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Abstract

Large language models (LLMs) have advanced
information extraction (IE) by enabling zero-
shot and few-shot named entity recognition
(NER), yet their generative outputs still show
persistent and systematic errors. Despite
progress through instruction fine-tuning, zero-
shot NER still lags far behind supervised sys-
tems. These recurring errors mirror inconsisten-
cies observed in early-stage human annotation
processes that resolve disagreements through
pilot annotation. Motivated by this anal-
ogy, we introduce DiZiNER (Disagreement-
guided Instruction Refinement via Pilot Anno-
tation Simulation for Zero-shot Named Entity
Recognition), a framework that simulates the
pilot annotation process, employing LLMs to
act as both annotators and supervisors. Mul-
tiple heterogeneous LLMs annotate shared
texts, and a supervisor model analyzes inter-
model disagreements to refine task instructions.
Across 18 benchmarks, DiZiNER achieves
zero-shot SOTA results on 14 datasets, improv-
ing prior bests by +8.0 F1 and reducing the
zero-shot to supervised gap by over +11 points.
It also consistently outperforms its supervi-
sor, GPT-5 mini, indicating that improvements
stem from disagreement-guided instruction re-
finement rather than model capacity. Pairwise
agreement between models shows a strong cor-
relation with NER performance, further sup-
porting this finding.!

1 Introduction

Information extraction (IE) converts unstructured
text into structured data, with named entity recogni-
tion (NER) serving as the entry point that identifies
and categorizes entity spans. Recent advances in
large language models (LLMs) have greatly ex-
panded the potential of IE (Lu et al., 2022; Bog-
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danov et al., 2024), enabling in-context learning
(ICL) strategies for NER such as few-shot (Chen
et al., 2023; Jiang et al., 2024) and zero-shot learn-
ing (Xie et al., 2023a; Sainz et al., 2023). De-
spite this progress, state-of-the-art (SOTA) models
still depend heavily on human-labeled data, with
a wide performance gap remaining between super-
vised fine-tuning (SFT) and ICL (Xie et al., 2023a;
Naguib et al., 2024).

LLMs exhibit recurring NER error patterns, in-
cluding difficulty following complex guidelines
(Pang et al., 2023; Sainz et al., 2023; Qi et al.,,
2024), ambiguity in span boundary detection (Guo
et al., 2024a; Ding et al., 2024), and frequent con-
fusion of entity types (Li et al., 2024a; Kim et al.,
2024). Prior efforts have addressed these issues
through instruction fine-tuning on diverse datasets
(Wang et al., 2023a), open NER frameworks (Sainz
et al., 2023), and large-scale synthetic data genera-
tion (Zhou et al., 2023). Yet, supervised methods
still outperform them by a considerable margin (Ta-
ble 2).

In this context, we note that these LLM errors
parallel those observed during the early stages of
human annotation (Tanabe et al., 2005; Bernier-
Colborne and Vajjala, 2024). Gold-standard
datasets are typically built through pilot annota-
tion, an iterative process of resolving annotator dis-
agreements and refining guidelines (Walker et al.,
2006; Weischedel et al., 2011; Finlayson and Er-
javec, 2017). Supervisors analyze disagreements,
update ambiguous instructions, and align the an-
notations with downstream application needs (Fort
et al., 2009, Figure 1).

Building on this analogy, we propose DiZiNER
(Disagreement-guided Instruction Refinement via
Pilot Annotation Simulation for Zero-shot Named
Entity Recognition), a framework that simulates
pilot annotation using LLMs as both annotators and
supervisors. Multiple heterogeneous open-source
LLMs act as annotators labeling shared texts, and
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a supervisor LLM analyzes and categorizes inter-
model disagreements to refine both common and
model-specific instructions. This iterative cycle of
annotation, disagreement analysis, and instruction
refinement parallels the workflow of human pilot
annotation, allowing LLMs to adapt to individual
NER tasks without any parameter updates.

Across 18 NER benchmarks, DiZiNER achieves
zero-shot SOTA results on 14 datasets, improving
prior bests by +8.0 F1 on average and narrowing
the gap between zero-shot and supervised perfor-
mance from -32.0 to -20.9 points. Agreement met-
rics between LLM annotators consistently increase
across iterations and show a strong correlation with
NER performance. Notably, DiZiNER surpasses its
GPT-5 mini supervisor, indicating that the observed
improvements arise from disagreement-guided re-
finement rather than from the supervisor’s inherent
capability.

2 Related Works

Instruction tuning for NER Standard instruc-
tion fine-tuning often struggles to follow complex
annotation guidelines and to produce structured
outputs in IE tasks (Qi et al., 2024). InstructUIE
and GoLLIE address these challenges by curating
NER datasets for instruction fine-tuning, thereby
improving zero-shot performance and guideline ad-
herence (Wang et al., 2023b; Sainz et al., 2023).
Open NER frameworks relax label constraints, al-
lowing LLMs to better exploit their language un-
derstanding capabilities for NER (Etzioni et al.,
2011). UniversalNER distills ChatGPT on syn-
thetic data (Zhou et al., 2023), while GLINER and
NuNER adopt encoder-only architectures to reduce
inference costs (Zaratiana et al., 2023; Bogdanov
et al., 2024). Recent work has sought to unify
heterogeneous corpora and to address span ambigu-
ity through boundary-aware learning (Yang et al.,
2024; Ding et al., 2024; Guo et al., 2024a). Despite
these advances, the performance gap with super-
vised systems remains large, and reliance on fine-
tuning limits rapid adaptation to evolving LL.Ms.

Generative NER without instruction tuning
In parallel, researchers have explored leveraging
LLMs’ inherent instruction-following capabilities
to perform generative NER without requiring ad-
ditional instruction fine-tuning. Early work con-
strained outputs via code-like schema representa-
tions (Li et al., 2023; Sainz et al., 2023; Guo et al.,
2024b; Li et al., 2024b) or reformulated tagging as

token generation (Wang et al., 2023a). Subsequent
approaches introduced reasoning-based prompting
such as self-consistency and self-verification meth-
ods to better convey complex annotation instruc-
tions (Xie et al., 2023a; Kim et al., 2024; Pang
et al., 2023).

Building on the success of self-consistency and
ICL, recent methods for generative NER adopt
iterative self-improving strategies by generating
pseudo-examples, filtering them, and providing
them as in-context demonstrations (Xie et al.,
2023b; Tong et al., 2025). Our work follows this
iterative, fine-tuning-free line of research yet dis-
tinctly utilizes inter-model disagreement as a signal
for improving NER performance, paralleling how
human annotators refine guidelines and reconcile
judgments during gold-standard dataset construc-
tion.

3 DiZINER

The DiZiNER framework operates through iterative
pilot annotation cycles consisting of three stages:
(1) Independent Cross-Annotation, where multi-
ple LLM annotators independently perform NER
tagging on the same set of documents; (2) Dis-
agreement Analysis, which identifies hotspot
spans with high annotation disagreement, catego-
rizes and summarizes disagreement patterns into
structured reports; and (3) Instruction Refine-
ment, where a supervisor model leverages the re-
sulting structured reports to refine task instructions
and reduces inter-model disagreement across itera-
tions.

