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Abstract

The advancements of Large Language Mod-
els (LLMs) have spurred a growing interest
in their application to Named Entity Recog-
nition (NER) methods. However, existing
datasets are primarily designed for traditional
machine learning methods and are often inade-
quate for LLM-based methods, in terms of cor-
pus selection and overall dataset design logic.
Moreover, the prevalent fixed and relatively
coarse-grained entity categorization in existing
datasets fails to adequately assess the superior
generalization and contextual understanding ca-
pabilities of LLM-based methods, thereby hin-
dering a comprehensive demonstration of their
broad application prospects. To address these
limitations, we propose DynamicNER, the first
NER dataset designed for LLM-based methods
with dynamic categorization, introducing var-
ious entity types and entity type lists for the
same entity in different context, leveraging the
generalization of LLM-based NER better. The
dataset is also multilingual and multi-granular,
covering 8 languages and 155 entity types, with
corpora spanning a diverse range of specialized
domains. Furthermore, we also introduce Cas-
cadeNER, a novel NER method based on a two-
stage strategy and lightweight LLMs, achieving
higher accuracy on fine-grained while requiring
fewer computational resources. Experiments
show that DynamicNER serves as a robust
and effective benchmark for LLM-based NER
methods. Furthermore, we also conduct anal-
ysis for traditional methods and LLM-based
methods on our dataset. Our code and dataset
are openly available.

1 Introduction

Recent advances in Large Language Models
(LLMs) have transformed the landscape of Nat-
ural Language Processing (NLP) (Naveed et al.,
2023). Among the tasks impacted, Named Entity
Recognition (NER)—a foundational component
of many NLP pipelines—has seen notable method-

ological shifts (Xie et al., 2023). Leveraging LLMs’
strong generalization and contextual understanding
capabilities, existing LLM-based approaches (Shao
etal., 2023; Li and Zhang, 2023) show superior per-
formance compared to traditional machine learn-
ing (ML) methods (Wang et al., 2020; Yan et al.,
2021; Curran and Clark, 2003) in low-resource,
multilingual, or few- or zero-shot settings. This
shift is especially significant in domains such as Al
for Healthcare, where high-quality annotated data
is scarce—often in non-English languages—posing
challenges for conventional NER systems. As a
result, LLM-driven NER has garnered growing in-
terest in these fields (Xiao et al., 2024), offering a
promising path toward more scalable and adaptable
information extraction.

Despite recent progress, there are currently no
existing NER datasets specifically optimized for
the characteristics of LLMs, thereby limiting both
their effective evaluation and the development of
optimized methods. This limitation manifests pri-
marily in three aspects. First, existing NER datasets
employ static categorization with a fixed set of en-
tity types, preventing the evaluation of LLMs’ abil-
ity to generalize to novel entity types and varying
levels of granularity, especially in few- or zero-
shot settings. Secondly, most datasets focus on
short texts and isolated sentences, making them
ineffective to evaluate the capabilities of LLMs in
long-range contexts. Third, while some datasets
address domain-specific corpora with specialized
entity types (Kim et al., 2003; Liu et al., 2021), oth-
ers target multi-grained classifications (Ding et al.,
2021), or multilingualism(Malmasi et al., 2022),
no existing dataset simultaneously incorporates all
three aspects. This fragmentation hinders compre-
hensive evaluation of LLM-based methods, which
are particularly well-suited to handling such chal-
lenges. As a result, current datasets fall short in
revealing performance differences between LLM-
based methods, fail to capture their full potential



and limitations, and ultimately impede the advance-
ment of more effective NER solutions.

To address these gaps, we develop Dynamic-
NER, the first NER dataset optimized for LLM-
based methods and the first to support dynamic
categorization. It employs multiple strategies to
dynamically adjust entity labels, type lists, and
granularity levels during annotation. This design
enables a more rigorous assessment of NER meth-
ods’ ability to generalize across diverse and evolv-
ing scenarios. We introduce cohesion and distri-
bution balance metrics to guide the evaluation and
optimization of the annotation process. The entire
procedure is algorithmically automated, ensuring
both reliability and reproducibility.

This method addresses the limitations of existing
datasets in training and evaluating models under
few- or zero-shot learning settings. In addition,
DynamicNER is a multilingual and multi-granular
dataset, featuring 8 languages, 8 coarse-grained
types, 31 medium-grained types, and 155 fine-
grained types. Its entity types and corpora span
a wide range of professional domains, including
science, medicine, and the arts. This offers an
unprecedented level of semantic and linguistic cov-
erage for NER evaluation.

