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Abstract

In-context learning (ICL) with large language
models (LLMs) has emerged as a powerful
alternative to fine-tuning for Named Entity
Recognition (NER), achieving strong perfor-
mance with minimal annotation and no addi-
tional training. However, prior work has shown
that despite their adaptability, LLMs still lag be-
hind fully supervised models such as fine-tuned
BERT in structured tasks like NER. While ex-
isting studies on ICL for NER have mainly ex-
plored few-shot settings, the potential of scal-
ing to hundreds of demonstrations has not been
thoroughly investigated. To address this gap,
we conduct a comprehensive investigation of
many-shot ICL for NER and further explore its
effectiveness in annotating and refining data for
low-resource NER tasks. Specifically, we eval-
uate various LLMs across multiple domains
using hundreds of ICL examples and then as-
sess the feasibility of using many-shot ICL as
a data annotation framework. Our experiments
demonstrate that: (1) scaling to hundreds of
in-context examples enables LLMs to match
or even surpass the performance of fully super-
vised BERT models; and (2) using about one
hundred human-labeled examples as demon-
strations, many-shot in-context annotation can
generate high-quality labeled data, leading to
approximately 10% absolute F1 improvement
over existing state-of-the-art approaches when

used to fine-tune BERT on low-resource NER
1

1 Introduction

Named Entity Recognition (NER) is a fundamental
task in information extraction that aims to identify
and classify entities such as persons, organizations,
locations, and domain-specific concepts within text
(Jurafsky, 2000; Pan et al., 2025b). It serves vari-
ous downstream applications, including knowledge
base and knowledge graph construction (Zhang

!Code and data are available at Many-Shot-ICL-NER.

et al., 2024a; Wei et al., 2024), question answer-
ing (Choudhary et al., 2023), and domain-specific
document understanding (Singh et al., 2023; Nandi
and Agrawal, 2024). State-of-the-art (SOTA) NER
are small models such as BERT fine-tuned on
in-domain data (Hu et al., 2024a; Zhang et al.,
2024b, 2022). They require large amount of human-
labeled examples (Devlin et al., 2019; Ding et al.,
2021; Sun et al., 2025). A typical workaround is
to generate large-scale labeled instances using rule-
based or heuristic functions (Pryzant et al., 2022;
Safranchik et al., 2020; Shang et al., 2018), fol-
lowed by fine-tuning with a smaller set of human-
labeled samples. In this work, we explore the use
of large language models (LLMs) for in-context
learning (ICL) to perform NER without updating
model parameters (Wang et al., 2025; Ashok and
Lipton, 2023; Pan et al., 2025a). Our key insight is
that with a moderate number of human-annotated
examples (e.g., 100), LLMs can act as in-context
annotation functions, generating thousands of high-
quality, labeled samples for training smaller, more
efficient models.

While LLMs in few-shot settings still underper-
form compared to fully supervised small models
(Xie et al., 2024; Heng et al., 2024) and are slower
at inference (Zaratiana et al., 2024; Bogdanov et al.,
2024), they excel at generalizing from a few ex-
amples, making them ideal for bootstrapping an-
notations in low-resource domains. Rather than
relying on LLMs as full-time NER systems, we
leverage them to generate training data for more
efficient small models. This approach is made fea-
sible by the increased context length in modern
LLMs, which supports many-shot ICL—scaling
the number of demonstrations from a few to several
hundred (Fu et al., 2024; Gao et al., 2024). Prior
work shows that ICL performance improves with
more demonstrations (Bertsch et al., 2025; Song
et al., 2025; Agarwal et al., 2024), yet many-shot
ICL paradigm remains underexplored in NER.
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We propose an In-Context Annotation (ICA)
framework that leverages many-shot ICL to au-
tomatically label domain-specific NER datasets. In
low-resource settings, ICA uses 100 human-labeled
examples to annotate 2k unlabeled instances. To
enhance annotation quality, we apply refinement
strategies such as self-consistency, self-correction,
and error-aware self-refinement (ERA). The anno-
tated data is then used to fine-tune a BERT-based
model, which outperforms baselines by up to 10
F1 points—achieving competitive results with sub-
stantially less human effort.

We conduct a comprehensive study of many-shot
ICL for NER across four domains, evaluating both
open-source and closed-source LLMs. Our exper-
iments show that using around 100 in-context ex-
amples allows LLMs to match or even surpass the
performance of supervised models trained on thou-
sands of human-annotated instances, demonstrat-
ing the data efficiency of the ICA framework. Fi-
nally, we analyze the scalability of ICA, the impact
of seed set size, and the potential of using smaller
or open-source models for annotation. These find-
ings offer practical insights into the strengths and
limitations of LL.Ms as efficient NER annotators,
guiding future research and deployment. To sum
up, our contributions are four-fold:

* Empirical Study. We present the first systematic
study of many-shot in-context learning (ICL) for
NER, showing consistent, monotonic gains as
the number of demonstrations increases across
four datasets and seven LLMs (§2).

* Framework. We propose a many-shot In-
Context Annotation (ICA) framework that relies
on a modest number of human-labeled samples.
ICA includes several refinement strategies to en-
hance annotation quality (§3.1).

» Experiments. Through experiments on five low-
resource NER datasets, we show that our ap-
proach outperforms SOTA baselines by a sub-
stantial margin, achieving an average absolute F1
improvement of approximately 10 points (§3.3).

* Analyses. We conduct extensive analyses on the
scalability of ICA, the efficiency of seed annota-
tion, and the feasibility of using smaller, open-
source LLMs for annotation tasks (§4).

2 Many-Shot In-Context Learning NER

In this section, we first describe the task formula-
tion of ICL for NER in §2.1, and then present our
experimental setup and results in §2.2.

Task: Identify and tag entities in the input text by wrapping them
with XML-like tag <entity type="[TYPE]">...</entity> tags. Replace
[TYPE] with the correct entity category. Make sure that you only
wrap text that corresponds to an entity and leave the rest of the
text unchanged. Tag all valid entities, even if they repeat.

Entity Types: Person, Location, Organization, Miscellaneous
Examples: {examples}

Test Data:

Input: Canada 's were the worst performing bonds .

Output: <entity type="location">Canada</entity>'s were the
worst performing bonds .

Figure 1: XML-style tagging prompt. {examples} de-
notes the in-context demonstrations, each following the
same input-output format.

2.1 In-Context Learning for NER

We formulate the NER task as a conditional gener-
ation problem. Given an input sentence, the goal
is to generate its annotated version in a structured
format where entity spans and type are explicitly
marked. This formulation enables the use of LLMs
via ICL, allowing the model to learn the labeling
behavior from a set of demonstration examples and
apply it to test instances. Let Dy,ip and Dieg de-
note the training and test datasets, respectively. We
construct the ICL demonstration set by sampling k
labeled examples from the training set:

DicL = {(xlv yl)? ('rQ? y2)7 s (xkv yk>} C Duain

(H
where x; is an input sentence and y; is its output in
the target format. Given a test input ZTiest € Diests
we construct the prompt as:

k

Prompt = I + Z Format(z;,y;) + Format(zes)
i=1

(2

where I denotes the task instruction, and

Format(z,y) renders a labeled example in a consis-
tent input-output style. The model then generates:

y = LLM(Prompt) 3)

which aims to recover the entity-annotated version
of . Formally, we model the generation of the
output as a conditional probability over the instruc-
tion, the demonstration set, and the test input:

Qtest = arg Hl?jiX P(y ’ I, DicL, $test) “)

XML-style Output Format. To represent both
entity spans and their types in generation, we adopt
an XML-style annotation format in which each
entity mention is wrapped with explicit tags that in-
clude the entity type as an attribute. Figure 1 shows
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the prompt used in our ICL for NER. This XML-
style generation format, which explicitly marks
both entity boundaries and types, and preserves
surrounding non-entity tokens, has been shown to
improve the boundary sensitivity of LLMs and re-
duce span-level annotation errors (Ding et al., 2024;
Zhang et al., 2024a; Hu et al., 2024b). Moreover,
the structured output can be easily converted into
the traditional Beginning-Inside-Outside (BIO) for-
mat, allowing direct comparison with results from
previous NER systems. We adopt this XML-style
format as the default prompting template through-
out this work.

2.2 Experiments

Datasets. To ensure diversity and alignment with
real-world application scenarios, we evaluate many-
shot ICL on four NER datasets from different do-
mains: MIT-Restaurant, MIT-Movie (Liu et al.,
2013), WNUT 2017 (Derczynski et al., 2017), and
CoNLL2003 (Tjong Kim Sang and De Meulder,
2003). CoNLL2003 is a widely used benchmark
for standard NER tasks in general domains. MIT-
Restaurant and MIT-Movie are domain-specific
NER datasets with 8 and 12 fine-grained entity
types, respectively, posing a greater challenge due
to their specialized vocabulary and entity distri-
bution. WNUT 2017 focuses on NER in noisy
and informal social media texts, further testing
a model’s robustness under real-world conditions.
More dataset details are provided in Appendix A.1.