3.1 Task Formulation

LLM annotators form a heterogeneous pool M =
{ M.} | composed of independently developed
models to minimize correlated errors. The label set
is £ = {¢;}" ;, and the NER schema is

2= {(¢ de; Pey No)}ye s

where dy is a definition for entity type ¢, and Py, Ny
are positive and negative examples. The schema
> remains fixed across iterations to maintain task
consistency and prevent task drift.

At iteration ¢, annotator M}, receives a task con-
figuration

ol — (x, c®, R a),

. . t
where C®) are common instructions, R,(f) are

model-specific instructions, and G is the final
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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 z, the annotator
predicts

Yy PMk(y ‘ z, C—)](qt))a

with labeled outputs y = {(e;, £c,)}, where e; is
an entity span and /¢, € L denotes its label.

3.2 Independent Cross-Annotation

At each iteration, documents are grouped by lex-
ical diversity, and a representative subset is ran-
domly sampled across groups to form the iteration
document set D®). All annotators in M indepen-
dently label each sample in the set according to
their task configuration @,(;). To enable token-level
comparison across models, span-level annotations
are converted into a BIO sequence representation.
For input 2 = (w1, ..., wy, ), the tag set is defined
as

T ={B—(,1-£,0| (€ L).

The conversion yields a BIO sequence

zip(x) = (zp1(2), .. 2em(T)), 2ki(x) €T,

representing the token-level tagging output derived
from the span-level annotation y of annotator M.

3.3 Disagreement Analysis

This stage identifies hotspot spans that exhibit
strong inter-model disagreement. Token-level in-
consistencies across annotators are quantified to
mark high-disagreement regions.

Model Weights and Consensus Model weights
are computed from pairwise strict span F1 scores
between annotators, where for models M; and M,
Fli]’ _ 2 ’Sz N Sj|’
Sl + 1551

where Sy denotes the set of predicted entity spans
from model Mj. Each model’s weight, wy, is com-
puted as the average of its pairwise F1 scores with
all others, normalized so that the weights sum to
one. The elite set is defined as the subset of anno-
tators with the highest weights whose cumulative
weight first reaches 0.5 when sorted in descending
order. The computed model weights are also used
as each annotator’s agreement score in subsequent
analyses.

The consensus label for token ¢ in sentence  is
obtained via weighted majority voting,

’/7_\(1'7 Z) = arg T&XPT(% Z)a
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where pr(x,1) = Y, wy, 1[25(x) = 7] represents
the weighted token-wise probability for tag 7.

Hotspot Span Identification We compute three
complementary token-level measures capturing dis-
tinct forms of annotation disagreement. (1) Label
conflict quantifies dispersion among BIO tags,

Dconf(x7i> =1- ZpT(x,i)Q.

TET

(2) Type confusion reflects disagreement over entity
types,

(PB-@(% i) + pie(, i)>2

1 —po(ZE,i)

Diype(,i) = 1=

el

(3) Boundary uncertainty measures inconsistency
at entity boundaries,

gs(w,i) =Y _ppo(x,7), qi(w,i)) =Y pro(z,i).

el lel

Upnd(z,1) = max {4qs(m, i)(1 — gqs(zx, 1)),
4a(w,0)(1 = ai(, 1) }.

The final token-level disagreement score is de-
fined as

U*(J;)i) = maX{Dconfa Dtypea Ubnd}‘

Tokens are ranked by their U, (x,4) scores, and
the top 20% are identified as high-disagreement re-
gions. Neighboring tokens in this range are merged
into hotspot spans, which are subsequently flagged
for supervisor review and used for refining instruc-
tions.

Documentation Each iteration produces a sum-
mary report detailing hotspot statistics and model
differences between elite and non-elite groups,
outlining disagreement types and error categories
(O—Ent, Ent—0, Ent—Ent, Span Error). Rep-
resentative examples with brief reasoning traces
demonstrate characteristic disagreement patterns
that inform targeted instruction refinement.

3.4 Instruction Refinement

The supervisor model iteratively refines task in-
structions based on disagreement documents and
instructions from the previous iteration to improve
annotator agreement. Each cycle proceeds through
four phases:

1. Disagreement pattern analysis. Identify re-
curring disagreement patterns in hotspot sum-
maries and infer their underlying causes. Ex-
tract generalizable correction principles rather
than case-specific fixes (Table 5).

2. Model-specific diagnosis. Examine residual
errors for each non-elite model using the con-
sensus output 7(z, %), excluding patterns al-
ready addressed in Phase 1. Identify model-
specific weaknesses and formulate targeted
adjustments (Table 6).

3. Guideline integration and conflict resolu-
tion. Integrate the refined instructions from
the current supervision cycle with those from
previous iterations, resolving any conflicts
based on the final task goal, which aims to
maximize performance in downstream appli-
cations (Table 7).

4. Hierarchical organization. Reorganize re-
fined instructions into a hierarchical structure
where general rules precede specific or con-
ditional cases. This restructuring enhances
clarity and readability (Table 8).

A small set of tuning parameters was introduced
to regulate the stability of iterative updates, and
three parameter configurations were explored to
ensure consistency across heterogeneous bench-
marks (see Appendix A). For supervised ablations,
the same procedure is executed with gold-standard
labels replacing the consensus outputs.

3.5 Identification of Best Model Configuration

DiZiNER selects the optimal iteration—model con-
figuration, defined as the combination of a specific
refinement iteration and an individual annotator
model, in the absence of human-labeled data. We
observe that pairwise annotator agreement, mea-
sured by strict span-level F1, is strongly correlated
with NER performance (Figure 2), and thus use
agreement statistics to guide configuration selec-
tion. Accordingly, all available iteration—model
pairs are ranked by their mean agreement, and we
report the average performance of the top three
candidates on the test set.

4 Experiments

4.1 Settings

Datasets We evaluate our framework on a total
of 18 NER datasets spanning diverse domains, in-
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Methods Al 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
GLiINER (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
Avg. Gain from Iteration 0 +2.7 +3.6 +11.1 +2.2 +4.5 +4.8
ADiZiNER - GPT-5 mini +6.8 +5.1 +7.3 +6.6 +6.4 +6.4
ADiZiNER - Best Prior Zero-shot +2.9 +1.1 -1.8 +1.2 -4.6 -0.2

Table 1: Zero-shot NER performance on the CrossNER dataset. Best scores per domain are shown in bold, and
second-best scores are 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.

cluding the CrossNER suite (Al, Literature, Music,
Politics, and Science; Liu et al., 2021), general-
purpose corpora such as CoNLL2003 (Sang and
De Meulder, 2003), ACE2005 (Walker et al., 2006),
OntoNotes (Pradhan et al., 2013), and MultiNERD
(Tedeschi and Navigli, 2022); biomedical corpora
including AnatEM (Pyysalo and Ananiadou, 2014),
BC2GM (Smith et al., 2008), BCACHEMD (Wang
et al., 2019), BC5CDR (Li et al., 2016), and GE-
NIA (Kim et al., 2003); a STEM-oriented corpus
FabNER (Kumar and Starly, 2022); and social
or conversational datasets such as BroadTwitter
(Derczynski et al., 2016), MIT-Movie, and MIT-
Restaurant (Liu et al., 2013). To simulate pilot
annotation, we use the training splits to refine task
instructions, while the final performance was eval-
uated on the corresponding test sets (Table 4).

