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Abstract001

Large language models (LLMs) have advanced002
information extraction (IE) by enabling zero-003
shot and few-shot named entity recognition004
(NER), yet their generative outputs still show005
persistent and systematic errors. Despite006
progress through instruction fine-tuning, zero-007
shot NER still lags far behind supervised sys-008
tems. These recurring errors mirror inconsisten-009
cies observed in early-stage human annotation010
processes that resolve disagreements through011
pilot annotation. Motivated by this anal-012
ogy, we introduce DiZiNER (Disagreement-013
guided Instruction Refinement via Pilot Anno-014
tation Simulation for Zero-shot Named Entity015
Recognition), a framework that simulates the016
pilot annotation process, employing LLMs to017
act as both annotators and supervisors. Mul-018
tiple heterogeneous LLMs annotate shared019
texts, and a supervisor model analyzes inter-020
model disagreements to refine task instructions.021
Across 18 benchmarks, DiZiNER achieves022
zero-shot SOTA results on 14 datasets, improv-023
ing prior bests by +8.0 F1 and reducing the024
zero-shot to supervised gap by over +11 points.025
It also consistently outperforms its supervi-026
sor, GPT-5 mini, indicating that improvements027
stem from disagreement-guided instruction re-028
finement rather than model capacity. Pairwise029
agreement between models shows a strong cor-030
relation with NER performance, further sup-031
porting this finding.1032

1 Introduction033

Information extraction (IE) converts unstructured034

text into structured data, with named entity recogni-035

tion (NER) serving as the entry point that identifies036

and categorizes entity spans. Recent advances in037

large language models (LLMs) have greatly ex-038

panded the potential of IE (Lu et al., 2022; Bog-039

danov et al., 2024), enabling in-context learning040

1The code and prompts are available at https://
anonymous.4open.science/r/diziner-ner-2D58.

(ICL) strategies for NER such as few-shot (Chen 041

et al., 2023; Jiang et al., 2024) and zero-shot learn- 042

ing (Xie et al., 2023a; Sainz et al., 2023). De- 043

spite this progress, state-of-the-art (SOTA) models 044

still depend heavily on human-labeled data, with a 045

wide gap remaining between supervised fine-tuning 046

(SFT) and ICL (Xie et al., 2023a; Naguib et al., 047

2024). 048

LLMs exhibit recurring NER error patterns, in- 049

cluding difficulty following complex guidelines 050

(Pang et al., 2023; Sainz et al., 2023; Qi et al., 051

2024), ambiguity in span boundary detection (Guo 052

et al., 2024a; Ding et al., 2024), and frequent con- 053

fusion of entity types (Li et al., 2024a; Kim et al., 054

2024). Prior efforts have addressed these issues 055

through instruction fine-tuning on diverse datasets 056

(Wang et al., 2023a), open NER frameworks (Sainz 057

et al., 2023), and large-scale synthetic data genera- 058

tion (Zhou et al., 2023). Yet, supervised methods 059

still outperform them by a considerable margin (Ta- 060

ble 2). 061

In this context, we note that these LLM errors 062

parallel those observed during the early stages of 063

human annotation (Tanabe et al., 2005; Bernier- 064

Colborne and Vajjala, 2024). Gold-standard 065

datasets are typically built through pilot annota- 066

tion, an iterative process of resolving annotator dis- 067

agreements and refining guidelines (Walker et al., 068

2006; Weischedel et al., 2011; Finlayson and Er- 069

javec, 2017). Supervisors analyze disagreements, 070

update ambiguous instructions, and align the an- 071

notations with downstream application needs (Fort 072

et al., 2009, Figure 1). 073

Building on this analogy, we propose DiZiNER 074

(Disagreement-guided Instruction Refinement via 075

Pilot Annotation Simulation for Zero-shot Named 076

Entity Recognition), a framework that simulates 077

pilot annotation using LLMs as both annotators and 078

supervisors. Multiple heterogeneous open-source 079

LLMs act as annotators labeling shared texts, and 080

a supervisor LLM analyzes and categorizes inter- 081
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model disagreements to refine both common and082

model-specific instructions. This iterative cycle of083

annotation, disagreement analysis, and instruction084

refinement parallels the workflow of human pilot085

annotation, allowing LLMs to adapt to individual086

NER tasks without any parameter updates.087

Across 18 NER benchmarks, DiZiNER achieves088

zero-shot SOTA results on 14 datasets, improving089

prior bests by +8.0 F1 on average and narrowing090

the gap between zero-shot and supervised perfor-091

mance from -32.0 to -20.9 points. Agreement met-092

rics between LLM annotators consistently increase093

across iterations and show a strong correlation with094

NER performance. Notably, DiZiNER surpasses095

GPT-5 mini supervisor, indicating that the observed096

improvements arise from disagreement-guided re-097

finement rather than from the supervisor’s inherent098

capability.099

2 Related Works100

Instruction tuning for NER Standard instruc-101

tion fine-tuning often struggles to follow complex102

annotation guidelines and to produce structured103

outputs in IE tasks (Qi et al., 2024). InstructUIE104

and GoLLIE address these challenges by curating105

NER datasets for instruction fine-tuning, thereby106

improving zero-shot performance and guideline ad-107

herence (Wang et al., 2023b; Sainz et al., 2023).108

Open NER frameworks relax label constraints, al-109

lowing LLMs to better exploit their language un-110

derstanding capabilities for NER (Etzioni et al.,111

2011). UniversalNER distills ChatGPT on syn-112

thetic data (Zhou et al., 2023), while GLiNER and113

NuNER adopt encoder-only architectures to reduce114

inference costs (Zaratiana et al., 2023; Bogdanov115

et al., 2024). Recent work has sought to unify116

heterogeneous corpora and to address span ambigu-117

ity through boundary-aware learning (Yang et al.,118

2024; Ding et al., 2024; Guo et al., 2024a). De-119

spite these advances, the performance gap with120

supervised systems remains large, and reliance on121

fine-tuning limits adaptation to rapidly evolving122

LLMs.123

Generative NER without instruction tuning124

In parallel, researchers have explored leveraging125

LLMs’ inherent instruction-following capabilities126

to perform generative NER without requiring ad-127

ditional instruction fine-tuning. Early work con-128

strained outputs via code-like schema representa-129

tions (Li et al., 2023; Sainz et al., 2023; Guo et al.,130

2024b; Li et al., 2024b) or reformulated tagging as131

token generation (Wang et al., 2023a). Subsequent 132

approaches introduced reasoning-based prompting 133

such as self-consistency and self-verification meth- 134

ods to better convey complex annotation instruc- 135

tions (Xie et al., 2023a; Kim et al., 2024; Pang 136

et al., 2023). 137

Building on the success of self-consistency and 138

ICL, recent methods for generative NER adopt it- 139

erative self-improving strategies by generating and 140

filtering pseudo-examples and providing them as 141

in-context demonstrations (Xie et al., 2023b; Tong 142

et al., 2025). Our work follows this iterative, fine- 143

tuning-free line of research yet distinctly utilizes 144

inter-model disagreement as a signal for improving 145

NER performance, paralleling how human anno- 146

tators refine guidelines and reconcile judgments 147

during gold-standard dataset construction. 148

3 DiZiNER 149

The DiZiNER framework operates through iterative 150

pilot annotation cycles consisting of three stages: 151

(1) Independent Cross-Annotation, where multi- 152

ple LLM annotators independently perform NER 153

tagging on the same set of documents; (2) Dis- 154

agreement Analysis, which identifies hotspot 155

spans with high annotation disagreement, catego- 156

rizes and summarizes disagreement patterns into 157

structured reports; and (3) Instruction Refine- 158

ment, where a supervisor model leverages the re- 159

sulting structured reports to refine task instructions 160

and reduces inter-model disagreement across itera- 161

tions. 162

3.1 Task Formulation 163

LLM annotators form a heterogeneous pool M = 164

{Mk}Kk=1 composed of independently developed 165

models to minimize correlated errors. The label set 166

is L = {ℓi}ni=1, and the NER schema is 167

Σ =
{
(ℓ, dℓ, Pℓ, Nℓ)

}
ℓ∈L, 168

where dℓ is a definition for entity type ℓ, and Pℓ,Nℓ 169

are positive and negative examples. The schema 170

Σ remains fixed across iterations to maintain task 171

consistency and prevent task drift. 172

At iteration t, annotator Mk receives a task con- 173

figuration 174

Θ
(t)
k =

(
Σ, C(t), R

(t)
k , G(t)

