

and/or the training data.561

Label semantics. The evaluation benchmarks con-562

sidered in this work use label sets with distinct class563

boundaries such as “person” and “location”. We564

do not explicitly investigate the effect of semantic565

similarity between entity labels, e.g. “person” and566

“human”, which may contribute to the observed per-567

formance differences when training with labels in568

the target language because we train the model to569

treat these labels as distinct concepts.570

Threshold Selection. We find that threshold se-571

lection for zero-shot NER is highly language-572

dependent, and therefore select the threshold that573

performs best on average across languages. Nev-574

ertheless, the performance gap to in-domain fine-575

tuned models can remain substantial, as label defini-576

tions and, in particular, span boundary conventions577

differ across datasets. As a result, our model can578

serve as a suitable starting point for further fine-579

tuning on target datasets, where dataset-specific580

label and boundary definitions can be incorporated.581
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Appendix 952

A Implementation and Compute 953

We use for all our experiments the transformers 954

library (Wolf et al., 2020) and PyTorch (Ansel et al., 955

2024). We conducted all experiments on 8 NVIDIA 956

RTX A6000 GPUs with 48GB VRAM each. 957

B Detailed Results 958

We show detailed results for all combinations of our 959

experiments in Tables 8 to 12. We further show all 960

detailed results for our loss function experiments 961

in Tables 13 to 16. 962

C Loss Functions 963

For each candidate span si,j , our models predict a 964

score for every entity label ek. We denote by pi,j,k 965

the predicted probability for span si,j for label ek. 966

Further, let k∗ denote the gold label index for span 967

si,j (or ∅ if the span is negative). 968

Binary cross-entropy loss. For a given span si,j 969

with gold label k∗, binary cross-entropy computes 970

the negative log-likelihood over the model’s pre- 971

dicted scores for each label: 972

ℓBCE = − log pi,j,k∗ −
∑
k ̸=k∗

log
(
1− pi,j,k

)
. (8) 973

Focal loss. For a given span si,j and a label k, we 974

define 975

pt =

{
pi,j,k∗ if k = k∗,

1− pi,j,k otherwise.
(9) 976

The focal loss is then 977

ℓFocal(pt) = −αt(1− pt)
γ log(pt). (10) 978

The focusing parameter γ controls the down- 979

weighting of easy examples and when γ = 0, the 980
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EVALUATION LABELS
ARCHITECTURE TRAINING LABELS ENGLISH TRANSLATED

Bi-Encoder
English 0.432 0.323
Target-language 0.278 0.306

Cross-Encoder
English 0.410 0.337
Target-language 0.267 0.302

Table 7: Macro-averaged performance over all languages under different combinations of translated training and
evaluation data for bi-encoder and cross-encoder architectures. Best results per architecture are highlighted in bold.

loss reduces to classical cross-entropy. The weight-981

ing factor α balances positive and negative exam-982

ples and can be set using inverse class frequencies983

or tuned as a hyperparameter.984

Contrastive loss. For contrastive training, we treat985

(si,j , ek∗) as a positive pair and contrast it against986

a set of negative spans S−
k∗ for the same label. Let987

sim(·, ·) denote a similarity function. We define988

then the contrastive objective as:989

ℓCon = − log
exp

(
sim(si,j , ek∗)

)∑
s′∈S−

k∗∪{si,j}
exp

(
sim(s′, ek∗)

) .
(11)