Models and Settings. We evaluate a diverse set
of LLMs, including open-source models such as
Qwen-2.5 (7B, 32B, and 72B) (Yang et al., 2025a)
and LLaMA-3.1 (8B and 72B) (Grattafiori et al.,
2024), as well as frontier models like GPT-40 (Ope-
nAl, 2024) and DeepSeekV3 (DeepSeek, 2024).
All models support a context length of at least 32K
tokens, which enables them to accommodate hun-
dreds of in-context examples. For each dataset,
we gradually increase the number of demonstra-
tions up to 500 to study the scaling behavior of
many-shot ICL. To select in-context examples, we
consider two strategies: (1) random sampling:
randomly sampling k£ examples from the training
set as fixed demonstrations for the entire test set;
and (2) retrieval-based: selecting the top-k£ train-
ing instances most similar to each test sample based
on lexical similarity using BM25. For the super-
vised baseline, we fine-tune a BERT-based model
on the full training set of each dataset, referred to as

BERT-FT. We additionally include a target-only
variant, BERT-FT (target-only), which is fine-
tuned solely on the limited human-annotated exam-
ples available in each low-resource target domain
(100-200 samples), without any access to source-
domain data. This variant serves as a lower-bound
reference that isolates the contribution of our ICA-
based data generation from any source-domain
transfer. To assess the impact of LLM choice on
downstream annotation quality, we compare anno-
tations generated by GPT-40, DeepSeekV3, and
three variants of Qwen-2.5 (7B, 32B, 72B) in our
analysis (§4). All reported scores are entity-level
micro-F1 with exact span matching, computed us-
ing the segeval package under default settings.
Appendix A.2 describes the experimental settings.

Results. Due to page constraints, we present a
subset of our results in Figure 2. Comprehensive
experimental results and detailed score tables are
in Appendix A.4. Across all domains, we observe
a consistent improvement in F1-score as the num-
ber of in-context demonstrations increases. This
trend is especially evident for the retrieval-based
ICL setting, where performance improves rapidly
and plateaus around 100 examples. An exception is
observed on CoNLL2003, where performance satu-
rates even earlier (around 50 examples). In contrast,
randomly sampled demonstrations yield a more
gradual and steady improvement as the number
of examples grows. Notably, for the same model,
the performance gap between retrieval-based and
random sampling narrows as more examples are
included, with the two approaches showing compa-
rable results when scaled to 500-shot.

While retrieval-based ICL consistently outper-
forms random sampling in most cases (except
WNUT2017 with 500 samples), it is important to
highlight the cost difference between the two set-
tings. Random sampling selects a fixed set of k&
demonstrations once and reuses them for all test
examples. In contrast, retrieval-based ICL involves
dynamically selecting top-k nearest neighbors for
each test instance from the training pool, result-
ing in significantly higher annotated data reqiure-
ment. Our results suggest that although random
sampling lags behind in performance initially, in-
creasing the number of random samples can yield
highly competitive results, approaching those of
the more expensive retrieval-based approach.

Comparing the many-shot ICL performance
against BERT-FT, we found that in nearly all cases,
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Figure 2: Performance trends on the MIT-Movie, MIT-Restaurant, CoNLL2003 and WNUT2017 datasets as the

number of samples increases.

except for LLaMA3.1-70B on MIT-Restaurant,
LLMs achieve performance comparable to or even
exceeding that of BERT-FT on the full training set.
This highlights the strong data efficiency of many-
shot ICL, demonstrating that LLMs can match su-
pervised performance using only hundreds of la-
beled demonstrations without additional parame-
ter updates. This finding is especially important
for random sampling, which achieves competitive
performance while requiring much less annotation
effort than both BERT-FT and retrieval-based ICL.
For more results and complete per-model evalua-
tion tables, refer to Appendix A.4.

3 Many-Shot In-Context Annotation for
Low-Resource NER

The results in Section 2 show that many-shot in-
context learning enables LLLMs to achieve strong
performance in NER with only around hundreds of
labeled examples. However, despite its effective-
ness, many-shot ICL requires significant inference
cost—each new prediction involves long prompts
and repeated calls to large models. This motivates
a practical alternative: instead of relying on LLMs
for expensive real-time inference, we consider em-
ploying them as annotators to generate high-quality
labeled data that can be used to train smaller, more
efficient models like BERT. Motivated by this, we
hypothesize that if a small number of labeled exam-
ples can guide high-quality ICL predictions, then
the same setup can be used to automatically an-
notate unlabeled corpora. We consider a realis-
tic setting in which only a modest set of human-
annotated examples (e.g., 100) is available. We aim
to use these examples as fixed in-context demon-
strations to prompt an LLM and annotate thousands
of unlabeled sentences. We refer to this process as
Many-shot In-Context Annotation (ICA), where
a fixed set of human-labeled examples is used as
in-context demonstrations to prompt an LL.M for
annotating large-scale unlabeled data.

In this section, we first introduce our proposed
ICA framework in §3.1, which generates struc-

LLM

I LLM I—)l Majority Voting  |=>

LLM

Unlabeled Data Labeled Data
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—)l LLM |—>| Self-Correction |—)

(2) Self-correction

Unlabeled Data Labeled Data

[ um J>i[ wissingError |1
.

1
1
! Type Error E Labeled Data
1
1

Unlabeled Data

(3) Error-aware refinement

Figure 3: Three refinement methods used in our pro-
posed ICA framework.

tured annotations for each sentence using the same
fixed prompt, enabling the training of a downstream
BERT-based NER model. To further enhance an-
notation quality, we propose three strategies: self-
consistency, self-correction, and a error-aware
refinement (ERA) method aimed at correcting
common NER-specific annotation errors. We de-
scribe the experimental setup in §3.2, followed by
results across five low-resource domains in §3.3.

3.1 ICA Framework

We describe here our ICA framework, which builds
upon the ICL formulation introduced in § 2.1.
Given a small set of human-annotated examples,
we use them as fix demonstrations to prompt an
LLM and annotate a much larger unlabeled cor-
pus. The generated annotations follow the same
XML-style output format as described in § 2.1, and
are converted to BIO format to train a downstream
BERT-based NER model. To further improve the
quality of annotated data, we introduce a refine-
ment step based on LLM confidence. Specifically,
we calculate the average log probability over the
entity tokens enclosed by XML tags, excluding
all non-entity tokens. Formally, for a generated
sentence ¢ annotated by the LLM by Eq. 3 to in-
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clude entity spans {s1, s2, ..., S, }, where each s;
consists of a token sequence representing an en-
tire XML-style entity annotation (e.g., <entity
type="type">mention</entity>), we define the
confidence score as:

Confidence(7) =

|221ng ©)

Z 1| Si i=1 t€s;

where |s;| denotes the number of tokens in the i-th
entity span, and p(t) is the generation probability
of token t. Consider the example sentence in Fig-
ure 1, the confidence score is computed using the
log probabilities of the entire entity span <entity
type="location”>Canada</entity>. This pro-
vides a more focused estimate of annotation confi-
dence.

We begin with a standard ICA setup, where
each unlabeled sentence is annotated via a single
LLM call using a fixed prompt with human-labeled
demonstrations. To improve annotation quality,
we further introduce three refinement strategies:
self-consistency, self-correction, and error-aware
refinement (EAR). They are applied to the bottom
50% of low-confidence samples obtained by Eq.
5. As shown in Figure 3, each strategy builds
on the initial ICA output in different ways: (1)
Self-consistency performs two additional LLM pre-
dictions for each low-confidence sentence, using
varied sampling and demonstration orders, and ag-
gregates the three outputs via majority voting over
both entity spans and types. (2) Self-correction in-
troduces a second prompting step where the LLM
is explicitly asked to review and revise its own
annotations. (3) EAR applies three dedicated cor-
rection prompts in sequence to handle common
NER-specific errors, including spurious entities,
missing entities, and incorrect entity types. Due
to space constraints, detailed implementation and
prompt designs are in Appendix B.1.

3.2 Experimental Settings

Dataset. We conduct experiments on the Cross-
NER (Liu et al., 2021) benchmark, which covers
five diverse domains: Al, Literature, Music, Pol-
itics, and Science. We choose CrossNER as our
testbed because it presents a realistic and challeng-
ing low-resource scenario: each domain contains
a large number of entity types but only 100 or 200
labeled examples. Moreover, the small size of the
labeled data reduces the risk of data contamination
from LLM pretraining corpora (Deng et al., 2024),

making it a cleaner and more trustworthy bench-
mark for evaluating low-resource NER methods.
For each domain, we randomly sample 100 human-
annotated sentences from the provided training set
to serve as our in-context demonstration set. These
examples are used to prompt the LLM for anno-
tation. Detailed statistics of each domain are pro-
vided in Appendix B.2.

Unlabeled Data Collection. Inspired by prior
retrieval-augmented data augmentation methods
(Cai et al., 2023), we use BM25 to retrieve the
top-10 most similar unlabeled sentences for each
of the 100 seed examples. This yields a set of 1k
sentences that are semantically close to the labeled
data and likely to contain relevant entity contexts.
To further improve coverage and diversity, we addi-
tionally sample 1k sentences uniformly at random
from the remaining unlabeled corpus (excluding
the retrieved sentences). The unlabeled corpus in
each domain is sourced from the CrossNER bench-
mark (Liu et al., 2021), which provides domain-
specific Wikipedia sentences. This setup is consis-
tent with prior data augmentation work that also
leverages Wikipedia-derived corpora (Cai et al.,
2023). The final annotation set for each domain
therefore contains 2k unlabeled sentences, combin-
ing high-relevance and high-diversity examples.