)
, 175

where C(t) are common instructions, R
(t)
k are 176

model-specific instructions, and G(t) is the final 177
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by supervisor models
• Phase 1: Pattern analysis from disagreement

DiZiNER (Disagreement-guided Instruction refinement for Zero-shot NER via Pilot Annotation Simulation)

Pilot annotation simulation
• Independent LLM annotation
• Use initial schema & instructions

Disagreement analysis 
& documentation
• Quantify disagreement
• Categorize disagree types
• Identify conflict samples

Instruction refinement by supervisor models
• Phase 1: Pattern analysis from disagreement docs
• Phase 2: Model-specific error analysis vs. major voting
• Phase 3: Instruction generation (common + model-specific)
• Phase 4: Guideline organization & final task goal updateRefine instruction across iteration

& Drop lowest-reliability model (optional)

Human Pilot Annotation Process
1. Preparation

Define NER task & goal
• Define task, entity types, 
• document pool
• Specify downstream 

applications
• Draft guideline

Recruit qualitied, 
multiple annotators

Pilot annotation
• Representative sample documents
• Independent labeling under initial schema & instruction

Instruction refinement
• Summarize disagreement patterns
• Supervisor resolve disagreements
• Update instruction aligned with final task goal

2. Instruction refinement via iterative pilot annotations
3. Gold dataset construction

Guideline finalization
• Repeat until sufficient inter-

annotator agreement

Large-scale annotation
• Drop annotator with 

persistent disagreements

Initialize NER 
schema & goal

Prepare diverse 
LLM annotators

1. Preparation

Select best models by 
agreement scores

3. Final evaluation

2. Instruction refinement via pilot annotation simulation

LLM 
annotators

Sample 
docs

Independent 
NER labeling

Disagreement analysis document

Figure 1: Overview of the DiZiNER framework. Multiple heterogeneous LLMs act as independent annotators.
Disagreement profiles are constructed from their outputs, and a supervisor LLM iteratively refines the schema and
annotator-specific instructions until convergence.

task goal. Given an input sentence x, the annotator178

predicts179

y ∼ PMk

(
y
∣∣x,Θ(t)

k

)
,180

with labeled outputs y = {(ej , ℓej )}, where ej is181

an entity span and ℓej ∈ L its label.182

3.2 Independent Cross-Annotation183

At each iteration, documents are grouped by lex-184

ical diversity, and a representative subset is ran-185

domly sampled across groups to form the iteration186

document set D(t). All annotators in M indepen-187

dently label each sample in the set according to188

their task configuration Θ
(t)
k . To enable token-level189

comparison across models, span-level annotations190

are converted into a BIO sequence representation.191

For input x = (w1, . . . , wm), the tag set is defined192

as193

T = {B−ℓ, I−ℓ, O | ℓ ∈ L}.194

The conversion yields a BIO sequence195

zk(x) = (zk,1(x), . . . , zk,m(x)), zk,i(x) ∈ T ,196

representing the token-level tagging output derived197

from the span-level annotation y of annotator Mk.198

3.3 Disagreement Analysis 199

This stage identifies hotspot spans that exhibit 200

strong inter-model disagreement. Token-level in- 201

consistencies across annotators are quantified to 202

mark high-disagreement regions. 203

Model Weights and Consensus Model weights 204

are computed from pairwise strict span F1 scores 205

between annotators, where for models Mi and Mj , 206

F1ij =
2 |Si ∩ Sj |
|Si|+ |Sj |

, 207

where Sk denotes the set of predicted entity spans 208

from model Mk. Each model’s weight, wk, is com- 209

puted as the average of its pairwise F1 scores with 210

all others, normalized so that the weights sum to 211

one. The elite set is defined as the subset of anno- 212

tators with the highest weights whose cumulative 213

sum first attains 0.5 when sorted in descending or- 214

der. The computed model weights are also used 215

as each annotator’s agreement score in subsequent 216

analyses. 217

The consensus label for token i in sentence x is 218

obtained via weighted majority voting, 219

τ̂(x, i) = argmax
τ∈T

pτ (x, i), 220
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where pτ (x, i) =
∑

k wk 1[zk,i(x) = τ ] represents221

the weighted token-wise probability for tag τ .222

Hotspot Span Identification We compute three223

complementary token-level measures capturing dis-224

tinct forms of annotation disagreement. (1) Label225

conflict quantifies dispersion among BIO tags,226

Dconf(x, i) = 1−
∑
τ∈T

pτ (x, i)
2.227

(2) Type confusion reflects disagreement over entity228

types,229

Dtype(x, i) = 1−
∑
ℓ∈L

(
pB−ℓ(x, i) + pI−ℓ(x, i)

1− pO(x, i)

)2

230

(3) Boundary uncertainty measures inconsistency231

at entity boundaries,232

qs(x, i) =
∑
ℓ∈L

pB−ℓ(x, i), qi(x, i) =
∑
ℓ∈L

pI−ℓ(x, i).233

234

Ubnd(x, i) = max
{
4qs(x, i)(1− qs(x, i)),

4qi(x, i)(1− qi(x, i))
}
.

235

The final token-level disagreement score is de-236

fined as237

U⋆(x, i) = max{Dconf , Dtype, Ubnd}.238

Tokens are ranked by their U⋆(x, i) scores, and239

the top 20% are identified as high-disagreement re-240

gions. Neighboring tokens in this range are merged241

into hotspot spans, which are subsequently flagged242

for supervisor review and used for refining instruc-243

tions.244

Documentation Each iteration produces a sum-245

mary report detailing hotspot statistics and model246

differences between elite and non-elite groups,247

outlining disagreement types and error categories248

(O→Ent, Ent→O, Ent→Ent, Span Error). Rep-249

resentative examples with brief reasoning traces250

demonstrate characteristic disagreement patterns251

that inform targeted instruction refinement.252

3.4 Instruction Refinement253

The supervisor model iteratively refines task in-254

structions based on disagreement documents and255

instructions from the previous iteration to improve256

annotator agreement. Each cycle proceeds through257

four phases:258

1. Disagreement pattern analysis. Identify re- 259

curring disagreement patterns in hotspot sum- 260

maries and infer their underlying causes. Ex- 261

tract generalizable correction principles rather 262

than case-specific fixes (Table 5). 263

2. Model-specific diagnosis. Examine residual 264

errors for each non-elite model using the con- 265

sensus output τ̂(x, i), excluding patterns al- 266

ready addressed in Phase 1. Identify model- 267

specific weaknesses and formulate targeted 268

adjustments (Table 6). 269

3. Guideline integration and conflict resolu- 270

tion. Integrate the refined instructions from 271

the current supervision cycle with those from 272

previous iterations, resolving any conflicts 273

based on the final task goal, which aims to 274

maximize performance in downstream appli- 275

cations (Table 7). 276

4. Hierarchical organization. Reorganize re- 277

fined instructions into a hierarchical structure 278

where general rules precede specific or con- 279

ditional cases. This restructuring enhances 280

clarity and readability (Table 8). 281

A small set of tuning parameters was introduced 282

to regulate the stability of iterative updates, and 283

three parameter configurations were explored to 284

ensure consistency across heterogeneous bench- 285

marks (see Appendix A). For supervised ablations, 286

the same procedure is executed with gold-standard 287

labels replacing the consensus outputs. 288

3.5 Identification of Best Model Configuration 289

DiZiNER selects the optimal iteration–model con- 290

figuration, defined as the combination of a specific 291

refinement iteration and an individual annotator 292

model, in the absence of human-labeled data. We 293

observe that pairwise annotator agreement, mea- 294

sured by strict span-level F1, is strongly correlated 295

with NER performance (Figure 2), and thus use 296

agreement statistics to guide configuration selec- 297

tion. Accordingly, all available iteration–model 298

pairs are ranked by their mean agreement, and we 299

report the average performance of the top three 300

candidates on the test set. 301

4 Experiments 302

4.1 Settings 303

Datasets We evaluate our framework on a total 304

of 18 NER datasets spanning diverse domains, in- 305
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Methods AI Literature Music Politics Science Average