990

D The Impact of Word-Segmented Inputs991

We do not use word-segmented text when training992

our models, although this practice is common in993

prior work. Word segmentation allows masking ir-994

relevant spans during training, for example when a995

span covers multiple words and each word consists996

of several subwords (cf. Figure 4). In such cases,997

the model does not need to compute loss terms998

for subword combinations that do not form valid999

spans. However, this approach requires language-1000

specific word segmentation models. Maintaining1001

such models for more than 100 languages intro-1002

duces substantial manual overhead. We therefore1003

omit word segmentation and instead let the model1004

learn span boundaries implicitly. Concretely, we1005

treat all subword combinations up to a maximum1006

span length l as candidate spans.1007

To analyze the effect of this design choice, we1008

select two whitespace-separated languages from1009

FiNERweb (English and Swahili) and two non-1010

whitespace-separated languages (Thai and Chi-1011

nese). For each language, we subword-tokenize1012

the data in two ways: using raw text with span1013

labels based on character offsets, and using word-1014

segmented inputs with span labels having word1015

boundaries. We apply Stanza (Qi et al., 2020) for 1016

word segmentation in Chinese and Thai, and sim- 1017

ple whitespace splitting for English and Swahili. 1018

We then remap span annotations from the charac- 1019

ter level to the token level and enumerate all valid 1020

spans up to length l = 30, both with and without 1021

word-segmentation constraints. 1022

We report the resulting positive-to-negative span 1023

ratios in Figure 5. Using word-segmented inputs 1024

consistently increases the positive-to-negative ratio 1025

across all languages and tokenizers. Without word 1026

segmentation, the ratios vary substantially across 1027

languages and tokenizers, whereas using word- 1028

segmentated inputs largely aligns the ratios for En- 1029

glish and Swahili across tokenizers. While our 1030

approach removes the need for explicit word seg- 1031

mentation, it requires the model to learn language- 1032

specific boundary behavior from subword represen- 1033

tations alone. This choice leads to lower positive- 1034

to-negative ratios during training. However, our 1035

experiments indicate that the models can handle 1036

this setting. 1037

E Training On Translated Labels 1038

We now analyze the effect of using translated label 1039

descriptions during training and evaluation. To this 1040

end, we train a bi-encoder and cross-encoder on 1041

the FiNERweb variant in which label descriptions 1042

are provided in the respective target languages. For 1043

evaluation, we additionally translate the label sets 1044

of all benchmarks into their target languages us- 1045

ing the Google Translate API5. For languages not 1046

supported, we retain the original English label de- 1047

scriptions. 1048

We show results in Table 7. We observe the best 1049

performance when if models are trained on English 1050

label descriptions and evaluation is also done in 1051

English, achieving 0.432 F1 for the bi-encoder and 1052

0.410 F1 for the cross-encoder. However, when 1053

5https://cloud.google.com/translate/docs
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Figure 5: 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.

evaluating these models on translated label descrip-1054

tions, we observe substantial performance drops1055

for both architectures (up to 0.154 F1 for the bi-1056

Encoder and up to 0.143 F1 for the cross-encoder).1057

Further, we find that training on translated label1058

descriptions improves robustness to translated eval-1059

uation, increasing performance to 0.306 F1 for the1060

bi-encoder and 0.302 F1 for the cross-encoder.1061

Overall, these results show the trade-off between1062

maximizing performance on English label descrip-1063

tions and improving robustness under translated1064

evaluation settings. This observation is consistent1065

with prior findings by Golde et al. (2025). Address-1066

ing this trade-off likely requires more translation-1067

aware training objectives, which we leave for future1068

work. In the rest of this paper, we therefore focus1069

on experiments using English label descriptions.1070
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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 0.083 0.384 0.252 0.090 0.420 0.409 0.451 0.299
0.100 0.091 0.406 0.274 0.092 0.489 0.422 0.511 0.327
0.150 0.094 0.416 0.276 0.092 0.533 0.426 0.546 0.341
0.200 0.092 0.420 0.265 0.088 0.561 0.425 0.577 0.347
0.300 0.088 0.418 0.237 0.081 0.591 0.421 0.609 0.349
0.400 0.074 0.409 0.203 0.071 0.600 0.412 0.620 0.341
0.500 0.049 0.393 0.173 0.055 0.592 0.389 0.617 0.324

E
ur

o-
G

L
iN

E
R

-x

0.050 0.042 0.464 0.243 0.074 0.617 0.471 0.682 0.371
0.100 0.043 0.465 0.243 0.074 0.639 0.469 0.695 0.375
0.150 0.040 0.459 0.235 0.071 0.654 0.466 0.693 0.374
0.200 0.037 0.450 0.223 0.068 0.667 0.458 0.687 0.370
0.300 0.026 0.431 0.199 0.060 0.683 0.440 0.657 0.356
0.400 0.019 0.406 0.174 0.052 0.680 0.416 0.629 0.340
0.500 0.015 0.373 0.147 0.042 0.670 0.388 0.596 0.319

Fi
N

E
R

W
eb

0.050 0.174 0.494 0.296 0.138 0.494 0.483 0.563 0.377
0.100 0.189 0.510 0.304 0.148 0.524 0.484 0.599 0.394
0.150 0.198 0.495 0.305 0.155 0.519 0.468 0.591 0.390
0.200 0.206 0.459 0.300 0.159 0.507 0.451 0.558 0.377
0.300 0.213 0.389 0.281 0.160 0.480 0.407 0.493 0.346
0.400 0.214 0.326 0.246 0.149 0.447 0.365 0.425 0.310
0.500 0.208 0.275 0.210 0.119 0.401 0.315 0.317 0.264