Evaluation. We use the DeepSeekV3 to perform
annotation over the 2k unlabeled sentences col-
lected as described above. The generated annota-
tions are converted into the standard BIO format
and used to train a BERT-based NER model. To
evaluate the effectiveness of the proposed ICA, we
compare our approach with several representative
baselines from two categories. The first group in-
cludes traditional data augmentation methods such
as DAGA (Ding et al., 2020), NERDA (Dai and
Adel, 2020), and GPDA (Cai et al., 2023) and LLM-
based data augmentation methods ProgGen(Heng
et al., 2024). The second group includes recent
state-of-the-art methods for low-resource or cross-
domain NER, such as LST-NER (Zheng et al.,
2022), DoSEA (Tang et al., 2022), Hu et al. (2022),
DTrans-SMix (Zhang et al., 2022), DH-GAT (Xu
and Cai, 2023), Three-KPNs (Hu et al., 2024a),
DTrans-MPrompt (Zhang et al., 2024b), Prompt-
NER(Ashok and Lipton, 2023), IF-WRANER
(Nandi and Agrawal, 2024), GiNER (Zaratiana
et al., 2024), and B2NER (Yang et al., 2025b). We
also include the performance of using LLM to do
in-context inference with zero-shot (ICL-ZS) and
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100-shot (ICL-MS) for comparision. More details
about the baselines implement are provided in Ap-
pendix A.3.

3.3 Results

Table 1 presents the performance of our proposed
ICA-based annotation strategies, compared with
multiple strong baselines, including LLM-based
inference, traditional data augmentation methods,
and recent SOTA low-resource NER approaches.
We report Fl-scores averaged over five runs across
five domains from the CrossNER benchmark.

In summary, our results provide strong evidence
that LLM-assisted In-Context Annotation sub-
stantially outperforms both traditional data aug-
mentation techniques and SOTA low-resource NER
methods. Importantly, our framework relies solely
on 100 human-annotated examples per domain,
whereas prior methods typically require additional
development sets and access to source-domain an-
notated corpora. These findings highlight the power
of pre-trained LLMs and their in-context learn-
ing capabilities for efficient and scalable dataset
construction in low-resource settings. They sug-
gest that combining a small amount of accept-
able human supervision with powerful LLMs via
in-context learning can serve as a practical and
scalable paradigm for building NER datasets in
resource-constrained domains.

Compared to direct in-context inference using
LLMs (ICL-MS), our ICA-based approach offers
both higher performance and greater practical util-
ity. While ICL-MS achieves strong results (79.44
average F1), our best ICA variant (ICA with EAR)
improves this by over 5 F1-scores, indicating that
converting LLLM predictions into training data al-
lows for more effective downstream models train-
ing. Additionally, ICA enables the use of compact
models like BERT for inference, which are sig-
nificantly more efficient to deploy than prompting
large LLMs with lengthy demonstrations (Bertsch
etal., 2025). This makes ICA more suitable for real-
world NER applications, particularly in resource-
constrained settings.

Finally, we find that applying targeted refine-
ment strategies further improves the quality of ICA.
Among them, the proposed Error-Aware Refine-
ment (EAR) consistently outperforms other vari-
ants across all domains, yielding an average gain
of 1.79 F1 points over standard ICA. This demon-
strates that explicitly addressing common LLM
annotation errors, such as missing entities, spu-

rious entities, and type mismatches, can lead to
more accurate and reliable supervision for down-
stream model training. We further include a case
study in Appendix B.3 to qualitatively illustrate the
effectiveness of these refinement strategies. We
also provide a detailed cost analysis and further
discussion on deployment scalability of our ICA
approach in Appendix B.5

Effectiveness of Refinement at Inference Time.
A natural question is whether our refinement strate-
gies also help when applied directly at inference
rather than as a data-annotation step. We ap-
ply Self-Correction and EAR to ICL-MS outputs
(see Table 1). ICL-MS w/ EAR improves over
ICL-MS by +2.41 average F1 (79.44 — 81.85),
confirming that our refinement strategies are ef-
fective beyond the data-annotation setting. We
note that prior work has observed limitations of
generic intrinsic self-correction in zero-shot rea-
soning tasks (Huang et al., 2023; Hao et al., 2025).
Our findings, in line with domain-specific studies
such as ProgGen (Heng et al., 2024), suggest that
these limitations can be mitigated by (i) replacing
open-ended self-verification with task-specific few-
shot demonstrations of error patterns paired with
corrections, and (ii) decomposing refinement into
focused sub-tasks (spurious, missing, type) rather
than asking the model to fix everything at once.
Nevertheless, the ICA-based approach still outper-
forms ICL-MS w/ EAR by 2.95 Fl1, indicating
that converting LLM predictions into downstream
training data yields additional gains beyond what
refinement alone provides, while also enabling effi-
cient BERT-based deployment.

4 Additional Studies and Discussion

In this section, we report a series of experiments to
further understand the behavior and requirements
of LLMs when used for in-context annotation in
low-resource NER settings. We aim to answer the
following three research questions: RQ1: How
much LLM-annotated data is needed to train an
effective small NER model? RQ2: How much
human-annotated data is required for LLMs to gen-
erate high-quality annotations? RQ3: How impor-
tant is the choice of LLM? Can smaller or open-
source models perform competitively? We conduct
all studies on the Al and Literature domains and
using ICA with EAR to annotate the data. In the
following content of this section, “Previous SOTA”
refers to DTrans-MPrompt (Zhang et al., 2024b),
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Method | Al Literature Music Politics Science | Average
LLM In-Context Inference

ICL-ZS 59.68 61.49 49.03 72.25 68.44 62.18
ICL-MS 74.82 77.83 83.72 83.05 77.79 79.44
ICL-MS w/ Self-Correction 76.15 78.92 84.65 83.94 78.85 80.50
ICL-MS w/ EAR 77.95 80.35 85.68 85.15 80.12 81.85
State-of-the-art Approaches

LST-NER 63.28 70.76 76.83 73.25 70.07 70.84
DoSEA 66.03 68.59 73.10 71.69 75.52 70.99
DTrans-SMix 68.93 69.22 76.10 76.70 72.35 72.66
DH-GAT 69.30 72.51 78.77 77.06 74.21 74.37
B2NER 59.00 63.70 68.60 67.80 72.00 66.22
GLiNER' 70.55 75.13 83.27 81.11 75.73 77.16
Three-KPNs 70.05 70.39 71.57 77.82 73.63 73.89
PromptNER 68.83 74.44 84.26 78.61 72.59 74.95
DTrans-MPrompt 70.13 73.51 79.54 80.54 73.06 75.36
IF-WRANER 68.81 75.52 85.43 75.31 79.80 76.97
Data Augmentation Approaches

DAGA 66.77 71.15 78.48 73.30 73.07 72.55
NERDA 70.20 71.28 79.56 75.30 74.37 74.14
GPDA 70.05 72.34 80.16 75.95 75.55 74.81
ProgGen 71.56 73.31 85.14 84.19 78.25 78.49
LLM-assisted In-Context Annotation (Ours)

ICA 76.97i0,42 80-95i0.38 87.95i0‘29 87.50i0,35 81.7110.41 83.01i0,37
ICA w/ Self—Consistency 77-40:t0.36 82.03:{:0,31 88.51:{:0,25 88.22i0,28 82.35i0,33 83.70;{:0,31
ICA w/ Self—COI‘l‘eCtiOH 77~79i0.28 81.89i0,25 89.53i0422 87.69i0,26 82~02i0.29 83.78i0,28
ICA w/ EAR 79.881021 82961015 89301015 88.691019 83.171023 | 84.8010.158

Table 1: F1 scores on CrossNER. Results for our ICA methods are averaged over five runs with different random
seeds; subscripts denote standard deviation. TGLiNER is fine-tuned with gliner_large-v2.5 on 100 human-
annotated examples per domain using the official training script.
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Figure 4: Performance trends on the Al and Literature
domains as the annotated training data increases.

the strongest cross-domain baseline from Table 1.

4.1 RQI1: How Much LLM-Annotated Data is
Needed?

To investigate how much LLM-annotated data is
needed to train an effective NER model, we con-
duct an annotation scale-up experiment. Specif-
ically, we use ICA with EAR to label between
0.5k and 5k unlabeled sentences in increments of
0.5k. The resulting data is then used to train a
BERT-based NER model, and we evaluate its per-
formance on the test set of the corresponding do-
main. As shown in Figure 4, performance improves
rapidly with the first 1.5k-2k annotated examples,
but plateaus after around 2.5k samples. This satu-
ration suggests that early gains come from learning
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Figure 5: Performance trends on Al and Literature as
the number of human-annotated samples increases.

general entity patterns, while additional examples
offer diminishing returns due to redundancy or lim-
ited diversity in the unlabeled pool. Based on this
trend, we find that annotating 1.5k—2.5k sentences
is a practical and efficient choice for low-resource
settings. Notably, with just 1k-1.5k annotated ex-
amples, our method already surpasses both ICL-
MS and previous state-of-the-art methods. This
demonstrates the data efficiency of our ICA frame-
work and its ability to produce high-quality training
data with minimal human supervision.