ChatGPT (Zhou et al., 2023) 52.4 39.8 66.6 68.5 67.0 58.9
GPT-4 (Yang et al., 2024) 50.0 55.2 59.2 63.4 63.2 58.2
InstructUIE (Wang et al., 2023b) 49.0 47.2 53.2 48.1 49.2 49.3
UniNER-7B (Zhou et al., 2023) 53.6 59.3 67.0 60.9 61.1 60.4
UniNER-13B (Zhou et al., 2023) 54.2 60.9 64.5 61.4 63.5 60.9
GLiNER (Zaratiana et al., 2023) 57.2 64.4 69.6 72.6 62.6 65.3
GoLLIE (Sainz et al., 2023) 61.6 62.7 68.4 60.2 56.3 61.8
KnowCoder-7B (Li et al., 2024b) 60.3 61.1 70.0 72.2 59.1 64.5
IRRA (Xie et al., 2024) 57.5 59.3 69.4 74.0 68.3 65.7
GNER (Ding et al., 2024) 68.2 68.7 81.2 75.1 76.7 74.0
B2NER (Yang et al., 2024) 64.7 71.6 82.4 78.2 79.4 75.3

GPT-5 mini (supervisor model) 64.3 67.6 73.3 72.8 68.4 69.3

DiZiNER 71.1 72.7 80.6 79.4 74.8 75.7
DiZiNER (top 1) 71.1 73.8 82.9 80.9 75.4 76.8
Avg. Gain from Iteration 0 +2.7 +3.6 +11.1 +2.2 +4.5 +4.8

∆DiZiNER - GPT-5 mini +5.8 +5.1 +7.3 +6.6 +6.4 +6.4
∆DiZiNER - Best Prior Zero-shot +1.9 +1.1 -1.8 +1.2 -4.6 -0.4

Table 1: Zero-shot NER performance on the CrossNER dataset. Best per domain in bold, second-best underlined.
Avg. Gain from Iteration 0 denotes the mean improvement across eight annotator models, computed as the mean
difference between each model’s Iteration-0 score and its best-performing iteration within the iterative document
set. *Note: The DiZiNER (top 1) row indicates previous reported scores and will be removed for the camera-ready
version.

cluding the CrossNER suite (AI, Literature, Music,306

Politics, and Science; Liu et al., 2021), general-307

purpose corpora such as CoNLL2003 (Sang and308

De Meulder, 2003), ACE2005 (Walker et al., 2006),309

OntoNotes (Pradhan et al., 2013), and MultiNERD310

(Tedeschi and Navigli, 2022); biomedical corpora311

including AnatEM (Pyysalo and Ananiadou, 2014),312

BC2GM (Smith et al., 2008), BC4CHEMD (Wang313

et al., 2019), BC5CDR (Li et al., 2016), and GE-314

NIA (Kim et al., 2003); a STEM-oriented corpus315

FabNER (Kumar and Starly, 2022); and social316

or conversational datasets such as BroadTwitter317

(Derczynski et al., 2016), MIT-Movie, and MIT-318

Restaurant (Liu et al., 2013). To simulate pilot319

annotation, we use the training splits to refine task320

instructions, while the final performance was eval-321

uated on the corresponding test sets (Table 4).322

Baselines We compare DiZiNER against repre-323

sentative baselines under both zero-shot and super-324

vised settings. The zero-shot setting excludes mod-325

els that rely on task-specific fine-tuning or retrieval-326

based ICL, namely ChatGPT (Zhou et al., 2023),327

GPT-4 (Yang et al., 2024), InstructUIE (Wang328

et al., 2023b), UniNER-7B/13B (Zhou et al., 2023),329

GLiNER (Zaratiana et al., 2023), GoLLIE (Sainz 330

et al., 2023), KnowCoder-7B (Li et al., 2024b), 331

GNER (Ding et al., 2024), B2NER (Yang et al., 332

2024), IRRA (Xie et al., 2024), EvoPrompt (Tong 333

et al., 2025), and GPT-5 mini. For the supervised 334

setting, we include SFT models trained on gold 335

annotations, including BERT-base and Instruc- 336

tUIE (Wang et al., 2023b), UniNER, GLiNER, 337

KnowCoder-7B, GNER, and B2NER. 338

339

Ensemble Baselines To decouple the benefits 340

of iterative refinement from potential ensemble ef- 341

fects, we compare DiZiNER against four consensus 342

aggregation methods applied to the backbone mod- 343

els’ initial outputs (Iteration 0). We include Major- 344

ity Voting (MV), Dawid-Skene (DS) (Dawid and 345

Skene, 1979), GLAD (Whitehill et al., 2009), and 346

MACE (Hovy et al., 2013). These baselines repre- 347

sent static "wisdom of the crowd" benchmarks, al- 348

lowing us to isolate performance gains specifically 349

attributable to our disagreement-guided instruction 350

refinement process. 351

Backbones and Implementation DiZiNER 352

employs a heterogeneous pool of eight open-source 353
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LLMs, each independently developed by different354