Baselines We compare DiZiNER against repre-
sentative baselines under both zero-shot and super-
vised settings. The zero-shot setting excludes mod-
els that rely on task-specific fine-tuning or retrieval-
based ICL, namely ChatGPT (Zhou et al., 2023),
GPT-4 (Yang et al., 2024), InstructUIE (Wang
etal., 2023b), UniNER-7B/13B (Zhou et al., 2023),
GLIiNER (Zaratiana et al., 2023), GoLLIE (Sainz
et al., 2023), KnowCoder-7B (Li et al., 2024b),

GNER (Ding et al., 2024), B2NER (Yang et al.,
2024), IRRA (Xie et al., 2024), EvoPrompt (Tong
et al., 2025), and GPT-5 mini. For the supervised
setting, we include SFT models trained on gold
annotations, including BERT-base and Instruc-
tUIE (Wang et al., 2023b), UniNER, GLiNER,
KnowCoder-7B, GNER, and B2NER.

Ensemble Baselines To decouple the benefits
of iterative refinement from potential ensemble ef-
fects, we compare DiZiNER against four consensus
aggregation methods applied to the backbone mod-
els’ initial outputs (Iteration 0). We include Major-
ity Voting (MV), Dawid-Skene (DS) (Dawid and
Skene, 1979), GLAD (Whitehill et al., 2009), and
MACE (Hovy et al., 2013). These baselines repre-
sent static "wisdom of the crowd" benchmarks, al-
lowing us to isolate performance gains specifically
attributable to our disagreement-guided instruction
refinement process.

Backbones and Implementation DiZiNER
employs a heterogeneous pool of eight open-
source LLMs that were independently de-

veloped by different organizations, have
distinct training architectures, datasets, and
optimization pipelines, and are accessed
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via OpenRouter’: mistral-small3.2:24b,
gpt-0ss:20b, phi4:14b, qwen3: 14b,
gemma3:12b, deepseek-ri1:8b, 1llama3.1:8b,
nemotron-nano:8b.  This diversity promotes
independent judgment among annotators and
minimizes correlated errors. The supervisor
model was GPT-5-mini-2025-08-07, accessed
via the OpenAl API between August 7 and
September 30, 2025.

To ensure reproducibility and minimize variabil-
ity from API-side updates, we utilized specific
model snapshots (e.g., 11ama-3.1-8b-instruct)
and a strictly deterministic decoding configuration:
temperature 0.0, top-p 1.0, repetition penalty 1.0,
and frequency/presence penalties 0.0, with a maxi-
mum output length of 8,000 tokens.

Each iteration processes a document set of 25
samples, with up to five refinement cycles. Three
parameter configurations are explored to ensure
consistent application across heterogeneous bench-
marks (Table 3).

Metrics We report the entity-level micro-F1 un-
der the strict span setting as our evaluation metric,
requiring both entity boundary and type to be cor-
rectly predicted.

4.2 Main Results

Without any instruction fine-tuning, DiZiNER es-
tablishes new zero-shot SOTA results on 14 out
of 18 benchmarks (Tables 1 and 2). On Cross-
NER, DiZiNER achieves SOTA performance in
three of the five domains, excluding Music and Sci-
ence, with an average F1 of 75.7, outperforming
B2NER (Yang et al., 2024) by +0.4 F1 points. In
addition, compared with its GPT-5 mini supervisor,
DiZiNER yields an average improvement of +6.4
F1 (Table 1).

Across benchmarks with available supervised
results, DiZiNER improves the average zero-shot
performance by +11.1 F1 points over the best prior
zero-shot and narrows the gap between zero-shot
and supervised performance from -32.0 to -20.9
F1 (Table 2). DiZiNER surpasses its GPT-5 mini
supervisor by an average of +5.0 F1 points, demon-
strating that the observed improvements arise from
disagreement-guided refinement rather than the su-
pervisor’s intrinsic capability.

DiZiNER averages 69.6 on CrossNER Al and
Literature, outperforming the four static ensemble

’https://openrouter.ai

aggregators (Table 9). While these ensembles, in-
cluding Majority Voting (66.6), already surpass
prior zero-shot SOTA, DiZiNER consistently ex-
ceeds the strongest method, MACE (67.0). This
confirms that iterative refinement is essential for
driving performance gains beyond the reach of
static consensus alone.

In practice, NER performance on the iteration
document sets consistently improved across iter-
ations. When averaged over the eight annotator
models, performance increased from Iteration O to
each model’s best-performing iteration by as much
as +25 F1 on several benchmarks, with an overall
average gain of +14.9 F1 (Table 2) and +4.8 F1 on
CrossNER (Table 1).

Individual LLM annotators’ performance gener-
ally improves through refinement, a trend closely
tracked by inter-model agreement. While perfor-
mance typically peaks at 2.7 iterations on average,
trajectories vary significantly across benchmarks
(Figure 3). Early peaks (e.g., MIT-Movie) can de-
cline due to overcorrection from the fixed 20%
threshold, while complex or high-density tasks
like OntoNotes 5.0 and Broad Twitter exhibit more
gradual or volatile patterns.

Notably, despite these diverse trajectories, inter-
model agreement remains a consistently reliable
proxy for NER performance. This reliability is
substantiated by strong F1-agreement correlations,
reaching p = 0.922 for CrossNER-Politics and
0.886 for OntoNotes 5.0 (Figure 2). This relation-
ship validates model consensus as a robust, label-
free indicator of task quality, supporting the effec-
tiveness of the DiZiNER framework.

Sensitivity analysis across five seeds confirms
the framework’s robustness to stochasticity in both
token sampling and refinement pathways, yield-
ing low standard deviations of 0.8% and 2.1% for
CrossNER-AI and Literature, respectively. Fur-
thermore, while precise instruction crafting is ben-
eficial for maximizing performance, evaluations
across five distinct initial instructions yield mean
F1 scores of 67.2% [65.7%, 69.9%] for CrossNER-
Al and 70.4% [69.1%, 72.7%] for Literature, con-
firming the framework’s stability against variations
in the initial task instructions.