4.2 RQ2: How Much human-annotated Data
is Needed for Effective ICA?

This experiment investigates how much human-
annotated data is necessary to guide LLMs for ef-
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Figure 6: Comparison of LLMs on Al and Literature.
The red dashed line indicates SOTA’s performance.

fective in-context annotation. Specifically, we vary
the number of human-annotated examples settings
used in the ICA prompt from 0 to 300. We then an-
notated 2k samples for each setting and used those
data to train a BERT-based NER model.

As shown in Figure 5, performance improves
significantly as the number of human-annotated ex-
amples increases from 0 to around 75-100. Beyond
this point, gains become marginal, with nearly flat
curves on both Al and Literature domains. These
results suggest that using approximately 75-100
human-annotated examples is sufficient to enable
strong ICA performance. Such a requirement is
practically feasible, as collecting this amount of
annotated data typically takes only a few hours.
It strikes an effective balance between human ef-
fort and LLM utility for building high-quality NER
training sets in low-resource domains.

4.3 RQ3: How Important is the Choice of
LLM?

To study the impact of LLM choice on annotation
quality, we conduct an experiment using different
LLMs to perform in-context annotation. Specif-
ically, each model is used to label 2k sentences
for both the Al and Literature domains using our
ICA framework with EAR. The annotated data is
then used to train a BERT-based NER model. We
compare several models of varying scale and ar-
chitecture, including the frontier model GPT-4o,
and three variants of Qwen-2.5 with 7B, 32B, and
72B parameters. DeepSeekV3 is also included as
a competitive baseline. As shown in Figure 6, the
choice of LLM significantly impacts downstream
performance. Larger and more capable models
yield higher-quality annotations that translate into
better NER performance. For both domains, GPT-
40 achieves the best results, followed closely by
DeepSeekV3 and Qwen-72B. In contrast, smaller
models such as Qwen-7B lag behind by a wide
margin, particularly on the more complex Liter-
ature domain. These results suggest that model
scale and pretraining quality both matter for in-

context annotation. While open-source models can
be competitive when scaled up (e.g., Qwen-72B),
there remains a notable gap between smaller LLMs
and the best proprietary models. This highlights
a trade-off between annotation quality and model
accessibility.

5 Related Work

Named Entity Recognitions. Large language
models have been applied to NER via zero-shot
and few-shot prompting, but early attempts fell
short of the accuracy of task-specific models
(Jimenez Gutierrez et al., 2022; Ashok and Lip-
ton, 2023) Recent work focuses on closing this gap
by better integrating task knowledge into prompts
and more advanced prompt techniques (Zhang
et al., 2025b). For example, PromptNER aug-
ments few-shot examples with explicit entity type
definitions, prompting an LLM to list entities in
a text along with explanations; Xie et al. (2023)
proposes an inference strategy combining prob-
lem decomposition, syntactic augmentation, and
a two-stage majority voting scheme, significantly
improving ChatGPT’s zero-shot NER performance.
Xie et al. (2024) involves self-annotation of un-
labeled corpora, selection of reliable annotations,
and in-context learning with retrieved demonstra-
tions. Heng et al. (2024) introduces a cost-effective
framework that guides large language models to
self-reflect on domain-specific attributes and pre-
generate entity terms, thereby creating high-quality
NER datasets. Another batch approach is to design
general-purpose NER systems inspired by LLMs’
flexibility. Methods such as GLiNER(Zaratiana
et al.,, 2024), NuNER(Bogdanov et al., 2024),
GIlINER (Sainz et al., 2023), and UniversalNER
(Zhou et al.) leverage large-scale synthetic NER
data for extensive training, thereby achieving
strong zero-shot performance. Another line of
work builds unified NER frameworks to handle
flat, nested, and discontinuous entities. UIE in-
troduces a text-to-structure generation framework
that unifies multiple IE tasks via schema-based
prompting and a structured extraction language
(Lu et al., 2022); LasUIE extends this by induc-
ing latent syntactic structures and integrating them
into the generation process (Fei et al., 2022). In
the scientific domain, several corpora have been
developed to support NER over scholarly texts, in-
cluding DMDD for dataset mention detection (Pan
et al., 2023), SciDMT for joint detection of datasets,
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methods, and tasks (Pan et al., 2024a), and SciER
for entity and relation extraction from full-text sci-
entific publications (Zhang et al., 2024a). Since
large-scale scientific corpora often rely on weak or
distant supervision, label-cleaning approaches such
as DynClean (Zhang et al., 2025a) have been pro-
posed to improve annotation quality by leveraging
training dynamics to identify mislabeled instances.
However, these methods typically require substan-
tial computational resources for pre-training and
synthetic data generation. In contrast, our frame-
work can serve as a cost-effective annotation gen-
erator, producing high-quality labels for training
unified NER models.

Many-Shot In-Context Learning. Many studies
suggested that using a small number of demon-
strations, typically less than one hundred, was suf-
ficient to achieve strong performance(Highmore,
2024; Min et al., 2022), and some even indicated
that increasing the number of demonstrations could
potentially hurt ICL performance (Chen et al.,
2023). Recent long-context architectures expand
context length by orders of magnitude (from a
few thousand tokens in GPT-3 to around 1 mil-
lion tokens in recent research models) (Agarwal
et al., 2024), enabling many-shot in-context learn-
ing with hundreds or thousands of examples in a
single prompt. Studies have observed that provid-
ing far more demonstrations often yields significant
accuracy gains compared to the traditional few-shot
regime (Agarwal et al., 2024; Bertsch et al., 2025).
In fact, as the number of prompt examples grows
into the hundreds, models begin to approach or
even match fine-tuned performance on certain tasks
(Agarwal et al., 2024), indicating that sufficiently
large prompts allow LLMs to overcome some pre-
training biases. One recent work Song et al. (2025)
study whether many-shot ICL can improve the re-
liability of LLMs as evaluators, and finds that us-
ing many-shot prompts—especially with reference
answers—leads to more consistent and accurate
evaluation results. These findings demonstrate the
feasibility of leveraging many-shot ICL to further
enhance the performance of LLM-based ICL and
to address the challenge of limited training data.

6 Conclusion

This work provides the first comprehensive investi-
gation of many-shot in-context learning (ICL) for
Named Entity Recognition (NER), demonstrating
its viability as both an inference-time strategy and

a scalable annotation framework. We illustrate that
with only a modest number of seed annotations
(around a hundred), many-shot in-context anno-
tation can generate high-quality labeled data, en-
abling significant downstream performance gains.

Building on these findings, we propose the ICA
framework, which uses LLMs as offline annotators
to efficiently generate and refine labeled data with
minimal human effort. By decoupling LLM annota-
tion from deployment, ICA enables compact mod-
els like BERT to be trained on high-quality data and
deployed cost-effectively at scale. In low-resource
settings, ICA achieves approximately 10% abso-
lute F1 improvement over previous SOTA methods.
Our findings highlight the promise of LLM-based
ICL and annotation frameworks like ICA in im-
proving data efficiency and reducing annotation
costs for NER and related tasks.

Limitations

While our study demonstrates the promise of many-
shot in-context learning (ICL) for NER, several
limitations remain. While our method reduces the
need for large-scale manual annotation, it still re-
quires a moderate number of high-quality seed la-
bels and introduces computational overhead from
repeated LLM inference. In addition, ICL offers
little transparency into why certain outputs are gen-
erated or how LLMs adapt to increasing demon-
stration size, complicating efforts to debug or audit
model behavior in sensitive applications. Finally,
our experiments focus on English-language NER
in a limited set of domains. Further evaluation is
needed to understand the generalizability of many-
shot ICL to other languages, domains, and entity
types, especially those with more complex or am-
biguous annotation schemes. Future work can ad-
dress these limitations by exploring hybrid models
that combine the efficiency of ICL with targeted
fine-tuning, extending evaluations to multilingual
and multi-domain settings.
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A Additional Details of Many-Shot ICL
Study

A.1 Dataset Statistics

We consider 4 NER datasets from different
domains: CoNLL2003 (Tjong Kim Sang and
De Meulder, 2003), MIT-Movie and MIT-
Restaurant (Liu et al., 2013), WNUT 2017 (Der-
czynski et al., 2017).

Name Domain Entity Data size
Types
CoNLL
2003 News 4 14,041 /3,250 / 3,453
WNUT
2017 SNS 6 1,000/ 1,008 / 1,287
MIT  Restaurant | g 7.660/-/1,521
Restaurant review
MIT Movie 12 7,816/- /1,953
Movie review

Table 2: Four NER datasets are considered. Data size is
the number of sentences in training/validation/test set.

A.2 Many-shot ICL Models and Settings
Details

LLMs details. The majority of the analysis in
the paper concerns these five LLMs models:

* GPT-40 (OpenAl, 2024) is a recent multi-
modal model developed by OpenAl, designed
for fast and cost-efficient inference. It sup-
ports long-context inputs and demonstrates
strong reasoning capabilities.