organizations with distinct training architectures,355

datasets, and optimization pipelines and accessed356

via OpenRouter2: mistral-small3.2:24b,357

gpt-oss:20b, phi4:14b, qwen3:14b,358

gemma3:12b, deepseek-r1:8b, llama3.1:8b,359

nemotron-nano:8b. This diversity promotes360

independent judgment among annotators and361

minimizes correlated errors. The supervisor362

model was GPT-5-mini-2025-08-07, accessed363

via the OpenAI API between August 7 and364

September 30, 2025.365

To ensure reproducibility and minimize variabil-366

ity from API-side updates, we utilized specific367

model snapshots (e.g., llama-3.1-8b-instruct)368

and a strictly deterministic decoding configuration:369

temperature 0.0, top-p 1.0, repetition penalty 1.0,370

and frequency/presence penalties 0.0, with a maxi-371

mum output length of 8,000 tokens.372

Each iteration processes a document set of 25373

samples, with up to five refinement cycles. Three374

parameter configurations are explored to ensure375

consistent application across heterogeneous bench-376

marks (Table 3).377

Metrics We report the entity-level micro-F1 un-378

der the strict span setting as our evaluation metric,379

requiring both entity boundary and type to be cor-380

rectly predicted.381

4.2 Main Results382

Without any instruction fine-tuning, DiZiNER es-383

tablishes new zero-shot SOTA results on 14 out384

of 18 benchmarks (Tables 1 and 2). On Cross-385

NER, DiZiNER achieves SOTA performance in386

three of the five domains, excluding Music and387

Science, with an average F1 of 75.7 , outperform-388

ing B2NER (Yang et al., 2024) by +0.4 F1. In389

addition, compared with its GPT-5 mini supervisor,390

DiZiNER yields an average improvement of +6.4391

F1 (Table 1).392

Across benchmarks with available supervised re-393

sults, DiZiNER improves the average zero-shot per-394

formance by +11.1 F1 over the best prior zero-shot395

and narrows the gap between zero-shot and super-396

vised performance from -32.0 to -20.9 F1 (Table397

2). DiZiNER surpasses its GPT-5 mini supervisor398

by an average of +5.0 F1, demonstrating that the399

observed improvements arise from disagreement-400

guided refinement rather than the supervisor’s in-401

trinsic capability.402

2https://openrouter.ai

DiZiNER averages 69.6 on CrossNER AI and 403

Literature, outperforming the four static ensem- 404

ble aggregators (Table 9). While these ensem- 405

bles—including Majority Voting (66.6)—already 406

surpass prior zero-shot SOTA, DiZiNER consis- 407

tently exceeds the strongest method, MACE (67.0). 408

This confirms that iterative refinement is essential 409

for driving performance gains beyond the reach of 410

static consensus alone. 411

In practice, NER performance within the train- 412

ing samples consistently improved across iterations. 413

When averaged over the eight annotator models, 414

performance increased from Iteration 0 to each 415

model’s best-performing iteration by as much as 416

+25 F1 on several benchmarks, with an overall av- 417

erage gain of +14.9 F1 (Table 2) and +4.8 F1 on 418

CrossNER (Table 1). 419

Individual LLM annotators’ performance gener- 420

ally improves through refinement, a trend closely 421

tracked by inter-model agreement. While perfor- 422

mance typically peaks at 2.7 iterations on average, 423

trajectories vary significantly across benchmarks 424

(Figure 3). Early peaks (e.g., MIT-Movie) can de- 425

cline due to overcorrection from the fixed 20% 426

threshold, while complex or high-density tasks 427

like OntoNotes 5.0 and Broad Twitter exhibit more 428

gradual or volatile patterns. 429

Notably, despite these diverse trajectories, inter- 430

model agreement remains a consistently reliable 431

proxy for NER performance. This reliability is 432

substantiated by strong F1-agreement correlations, 433

reaching ρ = 0.922 for CrossNER-Politics and 434

0.886 for OntoNotes 5.0 (Figure 2). This relation- 435

ship validates model consensus as a robust, label- 436

free indicator of task quality, supporting the effec- 437

tiveness of the DiZiNER framework. 438

Sensitivity analysis across five seeds confirms 439

the framework’s robustness to stochasticity in both 440

token sampling and refinement pathways, yield- 441

ing low standard deviations of 0.8% and 2.1% for 442

CrossNER-AI and Literature, respectively. Fur- 443

thermore, while precise instruction crafting is ben- 444

eficial for maximizing performance, evaluations 445

across five distinct initial instructions yield mean 446

F1 scores of 67.2% [65.7%, 69.9%] for CrossNER- 447

AI and 70.4% [69.1%, 72.7%] for Literature, con- 448

firming the framework’s stability against variations 449

in initial task definitions. 450

The average cost per iteration was $1.90 for in- 451

ference and $0.77 for supervision, resulting in a 452

total of $2.67 per iteration. Considering that an 453

average of five iterations were conducted for each 454
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Methods Movie Rest. B-Twit ACE05 CoNLL M-NERD Onto FabNER Anat bc2 bc4 bc5 GENIA Avg

Zero-shot
ChatGPT (Zhou et al., 2023) 5.3 32.8 61.8 26.6 52.5 58.1 29.7 15.3 30.7 40.2 35.5 52.4 41.6 37.1
GoLLIE (Sainz et al., 2023) 63.0 52.7 51.4 – – 77.5 – 26.3 – – – – – –
UniNER-7B (Zhou et al., 2023) 42.4 31.7 67.9 36.9 72.2 59.3 27.8 24.8 25.1 46.2 47.9 68.0 54.1 46.5
GLiNER (Zaratiana et al., 2023) 57.2 42.9 61.2 27.3 64.6 59.7 32.2 23.6 33.3 47.9 43.1 66.4 55.5 47.3
EvoPrompt (Tong et al., 2025) 70.9 69.3 – 51.2 81.3 – – – – – – – – –

GPT-5 mini (supervisor model) 73.3 58.5 59.2 54.0 81.8 74.0 63.8 29.5 59.2 73.0 63.7 62.8 56.5 62.3

DiZiNER 76.2 67.3 76.9 45.0 86.9 80.6 62.5 29.5 59.1 71.0 79.5 78.9 60.1 68.4
DiZiNER (top 1) 78.5 68.1 78.3 46.2 88.6 83.7 63.5 29.1 60.7 73.0 81.7 81.3 60.9 68.7
Avg. Gain from Iteration 0 +5.6 +22.9 +20.1 +2.1 +28.3 +2.6 +24.8 +0.9 +25.3 +12.7 +26.9 +16.4 +4.5 +14.9
∆DiZiNER - GPT-5 mini +2.9 +8.8 +17.7 -9.0 +5.1 +6.6 -1.3 +0.0 -0.1 -2.0 +15.8 +16.1 +3.6 +5.0

Supervised
BERT-base (Wang et al., 2023b) 88.8 81.0 58.6 87.3 92.4 91.3 91.1 64.2 85.8 80.9 86.7 85.3 73.3 82.1
InstructUIE (Wang et al., 2023b) 89.6 82.6 80.3 79.9 91.5 90.3 88.6 78.4 88.5 80.7 87.6 89.0 75.7 84.8
UniNER-7B (Zhou et al., 2023) 90.2 82.3 81.2 86.7 93.3 93.7 89.9 81.9 88.5 82.4 89.2 89.3 77.5 86.6
GLiNER (Zaratiana et al., 2023) 87.9 83.6 82.7 82.8 92.6 93.8 89.0 77.8 88.9 83.7 87.9 88.7 78.9 86.0
KnowCoder-7B (Li et al., 2024b) 90.6 81.3 78.3 86.1 95.1 93.1 88.2 82.9 86.4 82.0 – 89.3 76.7 –
GNER (Ding et al., 2024) 90.2 83.8 81.3 – 93.6 94.4 91.8 85.4 90.3 84.3 90.0 90.3 – –
B2NER (Yang et al., 2024) 90.8 83.7 82.2 83.0 92.6 94.0 84.3 78.8 89.2 82.0 89.0 88.5 76.4 85.7

∆Best prior ZS - Best prior Sup. -19.9 -14.5 -14.8 -36.1 -13.8 -16.9 -59.6 -59.1 -57.0 -36.4 -42.1 -22.3 -23.4 -32.0
∆DiZiNER - Best prior ZS +5.3 -2.0 +9.0 -6.2 +5.6 +3.1 +30.3 +3.2 +25.8 +23.1 +31.6 +10.9 +4.6 +11.1
∆DiZiNER - Best prior Sup. -14.6 -16.5 -5.8 -42.3 -8.2 -13.8 -29.3 -55.9 -31.2 -13.3 -10.5 -11.4 -18.8 -20.9

Table 2: Overall NER results across 13 benchmarks. ZS denotes our zero-shot pipeline without any gold labels,
and all DiZiNER results are zero-shot. Within each setting (zero-shot and supervised), the best and second-best
scores are highlighted in bold and underlined, respectively. GPT-5 mini results are excluded from this comparison.
Avg. Gain from Iteration 0 denotes the average improvement averaged across eight backbone models, computed as
the mean difference between each model’s Iteration-0 score and its best-performing iteration within the iterative
document set. Overall performance is averaged only for models with complete results across all benchmarks.
Abbreviations: Movie = MIT-Movie, Rest. = MIT-Restaurant, B-Twit = BroadTwitter, ACE05 = ACE2005, CoNLL
= CoNLL2003, M-NERD = MultiNERD, Onto = OntoNotes, Anat = AnatEM, bc2 = BC2GM, bc4 = BC4CHEMD,
bc5 = BC5CDR. *Note: The DiZiNER (top 1) row indicates previous reported scores and will be removed for the
camera-ready version.

benchmark and three configuration settings were455

explored, the total cost amounts to $40.1 per bench-456

mark.457

4.3 Ablation Study458

Annotator Diversity and Scaling Diverse en-459

sembles of smaller models (≤ 24B) consistently460

outperform single-family pools by 1.7–3.7 F1461

points despite the latter’s larger scale (Table 14).462

Scaling from 4 to 8 annotators improves average463

F1 from 73.1 to 75.5, yet performance declines be-464

yond 12 models (73.9) due to increased consensus465

noise (Table 15). Consequently, we recommend466

employing a heterogeneous pool of 8–12 annotator467

models from distinct lineages to optimally balance468

signal diversity and consensus stability.469

Supervisor model capacity. Evaluation across470

diverse high-capacity supervisors shows consis-471

tent improvements over the GPT-5 mini baseline,472

though a performance gap remains compared to473

the prior zero-shot SOTA (Table 10). These find-474

ings suggest that while the disagreement-guided475

refinement is effective across various models, the476

supervisor’s capability remains a relevant factor in477

determining the final performance levels achieved478

by the framework. 479

Final task goal Skipping the final task goal con- 480

sistently degraded performance, leading to a sig- 481

nificant average F1 drop from 77.6 to 71.9 across 482

CrossNER and CoNLL2003 (Table 11). In our 483

framework, this component was designed to serve 484

as a global criterion that guides instruction refine- 485

ment toward the overall task objective. We specu- 486

late that when it is omitted, the refined instructions 487

may remain locally consistent yet diverge from the 488

benchmark’s intended direction, leading to lower 489

F1 scores across domains. 490

Removing the least consistent annotator The 491

effect of excluding the most disagreement-prone 492

annotator varied across benchmarks with no con- 493

sistent trend (Table 12). Removing the least con- 494

sistent annotator sometimes improved results but 495

also risked destabilizing disagreement statistics by 496

reducing diversity. Given these trade-offs, we treat 497

this step as a tunable option rather than a fixed rule. 498

Iteration set size Optimal performance was 499

achieved with 15-25 samples (Table 13), while 500

larger sets degraded results by expanding hotspot 501

regions and obscuring distinct error patterns. Fur- 502
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ther scaling of the iteration document set size ap-503