The average cost per iteration was $1.90 for in-
ference and $0.77 for supervision, resulting in a
total of $2.67 per iteration. Considering that an
average of five iterations were conducted for each
benchmark and three configuration settings were
explored, the total cost amounts to $40.1 per bench-
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Methods Movie Rest. B-Twit ACE05 CoNLL M-NERD Onto FabNER Anat bc2 bed be5 GENIA  Avg
Zero-shot
ChatGPT (Zhou et al., 2023) 5.3 32.8 61.8 26.6 52.5 58.1 29.7 153 30.7 402 355 524 41.6 37.1
GoLLIE (Sainz et al., 2023) 63.0 527 514 - - 715 - 26.3 - - - - -

UniNER-7B (Zhou et al., 2023) 424 31.7 67.9 36.9 722
GLiNER (Zaratiana et al., 2023) 57.2 429 61.2 27.3 64.6

59.3 27.8 24.8 25.1 462 479 68.0 54.1 46.5
59.7 322 23.6 333 479 431 664 555 47.3

74.0 63.8 29.5 592 730 637 628 56.5 62.3

EvoPrompt (Tong et al., 2025) 709 69.3 - 51.2 81.3
GPT-5 mini (supervisor model) 73.3 58.5 59.2 54.0 81.8
DiZiNER 76.2 67.3 76.9 45.0 86.9
Avg. Gain from Iteration 0 +5.6  +229 +20.1 +2.1 +28.3
ADiZiNER - GPT-5 mini +2.9 +8.8 +17.7 -9.0 +5.1

80.6 62.5 29.5 591 710 795 789 60.1 68.4
+2.6 +24.8 +0.9 +25.3 +12.7 4269 +16.4 +4.5 +14.9
+6.6 -1.3 +0.0 -0.1 2.0 +158 +16.1  +3.6 +5.0

Supervised
BERT-base (Wang et al., 2023b) 88.8 81.0 58.6 87.3 92.4
InstructUIE (Wang et al., 2023b) 89.6 82.6 80.3 79.9 91.5
UniNER-7B (Zhou et al., 2023) 90.2 82.3 81.2 86.7 93.3
GLINER (Zaratiana et al., 2023) 87.9 83.6 82.7 82.8 92.6

91.3 91.1 64.2 858 809 867 853 73.3 82.1
90.3 88.6 78.4 88.5 80.7 876 89.0 75.7 84.8
93.7 89.9 81.9 885 824 892 893 71.5 86.6
93.8 89.0 77.8 889 837 879 837 78.9 86.0
93.1 88.2 829 864  82.0 - 89.3 76.7 -

94.4 91.8 85.4 90.3 843 900 90.3 - -

94.0 84.3 78.8 892 82.0 89.0 885 76.4 85.7

KnowCoder-7B (Lietal, 2024b)  90.6 813 783 861  95.1
GNER (Ding et al., 2024) 90.2 83.8 81.3 - 93.6
B2NER (Yang et al., 2024) 90.8 83.7 822 83.0 92.6
A Best prior ZS - Best prior Sup. -199  -145 148 -36.1 -13.8
ADiZiNER - Best prior ZS +5.3 -2.0 +9.0 -6.2 +5.6
ADiZiNER - Best prior Sup. -14.6  -16.5 -5.8 -42.3 -8.2

-16.9 -59.6 -59.1 -57.0 -364 -421 223 234 -32.0
+3.1 +30.3 +3.2 +25.8 +23.1 +31.6 +109 +4.6  +11.1
-13.8 -29.3 -55.9 -31.2 -133  -105 -114  -188  -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,

beS = BC5CDR.

mark.

4.3 Ablation Study

Annotator Diversity and Scaling Diverse en-
sembles of smaller models (< 24B) consistently
outperform single-family pools by 1.7-3.7 F1
points despite the latter’s larger scale (Table 14).
Scaling from 4 to 8 annotators improves average
F1 from 73.1 to 75.5, yet performance declines be-
yond 12 models (73.9) due to increased consensus
noise (Table 15). Consequently, we recommend
employing a heterogeneous pool of 8§—12 annotator
models from distinct lineages to optimally balance
signal diversity and consensus stability.

Supervisor model capacity. Evaluation across
diverse high-capacity supervisors shows consis-
tent improvements over the GPT-5 mini baseline,
though a performance gap remains compared with
the prior zero-shot SOTA (Table 10). These find-
ings suggest that while the disagreement-guided
refinement is effective across various models, the
supervisor’s capability remains a relevant factor in
determining the final performance levels achieved
by the framework.

Final task goal Skipping the final task goal con-
sistently degraded performance, leading to a sig-

nificant average F1 drop from 77.6 to 71.9 across
CrossNER and CoNLL2003 (Table 11). In our
framework, this component was designed to serve
as a global criterion that guides instruction refine-
ment toward the overall task objective. We specu-
late that when it is omitted, the refined instructions
may remain locally consistent yet diverge from the
benchmark’s intended direction, leading to lower
F1 scores across domains.

Removing the least consistent annotator The
effect of excluding the most disagreement-prone
annotator varied across benchmarks, with no con-
sistent trend (Table 12). Removing the least con-
sistent annotator sometimes improved results but
also risked destabilizing disagreement statistics by
reducing diversity. Given these trade-offs, we treat
this step as a tunable option rather than a fixed rule.

Iteration set size Optimal performance was
achieved with 15-25 samples (Table 13), while
larger sets degraded results by expanding hotspot
regions and obscuring distinct error patterns. Fur-
ther scaling of the iteration document set size ap-
pears unnecessary under the current framework.

DiZiNER with gold-standard data Incorporat-
ing gold supervision provided minimal benefits
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in our framework (Table 16). Average perfor-
mance increased by 0.3 F1, with consistent gains
observed on ACEQS (+10.5) and OntoNotes (+5.6),
where human annotations helped resolve errors aris-
ing from missing context and pronominal refer-
ences. Replacing disagreement signals with gold
labels shifted the objective from cross-model con-
sensus to fixed-target fitting, thereby reducing di-
versity and weakening iterative refinement. Over-
all, the disagreement-guided setup without supervi-
sion achieved greater stability and stronger perfor-
mance.

4.4 Instruction Refinement and NER Quality
Analysis

Instruction analysis (Appendix D) reveals that span
boundary, entityhood, and type disambiguation
constitute approximately 60% of all refined instruc-
tions (Table 17). This concentration is consistent
with prior observations of human annotator dis-
agreements during pilot annotation, confirming
that the simulated refinement effectively targets
established bottlenecks. High-performing configu-
rations further distinguish themselves by emphasiz-
ing global strategy (+2.8%) and entityhood (+4.7%)
to better align with task objectives.

These refinements are qualitatively evident in
DiZiNER’s ability to address persistent errors by
synthesizing valid rules from document-level sig-
nals (Table 18). For instance, by leveraging con-
textual cues, DiZiNER correctly classifies "Cam-
bridge" as an organization within league tables
and recovers previously missed publication names
like "Nature," ensuring domain-wide consistency
through instruction-based signal discovery.

5 Conclusion

We introduce DiZiNER, a zero-shot NER frame-
work that simulates human pilot annotation through
disagreement-guided instruction refinement with-
out any parameter updates. By employing multiple
heterogeneous LLMs as annotators and a super-
visor model for disagreement-driven refinement,
DiZiNER reduces boundary ambiguity and type
confusion. Across 18 benchmarks, it achieves zero-
shot SOTA results on 14 datasets, improves over
the previous best zero-shot systems by +11.1 F1
points on average, outperforms its GPT-5 mini su-
pervisor, and narrows the zero-shot-to-supervised
gap from -32.0 to -20.9 F1 points. Ablation stud-
ies show that aligning refinement with the final

task objective is essential for resolving conflicting
instructions and that annotator diversity is criti-
cal for effective updates. The strong correlation
between agreement metrics and gold-standard F1
indicates that disagreement-guided refinement is
the primary driver of gains, suggesting that small
open-source models can often surpass advanced
proprietary baselines in a fully zero-shot setting
without instruction fine-tuning.