* DeepSeekV3 (DeepSeck, 2024) is a decoder-
only language model optimized for both effi-
ciency and long-context understanding.

* Qwen2.5-7B and Qwen2.5-72B (Yang et al.,
2025a) are multilingual decoder-only models
with trained context lengths of 128k and 131k
tokens, respectively. We use their instruction-
tuned variants in our experiments.

* LLaMA3.1-8B and LLaMA3.1-70B
(Grattafiori et al.,, 2024) are the latest
models in Meta’s LLaMA series, featuring
improvements in both training data and model
architecture. Both variants support a trained
context length of 128k tokens. We employ the
instruction-tuned versions in all evaluations.

We use the vVLLM? v0.8.5 to deploy the Qwen2.5
and LlaMa 3.1 LLMs on a machine with 4 A100

“https://docs.vllm.ai/en/stable/

GPUs. For the DeepSeekV3 and GPT-40, we use
the official provided API. All the experiments re-
sults are obained during the January 20, 2025 to
May 10, 2025.

BERT Fine-Tuning detals. All BERT-FT mod-
els in this paper refer to the fine-tuned bert-base-
cased® version. We use the same combnition of
hyperparameters for all datasets: the learning rate
is set as le-5; the training batch size is 16, all re-
sults are based on the fine-tuned results of 5 epochs
and report average of five runs, each with a dif-
ferent random seed. Experiments were conducted
using a single A100 GPU card with PyTorch 2.7.0.
The average running time on the CoNLLO03 dataset
is 34 seconds/epoch.

A.3 Baseline Implementation Details

ProgGen. We implemented ProgGen (Heng
et al., 2024) on CrossNER by following the au-
thors’ released code and recipe for data generation
and training. We adopted the best-performing con-
figuration reported in the paper—combining their
data generation and refinement pipeline with the
strongest downstream model setup—and ran all
experiments under this setting to ensure compara-
bility with their reported results.

GINER. We fine-tuned the GIiINER en-
coder (Zaratiana et al., 2024) on CrossNER using
100 human-annotated examples per domain to
match the data budget of our ICA framework.

Other Baselines. For the remaining baselines,
we report results on CrossNER directly from the
original sources for fair comparison. Note that
many of these baselines use not only the 100
human-annotated training examples but also ad-
ditional validation data for hyperparameter tuning.

A4 Detail Many-shot ICL for NER results

Table 3 provides the complete performance results
of all seven language models under both random
and retrieval-based ICL settings across the four
datasets. Figure 7 and 8 presents the performance
trends of all models as the number of in-context
examples increases.

From the figures, we observe a consistent trend:
the performance of LLMs generally improves
as the number of in-context examples increases,
especially under the random sampling setting.
For smaller models such as Qwen2.5-7B and

3https://huggingface.co/bert-base-cased
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LLaMA3.1-8B, although their final performance
may not match that of the BERT-FT baseline, they
still exhibit a clear many-shot ICL improvement
trend as the number of demonstrations grows.

B Additional Details of ICA Framework

B.1 More Detail of Annotation Refinement
Methods

In this section, we provide detailed descriptions
of the three refinement strategies used to enhance
the quality of LLM-generated annotations: self-
consistency §B.1.1, self-correction §B.1.2, and
error-aware refinement §B.1.3.

B.1.1 Self-consistency

To improve the robustness of LLM-generated an-
notations, we adopt a self-consistency refinement
strategy inspired by prior work on decoding via
multiple sampling (Wang et al.; Xie et al., 2024).
In our NER setting, we apply self-consistency to
low-confidence samples as identified by the confi-
dence scoring method in Section 3.1.

For each selected sentence, we prompt the LLM
to generate three independent predictions by ran-
domly varying the order of in-context demonstra-
tion examples in the prompt. This results in three
separate XML-style annotations for the same sen-
tence.

We then perform majority voting over the pre-
dicted entities at both the span and type levels:

* Span-level voting: A candidate span is re-
tained only if it appears in at least two out of
the three predictions.

* Type-level voting: For spans that appear in
multiple predictions, i.e., appear at least two
times, the entity type assigned by the majority
is selected as the final label.

This voting process filters out inconsistent or
spurious predictions and prioritizes entities with
high agreement across multiple completions. The
final refined annotation includes only those entity
mentions that meet the self-consistency threshold
at both the span and type level.

B.1.2 Self-correction

Self-correction is a lightweight refinement strategy
that leverages the LLM’s own reasoning ability
to revise and improve its initial predictions (Pan
et al., 2024b; Kamoi et al., 2024; Heng et al., 2024,
Madaan et al., 2023). Given an initial annotation

from ICA, we construct a second prompt that asks
the LLM to review its output and make corrections
if any errors are detected.

To help the LLM learn this behavior, we em-
ploy a few-shot prompting strategy. Specifically,
we begin by randomly sampling 5 sentences from
the 100 human-labeled seed examples and holding
them out. We then use the LLM to generate predic-
tions for the remaining 95 sentences. From these
predictions, we identify 6 examples that contain
typical NER errors, two each for spurious entity,
missing entity, and type error, as well as 4 ex-
amples that are correctly annotated. Each selected
example is paired with its corrected version and
included in the prompt as a demonstration. The
other predictions are discarded and not used for
prompting.

Figure 9 shows the structure of our self-
correction prompt, which consists of four parts:
a brief description of common NER error types,
entity type definitions, 10 few-shot examples (6
erroneous and 4 correct), and the target sentence
with its current and refined annotations.

We do not explicitly target span boundary errors,
as partially correct entity spans have been shown to
be useful for training NER models (Mayhew et al.,
2019).

B.1.3 Error-Aware Refinement

Error-aware refinement (EAR) is a targeted strategy
that applies a series of error-specific prompts to
improve the quality of LLM-generated annotations.
Unlike self-correction (Appendix B.1.2), which
uses a single prompt to handle all types of errors,
EAR decomposes the refinement process into three
independent steps, each addressing one specific
error type: spurious entities, missing entities, or
incorrect types.

Each step is handled using a dedicated prompt,
and the three prompts are applied sequentially to
the same annotated sentence. For example, we
first remove spurious entities, then add missing
ones, and finally correct entity types. This modular
setup improves controllability, avoids conflicting
operations, and enables precise error handling.

To help the LLM learn how to correct spe-
cific error types, we follow the same few-shot
example construction strategy used in the self-
correction setup. We identify 10 examples from
LLM-generated predictions—six containing typi-
cal NER errors (two per error type) and four that
are correctly annotated. Each selected example is
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MIT-Movie MIT-Res CoNLL2003 WNUT2017
#Shots P R F1 P R F1 P R F1 P R F1

SOTA - - 71.20 | - - 79.60 | - - 94.30 | - - 52.80
BERT 5892 63.80 61.17 | 7633 8143 78.77 | 86.79 87.92 | - - 50.30
0 4620 3470 39.63 | 56.94 46.19 51.01 | 64.37 62.43 | 30.16 49.44 37.46
S 56.18 60.73 58.37 | 64.77 67.88 66.29 | 65.13 69.11 | 33.87 6245 43.92
10 58.62 6290 60.68 | 74.96 79.71 66.61 | 71.08 73.75 | 44.03 52.04 47.70
25 6328 66.10 64.66 | 6552 69.21 67.31 | 77.10 7530 | 46.34 49.44 47.84
Qwen-72B 50 6321 69.63 66.27 | 68.73 73.51 71.04 | 80.63 83.27 | 4451 5576 49.50

100 64.28 68.61 66.37 | 72.13 75.00 73.54 | 82.99
200 64.71 6929 66.92 | 7439 7599 75.18 | 84.89
300 63.84 70.55 67.03 | 75.20 7831 76.72 | 86.57
400 64.68 69.57 67.03 | 74.66 80.96 77.68 | 87.99
500 6551 70.89 68.09 | 77.98 82.03 79.96 | 88.89

84.75 | 47.50 56.51 51.61
85.62 | 45.65 56.51 50.50
88.58 | 48.32 58.74 53.02
89.95 | 54.55 53.53 54.03
90.50 | 46.59 67.96 55.28

5 6289 67.12 64.94 | 67.23 7235 69.70 | 76.16 78.27 | 3773 60.59 46.50
10 62.64 6929 65.80 | 71.36 76.32 73.76 | 82.92 84.50 | 39.67 54.28 45.84
25 63.49 6929 66.27 | 73.39 79.47 76.31 | 86.19 87.66 | 43.34 52,04 47.30
50 66.78 68.84 67.79 | 73.75 80.46 76.96 | 85.68 87.50 | 43.32 5428 48.18
Qwen-72B (BM25) 100 67.88 69.98 68.92 | 74.09 80.96 77.37 | 88.21 89.43 | 4823 50.56 49.36

200 67.58 7043 68.98 | 76.24 80.35 78.24 | 87.63
300 67.54 71.00 69.23 | 76.07 82.62 79.21 | 87.76
400 68.10 7237 70.17 | 77.69 81.14 79.38 | 89.11
500 71.07 71.67 71.37 | 77.64 8278 80.13 | 89.95