pears unnecessary under the current framework.504

DiZiNER with gold-standard data Incorporat-505

ing gold supervision provided minimal benefits506

in our framework (Table 16). Average perfor-507

mance increased by 0.3 F1, with consistent gains508

observed on ACE05 (+10.5) and OntoNotes (+5.6),509

where human annotations helped resolve errors aris-510

ing from missing context and pronominal refer-511

ences. Replacing disagreement signals with gold512

labels shifted the objective from cross-model con-513

sensus to fixed-target fitting, thereby reducing di-514

versity and weakening iterative refinement. Over-515

all, the disagreement-guided setup without supervi-516

sion achieved greater stability and stronger perfor-517

mance.518

4.4 Instruction Refinement and NER Quality519

Analysis520

Instruction analysis (Appendix D) reveals that span521

boundary, entityhood, and type disambiguation522

constitute approximately 60% of all refined instruc-523

tions (Table 17). This concentration is consistent524

with prior observations of human annotator dis-525

agreements during pilot annotation, confirming526

that the simulated refinement effectively targets527

established bottlenecks. High-performing configu-528

rations further distinguish themselves by emphasiz-529

ing global strategy (+2.8%) and entityhood (+4.7%)530

to better align with task objectives.531

These refinements are qualitatively reflected in532

DiZiNER’s ability to address persistent errors by533

synthesizing valid rules from document-level sig-534

nals (Table 18). For instance, by leveraging con-535

textual cues, DiZiNER correctly classifies "Cam-536

bridge" as an organization within league tables537

and recovers previously missed publication names538

like "Nature," ensuring domain-wide consistency539

through instruction-based signal discovery.540

5 Conclusion541

We introduce DiZiNER, a zero-shot NER frame-542

work that simulates human pilot annotation through543

disagreement-guided instruction refinement with-544

out any parameter updates. By employing multiple545

heterogeneous LLMs as annotators and a super-546

visor model for disagreement-driven refinement,547

DiZiNER reduces boundary ambiguity and type548

confusion. Across 18 benchmarks, it achieves zero-549

shot SOTA results on 14 datasets, improves over the550

previous best zero-shot systems by +11.1 F1 on av-551

erage, outperforms the GPT-5 mini supervisor, and 552

narrows the zero-shot to supervised gap from -32.0 553

to -20.9 F1. Ablation studies show that aligning 554

refinement with the final task objective is essen- 555

tial for resolving conflicting instructions and that 556

annotator diversity is critical for effective updates. 557

The strong correlation between agreement metrics 558

and gold-standard F1 indicates that disagreement- 559

guided refinement is the primary driver of gains, 560

suggesting that small open-source models can often 561

surpass advanced proprietary baselines in an fully 562

zero-shot setting without instruction fine-tuning. 563

Limitations 564

Our framework exhibits varying gains across bench- 565

marks. This variability likely stems from stochas- 566

ticity and sampling differences that can alter the tra- 567

jectory of iterative refinement. Because DiZiNER 568

represents each dataset through its document pool 569

and NER schema without accessing gold-labeled 570

samples, refined instructions may gradually drift 571

from dataset-specific annotation conventions. A hy- 572

brid approach that combines disagreement-guided 573

refinement with a small number of supervised ex- 574

amples could anchor the process to the intended 575

labeling criteria while preserving the efficiency and 576

generality of zero-shot learning. 577

We also keep the NER schema fixed across it- 578

erations to maintain comparability and evaluation 579

consistency with benchmark datasets. This design 580

departs from realistic pilot annotation workflows, 581

where entity types are often added, merged, or re- 582

moved to resolve ambiguities and better capture 583

domain semantics. Extending DiZiNER to real- 584

world corpus construction will therefore require 585

a schema-refinement component that can propose, 586

test, and validate type updates while ensuring back- 587

ward compatibility with earlier iterations and pre- 588

serving evaluation continuity. 589
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A Tuning Parameters for Instruction 806

Refinement 807

To stabilize instruction refinement and prevent ex- 808

cessive corrections during iterative updates, the 809

supervisor employs a series of tuning parameters. 810

Each parameter controls a distinct aspect of the 811

refinement process, ensuring balanced evolution of 812

the instruction set across different phases. 813
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Parameter Definitions814

• max_common_instructions Specifies the815

maximum number of newly generated shared816

principles per iteration. This prevents uncon-817

trolled guideline expansion and is primarily818

active in Phase 1 and Phase 3.819

• max_patterns Determines the number of dis-820

agreement patterns considered in each cycle.821

By focusing only on the most recurrent in-822

consistencies, it guides efficient refinement823

during Phase 1.824

• max_model_specific_instructions Sets825

an upper bound on model-specific adjustments826

per annotator model. This maintains an appro-827

priate balance between general and special-828

ized rules in Phase 2 and Phase 3.829

• limit_instruction_changes Enables a830

controlled edit mode that constrains the831

degree of revision between refinement cycles,832

applied during Phase 4.833

• max_change_ratio When controlled editing834

is active, this parameter limits the proportion835

of textual modifications to preserve continuity836

and prevent semantic drift, also enforced in837

Phase 4.838

Representative Configurations Three parame-839

ter configurations were adopted across benchmarks840

to investigate varying levels of refinement adaptive-841

ness (Table 3). All settings used a group size of842

25 samples per iteration and a maximum of four843

refinement cycles.844

B Dataset Statistics845

Table 4 summarizes the datasets used across exper-846

iments, encompassing 18 NER benchmarks from847

general, biomedical, STEM, and social domains848

to ensure broad domain coverage and diversity of849

entity types.850

C Prompts851

Tables 5-8 summarize the four supervisory prompts852

used for instruction refinement: disagreement anal-853

ysis, model-specific error review, instruction gen-854

eration, and hierarchical organization. Each phase855

builds on the previous to ensure consistent, inter-856

pretable NER annotation. Full prompt templates857

and JSON schema are available on the project’s858

GitHub repository.859

D Methodology for Instruction 860

Categorization 861

To identify which instructions were introduced via 862

inter-model disagreement and to assess their effec- 863

tiveness across all 18 NER benchmarks, we cate- 864

gorized each “Common Instruction” generated by 865

the supervisor model. This categorization helps 866

explain how disagreement-guided refinement leads 867

to performance gains. The categories are defined 868

as follows: 869

• Span Boundary & Composition: Rules for 870

entity extent, including modifiers and punctu- 871

ation within a span. 872

• Entityhood & Referentiality: Criteria for 873

distinguishing entities from common nouns or 874

generic mentions. 875

• Type Disambiguation Logic: Heuristics to 876

resolve confusion between similar or overlap- 877

ping entity types. 878

• Global Strategy & Purpose: Instructions 879

defining the task’s overarching goal and guid- 880

ing philosophy. 881

• Formatting & Noise Handling: Rules for 882

handling symbols, tokenization artifacts, and 883

orthographic noise. 884

• Annotator Workflow & Priority: Guidance 885

on decision-making sequences and rule prece- 886

dence. 887

• Others & Specialized: Niche domain- 888

specific technical rules that do not fit into other 889

categories. 890

E Supplementary Results 891

Figure 2 visualizes the correlation between inter- 892

annotator agreement and NER performance across 893

refinement iterations. Figure 3 tracks the progres- 894

sion of inter-annotator agreement and NER perfor- 895

mance within the training samples across iterations 896

for each individual benchmark. 897

Table 9 presents a comprehensive performance 898

comparison against various ensemble methods, 899

while Table 10 details the results across different 900

supervisor models. The impact of the final task 901

goal is examined in Table 11. 902

Table 12 shows the comparison with and with- 903

out the removal of the least consistent annotator. 904
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Configuration max_common max_patterns max_model_spec. limit_changes max_ratio max_iter.

Stable 3 5 2 True 0.10 5
Relaxed 5 8 3 False 0.20 5
Aggressive 10 20 10 False 0.50 5

Table 3: Tuning configurations for instruction refinement experiments.