Limitations

Our framework exhibits varying gains across bench-
marks. This variability likely stems from stochas-
ticity and sampling differences that can alter the tra-
jectory of iterative refinement. Because DiZiNER
represents each dataset through its document pool
and NER schema without accessing gold-labeled
samples, refined instructions may gradually drift
from dataset-specific annotation conventions. A hy-
brid approach that combines disagreement-guided
refinement with a small number of supervised ex-
amples could anchor the process to the intended
labeling criteria while preserving the efficiency and
generality of zero-shot learning.

We also keep the NER schema fixed across it-
erations to maintain comparability and evaluation
consistency with benchmark datasets. This design
departs from realistic pilot annotation workflows,
where entity types are often added, merged, or re-
moved to resolve ambiguities and better capture
domain semantics. Extending DiZiNER to real-
world corpus construction will therefore require
a schema-refinement component that can propose,
test, and validate type updates while ensuring back-
ward compatibility with earlier iterations and main-
taining evaluation continuity.

Acknowledgments

This work was supported by the Institute
of Information & Communications Technol-
ogy Planning & Evaluation(II'TP)-Innovative Hu-
man Resource Development for Local Intel-
lectualization program grant funded by the
Korea government(MSIT)(IITP-2026-RS-2024-
00441407)

During the preparation of this paper, we utilized
ChatGPT and Gemini for grammatical proofread-
ing, and Claude and GitHub Copilot to assist with
code generation. All Al-generated code was rig-
orously reviewed, tested, and publicly released to
ensure reproducibility. The authors take full re-

17505



sponsibility for all content and results presented in
this work.

References

Gabriel Bernier-Colborne and Sowmya Vajjala. 2024.
Annotation errors and ner: A study with ontonotes
5.0. arXiv preprint arXiv:2406.19172.

Sergei Bogdanov, Alexandre Constantin, Timothée
Bernard, Benoit Crabbé, and Etienne Bernard.
2024. Nuner: Entity recognition encoder pre-
training via llm-annotated data. arXiv preprint
arXiv:2402.15343.

Jiawei Chen, Yaojie Lu, Hongyu Lin, Jie Lou, Wei
Jia, Dai Dai, Hua Wu, Boxi Cao, Xianpei Han,
and Le Sun. 2023. Learning in-context learn-
ing for named entity recognition. arXiv preprint
arXiv:2305.11038.

Alexander Philip Dawid and Allan M Skene. 1979.
Maximum likelihood estimation of observer error-
rates using the em algorithm. Journal of the Royal
Statistical Society: Series C (Applied Statistics),
28(1):20-28.

Leon Derczynski, Kalina Bontcheva, and Ian Roberts.
2016. Broad twitter corpus: A diverse named entity
recognition resource. In Proceedings of COLING
2016, the 26th international conference on compu-
tational linguistics: Technical papers, pages 1169—
1179.

Yuyang Ding, Juntao Li, Pinzheng Wang, Zecheng Tang,
Bowen Yan, and Min Zhang. 2024. Rethinking nega-
tive instances for generative named entity recognition.
arXiv preprint arXiv:2402.16602.

Oren Etzioni, Anthony Fader, Janara Christensen,
Stephen Soderland, and Mausam Mausam. 2011.
Open information extraction: The second generation.
In IJCAI, volume 11, pages 3-10.

Mark A Finlayson and Tomaz Erjavec. 2017. Overview
of annotation creation: Processes and tools. In
Handbook of linguistic annotation, pages 167-191.
Springer.

Karén Fort, Maud Ehrmann, and Adeline Nazarenko.
2009. Towards a methodology for named entities an-
notation. In Linguistic Annotation Workshop, pages
142-145.

Quanjiang Guo, Yihong Dong, Ling Tian, Zhao Kang,
Yu Zhang, and Sijie Wang. 2024a. Baner: Boundary-
aware llms for few-shot named entity recognition.
arXiv preprint arXiv:2412.02228.

Yucan Guo, Zixuan Li, Xiaolong Jin, Yantao Liu, Yu-
tao Zeng, Wenxuan Liu, Xiang Li, Pan Yang, Long
Bai, Jiafeng Guo, and 1 others. 2024b. Retrieval-
augmented code generation for universal information
extraction. In CCF International Conference on Nat-
ural Language Processing and Chinese Computing,
pages 30—42. Springer.

Dirk Hovy, Taylor Berg-Kirkpatrick, Ashish Vaswani,
and Eduard Hovy. 2013. Learning whom to trust
with mace. In Proceedings of the 2013 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, pages 1120-1130.

Guochao Jiang, Zepeng Ding, Yuchen Shi, and De-
qing Yang. 2024. P-icl: Point in-context learning for
named entity recognition with large language models.
arXiv preprint arXiv:2405.04960.

J-D Kim, Tomoko Ohta, Yuka Tateisi, and Jun’ichi
Tsujii. 2003. Genia corpus—a semantically anno-

tated corpus for bio-textmining. Bioinformatics,
19(suppl_1):1180-i182.

Seoyeon Kim, Kwangwook Seo, Hyungjoo Chae,
Jinyoung Yeo, and Dongha Lee. 2024. Verifiner:
verification-augmented ner via knowledge-grounded
reasoning with large language models. arXiv preprint
arXiv:2402.18374.

Aman Kumar and Binil Starly. 2022. “fabner”: informa-
tion extraction from manufacturing process science
domain literature using named entity recognition.
Journal of Intelligent Manufacturing, 33(8):2393—
2407.

Jiao Li, Yueping Sun, Robin J Johnson, Daniela Sci-
aky, Chih-Hsuan Wei, Robert Leaman, Allan Peter
Davis, Carolyn J Mattingly, Thomas C Wiegers, and
Zhiyong Lu. 2016. Biocreative v cdr task corpus:
a resource for chemical disease relation extraction.
Database, 2016.

Peng Li, Tianxiang Sun, Qiong Tang, Hang Yan, Yuan-
bin Wu, Xuanjing Huang, and Xipeng Qiu. 2023.
Codeie: Large code generation models are better
few-shot information extractors. arXiv preprint
arXiv:2305.05711.

Yuepei Li, Kang Zhou, Qiao Qiao, Qing Wang, and
Qi Li. 2024a. Re-examine distantly supervised ner:
a new benchmark and a simple approach. arXiv
preprint arXiv:2402.14948.

Zixuan Li, Yutao Zeng, Yuxin Zuo, Weicheng Ren,
Wenxuan Liu, Miao Su, Yucan Guo, Yantao Liu,
Xiang Li, Zhilei Hu, and 1 others. 2024b. Know-
coder: Coding structured knowledge into llms for
universal information extraction. arXiv preprint
arXiv:2403.07969.