C
ro

ss
-E

nc
od

er

Pi
le

N
E

R

0.050 0.166 0.385 0.263 0.144 0.475 0.438 0.480 0.336
0.100 0.178 0.423 0.264 0.147 0.525 0.451 0.534 0.360
0.150 0.174 0.434 0.257 0.143 0.556 0.454 0.561 0.368
0.200 0.156 0.439 0.247 0.135 0.579 0.451 0.579 0.370
0.300 0.114 0.431 0.226 0.111 0.610 0.433 0.600 0.361
0.400 0.073 0.409 0.205 0.081 0.628 0.405 0.584 0.341
0.500 0.024 0.370 0.179 0.053 0.634 0.363 0.533 0.308

E
ur

o-
G

L
iN

E
R

-x

0.050 0.073 0.432 0.255 0.083 0.665 0.456 0.562 0.361
0.100 0.067 0.452 0.267 0.075 0.691 0.462 0.602 0.374
0.150 0.063 0.459 0.266 0.069 0.708 0.463 0.623 0.379
0.200 0.059 0.463 0.261 0.062 0.719 0.464 0.642 0.382
0.300 0.049 0.466 0.250 0.052 0.735 0.467 0.660 0.383
0.400 0.036 0.463 0.235 0.040 0.743 0.465 0.669 0.379
0.500 0.024 0.456 0.221 0.030 0.745 0.464 0.672 0.373

Fi
N

E
R

W
eb

0.050 0.199 0.475 0.279 0.185 0.509 0.463 0.547 0.380
0.100 0.215 0.489 0.292 0.199 0.542 0.470 0.588 0.399
0.150 0.225 0.494 0.297 0.208 0.562 0.473 0.610 0.410
0.200 0.234 0.495 0.300 0.214 0.577 0.474 0.624 0.417
0.300 0.244 0.488 0.293 0.217 0.599 0.472 0.625 0.420
0.400 0.240 0.464 0.277 0.210 0.613 0.464 0.614 0.412
0.500 0.225 0.424 0.256 0.185 0.618 0.450 0.587 0.392

Table 8: Detailed results for xlm-roberta-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 0.107 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 0.081 0.335 0.167 0.061 0.379 0.314 0.357 0.242
0.100 0.086 0.363 0.172 0.064 0.432 0.327 0.402 0.264
0.150 0.091 0.377 0.174 0.064 0.467 0.334 0.428 0.276
0.200 0.095 0.385 0.169 0.063 0.492 0.337 0.451 0.285
0.300 0.093 0.391 0.158 0.060 0.526 0.336 0.485 0.293
0.400 0.085 0.388 0.142 0.053 0.543 0.328 0.507 0.292
0.500 0.067 0.377 0.130 0.045 0.548 0.314 0.517 0.285

E
ur

o-
G

L
iN

E
R

-x

0.050 0.025 0.391 0.118 0.030 0.541 0.347 0.475 0.275
0.100 0.026 0.395 0.106 0.029 0.574 0.344 0.506 0.283
0.150 0.025 0.393 0.097 0.028 0.593 0.341 0.518 0.285
0.200 0.023 0.391 0.090 0.026 0.606 0.338 0.528 0.286
0.300 0.023 0.384 0.080 0.023 0.620 0.330 0.539 0.286
0.400 0.020 0.375 0.071 0.018 0.623 0.323 0.543 0.282
0.500 0.018 0.362 0.064 0.015 0.620 0.315 0.540 0.276

Fi
N

E
R

W
eb

0.050 0.107 0.455 0.197 0.082 0.463 0.405 0.512 0.317
0.100 0.117 0.451 0.197 0.087 0.501 0.404 0.536 0.328
0.150 0.118 0.429 0.188 0.086 0.504 0.394 0.522 0.320
0.200 0.121 0.395 0.172 0.082 0.490 0.378 0.500 0.305
0.300 0.119 0.324 0.142 0.069 0.441 0.336 0.427 0.265
0.400 0.099 0.254 0.109 0.051 0.367 0.287 0.357 0.218
0.500 0.073 0.205 0.081 0.028 0.293 0.244 0.293 0.174