Domain Dataset # train # dev # test # types Avg. tokens Avg. entities

Cross-domain
(CrossNER)

AI (Liu et al., 2021) 100 350 431 14 52 5.3
Literature (Liu et al., 2021) 100 400 416 12 54 5.4
Music (Liu et al., 2021) 100 380 465 13 57 6.5
Politics (Liu et al., 2021) 199 540 650 9 61 6.5
Science (Liu et al., 2021) 200 450 543 17 54 5.4

Social Media /
Dialogue

MIT-Movie (Liu et al., 2013) 9775 2442 2443 12 10 2.2
MIT-Restaurant (Liu et al., 2013) 7660 1520 1521 8 9 2.0
BroadTwitter (Derczynski et al., 2016) 5334 2001 2000 3 28 0.5

General

ACE2005 (Walker et al., 2006) 7299 971 1060 7 21 2.8
CoNLL2003 (Sang and De Meulder, 2003) 14041 3250 3453 4 25 2.8
MultiNERD (Tedeschi and Navigli, 2022) 134144 10000 10000 16 28 1.6
OntoNotes (Pradhan et al., 2013) 59924 8528 8262 18 18 0.9

STEM FabNER (Kumar and Starly, 2022) 9435 2182 2064 12 36 5.1

Biomedical

AnatEM (Pyysalo and Ananiadou, 2014) 5861 2118 3830 1 37 0.7
BC2GM (Smith et al., 2008) 12500 2500 5000 1 36 0.4
BC4CHEMD (Wang et al., 2019) 30682 30639 26364 1 45 0.9
BC5CDR (Li et al., 2016) 4560 4581 4797 2 41 2.2
GENIA (Kim et al., 2003) 15022 1669 1855 5 46 3.5

Table 4: Statistics of datasets used in our experiments. We evaluate across 18 NER datasets covering general,
biomedical, STEM, and social domains.

Table 13 summarizes the results under different905

document set sizes per iteration. Furthermore, Ta-906

ble 14 investigates performance across different907

annotator families, and Table 15 analyzes the ef-908

fects of varying the number of annotator models.909

Table 16 provides a comparison between zero-shot910

and supervised evaluation settings.911

Finally, Table 17 provides a categorical distri-912

bution of the refined instructions, and Table 18913

showcases qualitative NER results across diverse914

benchmarks.915
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Figure 2: Correlation between pairwise agreement and NER performance across training iterations.Each subplot
represents individual benchmarks, showing the Pearson correlation (ρ) between inter-annotator agreement (x-axis)
and F1 performance on iteration document sets (y-axis). Strong positive correlations across diverse domains confirm
that agreement statistics serve as a reliable, label-free indicator of NER performance during DiZiNER cycles.
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Figure 3: Evolution of NER performance and inter-annotator agreement across iterations for 18 benchmarks.
Each plot displays the strict span f1 score measured on the iteration document sets for: (1) the Best Model (top-
performing individual annotator), (2) the Majority Vote consensus, and (3) the Average performance of the eight
heterogeneous LLM annotators. The dashed line (Pairwise Agreement Avg.) represents the mean inter-model
agreement, demonstrating its role as a reliable, label-free proxy for performance gains during the DiZiNER cycles.
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Prompt Text

You are a strict, methodical NER annotation supervisor. Your task in this phase is to analyze
disagreement patterns using majority-vote as a reference point (NOT as ground truth), identify high-
yield error patterns, and classify them systematically. Focus on extracting actionable patterns that can
inform instruction creation without generating instructions yet.
Current NER Scheme: {current_ner_schema}.
Final Task Goal: {final_task_goal}.
Disagreement Analysis: {NER_disagreement_summaries}.
Task: 1. Analyze disagreement patterns using MV as reference point, acknowledging that MV is not
ground truth but a useful consensus measure. 2. Identify and quantify disagreement patterns, clustering
them into maximum 8 high-impact categories. 3. For each pattern, determine root causes and assess
whether existing instructions already address them. 4. Extract possible annotation approaches for each
conflicting case, providing the rationale behind each approach. 5. Identify aspects of the final task
goal that need clarification to resolve ambiguous annotation choices. 6. Do NOT generate instructions
in this phase - focus on pattern analysis and candidate instruction principles.
Output Format (JSON):
{

"disagreement_analysis_summary": {
"major_disagreement_sources": [
"Source 1", ...

],
"mv_reference_reliability": "Assessment of MV as reference point",
"elite_vs_non_elite_patterns":
"Comparison between elite and non-elite model behaviors"

},
"identified_patterns": [
{
"pattern_id": "P1",
"pattern_name": "Descriptive pattern name",
"frequency": "high|medium|low",
"disagreement_subtypes": [
"Subtype A", ...

],
"root_cause_analysis":
"Fundamental principle-level explanation of disagreement source",
"affected_entity_types": [
"PER", ...

],
"annotation_approaches": [
{
"approach": "Annotation approach A",
"rationale": "Why this approach makes sense",
"supporting_models": [
"model1", ...

]
}, ...

], ...
]

}

Table 5: Prompt for instruction refinement in phase 1 (Disagreement Pattern Analysis).
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Prompt Text

You are a strict, methodical NER annotation supervisor. In this phase, you analyze error patterns
specific to model_name based on the configuration, focusing on systematic deviations not covered
by common disagreement patterns identified in Phase 1. IMPORTANT: You are analyzing only one
model at a time, not multiple models.
Inputs
- Phase 1 results: phase1_results
- Single model detailed disagreement data: model_disagreement_data
- Elite model identification results: elite_models
- Single model bias analysis: model_bias_analysis
- Original NER scheme: current_ner_schema
- Final task goal: final_task_goal
- Existing model-specific instructions: existing_model_instructions
Runtime Identifiers: model_name, model_type
Task Focus
- Identify model-unique patterns not covered by Phase 1
- Classify into systematic_bias | confusion_pattern | under_tagging | over_tagging |
boundary_errors
- Assess existing model-specific instructions and their effectiveness
- Prepare instruction needs (do not generate instructions yet)
Output Format (JSON):
{

"model_name": "{model_name}",
"elite_or_not": true|false,
"model_specific_patterns": [
{
"pattern_id": "M1_{model_name}",
"pattern_name": "Model-specific pattern description",
"pattern_type": "systematic_bias|confusion_pattern|...",
"not_covered_by_common_patterns": true,
"pattern_characterization": "How this model behaves differently",
"examples": [
"Context - MV: PER(\"...\"), {model_name}: MISC(\"...\")", ...

],
"existing_instruction_assessment": {
"covered_by_existing_model_specific": "true|false",
"existing_instruction_reference": "instruction_id or null",
"effectiveness_assessment": "qualitative note"

}
}

],
"model_bias_summary": {
"primary_systematic_biases": ["Bias 1", "Bias 2"],
"model_strengths": ["Strength 1", "Strength 2"],
"key_weaknesses": ["Weakness 1", "Weakness 2"],
"deviation_from_mv_coalition": "narrative summary"

}, ...
"instruction_candidate_needs_max": "{max_model_specific_instructions}"

}

Table 6: Prompt for instruction refinement in phase 2 (Single-Model Error Analysis).
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Prompt Text

You are a strict, methodical NER annotation supervisor acting as an instruction generator and conflict
resolver. Convert identified patterns into concrete instructions, resolve conflicts using the final task
goal guidance, and run in either human-interactive or GPT-autonomous mode.
Inputs
- Phase 1 results: phase1_results
- Phase 2 results: phase2_results
- Final task goal: final_task_goal
- Decision mode: decision_mode (human_interactive | gpt_autonomous)
- Human input if interactive: human_input
- Existing instructions: existing_common_instructions, existing_model_instructions
Dynamic Parameters
- max_common_instructions, max_model_specific_instructions
Output Format (JSON):
{

"updated_final_goal": {
"goal_updated": "true|false",
"sections_updated": ["..."],
"updated_final_goal_text": "..."

},
"decision_mode_used": "human_interactive|gpt_autonomous",
"conflict_resolutions": [
{
"conflict_id": "C1",
"conflicting_candidates": ["Candidate A", "Candidate B"],
"resolution_rationale": "Why this choice was made", ...

}
],
"finalized_common_instructions": [
{
"instruction_id": "CI1",
"instruction_text": "Concrete common instruction",
"addresses_patterns": ["P1", "P2"],
"examples": [ ... ],
"priority": "high|medium|low",
"instruction_type": "new|improved|replacement", ...