Jingjing Liu, Panupong Pasupat, Scott Cyphers, and
Jim Glass. 2013. Asgard: A portable architecture
for multilingual dialogue systems. In 2013 IEEE
International Conference on Acoustics, Speech and

Signal Processing, pages 8386—-8390. IEEE.

Zihan Liu, Yan Xu, Tiezheng Yu, Wenliang Dai, Zi-
wei Ji, Samuel Cahyawijaya, Andrea Madotto, and
Pascale Fung. 2021. Crossner: Evaluating cross-
domain named entity recognition. In Proceedings of

the AAAI conference on artificial intelligence, vol-
ume 35, pages 13452—-13460.

17506



Yaojie Lu, Qing Liu, Dai Dai, Xinyan Xiao, Hongyu
Lin, Xianpei Han, Le Sun, and Hua Wu. 2022. Uni-
fied structure generation for universal information
extraction. arXiv preprint arXiv:2203.12277.

Marco Naguib, Xavier Tannier, and Aurélie Névéol.
2024. Few-shot clinical entity recognition in english,
french and spanish: masked language models out-
perform generative model prompting. arXiv preprint
arXiv:2402.12801.

Chaoxu Pang, Yixuan Cao, Qiang Ding, and Ping Luo.
2023. Guideline learning for in-context information
extraction. arXiv preprint arXiv:2310.05066.

Sameer Pradhan, Alessandro Moschitti, Nianwen Xue,
Hwee Tou Ng, Anders Bjorkelund, Olga Uryupina,
Yuchen Zhang, and Zhi Zhong. 2013. Towards robust
linguistic analysis using ontonotes. In Proceedings
of the Seventeenth Conference on Computational Nat-
ural Language Learning, pages 143—-152.

Sampo Pyysalo and Sophia Ananiadou. 2014. Anatom-
ical entity mention recognition at literature scale.
Bioinformatics, 30(6):868-875.

Yunjia Qi, Hao Peng, Xiaozhi Wang, Bin Xu, Lei Hou,
and Juanzi Li. 2024. Adelie: Aligning large language
models on information extraction. arXiv preprint
arXiv:2405.05008.

Oscar Sainz, Iker Garcia-Ferrero, Rodrigo Agerri,
Oier Lopez de Lacalle, German Rigau, and Eneko
Agirre. 2023. Gollie: Annotation guidelines improve
zero-shot information-extraction. arXiv preprint
arXiv:2310.03668.

Erik F Sang and Fien De Meulder. 2003. Introduction
to the conll-2003 shared task: Language-independent
named entity recognition. arXiv preprint cs/0306050.

Larry Smith, Lorraine K Tanabe, Rie Johnson Nee Ando,
Cheng-Ju Kuo, I-Fang Chung, Chun-Nan Hsu, Yu-
Shi Lin, Roman Klinger, Christoph M Friedrich, Kuz-
man Ganchev, and 1 others. 2008. Overview of
biocreative ii gene mention recognition. Genome
biology, 9(Suppl 2):S2.

Lorraine Tanabe, Natalie Xie, Lynne H Thom, Wayne
Matten, and W John Wilbur. 2005. Genetag: a tagged
corpus for gene/protein named entity recognition.
BMC bioinformatics, 6(Suppl 1):S3.

Simone Tedeschi and Roberto Navigli. 2022. Multinerd:
A multilingual, multi-genre and fine-grained dataset
for named entity recognition (and disambiguation).
In Findings of the Association for Computational
Linguistics: NAACL 2022, pages 801-812.

Zeliang Tong, Zhuojun Ding, and Wei Wei. 2025. Evo-
prompt: Evolving prompts for enhanced zero-shot
named entity recognition with large language models.
In Proceedings of the 31st International Conference
on Computational Linguistics, pages 5136-5153.

Christopher Walker, Stephanie Strassel, Julie Medero,
and Kazuaki Maeda. 2006. Ace 2005 multilingual
training corpus. (No Title).

Shuhe Wang, Xiaofei Sun, Xiaoya Li, Rongbin Ouyang,
Fei Wu, Tianwei Zhang, Jiwei Li, and Guoyin Wang.
2023a. Gpt-ner: Named entity recognition via large
language models. arXiv preprint arXiv:2304.10428.

Xiao Wang, Weikang Zhou, Can Zu, Han Xia, Tianze
Chen, Yuansen Zhang, Rui Zheng, Junjie Ye,
Qi Zhang, Tao Gui, and 1 others. 2023b. Instructuie:
Multi-task instruction tuning for unified information
extraction. arXiv preprint arXiv:2304.08085.

Xuan Wang, Yu Zhang, Xiang Ren, Yuhao Zhang,
Marinka Zitnik, Jingbo Shang, Curtis Langlotz, and
Jiawei Han. 2019. Cross-type biomedical named en-
tity recognition with deep multi-task learning. Bioin-
formatics, 35(10):1745-1752.

Ralph Weischedel, Sameer Pradhan, Lance Ramshaw,
Martha Palmer, Nianwen Xue, Mitchell Marcus,
Ann Taylor, Craig Greenberg, Eduard Hovy, Robert
Belvin, and 1 others. 2011. Ontonotes release 4.0.
LDC2011T03, Philadelphia, Penn.: Linguistic Data
Consortium, 17.

Jacob Whitehill, Ting-fan Wu, Jacob Bergsma, Javier
Movellan, and Paul Ruvolo. 2009. Whose vote
should count more: Optimal integration of labels
from labelers of unknown expertise. Advances in
neural information processing systems, 22.

Tingyu Xie, Qi Li, Jian Zhang, Yan Zhang, Zuozhu
Liu, and Hongwei Wang. 2023a. Empirical study
of zero-shot ner with chatgpt. arXiv preprint
arXiv:2310.10035.

Tingyu Xie, Qi Li, Yan Zhang, Zuozhu Liu, and Hong-
wei Wang. 2023b. Self-improving for zero-shot
named entity recognition with large language models.
arXiv preprint arXiv:2311.08921.

Tingyu Xie, Jian Zhang, Yan Zhang, Yuanyuan Liang,
Qi Li, and Hongwei Wang. 2024. Retrieval aug-
mented instruction tuning for open ner with large
language models. arXiv preprint arXiv:2406.17305.

Yuming Yang, Wantong Zhao, Caishuang Huang, Jun-
jie Ye, Xiao Wang, Huiyuan Zheng, Yang Nan, Yu-
ran Wang, Xueying Xu, Kaixin Huang, and 1 oth-
ers. 2024. Beyond boundaries: Learning a univer-
sal entity taxonomy across datasets and languages
for open named entity recognition. arXiv preprint
arXiv:2406.11192.

Urchade Zaratiana, Nadi Tomeh, Pierre Holat, and
Thierry Charnois. 2023. Gliner: Generalist model for
named entity recognition using bidirectional trans-
former. arXiv preprint arXiv:2311.08526.