Furthermore, our evaluation on DynamicNER
reveals significant limitations in existing LLM-
based methods, particularly when migrating to
lightweight LLMs (models with 1.5B to 7B pa-
rameters) for local deployment. While approaches
leveraging commercial models like GPT (Brown,
2020) achieve high performance, this reliance in-
troduces practical challenges related to API costs
and privacy risks. API-based usage is often pro-
hibitively expensive for real-world NER applica-
tions, and privacy remains a critical concern (Zhang
et al., 2024; Das et al., 2024; Deng et al., 2025).
In the absence of clear regulations governing data
transmission to LLM APIs in many countries, users
face difficulties in ensuring the protection of their
personal or sensitive data. Consequently, imple-
menting preventive measures to mitigate the risk
of unauthorized data disclosure is essential for safe
and practical deployment.

To address this issue, we propose CascadeNER,
a universal and multilingual NER framework that
achieves competitive performance with lightweight
LLMs, comparable to existing LLM-based meth-
ods that rely on costly commercial models. Casca-
deNER employs a two-stage strategy by dividing
NER as two in-context text generation sub-tasks,

extraction and classification, instead of traditionally
sequential labeling task. To reduce task complexity
and better capture in-context dependencies, Cas-
cadeNER assigns each stage of the NER process—
extraction and classification—to separate fine-tuned
lightweight LLMs within a model cascading frame-
work (Varshney and Baral, 2022). This modular
architecture, combined with the integration of prior
knowledge, enables effective multilingual perfor-
mance in low-resource settings.

We evaluate a BERT-based (Devlin et al., 2018)
supervised method, two LLM-based methods, and
our proposed CascadeNER on DynamicNER. We
also conduct evaluations of CascadeNER against
existing methods on existing datasets. Results
demonstrate that DynamicNER effectively eval-
uates the performance of LLM-based methods in
low-resource and complex NER tasks, while Casca-
deNER outperforms existing LLM-based methods
significantly with smaller models. Moreover, this
work offers the first comprehensive comparison
and analysis of existing LLM-based NER methods,
with a emphasis on multilingual and fine-grained
scenarios.

Our contributions are summarized as follows:

w» We develop DynamicNER, the first NER dataset
optimized for LLM-based NER method, featur-
ing a novel dynamic categorization system. The
dataset which supports 8 languages, 155 entity
types, and three levels of granularity, enabling
comprehensive evaluation across diverse linguis-
tic and semantic settings.

m We propose CascadeNER, a universal NER
framework, which outperforms existing LLM-
based methods using only lightweight LLMs and
a two-stage strategy.

w» We conduct the first comprehensive evaluation
of LLM-based NER methods and identify key
challenges and future directions for the field.

2 Related Works

Named Entity Recognition. NER is the task of
identifying named entities in text and classifying
them into predefined categories. Supervised meth-
ods, such as BiLSTM (Yu et al., 2020) and BERT-
MRC (Li et al., 2019a), currently dominate this
task. They generally rely on large amounts of
training data to achieve strong performance, which
limits their application in low-resource scenarios.
Some researchers apply LLMs to address this issue.



GPT-NER (Wang et al., 2023) employs the GPT-3
model and re-frames the task as single-entity la-
beling, supporting few-shot/zero-shot learning. It
achieves comparable performance to supervised
methods in traditional scenarios and excels in low-
resource scenarios. PromptNER (Ashok and Lip-
ton, 2023) achieves state-of-the-art (SOTA) accu-
racy in datasets with complex classification (Liu
et al., 2021; Ding et al., 2021) with GPT-4 and
Chain-of-Thought (CoT) (Wei et al., 2022), yet
performs significantly worse than GPT-NER and
supervised methods in classical NER datasets like
CoNLL2003 (Tjong Kim Sang and De Meulder,
2003). Furthermore, several studies apply LLM-
based NER in domain-specific tasks (Li and Zhang,
2023; Shao et al., 2023; Keloth et al., 2024), focus-
ing on science and medicine. Their performances
surpass supervised methods in those domains, fur-
ther highlighting the potential of LLMs in low-
resource and complex NER tasks.

Dataset #Language #Coarse #Fine Domain
CoNLL2002 2 4 no News
CoNLL2003 2 4 no News
ACE2005 2 7 41 News
OntoNotes 5.0 3 18 no General
CrossNER 1 9-17 no  Multi Domain
FEW-NERD 1 8 66 General
PAN-X 282 3 no General
MultiCoNER 11 6 33 General
12B2 1 22 no Medical
DynamicNER (ours) 8 8 155 Multi Domain

Table 1: Overview of NER datasets. Notably, Dynam-
icNER covers a wide range of cross-domain categories,
such as art, medicine, and biology, thus offering better
generalization compared to other general datasets.