}
],
"finalized_common_instructions_max": "{max_common_instructions}",
"finalized_model_instructions": {
"{model_name}": [ ... ]

},
"finalized_model_instructions_max_per_model":
"{max_model_specific_instructions}",

"instruction_generation_summary": ...
}

Table 7: Prompt for instruction refinement in phase 3 (Instruction Generation and Decision).
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Prompt Text

You are a strict, methodical NER annotation supervisor acting as a guideline architect. Organize all
instructions (existing + new) into a clear hierarchy, resolve remaining inconsistencies, and create the
final guideline for the next iteration. Prioritize preservation of existing instructions and integrate new
ones harmoniously.
Inputs - Phase 3 results: phase3_results
- Existing instructions: existing_instructions
- Original NER scheme: current_ner_schema
- Updated final task goal: updated_final_goal
Dynamic Parameters - preserve_existing_instructions, limit_instruction_changes,
max_change_ratio
Output Format (JSON):
{

"instruction_integration_analysis": {
"existing_instructions_retained": ...
"preservation_score": "0.0-1.0"

},
"contradiction_resolutions": [
{
"contradiction_id": "CR1",
"conflicting_instructions": ["Instruction A", "Instruction B"], ...

}
],
"hierarchical_common_instructions": [
{
"level": "1",
"instruction_number": "1",
"instruction_text": "Top-level principle", ...
"sub_instructions": [
{
"level": "1.1",
"instruction_number": "1.1",
"instruction_text": "Sub-principle",
"examples": [
{"text": "Example", "correct_annotation": "Gold", "explanation": "Note"}
], ... }]}],

"prioritized_model_instructions": {
"{model_name}": [
{
"priority_rank": 1,
"instruction_id": "MI1_{model_name}",
"instruction_text": "Highest-priority instruction", ...

}]},
"final_guideline_summary": {

"total_hierarchical_common_instructions": 0,
"max_hierarchy_depth": 2,
...

}
}

Table 8: Prompt for instruction refinement in phase 4 (Hierarchical Guideline Organization.)
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Benchmark DiZiNER MV DS GLAD MACE GPT-5 mini Prior Best ZS

AI 71.1 [71.1, 71.1] 73.0 69.3 72.3 71.9 64.3 68.2
Literature 72.7 [72.0, 73.8] 69.3 66.8 69.4 69.1 67.6 71.6
Music 80.6 [79.2, 82.9] 83.1 80.7 83.5 83.3 73.3 82.4
Politics 79.4 [77.6, 80.9] 79.1 77.0 79.0 78.8 72.8 78.2
Science 74.8 [74.1, 75.4] 72.6 72.4 73.8 73.1 68.4 79.4
Movie 76.2 [74.4, 78.5] 74.2 71.1 73.8 74.2 73.3 70.9
Restaurant 67.3 [66.9, 68.1] 66.2 62.6 68.0 67.7 58.5 69.3
BroadTwitter 76.9 [75.5, 78.3] 67.8 55.9 62.3 61.5 59.2 67.9
ACE05 45.0 [44.1, 46.2] 22.1 24.9 22.6 23.5 54.0 51.2
CoNLL2003 86.9 [85.8, 88.6] 93.2 86.5 92.9 92.9 81.8 81.3
MultiNERD 80.6 [79.0, 83.7] 81.5 68.3 81.8 81.5 74.0 77.5
OntoNotes 62.5 [61.5, 63.5] 54.4 46.4 58.1 58.6 63.8 32.2
FabNER 29.5 [28.9, 30.5] 32.6 33.4 33.2 33.7 29.5 26.3
AnatEM 59.1 [56.1, 60.7] 60.4 42.1 62.8 63.8 59.2 33.3
BC2GM 71.0 [67.0, 73.0] 62.3 57.0 63.9 63.8 73.0 47.9
BC4CHEMD 79.5 [78.4, 81.7] 71.6 54.9 70.0 72.7 63.7 47.9
BC5CDR 78.9 [77.0, 81.3] 77.1 65.9 77.5 77.6 62.8 68.0
GENIA 60.1 [59.6, 60.9] 58.0 54.2 58.9 58.4 56.5 55.5

Average 69.6 [68.2, 71.1] 66.6 60.5 66.9 67.0 64.2 61.6

Table 9: Performance comparison across 18 NER benchmarks including DiZiNER, various ensemble methods, GPT-
5 mini baseline, and previous zero-shot SOTA. The ensemble methods include Majority Voting (MV), Dawid-Skene
(DS), Generative model of Labels, Abilities, and Difficulties (GLAD), and Multi-Annotator Competence Estimation
(MACE). For DiZiNER ZS, values are reported as average F1 [min, max]. Best and second-best results for each
individual benchmark are highlighted in bold and underlined, respectively.

Benchmark Supervisor F1 [min, max]

AI

gpt-5-mini-2025-08-07 71.1 [71.1, 71.1]
gpt-oss-120b 65.1 [61.1, 67.3]
qwen-2.5-72b-instruct 65.6 [56.5, 70.5]
llama-3.3-70b-instruct 66.0 [62.5, 69.3]

Prior Best ZS 68.2
GPT-5 mini baseline 64.3

Literature

gpt-5-mini-2025-08-07 71.8 [71.3, 72.2]
gpt-oss-120b 69.2 [65.2, 71.4]
qwen-2.5-72b-instruct 71.0 [69.2, 72.0]
llama-3.3-70b-instruct 69.0 [66.2, 71.7]

Prior Best ZS 71.6
GPT-5 mini baseline 67.6

Table 10: Performance comparison of DiZiNER across various supervisor models, alongside GPT-5 mini baselines
and prior best results on CrossNER-AI and Literature. For DiZiNER configurations, values are reported as average
F1 [min, max]. Best and second-best results for each individual benchmark are highlighted in bold and underlined,
respectively.
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Benchmark Base +sfg

AI 71.1 [71.1, 71.1] 65.0 [62.3, 68.3]
Literature 72.7 [72.0, 73.8] 65.1 [62.8, 66.8]
Music 80.6 [79.2, 82.9] 75.8 [71.0, 78.9]
Politics 79.4 [77.6, 80.9] 72.4 [67.2, 76.4]
Science 74.8 [74.1, 75.4] 70.8 [68.1, 73.4]
CoNLL2003 86.9 [85.8, 88.6] 82.1 [81.5, 82.8]

Average 77.6 [76.6, 78.8] 71.9 [68.8, 74.4]

Table 11: Best NER performance with and without skipping the final task goal (+sfg). Values are reported as average
F1 [min, max]. Best for each individual benchmark is highlighted in bold.

Benchmark Base +dwa ∆Base - dwa

AI 71.1 [71.1, 71.1] 69.9 [69.4, 70.4] +0.0
Literature 72.7 [72.0, 73.8] 72.6 [71.9, 73.8] +0.1
Music 80.6 [79.2, 82.9] 80.5 [80.0, 81.3] +0.1
Politics 79.4 [77.6, 80.9] 77.3 [76.6, 77.7] +2.1
Science 74.8 [74.1, 75.4] 73.9 [73.5, 74.7] +0.9
Movie 76.2 [74.4, 78.5] 70.2 [65.5, 73.7] +6.0
Restaurant 67.3 [66.9, 68.1] 68.3 [67.8, 68.6] -1.0
BroadTwitter 76.9 [75.5, 78.3] 66.5 [60.7, 69.5] +10.4
ACE05 45.0 [44.1, 46.2] 40.3 [35.4, 46.2] +4.7
CoNLL2003 86.9 [85.8, 88.6] 86.7 [85.8, 88.6] +0.2
MultiNERD 80.6 [79.0, 83.7] 79.0 [78.4, 79.6] +1.6
OntoNotes 62.5 [61.5, 63.5] 62.8 [62.1, 63.2] -0.3
FabNER 29.5 [28.9, 30.5] 27.9 [25.9, 29.1] +1.6
AnatEM 59.1 [56.1, 60.7] 55.1 [54.6, 55.6] +4.0
BC2GM 71.0 [67.0, 73.0] 65.5 [60.1, 69.6] +5.5
BC4CHEMD 79.5 [78.4, 81.7] 79.1 [75.7, 81.7] +0.4
BC5CDR 78.9 [77.0, 81.3] 80.9 [80.2, 81.3] -2.0
GENIA 60.1 [59.6, 60.9] 57.8 [56.9, 59.5] +2.3

Average 69.6 [68.2, 71.1] 67.5 [65.6, 69.1] +2.1

Table 12: Zero-shot NER performance of DiZiNER with and without dropping the worst annotator (dwa). The
worst model is defined as the model showing the highest average disagreement with all others. Values are reported
as average F1 [min, max]. Best for each individual benchmark is highlighted in bold.