89.03 | 48.34 5428 51.14
89.62 | 52.00 53.16 52.57
90.45 | 57.96 5279 55.25
91.10 | 50.23 60.77 55.00

0 51.67 5639 53.93 | 56.98 46.59 51.26 | 61.40 64.62 | 39.52 5539 46.13
5 5833 5526 56.76 | 64.80 064.18 64.49 | 64.46 69.65 | 39.05 60.97 47.61
10 65.15 6724 66.18 | 65.45 6545 65.45 | 76.77 79.41 | 53.13 50.56 51.81
25 6479 69.75 67.18 | 66.77 70.36 68.52 | 77.41 79.45 | 52.19 53.16 52.67
50 64.76  69.86 67.22 | 73.04 76.86 74.90 | 79.50 81.27 | 53.33 53.53 53.43

DeepSeckV3 100 6717 7146 69.25|74.09 77.50 7576 | 8439

200 6832 7237 70.29 | 74.02 78.13 76.02 | 87.47
300 67.97 73.17 7048 | 74.66 79.40 76.96 | 87.08
400 68.57 7397 71.17 | 75.84 78.61 77.20 | 87.29
500 7039 7409 72.19 | 76.44 81.78 79.02 | 87.29

86.62 | 56.38 50.93 53.52
87.57 | 5225 56.13 54.12
88.01 | 60.75 48.33 53.83
88.22 | 60.52 5242 56.18
88.22 | 5691 59.12 57.99

5 66.17 71.69 68.82 | 69.77 76.07 72.78 | 80.80 83.99 | 41.41 5856 4851
10 67.38 7237 69.79 | 74.11 79.40 76.66 | 87.90 88.75 | 51.04 54.14 52.55
25 6791 7295 70.34 | 75.08 79.24 77.10 | 88.91 89.58 | 54.65 5242 53.51
50 6771 7443 7091 | 7736 77.97 77.66 | 89.01 90.05 | 57.03 5279 54.83

DeepSeekV3 (BM25) | 100 6834 7443 71.26 | 7691 81.30 79.04 | 89.01
200 69.63 7591 72.64 | 77.79 81.62 79.66 | 89.08
300 68.87 76.03 72.27 | 77.58 8225 79.85 | 89.19
400 69.82 76.60 73.05 | 77.89 82.09 79.94 | 90.06
500 7035 7637 7323 | 77.61 8241 79.94 | 90.59

90.05 | 4829 62.43 54.46
90.41 | 56.50 55.25 55.87
90.15 | 5823 5390 55.98
91.12 | 5477 60.22 57.37
91.04 | 5573 59.12 57.37

0 58.18 60.50 59.32 | 63.71 5341 58.10 | 62.71 67.53 1 39.42 60.97 47.88
5 62.10 65.64 63.82 | 6482 68.62 66.67 | 77.04 76.28 | 45.58 61.34 52.30
10 63.12 6472 6391 | 66.62 70.52 68.51 | 79.70 80.64 | 48.14 57.62 52.45
25 63.15 6632 64.70 | 68.37 69.89 69.12 | 83.76 84.30 | 50.99 57.25 53.94
GPT-4o 50 6331 68.15 65.64 | 69.42 71.95 70.66 | 87.36 87.08 | 47.47 62.83 54.08
100 63.14 68.84 6587 | 7031 74.33 72.27 | 86.94 87.41 | 51.13  59.11 54.83
200 63.59 69.98 66.63 | 71.69 74.64 73.14 | 86.32 87.51 | 5200 57.99 54.83
300 6534 69.76 67.48 | 7445 80.86 77.52 | 86.68 87.70 | 54.33 5836 56.27
400 6832 7237 70.29 | 7451 81.82 77.99 | 86.82 88.30 | 53.59 60.97 57.04
500 69.84 74.54 72.11 | 76.50 82.54 79.40 | 88.94 88.84 | 53.33 6245 57.53
5 64.83 68.38 66.56 | 71.54 74.48 72.98 | 68.29 77.99 | 54.09 56.51 55.27
10 66.41 7021 68.26 | 70.92 75.75 73.26 | 83.44 85.80 | 52.33 58.58 55.28
25 66.74 70.78 68.70 | 71.24 7575 73.43 | 86.02 86.94 | 49.56 62.83 5541
50 67.49 7135 69.37 | 71.01 76.07 73.45 | 87.78 89.74 | 5227 59.85 55.81
GPT-40 (BM25) 100 6872 7123 69.96 | 73.66 79.33 76.39 | 87.97 89.83 | 5227 61.22 56.39

200 68.85 72.15 7046 | 7529 79.09 77.14 | 89.70
300 69.79 73.06 71.39 | 75.96 80.53 78.18 | 88.54
400 70.19 7420 72.14 | 75.85 80.77 78.23 | 90.73
500 70.57 7534 72.88 | 77.63 81.73 79.63 | 89.89

90.09 | 55.96 57.84 56.88
90.23 | 54.15 60.59 57.19
91.03 | 54.05 62.08 57.79
91.14 | 57.25 61.24 59.18

0 4375 41.18 4242|4337 61.30 50.80 | 40.51 50.39 | 26.36  37.57 30.98
5 46.09 5694 50.94 | 5479 6322 58.71 | 66.24 67.09 | 26.17 4641 33.47
10 49.02 58.14 56.67 65.38 60.71 | 59.02 69.34 | 30.72 49.72  37.97
25 5273 61.70 5873 67.27 62.71 | 60.61 72.19 | 3830 48.65 42.86

50 54.03 63.62 5843 | 5691 59.12 66.06 | 65.44 72.29 | 41.67 52.63 46.51
100 6275 6573 64.21 | 70.26 7043 70.35 | 77.87 80.74 79.28 | 43.84 56.88 49.51
200 63.08 66.96 64.96 | 70.90 7258 71.73 | 76.31 86.11 80.91 | 46.43 56.52 50.98
300 64.68 66.61 6563|7093 74.64 72.74|79.17 8576 82.33 |48.03 5428 50.96
400 6452 66.78 65.63 | 70.83 75.44 73.06 | 83.55 88.19 85.81 | 50.00 53.53 51.71
500 6735 69.60 6845|7247 77.18 7475|8721 9236 89.71 | 49.17 5539 52.10

Llama3.1-70B

5 58.18 6626 61.96 | 48.99 7548 59.41 | 5531 86.81 67.57 | 31.52 4475 36.99
10 6122 6522 63.16 | 54.56 77.64 64.09 | 6579 86.81 74.85|38.78 4872 43.18
25 6395 68.89 66.33 | 66.67 72.00 69.23 | 6545 88.96 7541|4222 5135 46.34
50 66.00 67.35 66.67 | 69.09 7451 71.70 | 79.88 89.58 84.45 | 44.68 53.85 48.84

100 66.45 71.35 68.81 | 71.59 7572 73.60 | 81.78 89.39 8542|4282 5874 49.53
200 66.72 71.53 69.04 | 71.85 76.86 74.27 | 8439 92.01 88.04 | 52.34 49.81 51.05
300 67.49 71.88 69.62 | 72.54 77.02 74.71 | 84.54 93.06 88.60 | 50.00 5279 51.36
400 66.88 7276 69.70 | 72.63 77.81 75.13 | 8585 9271 89.15 | 52.04 52.04 52.04
500 6726 73.64 7030 | 72.69 7845 7546 | 89.33 9242 90.85 | 53.01 5242 5271

Llama3.1-70B (BM25)

0 3540 32.16 33.70 | 46.59 27.88 34.89 | 47.28 39.24 42.88 | 57.69 829 14.49
5 5172 5290 52.30 | 46.51 48.08 47.28 | 66.30 4236 51.69 | 59.38 10.50 17.84
10 6338 50.79 56.39 | 5452 52.16 53.32 | 59.50 50.00 54.34|54.05 11.05 18.35
25 6027 54.66 57.33 | 57.14 51.92 5441 | 78.64 5625 6559 |37.14 1436 20.72
50 60.73  58.17 59.43 | 6293 52.64 57.33 | 82.04 58.68 6842|3551 2099 26.39

Quwen2.5-78 100 6431 57.65 60.80 | 65.13 61.06 63.03 | 69.97 7LI8 70.57 [31.62 2376 27.13

200 66.87 5747 61.81 | 6629 7043 68.30 | 87.07 70.14 77.69 | 51.39 2044 29.25
300 6298 63.09 63.04 | 68.85 70.67 69.75 | 81.65 75.69 78.56 | 28.83 3536 31.76
400 64.95 64.15 64.54 | 75.60 68.51 71.88 | 83.52 79.42 | 4835 2431 3235
500 64.84 64.50 64.67 | 72.00 73.56 72.77 | 84.21 80.87 | 76.36  23.20 35.59

5 56.77 60.46 58.55 | 59.44 65.87 62.49 | 59.17 63.90 | 59.38 10.50 17.84
10 6021 61.69 60.94 | 69.92 60.34 64.77 | 76.92 66.80 | 63.89 12.71 21.20
25 6473 60.63 62.61 | 63.98 68.75 66.28 | 79.17 67.86 | 52.08 13.81 21.83
50 62.81 6292 62.86 | 68.85 70.67 69.75 | 78.28 7532 | 40.00 2431 30.24