Wenxuan Zhou, Sheng Zhang, Yu Gu, Muhao Chen,
and Hoifung Poon. 2023. Universalner: Targeted dis-
tillation from large language models for open named
entity recognition. arXiv preprint arXiv:2308.03279.

17507



A Tuning Parameters for Instruction
Refinement

To stabilize instruction refinement and prevent ex-
cessive corrections during iterative updates, the
supervisor employs a series of tuning parameters.
Each parameter controls a distinct aspect of the
refinement process, ensuring balanced evolution of
the instruction set across different phases.

Parameter Definitions

* max_common_instructions Specifies the
maximum number of newly generated shared
principles per iteration. This prevents uncon-
trolled guideline expansion and is primarily
active in Phase 1 and Phase 3.

¢ max_patterns Determines the number of dis-
agreement patterns considered in each cycle.
By focusing only on the most recurrent in-
consistencies, it guides efficient refinement
during Phase 1.

¢ max_model_specific_instructions Sets
an upper bound on model-specific adjustments
per annotator model. This maintains an appro-
priate balance between general and special-
ized rules in Phase 2 and Phase 3.

e limit_instruction_changes Enables a
controlled edit mode that constrains the
degree of revision between refinement cycles,
applied during Phase 4.

* max_change_ratio When controlled editing
is active, this parameter limits the proportion
of textual modifications to preserve continuity
and prevent semantic drift, also enforced in
Phase 4.

Representative Configurations Three parame-
ter configurations were adopted across benchmarks
to investigate varying levels of refinement adaptive-
ness (Table 3). All settings used a group size of
25 samples per iteration and a maximum of four
refinement cycles.

B Dataset Statistics

Table 4 summarizes the datasets used across exper-
iments, encompassing 18 NER benchmarks from
general, biomedical, STEM, and social domains
to ensure broad domain coverage and diversity of
entity types.

C Prompts

Tables 5-8 summarize the four supervisory prompts
used for instruction refinement: disagreement anal-
ysis, model-specific error review, instruction gen-
eration, and hierarchical organization. Each phase
builds on the previous to ensure consistent, inter-
pretable NER annotation. Full prompt templates
and JSON schema are available on the project’s
GitHub repository.

D Methodology for Instruction
Categorization

To identify which instructions were introduced via
inter-model disagreement and to assess their effec-
tiveness across all 18 NER benchmarks, we cate-
gorized each “Common Instruction” generated by
the supervisor model. This categorization helps
explain how disagreement-guided refinement leads
to performance gains. The categories are defined
as follows:

* Span Boundary & Composition: Rules for
entity extent, including modifiers and punctu-
ation within a span.

Entityhood & Referentiality: Criteria for
distinguishing entities from common nouns or
generic mentions.

* Type Disambiguation Logic: Heuristics to
resolve confusion between similar or overlap-
ping entity types.

Global Strategy & Purpose: Instructions
defining the task’s overarching goal and guid-
ing philosophy.

Formatting & Noise Handling: Rules for
handling symbols, tokenization artifacts, and
orthographic noise.

Annotator Workflow & Priority: Guidance
on decision-making sequences and rule prece-
dence.

Others & Specialized: Niche domain-
specific technical rules that do not fit into other
categories.

E Supplementary Results

Figure 2 visualizes the correlation between inter-
annotator agreement and NER performance across
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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
AI (Liu et al., 2021) 100 350 431 14 52 53
Cross-domain Literature (Liu et al., 2021) 100 400 416 12 54 5.4
(CrossNER) 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 / MIT-Movie (Liu et al., 2013) 9775 2442 2443 12 10 2.2
Dialogue MIT-Restaurant (Liu et al., 2013) 7660 1520 1521 8 9 2.0
8! BroadTwitter (Derczynski et al., 2016) 5334 2001 2000 3 28 0.5
ACE2005 (Walker et al., 2006) 7299 971 1060 7 21 2.8
General 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
AnatEM (Pyysalo and Ananiadou, 2014) 5861 2118 3830 1 37 0.7
Biomedical BC2GM (Smith et al., 2008) 12500 2500 5000 1 36 0.4
BC4CHEMD (Wang et al., 2019) 30682 30639 26364 1 45 0.9
BCS5CDR (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.

refinement iterations. Figure 3 tracks the progres-
sion of inter-annotator agreement and NER per-
formance on the iteration document sets across
iterations for each individual benchmark.

Table 9 presents a comprehensive performance
comparison against various ensemble methods,
while Table 10 details the results across different
supervisor models. The impact of the final task
goal is examined in Table 11.

Table 12 shows the comparison with and with-
out the removal of the least consistent annotator.
Table 13 summarizes the results under different
document set sizes per iteration. Furthermore, Ta-
ble 14 investigates performance across different
annotator families, and Table 15 analyzes the ef-
fects of varying the number of annotator models.
Table 16 provides a comparison between zero-shot
and supervised evaluation settings.

Finally, Table 17 provides a categorical distri-
bution of the refined instructions, and Table 18
showcases qualitative NER results across diverse
benchmarks.
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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 (p) 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",
1,
"mv_reference_reliability”: "Assessment of MV as reference point”,
"elite_vs_non_elite_patterns”:
"Comparison between elite and non-elite model behaviors”
1
"identified_patterns”: [
{
"pattern_id": "P1",
"pattern_name"”: "Descriptive pattern name”,
"frequency”: "high|medium|low",
"disagreement_subtypes”: [
"Subtype A",
1,
"root_cause_analysis":
"Fundamental principle-level explanation of disagreement source”,
"affected_entity_types”: [
"PER",
1,
"annotation_approaches”: [
{
"approach”: "Annotation approach A",
"rationale”: "Why this approach makes sense",
"supporting_models": [
"modell”,

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: phasel1_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(\"...\")",

1,

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

}

1,

"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”

by

"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: phasel_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”,
}
1,
"finalized_common_instructions”: [
{
"instruction_id": "CI1",
"instruction_text"”: "Concrete common instruction”,
"addresses_patterns”: ["P1", "P2"],
"examples”": [ ... 1,
"priority”: "high|medium|low",
"instruction_type"”: "new|improved|replacement”,
3
1,
"finalized_common_instructions_max": "{max_common_instructions}”,
"finalized_model_instructions”: {
"{model_name}": [ ... ]
1,

"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"],
}
1,
"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"}
1, ... 3137,

"prioritized_model_instructions”: {

"{model_name}": [

{
"priority_rank": 1,
"instruction_id": "MI1_{model_name}",
"instruction_text"”: "Highest-priority instruction”,
13,