Benchmark Iteration Document Set Size

15 25 50 100

AI 70.5 [67.9, 72.4] 71.1 [71.1, 71.1] 67.2 [65.8, 68.0] 70.3 [69.4, 71.4]
Literature 70.6 [68.9, 72.5] 72.7 [72.0, 73.8] 69.8 [68.7, 71.8] 69.0 [67.5, 71.9]

Average 70.6 [68.4, 72.5] 71.9 [71.6, 72.5] 68.5 [67.3, 69.9] 69.7 [68.5, 71.7]

Table 13: Zero-shot NER performance across different iteration document set sizes. Values are reported as average
F1 [min, max]. Best and second-best results for each individual benchmark are highlighted in bold and underlined,
respectively.
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Benchmark Base Qwen Llama

AI 71.1 [71.1, 71.1] 68.1 [66.1, 71.1] 69.4 [68.8, 70.2]
Literature 72.7 [72.0, 73.8] 68.2 [65.7, 70.6] 71.0 [70.9, 71.1]

Average 71.9 [71.6, 72.5] 68.2 [65.9, 70.9] 70.2 [69.9, 70.7]

Table 14: Best zero-shot NER performance across different annotator families. The Base configuration utilizes
eight heterogeneous models (all ≤ 24B parameters). In contrast, the Qwen and Llama configurations consist of
eight models from their respective single families, including significantly larger models such as Llama 3.3-70B and
Qwen 2.5-Coder-32B to meet the count requirement. Values are reported as average F1 [min, max]. Best for each
individual benchmark is highlighted in bold.

Benchmark Number of Annotator Models

4 8 12 16

AI 68.7 [67.5, 69.6] 69.9 [68.7, 71.1] 68.4 [66.9, 69.6] 67.4 [66.9, 68.0]
Literature 72.3 [72.0, 72.7] 72.7 [72.0, 73.8] 70.4 [66.4, 73.0] 70.2 [68.7, 71.0]
Music 76.6 [75.3, 78.8] 80.6 [79.2, 82.9] 80.8 [79.2, 81.6] 80.2 [79.6, 80.6]
Politics 76.5 [76.0, 77.4] 79.4 [77.6, 80.9] 77.7 [75.7, 79.9] 77.3 [76.0, 78.6]
Science 71.5 [64.0, 75.8] 74.8 [74.1, 75.4] 72.1 [69.5, 73.5] 74.6 [73.4, 75.8]

Average 73.1 [71.0, 74.9] 75.5 [74.3, 76.8] 73.9 [71.5, 75.5] 73.9 [70.9, 72.8]

Table 15: Zero-shot NER performance across different numbers of annotator models. Best and second-best results
for each individual benchmark are highlighted in bold and underlined, respectively.

Benchmark Zero-shot Supervised ∆Sup. - ZS

AI 69.9 [68.7, 71.1] 70.1 [68.8, 71.1] +0.2
Literature 72.7 [72.0, 73.8] 71.1 [67.0, 73.5] -1.6
Music 80.6 [79.2, 82.9] 79.2 [78.6, 79.9] -1.4
Politics 79.4 [77.6, 80.9] 76.4 [76.2, 76.6] -3.0
Science 74.8 [74.1, 75.4] 71.9 [71.6, 72.3] -2.9
Movie 76.2 [74.4, 78.5] 77.1 [75.0, 78.7] +0.9
Restaurant 67.3 [66.9, 68.1] 69.3 [67.0, 72.7] +2.0
BroadTwitter 76.9 [75.5, 78.3] 74.3 [73.8, 75.2] -2.6
ACE05 45.0 [44.1, 46.2] 55.5 [55.0, 55.8] +10.5
CoNLL2003 86.9 [85.8, 88.6] 86.1 [84.1, 87.9] -0.8
MultiNERD 80.6 [79.0, 83.7] 82.2 [81.5, 82.8] +1.6
OntoNotes 62.5 [61.5, 63.5] 68.1 [66.4, 69.0] +5.6
FabNER 29.5 [28.9, 30.5] 28.4 [28.0, 29.0] -1.1
AnatEM 59.1 [56.1, 60.7] 59.4 [57.1, 60.9] +0.3
BC2GM 71.0 [67.0, 73.0] 68.4 [67.2, 69.4] -2.6
BC4CHEMD 79.5 [78.4, 81.7] 80.1 [79.5, 80.9] +0.6
BC5CDR 78.9 [77.0, 81.3] 80.8 [79.9, 81.8] +1.9
GENIA 60.1 [59.6, 60.9] 57.5 [53.8, 61.1] -2.6

Average 69.5 [67.0, 71.1] 69.8 [67.9, 71.6] +0.3

Table 16: Comparison of DiZiNER zero-shot and supervised performance across benchmarks. Best for each
individual benchmark is highlighted in bold.
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Category High-perf. Conf. Low-perf. Conf. Difference

Span Boundary & Composition 2.9 (29.4%) 2.6 (27.6%) +0.3 (+1.8%)
Entityhood & Referentiality 2.3 (23.4%) 1.8 (18.7%) +0.5 (+4.7%)
Type Disambiguation Logic 2.1 (20.7%) 2.8 (29.0%) -0.7 (-8.3%)
Global Strategy & Purpose 1.3 (12.7%) 1.0 (9.9%) +0.3 (+2.8%)
Formatting & Noise Handling 0.6 (6.2%) 0.6 (6.0%) +0.0 (+0.2%)
Annotator Workflow & Priority 0.5 (4.7%) 0.6 (6.4%) -0.1 (-1.7%)
Others & Specialized 0.4 (3.8%) 0.3 (3.2%) +0.1 (+0.6%)

Total 10.0 9.6 +0.4

Table 17: Comparison of category distributions of refined common instruction between high-performing and
low-performing iteration–model configurations.

Input Text [Benchmark] Gold Entity DiZiNER Iteration 0 Remarks

@scotthornsby10 to be clear, it’s
only for people, not brands. [Broad
Twitter]

scotthornsby10
(PER)

scotthornsby10 @scotthornsby10 Successfully removed @ sym-
bols to align with standard per-
son mention spans.

Ex vivo, estradiol exposure in-
creased the IL-8 secretion of nor-
mal whole breast tissue in culture.
[AnatEM]

breast tissue
(ANAT)

breast tissue normal whole
breast tissue

Excluded descriptive modifiers
to isolate the core anatomical en-
tity within the span.

Cambridge 22 13 3... [CoNLL2003] Cambridge (ORG) Cambridge Cambridge
(LOC)

Used league table context to cor-
rectly classify the city name as
an organization.

G-CSF (10 microg/kg) was started
on day + 1 and all patients en-
grafted... [BC2GM]

G-CSF (GENE) G-CSF None Detected a technical gene abbre-
viation.

are there any places left that al-
low smoking in a restaurant [MIT
Restaurant]

allow smoking
(AMEN)

allow smoking None Captured a long-form descrip-
tive functional entity.

so are you going to get an article in
Nature or something? [OntoNotes]

Nature (ORG) Nature None Identified a specific domain pub-
lication name previously missed
in the initial result.

Assessment of the abuse liability of
ABT-288, a novel histamine H3 re-
ceptor antagonist. [BC4CHEMD]

ABT-288 (CHEM),
histamine (CHEM)

ABT-288, his-
tamine

ABT-288 Identified missing chemical
mentions.

In the busy Fucheng district, you
find the Taiwanese bars, covered
from door to rooftop with flashing
lights [OntoNotes]

Fucheng (GPE) Fucheng Fucheng district Removed generic district mark-
ers to isolate the specific geo-
graphical name as a GPE.

A single grid can be analysed for
both content (eyeball inspection)...
[AI]

eyeball inspection
(TASK)

eyeball inspec-
tion

None Captured specific task entities.

A confusion matrix or matching ma-
trix is often used as a tool to validate
the accuracy of k-NN classification.
[AI]

accuracy (METR),
k-NN classification
(ALG)

accuracy, k-NN
classification

k-NN classifica-
tion

Improved recall for evaluation
metrics within technical algo-
rithmic descriptions.

Table 18: Qualitative NER results of DiZiNER compared with the results of Iteration 0 using the same annotator
model and input text.
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