Qwen2.5-7B (BM25) 100 66.54 60.81 63.54 | 74.55 68.99 71.66 | 83.59 78.68 | 38.35 28.18 32.48
200 63.67 6344 63.56 | 70.83 73.56 72.17 | 84.46 73.61 78.66 | 33.33 3425 33.79
300 66.48 61.34 63.80 | 75.58 69.95 72.66 | 82.33 76.04 79.06 | 62.69 2320 33.87
400 66.48 6239 64.37 | 74.09 73.56 73.82 | 8327 7778 8043|5287 2541 34.33
500 66.43 65.03 6572 | 74.88 73.08 73.97 | 84.07 78.82 81.36 | 49.00 27.07 34.88

0 4333 36.56 39.66 | 46.18 30.53 36.76 | 38.44 51.39 4398 | 11.83 17.13 14.00
5 53.10 49.74 51.36 | 50.13 45.19 47.53 | 53.23 4861 50.82 | 14.64 1934 16.67
10 55.05 48.86 51.77 | 56.72 50.72 53.55 | 60.65 5833 59.47 | 1585 24.86 19.35
25 50.40 55.54 52.84 | 60.87 5048 55.19 | 68.73 61.81 65.08 | 32.04 1823 23.24
LLama3.1-8B 50 60.00 4745 52.99 | 61.68 54.57 5791 | 6479 76.04 69.97 | 21.68 27.07 24.08
100 54.66 5149 53.03 | 68.48 5433 60.59 | 78.00 67.71 72.49 |39.42 22.65 28.77
200 60.82 54.83 57.67 | 67.40 59.13 63.00 | 75.60 76.39 7599 | 35.00 27.07 30.53
300 67.77 5395 60.08 | 65.19 67.07 66.11 | 75.69 75.69 75.69 | 30.30 33.15 31.66
400 66.67 5926 62.75 | 67.88 71.63 69.71 | 7825 7743 77.84 | 31.34 3481 32.98
500 68.63 6140 64.81 | 67.89 71.15 6948 | 80.71 7847 79.58 | 28.19 4033 33.18
5 5278 4524 4872|5477 5385 5430 | 56.60 6250 59.41 | 1579 24.86 19.31
10 58.01 5852 5827 |63.66 52.64 57.63|59.17 69.44 63.90 | 21.62 22.10 21.86
25 64.97 5835 6148 | 66.86 5577 60.81 | 73.98 63.19 68.16 | 22.39 24.86 23.56
50 6257 61.69 62.12 | 67.78 58.65 62.89 | 77.95 68.75 73.06 | 27.33 2431 2573
LLama3.1-8B 100 64.49  60.63 62.50 | 67.35 6226 64.71 | 75.60 7639 7599 | 29.11 2541 27.14

200 6570 59.93 62.68 | 69.81 6491 67.27 | 77.05 78.13 77.59 | 38.14 24.86 30.10
300 63.46  63.80 63.63 | 7091 66.10 68.42 | 7551 77.08 76.29 | 3529 29.83 32.34
400 65.17 63.80 64.48 | 67.88 71.63 69.71 | 77.21 7882 78.01 | 33.15 33.70 33.42
500 6735 61.11 64.08 | 70.63 72.84 71.72 | 81.85 79.86 80.84 | 33.33 36.46 34.83

Table 3: Comprehensive many-shot IZCSLé gtéldy of seven LLMs on four datasets.
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Figure 7: Complete performance results on the MIT-Movie and MIT-Restaurant datasets as the number of samples

increases.
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Figure 8: Complete performance results on the CoNLL2003 and WNUT2017 datasets as the number of samples

increases.

paired with its corrected version to form a demon-
stration pair.

To construct error-specific prompts, we further
process these examples to isolate the target error
type: for each prompt, we retain only the target er-
ror in the example and pre-correct all other types of
errors within the same sentence. This ensures that
each demonstration focuses solely on the intended
error type, enabling the LLM to learn a precise and
unambiguous correction behavior.

Unlike self-correction, where all examples are
combined into a single prompt, EAR builds three
separate prompts—each containing only examples
of one specific error type. This design allows the
LLM to focus on a single correction behavior at a
time, without being distracted by unrelated errors.

Figures 10, 11, and 12 illustrate the structure of
the three error-specific prompts used in this step-
by-step refinement process.

B.2 CrossNER benchmark

Table 4 provided the detail statisitcs of each domain
in CrossNER benchmark.

B.3 Case Study

To better understand the effect of our proposed
self-refinement methods, we conduct a qualitative
analysis by reviewing several annotated samples
from the Al domains. As illustrative examples,
we present two representative cases in Figures 13
and 14.

In Figure 13, we observe that the initial ICA
annotation incorrectly classifies 11regression anal-
ysis” as a field entity, whereas it should be labeled
as a task. All three refinement strategies success-
fully correct this type error. Additionally, EAR
identifies an extra missing entity—"‘squared devia-
tions”—and correctly labels it as miscellaneous,
which was not detected by ICA.

In Figure 14, all three methods correct the mis-
classification of “data-mining”, which ICA origi-
nally labeled incorrectly, assigning it the correct
type field. They also successfully remove “intelli-
gence”’, which was a spurious entity in the original
annotation. Moreover, EAR further removes “high-
level ontologies™, another spurious entity mistak-
enly included by ICA, demonstrating its stronger
ability to filter over-predicted spans.
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. Unlabeled Corpus Labeled NER . .
Domain . Entity Categories
# sentence # Train | # Dev | # Test
Reuters - 14,987 | 3,466 | 3,684 person, organization, location, miscellaneous
olitician, person, organization, political party, event,
Politics 9.07M 200 | 541 | 651 polttican, p gauzation, poritica party, ev
election, country, location, miscellaneous
Natural scientist, person, university, organization, country, location, discipline,
atura
Sci 5.32M 200 450 543 enzyme, protein, chemical compound, chemical element, event,
cience
astronomical object, academic journal, award, theory, miscellaneous
music genre, song, band, album, musical artist, musical instrument,
Music 9.82M 100 | 380 | 456 & ¢ ) o _
award, event, country, location, organization, person, miscellaneous
book, writer, award, poem, event, magazine, person, location,
Literature 9.17M 100 | 400 | 416 &P gazme, p
organization, country, miscellaneous
Artificial field, task, product, algorithm, researcher, metrics, university,
_ 287.62K 100 | 350 | 431 P gorrtm. N ¥
Intelligence country, person, organization, location, miscellaneous

Table 4: Data statistics of unlabeled domain corpora, labeled NER samples and entity categories for each domain.

Task: You are a careful NER annotation assistant.

Below are several examples where the model's initial
annotation either contains errors or is correct, followed by the
corresponding refined version.

Your taskis to read a new sentence and its current annotation,
then determine whether a correction is needed.

Only make changes if you are confident.

Ifthe current annotation is already correct, output exactly: "All
annotations are correct".

Error Types:

- Spurious Entity: an entity is marked but should not be. You
must remove such entities if present.

- Missing Entity: a valid entity in the sentence is not marked.
You must add such entities if found.

- Type Error: the entity is labeled with the wrong type. You must
correct the type if necessary.

Entity Type Definitions:
{entity_list}

Examples:
{examples}

Sentence:
Current Annotation:
Refined Annotation:

Figure 9: Illustration of our self-correction prompt for-
mat.

B.4 Qualitative Observations and Design
Motivations

Beyond the quantitative results, we encountered
several recurring challenges during the develop-
ment of our ICA framework. These observations
directly motivated the design choices behind our
Error-Aware Refinement (EAR) strategy.

Sycophancy in Generic Self-Correction. Our
initial attempts used a generic prompt asking the
LLM to “check and fix any errors.” We observed
that the model frequently over-corrected its own
outputs—deleting valid entities or altering correct
types simply because it was prompted to look for

Task: You are a careful NER annotation assistant.
Below are several examples where the model's initial
annotation contains spurious entities, followed by the
corrected version.

Your job is to review a new sentence and its current
annotation. If any entity is incorrectly marked and
should not be annotated, remove it.

Only remove entities if you are confident.

If allannotations are correct, output exactly: "All
annotations are correct".

Entity Type Definitions:
{entity_Llist}

Examples:
{examples}

Sentence:
Current Annotation:
Refined Annotation:

Figure 10: Prompt format for spurious entity error re-
finement.

mistakes—resulting in a notable drop in recall.
This behavior is consistent with recent findings on
the limitations of intrinsic self-correction (Huang
et al., 2023; Hao et al., 2025). The instability
of open-ended correction directly motivated our
decision to decompose refinement into three spe-
cific, directed sub-tasks in EAR (spurious, missing,
type), where each prompt focuses on a single, well-
defined error pattern.

Over-Sensitivity to Capitalization. We found
that LLMs tend to be over-sensitive to surface-level
features such as capitalization. Non-entity capital-
ized phrases (e.g., “Table 1,” “Section 3,” or generic
references like “The University”) were frequently
tagged as named entities. This failure mode was
persistent across model sizes and motivated the ded-
icated Spurious-Entity step in our pipeline, which
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Task: You are a careful NER annotation assistant.
Below are several examples where the model's initial
annotation misses one or more valid entities, followed
by the corrected version. Your job is to review a new
sentence and its current annotation.