"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-5mini Prior Best ZS
Al 71.1[71.1,71.1] 73.0 693 723 71.9 64.3 68.2
Literature 72.7 [72.0,73.8] 69.3 66.8 694 69.1 67.6 71.6
Music 80.6[79.2,829] 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 [74.1,754] 72.6 724 738 73.1 68.4 79.4
Movie 76.2[74.4,78.5] 742 71.1 73.8 74.2 73.3 70.9
Restaurant 67.3[66.9,68.1] 66.2 626 68.0 67.7 58.5 69.3
BroadTwitter 76.9 [75.5,78.3] 67.8 559 623 61.5 59.2 679
ACEO05 45.0[44.1,46.2] 22.1 249 226 23.5 54.0 51.2
CoNLL2003 86.9[85.8,88.6] 93.2 86.5 929 92.9 81.8 81.3
MultiNERD  80.6[79.0,83.7] 81.5 683  81.8 81.5 74.0 77.5
OntoNotes 62.5[61.5,63.5] 544 464 58.1 58.6 63.8 322
FabNER 29.5([28.9,30.5] 32.6 334 332 33.7 29.5 26.3
AnatEM 59.1[56.1,60.7] 604 421 62.8 63.8 59.2 33.3
BC2GM 71.0[67.0,73.0] 623 57.0 639 63.8 73.0 47.9
BC4CHEMD 79.5[784,81.7] 716 549 700 72.7 63.7 47.9
BCS5CDR 78.9[77.0,81.3] 77.1 659 775 71.6 62.8 68.0
GENIA 60.1[59.6,60.9] 58.0 542 589 58.4 56.5 55.5
Average 69.6[68.2,71.1] 66.6 60.5 669 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]
gpt-5-mini-2025-08-07  71.1 [71.1, 71.1]
gpt-oss-120b 65.1[61.1, 67.3]
gwen-2.5-72b-instruct ~ 65.6 [56.5, 70.5]

Al llama-3.3-70b-instruct  66.0 [62.5, 69.3]
Prior Best ZS 68.2
GPT-5 mini baseline 64.3
gpt-5-mini-2025-08-07  72.7 [72.0, 73.8]
gpt-o0ss-120b 69.2 [65.2,71.4]
gwen-2.5-72b-instruct 71.0[69.2, 72.0]

Literature 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

Al 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.

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

Benchmark Base +dwa ABuse - dwa
Al 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]1 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 [74.4,78.51 70.2[65.5,73.7] +6.0
Restaurant 67.3[66.9,68.11 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

as average F1 [min, max]. Best for each individual benchmark is highlighted in bold.

Iteration Document Set Size

Benchmark

15 25 50 100
Al 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[67.3,699] 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

Al 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.

Number of Annotator Models

8

12

16

69.9 [68.7, 71.1]
72.7 [72.0, 73.8]
80.6 [79.2, 82.9]

79.4[77.6, 80.9]

74.8 [74.1,75.4]

68.4 [66.9, 69.6]
70.4 [66.4, 73.0]
80.8 [79.2, 81.6]
77.71[75.7,79.9]

72.1(69.5, 73.5]

67.4 [66.9, 68.0]
70.2 [68.7, 71.0]
80.2 [79.6, 80.6]
77.3[76.0, 78.6]
74.6 [73.4,75.8]

Benchmark
4

Al 68.7 [67.5, 69.6]
Literature 72.3 [72.0, 72.7]
Music 76.6 [75.3, 78.8]
Politics 76.5[76.0, 77.4]
Science 71.5[64.0, 75.8]
Average 73.1[71.0, 74.9]

75.5[74.3, 76.8]

73.9[71.5,75.5]

73.9[72.9, 74.8]

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.

Table 16: Comparison of DiZiNER zero-shot and supervised performance across benchmarks. Best for each

Benchmark

Zero-shot

Supervised

ASup. -ZS

Al
Literature
Music
Politics
Science
Movie
Restaurant
BroadTwitter
ACE05
CoNLL2003
MultiNERD
OntoNotes
FabNER
AnatEM
BC2GM
BC4CHEMD
BC5CDR
GENIA

69.9 [68.7, 71.1]
72.7 [72.0, 73.8]
80.6 [79.2, 82.9]
79.4 [77.6, 80.9]
74.8 [74.1, 75.4]
76.2 [74.4,78.5]
67.3 [66.9, 68.1]
76.9 [75.5, 78.3]
45.0 [44.1, 46.2]
86.9 [85.8, 88.6]
80.6 [79.0, 83.7]
62.5 [61.5, 63.5]
29.5[28.9, 30.5]
59.1 [56.1, 60.7]
71.0 [67.0, 73.0]
79.5 [78.4, 81.7]
78.9 [77.0, 81.3]
60.1 [59.6, 60.9]

70.1 [68.8, 71.1]
71.1[67.0,73.5]
79.2 [78.6,79.9]
76.4[76.2,76.6]
71.9 [71.6, 72.3]
77.1[75.0,78.7]
69.3 [67.0, 72.7]
74.3[73.8,75.2]
55.5 [55.0, 55.8]
86.1[84.1, 87.9]
82.2 [81.5, 82.8]
68.1 [66.4, 69.0]
28.4 [28.0, 29.0]
59.4 [57.1, 60.9]
68.4 [67.2,69.4]
80.1 [79.5, 80.9]
80.8 [79.9, 81.8]
57.5[53.8,61.1]

+0.2
-1.6
-1.4
-3.0
-2.9
+0.9
+2.0
-2.6
+10.5
-0.8
+1.6
+5.6
-1.1
+0.3
-2.6
+0.6
+1.9
-2.6

Average

69.5 [67.0, 71.1]

69.8 [67.9, 71.6]

+0.3

individual benchmark is highlighted in bold.

17518



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  scotthornsby10 scotthornsbyl0  @scotthornsby10 Successfully removed @ sym-

only for people, not brands. [Broad (PER) bols to align with standard per-

Twitter] son mention spans.

Ex vivo, estradiol exposure in- breast tissue breast tissue normal whole Excluded descriptive modifiers

creased the IL-8 secretion of nor- (ANAT) breast tissue to isolate the core anatomical en-

mal whole breast tissue in culture. tity within the span.

[AnatEM]

Cambridge 22 13 3... [CoNLL2003] Cambridge (ORG)  Cambridge Cambridge Used league table context to cor-
(LOC) rectly classify the city name as

an organization.

G-CSF (10 microg/kg) was started G-CSF (GENE) G-CSF None Detected a technical gene abbre-

on day + 1 and all patients en- viation.

grafted... [BC2GM]

are there any places left that al- allow smoking allow smoking  None Captured a long-form descrip-

low smoking in a restaurant [MIT (AMEN) tive functional entity.

Restaurant]

so are you going to get an article in  Nature (ORG) Nature None Identified a specific domain pub-

Nature or something? [OntoNotes] lication name previously missed

in the initial result.

Assessment of the abuse liability of ABT-288 (CHEM), ABT-288, his- ABT-288 Identified missing chemical

ABT-288, a novel histamine H3 re- histamine (CHEM) tamine mentions.

ceptor antagonist. [BC4CHEMD)]

In the busy Fucheng district, you Fucheng (GPE) Fucheng Fucheng district Removed generic district mark-

find the Taiwanese bars, covered
from door to rooftop with flashing
lights [OntoNotes]

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

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

eyeball inspection
(TASK)

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

eyeball inspec-
tion

accuracy, k-NN
classification

None

k-NN classifica-
tion

ers to isolate the specific geo-
graphical name as a GPE.

Captured specific task entities.

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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