C
ro

ss
-E

nc
od

er

Pi
le

N
E

R

0.050 0.143 0.343 0.216 0.132 0.402 0.372 0.384 0.285
0.100 0.154 0.390 0.231 0.142 0.437 0.380 0.435 0.310
0.150 0.164 0.417 0.238 0.148 0.462 0.382 0.467 0.325
0.200 0.172 0.435 0.239 0.150 0.483 0.383 0.496 0.337
0.300 0.183 0.454 0.236 0.149 0.519 0.382 0.533 0.351
0.400 0.175 0.462 0.230 0.140 0.548 0.378 0.565 0.357
0.500 0.161 0.458 0.215 0.122 0.569 0.368 0.591 0.355

E
ur

o-
G

L
iN

E
R

-x

0.050 0.026 0.372 0.180 0.028 0.551 0.369 0.406 0.276
0.100 0.019 0.393 0.178 0.030 0.584 0.375 0.441 0.289
0.150 0.016 0.401 0.169 0.031 0.602 0.377 0.460 0.294
0.200 0.010 0.405 0.160 0.031 0.615 0.379 0.473 0.296
0.300 0.007 0.408 0.148 0.027 0.630 0.381 0.491 0.299
0.400 0.004 0.406 0.137 0.021 0.635 0.381 0.509 0.299
0.500 0.003 0.403 0.127 0.015 0.633 0.381 0.520 0.297

Fi
N

E
R

W
eb

0.050 0.127 0.409 0.196 0.107 0.421 0.396 0.452 0.301
0.100 0.136 0.437 0.209 0.117 0.459 0.406 0.497 0.323
0.150 0.144 0.450 0.214 0.122 0.481 0.412 0.522 0.335
0.200 0.150 0.457 0.215 0.123 0.500 0.414 0.544 0.343
0.300 0.158 0.463 0.209 0.116 0.527 0.412 0.563 0.350
0.400 0.161 0.454 0.201 0.101 0.542 0.405 0.569 0.348
0.500 0.158 0.437 0.188 0.082 0.543 0.395 0.556 0.337

Table 10: Detailed results for mT5-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 11: Detailed results for mmBERT-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 0.070 0.416 0.229 0.063 0.417 0.409 0.514 0.303
0.100 0.078 0.439 0.226 0.065 0.481 0.402 0.570 0.323
0.150 0.084 0.446 0.212 0.064 0.517 0.387 0.602 0.330
0.200 0.086 0.446 0.196 0.061 0.538 0.370 0.615 0.330
0.300 0.077 0.437 0.163 0.052 0.549 0.330 0.631 0.320
0.400 0.066 0.418 0.136 0.041 0.538 0.286 0.627 0.302
0.500 0.044 0.391 0.113 0.032 0.514 0.238 0.601 0.276

E
ur

o-
G

L
iN

E
R

-x

0.050 0.037 0.493 0.185 0.078 0.664 0.495 0.708 0.380
0.100 0.037 0.484 0.177 0.079 0.671 0.487 0.709 0.378
0.150 0.038 0.474 0.171 0.078 0.667 0.478 0.703 0.372
0.200 0.038 0.463 0.161 0.075 0.664 0.472 0.699 0.367
0.300 0.033 0.442 0.144 0.070 0.657 0.456 0.688 0.356
0.400 0.028 0.421 0.123 0.063 0.653 0.439 0.680 0.344
0.500 0.027 0.394 0.102 0.057 0.645 0.418 0.666 0.330

Fi
N

E
R

W
eb

0.050 0.134 0.515 0.272 0.110 0.462 0.498 0.602 0.371
0.100 0.144 0.526 0.281 0.117 0.497 0.500 0.648 0.388
0.150 0.150 0.513 0.285 0.122 0.515 0.491 0.649 0.389
0.200 0.155 0.483 0.286 0.125 0.523 0.477 0.627 0.382
0.300 0.158 0.417 0.276 0.125 0.499 0.429 0.550 0.350
0.400 0.158 0.356 0.252 0.119 0.462 0.374 0.471 0.313
0.500 0.151 0.292 0.218 0.107 0.407 0.314 0.404 0.270