If any valid entity is missing, add it using the correct
type. Only add entities if you are confident.

If allannotations are correct, output exactly: "All
annotations are correct".

Entity Type Definitions:
{entity_Llist}

Examples:
{examples}

Sentence:
Current Annotation:
Refined Annotation:

Figure 11: Prompt format for missing entity recovery.

Task: You are a careful NER annotation assistant.
Below are several examples where an entity is labeled
with the wrong type, followed by the corrected version.
Your job is to review a new sentence and its current
annotation. If any entity is labeled with an incorrect
type, correctit. Only correct entity types if you are
confident. If allannotations are correct, output
exactly: "All annotations are correct".

Entity Type Definitions:
{entity_Llist}

Examples:
{examples}

Sentence:
Current Annotation:
Refined Annotation:

Figure 12: Prompt format for type error correction.

specifically targets this type of false positive.

Boundary Ambiguity in Specialized Domains.
In the Science and Literature domains, models
struggled with precise span boundaries—for ex-
ample, whether to include determiners or long
modifiers in a book title or a chemical compound
name. We found that expanding the number of in-
context demonstrations mitigated this issue more
effectively than adjusting zero-shot instructions,
which aligns with our main finding on the benefit
of scaling demonstrations.

B.5 Cost Analysis and Deployment Scalability
of ICA

Here we provide additional Analysis regarding the
inference cost and scalability of our proposed ICA
method. As explicitly discussed in Section B, our

Sentence: Also in regression analysis , mean squared error, often
referred to as mean squared prediction error or out-of-sample mean
squared error, can refer to the mean value of the squared deviations of
the predictions from the TRUE values, over an out-of-sample test
space , generated by a model estimated over a particular sample
space .

Target Annotation: Also in <entity type="task">regression
analysis</entity>, <entity type="metrics">mean squared
error</entity>, often referred to as <entity type="metrics">mean
squared prediction error</entity> or <entity type="metrics">out-of-
sample mean squared error</entity>, can refer to the mean value of
the <entity type="miscellaneous">squared deviations</entity> of the
predictions from the TRUE values , over an out-of-sample test space,
generated by a model estimated over a particular sample space .

ICA: Also in <entity type="field">regression analysis</entity>, <entity
type="metrics">mean squared error</entity>, often referred to as
<entity type="metrics">mean squared prediction error</entity> or
<entity type="metrics">out-of-sample mean squared error</entity>,
can refer to the mean value of the squared deviations of the predictions
from the TRUE values , over an out-of-sample test space , generated by
a model estimated over a particular sample space .

ICA w/ Self-consistency: Also in <entity type="task ">regression
analysis</entity>, <entity type="metrics">mean squared
error</entity>, often referred to as <entity type="metrics">mean
squared prediction error</entity> or <entity type="metrics">out-of-
sample mean squared error</entity>, can refer to the mean value of
the squared deviations of the predictions from the TRUE values , over
an out-of-sample test space, generated by a model estimated over a
particular sample space .

ICA w/ Self-correction: Also in <entity type="_task ">regression
analysis</entity>, <entity type="metrics">mean squared
error</entity>, often referred to as <entity type="metrics">mean
squared prediction error</entity> or <entity type="metrics">out-of-
sample mean squared error</entity>, can refer to the mean value of
the squared deviations of the predictions from the TRUE values , over
an out-of-sample test space, generated by a model estimated over a
particular sample space .

ICAw/ EAR: Also in <entity type="task">regression analysis</entity>,
<entity type="metrics">mean squared error</entity>, often referred
to as <entity type="metrics">mean squared prediction error</entity>
or <entity type="metrics">out-of-sample mean squared
error</entity>, can refer to the mean value of the <entity
type="miscellaneous"> squared deviations </entity> of the
predictions from the TRUE values , over an out-of-sample test space,
generated by a model estimated over a particular sample space .

Figure 13: Case study from the Al dataset illustrat-
ing how the self-refinement methods correct annotation,
where underline means the refinement method correct
the error successfully.

framework leverages LLMs exclusively as offline
annotators rather than as real-time inference en-
gines. The annotation process involving LLMs is a
one-time cost incurred offline. After this initial an-
notation phase, subsequent inference and practical
deployment rely solely on compact and efficient
small language models (e.g., BERT), significantly
reducing inference costs and enabling highly scal-
able deployments.

To further illustrate this benefit, we provide a
concrete cost analysis based on reported anno-
tation costs from prior literature. According to
(Ding et al., 2023), human annotation for the Al
domain incurs a cost of $42.85 per 100 samples.
Consequently, the previous state-of-the-art method
(DTrans-MPrompt), which requires 450 human-
labeled samples for optimal performance (F1 score
of 70.13), incurs a total annotation cost of $192.74.
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Sentence: With this company he was developing data-mining and database
technology , more specific high-level ontologies for intelligence and
automated natural language understanding .

Target Annotation: With this company he was developing <entity
type="field">data-mining</entity> and <entity
type="field">database</entity> technology , more specific high-level
ontologies for intelligence and <entity type="task">automated
natural</entity> <entity type="task">language understanding</entity> .

ICA: With this company he was developing <entity type="task">data-
mining</entity> and <entity type="field">database technology</entity>,
more specific <entity type="miscellaneous">high-level ontologies</entity>
for <entity type="field">intelligence</entity> and automated <entity
type="task">natural language understanding</entity> .

ICA w/ Self-consistency: With this company he was developing <entity
type="field">data-mining</entity> and <entity type="field">database
technology</entity>, more specific <entity type="miscellaneous">high-
level ontologies</entity> for intelligence and automated <entity
type="task">natural language understanding</entity> .

ICA w/ Self-correction: With this company he was developing <entity
type="field">data-mining</entity> and <entity type="field">database
technology</entity>, more specific <entity type="miscellaneous">high-
level ontologies</entity> for intelligence and automated <entity
type="task">natural language understanding</entity>.

ICA w/ EAR: With this company he was developing <entity
type="field">data-mining</entity> and <entity type="field">database
technology</entity>, more specific high-level ontologies for intelligence and
automated <entity type="task">natural language understanding</entity> .

Figure 14: Case study from the Al dataset illustrating
how the self-refinement methods correct annotation.

In contrast, our ICA method achieves a higher F1
score (76.12) using only 100 human-labeled sam-
ples combined with 1,000 LLM-annotated samples.
This setup results in a significantly reduced total
annotation cost of only $46.98 (human annotation:
$42.85 for 100 samples; LLM annotation: $0.413
per 100 samples, totaling $4.13 for 1,000 samples).

This cost analysis highlights that the ICA frame-
work substantially lowers annotation expenses
while delivering superior performance. More im-
portantly, by separating the costly LLM annotation
from inference, our method directly addresses real-
world deployment considerations regarding cost-
effectiveness and scalability.

B.6 Class-wise performance

Table 5 reports per-entity-type F1 across 14 Al-
domain categories. ICA w/ EAR attains the best
score on 12/14 types; the two exceptions are field
(where ICL-MS is slightly higher) and organisation
(where ICA is marginally ahead). On average, ICA
w/ EAR reaches 0.7964 F1—an absolute gain of
+0.056 over ICL-MS (0.7403; +7.6% relative) and
+0.034 over ICA (0.7625; +4.4% relative). The
largest margins (vs. ICL-MS) occur on long-tail
or ambiguity-prone categories—Ilocation (+0.25),
metrics (+0.09), misc (+0.11), task (+0.08), person
(+0.09), and product (+0.09)—indicating improved
robustness beyond head entities. We attribute these
gains to EAR’s targeted repairs of missing, spuri-
ous, and typing errors (prompts and settings in the

appendix). Overall, the improvements span both
proper-noun types (e.g., person, organisation, coun-
try) and technical/semantic types (e.g., algorithm,
metrics, task), supporting the generality of our ap-
proach rather than gains concentrated in a narrow
subset of labels.

C Al Assistants In Writing

We utilized ChatGPT to identify writing issues and
polish the manuscript for clarity and conciseness.
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label algorithm conference country  field location metrics misc  organisation person product programlang researcher  task  university = Avg.

ICL-ZS 0.5675 0.7194 0.7863  0.6781 0.0286 0.0493 0.1596 0.6292 0.4000 0.6213 0.7480 0.8328  0.5660  0.5882  0.5779
ICL-MS 0.7739 0.8346 0.8892  0.8268 0.5600 0.7622 0.3387 0.8140 0.8108 0.6616 0.7286 0.9097  0.6661  0.8971  0.7403
ICA 0.7754 0.8468 0.8372  0.8033 0.7438  0.8183 0.3938 0.8531 0.8750  0.6935 0.8052 09325  0.7110  0.9032  0.7625
ICA w/EAR  0.8150 0.8562 0.8905 0.8200 0.8099 0.8480 0.4444 0.8526 0.9038 0.7493 0.8235 0.9414  0.7467  0.9467  0.7964

Table 5: Per-class performance on the Al domain.
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