C
ro

ss
-E

nc
od

er

Pi
le

N
E

R

0.050 0.177 0.369 0.223 0.142 0.434 0.423 0.418 0.312
0.100 0.197 0.407 0.242 0.147 0.485 0.438 0.491 0.344
0.150 0.192 0.424 0.251 0.143 0.517 0.442 0.534 0.358
0.200 0.175 0.434 0.251 0.133 0.540 0.439 0.571 0.363
0.300 0.136 0.437 0.241 0.104 0.567 0.421 0.610 0.359
0.400 0.084 0.428 0.220 0.074 0.575 0.378 0.608 0.338
0.500 0.051 0.402 0.188 0.047 0.563 0.313 0.551 0.302

E
ur

o-
G

L
iN

E
R

-x

0.050 0.144 0.443 0.279 0.054 0.618 0.482 0.632 0.379
0.100 0.148 0.450 0.284 0.055 0.645 0.484 0.649 0.388
0.150 0.138 0.453 0.282 0.053 0.662 0.485 0.654 0.390
0.200 0.123 0.453 0.277 0.050 0.674 0.484 0.659 0.389
0.300 0.090 0.452 0.262 0.043 0.688 0.483 0.661 0.383
0.400 0.055 0.445 0.243 0.034 0.691 0.480 0.660 0.373
0.500 0.031 0.436 0.223 0.024 0.687 0.475 0.653 0.361

Fi
N

E
R

W
eb

0.050 0.250 0.445 0.285 0.191 0.488 0.472 0.495 0.375
0.100 0.265 0.480 0.297 0.205 0.525 0.481 0.547 0.400
0.150 0.273 0.491 0.302 0.209 0.547 0.483 0.575 0.411
0.200 0.275 0.495 0.301 0.210 0.561 0.481 0.589 0.416
0.300 0.270 0.490 0.285 0.201 0.578 0.470 0.603 0.414
0.400 0.258 0.471 0.267 0.183 0.579 0.454 0.600 0.402
0.500 0.236 0.444 0.241 0.154 0.569 0.429 0.572 0.378

Table 12: Detailed results for mdeberta-v3-base.
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ARC. CONFIG τ DYNAMIC- MASAKHA- MULTICONER MULTI- PAN-X UNER AVG.
NER NER V1 V2 NERD

B
i-

E
nc

od
er

λ = 10.0

0.05 0.142 0.362 0.264 0.101 0.419 0.445 0.458 0.313
0.1 0.153 0.410 0.282 0.111 0.460 0.461 0.516 0.342
0.15 0.160 0.434 0.294 0.118 0.484 0.471 0.553 0.359
0.2 0.166 0.452 0.303 0.123 0.502 0.477 0.585 0.373
0.3 0.178 0.473 0.316 0.132 0.534 0.485 0.622 0.391
0.4 0.187 0.485 0.326 0.140 0.560 0.489 0.652 0.405
0.5 0.196 0.488 0.332 0.147 0.573 0.489 0.667 0.413

λ = 100.0

0.05 0.078 0.164 0.210 0.074 0.331 0.346 0.276 0.211
0.1 0.085 0.196 0.220 0.079 0.350 0.366 0.314 0.230
0.15 0.088 0.221 0.227 0.082 0.363 0.379 0.341 0.243
0.2 0.091 0.243 0.232 0.085 0.372 0.387 0.360 0.253
0.3 0.094 0.282 0.240 0.089 0.388 0.401 0.394 0.270
0.4 0.097 0.316 0.247 0.092 0.401 0.412 0.419 0.283
0.5 0.100 0.348 0.255 0.095 0.413 0.421 0.446 0.297

C
ro

ss
-E

nc
od

er

λ = 10.0

0.05 0.119 0.330 0.191 0.121 0.387 0.365 0.425 0.277
0.1 0.136 0.372 0.207 0.136 0.416 0.382 0.476 0.304
0.15 0.147 0.394 0.219 0.146 0.435 0.392 0.506 0.320
0.2 0.151 0.410 0.227 0.154 0.452 0.399 0.531 0.332
0.3 0.148 0.429 0.240 0.165 0.481 0.408 0.565 0.348
0.4 0.129 0.444 0.252 0.171 0.507 0.415 0.590 0.358
0.5 0.087 0.455 0.264 0.168 0.531 0.422 0.617 0.363

λ = 100.0

0.05 0.048 0.170 0.145 0.054 0.290 0.315 0.304 0.190
0.1 0.052 0.200 0.155 0.058 0.312 0.331 0.340 0.207
0.15 0.054 0.221 0.161 0.060 0.325 0.340 0.363 0.218
0.2 0.056 0.238 0.167 0.062 0.336 0.348 0.383 0.227
0.3 0.060 0.265 0.177 0.065 0.354 0.359 0.413 0.242
0.4 0.064 0.288 0.187 0.068 0.370 0.368 0.441 0.255
0.5 0.068 0.310 0.197 0.072 0.385 0.377 0.468 0.268

Table 13: Detailed results for loss function ablation using BCE loss but up-weighting the loss of positive examples
by λ.
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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

α = 0.25,
γ = 0.0

0.05 0.206 0.474 0.323 0.134 0.560 0.481 0.674 0.407
0.1 0.205 0.416 0.272 0.127 0.515 0.440 0.594 0.367
0.15 0.189 0.336 0.211 0.115 0.449 0.389 0.490 0.311
0.2 0.173 0.273 0.171 0.094 0.398 0.342 0.420 0.267
0.3 0.126 0.207 0.127 0.052 0.339 0.282 0.315 0.207
0.4 0.068 0.162 0.092 0.025 0.288 0.240 0.232 0.158
0.5 0.025 0.117 0.051 0.017 0.229 0.200 0.170 0.115

α = 0.50,
γ = 0.0

0.05 0.187 0.482 0.314 0.119 0.530 0.476 0.675 0.398
0.1 0.204 0.466 0.327 0.128 0.546 0.464 0.669 0.401
0.15 0.213 0.432 0.315 0.132 0.533 0.444 0.618 0.384
0.2 0.211 0.396 0.286 0.131 0.512 0.419 0.583 0.363
0.3 0.203 0.330 0.224 0.119 0.459 0.373 0.500 0.316
0.4 0.180 0.270 0.166 0.094 0.397 0.328 0.404 0.263
0.5 0.136 0.211 0.125 0.069 0.340 0.295 0.308 0.212

α = 0.75,
γ = 0.0

0.05 0.167 0.460 0.298 0.119 0.492 0.470 0.619 0.375
0.1 0.182 0.487 0.320 0.131 0.541 0.479 0.672 0.402
0.15 0.192 0.496 0.330 0.138 0.566 0.481 0.691 0.414
0.2 0.202 0.495 0.337 0.144 0.576 0.478 0.678 0.415
0.3 0.216 0.467 0.329 0.148 0.555 0.463 0.636 0.402
0.4 0.223 0.410 0.305 0.145 0.504 0.435 0.582 0.372
0.5 0.221 0.352 0.270 0.135 0.452 0.392 0.518 0.334

α = 0.5,
γ = 1.0

0.05 0.147 0.370 0.278 0.106 0.410 0.444 0.495 0.322
0.1 0.172 0.465 0.316 0.126 0.482 0.475 0.610 0.378
0.15 0.192 0.499 0.334 0.136 0.532 0.486 0.675 0.408
0.2 0.206 0.509 0.341 0.142 0.562 0.491 0.705 0.422
0.3 0.218 0.458 0.307 0.146 0.531 0.462 0.645 0.396
0.4 0.188 0.334 0.222 0.128 0.429 0.386 0.483 0.310
0.5 0.119 0.225 0.148 0.094 0.342 0.305 0.327 0.223

α = 0.75,
γ = 2.0

0.05 0.044 0.129 0.141 0.034 0.252 0.296 0.230 0.161
0.1 0.058 0.200 0.169 0.046 0.315 0.362 0.312 0.209
0.15 0.065 0.279 0.189 0.052 0.355 0.397 0.378 0.245
0.2 0.073 0.351 0.207 0.058 0.395 0.421 0.440 0.278
0.3 0.088 0.439 0.240 0.071 0.466 0.448 0.551 0.329
0.4 0.108 0.479 0.273 0.082 0.543 0.467 0.647 0.371
0.5 0.124 0.499 0.293 0.087 0.614 0.480 0.712 0.401

Table 14: Detailed results for loss function ablation using focal loss with parameters α and γ for the bi-encoder
architecture.
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ARC. DATA- τ DYNAMIC- MASAKHA- MULTICONER MULTI- PAN-X UNER AVG.
SET NER NER V1 V2 NERD

C
ro

ss
-E

nc
od

er

α = 0.25,
γ = 0.0

0.05 0.247 0.509 0.312 0.197 0.594 0.488 0.621 0.424
0.1 0.232 0.511 0.332 0.174 0.638 0.500 0.668 0.437
0.15 0.206 0.494 0.335 0.147 0.654 0.505 0.682 0.432
0.2 0.174 0.466 0.325 0.124 0.658 0.505 0.690 0.420
0.3 0.111 0.408 0.285 0.089 0.649 0.488 0.663 0.385
0.4 0.075 0.335 0.229 0.063 0.618 0.457 0.592 0.338
0.5 0.046 0.248 0.157 0.042 0.564 0.407 0.529 0.285

α = 0.50,
γ = 0.0

0.05 0.224 0.445 0.282 0.180 0.471 0.488 0.511 0.371
0.1 0.247 0.486 0.302 0.196 0.518 0.502 0.563 0.402
0.15 0.250 0.504 0.315 0.205 0.550 0.510 0.595 0.418
0.2 0.248 0.513 0.324 0.207 0.574 0.515 0.614 0.428
0.3 0.235 0.520 0.337 0.193 0.611 0.522 0.651 0.438
0.4 0.192 0.514 0.344 0.164 0.633 0.526 0.665 0.434
0.5 0.144 0.497 0.337 0.129 0.647 0.523 0.677 0.422

α = 0.75,
γ = 0.0

0.05 0.096 0.419 0.227 0.072 0.445 0.411 0.501 0.310
0.1 0.097 0.440 0.243 0.077 0.492 0.424 0.546 0.331
0.15 0.097 0.452 0.254 0.073 0.524 0.432 0.573 0.343
0.2 0.092 0.460 0.261 0.065 0.546 0.437 0.592 0.350
0.3 0.073 0.470 0.270 0.051 0.573 0.443 0.611 0.356
0.4 0.045 0.474 0.267 0.041 0.587 0.448 0.627 0.356
0.5 0.021 0.472 0.255 0.030 0.587 0.448 0.626 0.348

α = 0.5,
γ = 1.0

0.05 0.049 0.261 0.168 0.026 0.377 0.349 0.316 0.221
0.1 0.063 0.357 0.196 0.032 0.461 0.387 0.410 0.272
0.15 0.052 0.400 0.218 0.029 0.524 0.408 0.479 0.301
0.2 0.016 0.423 0.226 0.019 0.559 0.422 0.534 0.314
0.3 0.001 0.437 0.210 0.004 0.517 0.432 0.585 0.312
0.4 0.000 0.397 0.172 0.000 0.400 0.414 0.550 0.276
0.5 0.000 0.296 0.134 0.000 0.330 0.356 0.441 0.223

α = 0.75,
γ = 2.0

0.05 0.108 0.106 0.175 0.138 0.292 0.319 0.207 0.192
0.1 0.141 0.154 0.203 0.174 0.352 0.366 0.295 0.241
0.15 0.157 0.212 0.221 0.193 0.387 0.397 0.364 0.276
0.2 0.172 0.284 0.237 0.210 0.417 0.423 0.421 0.309
0.3 0.208 0.416 0.267 0.241 0.476 0.460 0.517 0.369
0.4 0.236 0.480 0.295 0.275 0.539 0.483 0.600 0.415
0.5 0.188 0.489 0.320 0.278 0.608 0.495 0.667 0.435

Table 15: Detailed results for loss function ablation using focal loss with parameters α and γ for the cross-encoder
architecture.

ARC. CONFIG DYNAMIC- MASAKHA- MULTICONER MULTI- PAN-X UNER AVG.
NER NER V1 V2 NERD

B
i-

En
co

de
r α = 0.3, β = 0.7 0.196 0.435 0.322 0.113 0.556 0.478 0.664 0.395

α = 0.5, β = 0.5 0.180 0.501 0.329 0.129 0.592 0.502 0.688 0.417
α = 0.7, β = 0.3 0.098 0.516 0.318 0.118 0.631 0.480 0.701 0.409

C
ro

ss
-

En
co

de
r α = 0.3, β = 0.7 0.240 0.447 0.351 0.241 0.635 0.372 0.724 0.430

α = 0.5, β = 0.5 0.292 0.511 0.379 0.223 0.600 0.387 0.655 0.435
α = 0.7, β = 0.3 0.227 0.445 0.337 0.188 0.587 0.355 0.604 0.392

Table 16: Detailed results for loss function ablation using a contrastive loss with different parameter α (typing loss)
and β (thresholding loss).
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