NER Datasets. There have been a considerable
number of NER datasets in various domains (Tjong
Kim Sang, 2002; Kim et al., 2003; Doddington
et al., 2004; Walker et al., 2006; Weischedel et al.,
2011; Pradhan et al., 2013; Derczynski et al., 2017).
However, these existing datasets exhibit several lim-
itations, making them unsuitable for LLM-based
NER. Most previous multilingual NER datasets
adopt coarse-grained classification, no longer meet-
ing the fine-grained requirements of contemporary
flat NER applications. Even existing fine-grained
datasets demonstrate clear limitations in category
coverage and granularity, falling short of being
truly "universal." For instance, FewNERD, despite
having 66 entity types, suffers from highly imbal-
anced data distribution, which affects its reliabil-
ity for evaluating few-shot learning capabilities.

Furthermore, current datasets fail to adequately
address the generalization capabilities of LLMs,
hindering the comprehensive training and evalua-
tion of LLM-based NER methods. Table 1 presents
a simple comparison between DynamicNER and
existing multilingual or fine-grained datasets.

3 DynamicNER Dataset

DynamicNER spans 8 languages: English, Chinese,
Spanish, French, German, Japanese, Korean, and
Russian. In terms of categorization, it is the first
NER dataset with three-level granularity catego-
rization, encompassing 8 coarse-grained types, 31
medium-grained types, and 155 fine-grained types,
as shown in Figure 1. Like other NER datasets, Dy-
namicNER is divided into train, dev, and test sets,
and data volumes for different languages and parts
shown in Appendix C. To develop DynamicNER,
we first collect unlabeled corpus from Wikipedia.
Then we manually extract sentences from corpora
and annotate entities. After human annotation, we
guide the dynamic categorization with category co-
hesion and distribution uniformity to automatically
process base DynamicNER, and results in one base
version and one dynamic version. Details are given
in the following parts.
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Figure 1: The coarse-grained and medium-grained cat-
egories of DynamicNER. Detailed categories are pro-
vided in Appendix J.

Corpora Collection and Annotation. Wikipedia
provides multilingual, domain-specific corpora
with clear hierarchical and indexing systems, serv-
ing as a rich resource for our research. We utilize
legal Wikipedia-API to filter and download corpora
across different languages and categories, followed



by manual selection and annotation of sentences.
We particularly focus on corpora containing long
texts and complex contexts. After completing 50%
of the annotation process of each language, we an-
notate corpora from categories related to underrep-
resented entity types to achieve a balanced entity
type distribution. For instance, when the entities of
"Algorithm" are significantly less than others, we
use more corpora from Computer Science category.
Thus, DynamicNER ensures balanced entity dis-
tribution, and includes rare entities and emerging
fields which are not adequate in existing datasets,
ensuring comprehensive coverage across diverse
domains. Discussions about the annotators and
ethical considerations is provided in Appendix I.

Dynamic Categorization. The dynamic version
improves model generalization and reduces overfit-
ting risk by dynamically adjusting entity labels and
corresponding entity type lists during annotation,
including mixing types of different granularities,
replacing types with synonyms, using type lists
without irrelevant types, and merging certain types
into miscellaneous/others, as shown in Figure 2.
This method addresses the mismatch between exist-
ing datasets and few-shot/zero-shot training needs,
better simulating real-world scenarios, and is par-
ticularly critical for evaluating methods relying on
complex prompt designs (e.g., CoT). Unlike tradi-
tional few-shot learning, some LLM-based meth-
ods only use few-shot demos to help the model
understand the task or format, without requiring
knowledge of entity types. They can perform NER
across different datasets with fixed few-shot de-
mos, resembling zero-shot NER. Research shows
this method is more effective than typical zero-
shot NER (Zhang et al., 2022). In methods that
uses complex prompt designs like CoT to guide
the reasoning, even few-shot CoT only conveys
the CoT process rather than task-relevant knowl-
edge, the performance of prompt-guide zero-shot
CoT is significantly worse than few-shot CoT, mak-
ing zero-shot restrictions inadequate for reflecting
their true capability. However, in NER, models in-
evitably learn about entity types through few-shot
demos, which limits generalization evaluations on
fixed-category datasets. Our method significantly
mitigates this limitation by varying entity types and
lists, isolating the impact of prior type knowledge.
Notably, as dynamic categorization is a subtrac-
tive method applied to a comprehensive classifi-
cation system, this method highly relies on Dy-

namicNER’s comprehensive categorization system,
which includes 155 entity types. This method may
not be suitable for all datasets.

Fixed Categorization
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Figure 2: Examples of dynamic categorization.

Categorization Metrics. Random dynamic cat-
egorization not only exhibits poor reproducibility
and explainability, but may also lead to data quality
degradation. For training, inappropriate categoriza-
tion may result in inconsistent learning objectives
and overfitting risks (Ren et al., 2016). For evalua-
tion, certain categories may experience imbalanced
sample distribution and boundary ambiguity, re-
ducing the comprehensiveness and consistency of
evaluation (Obeidat et al., 2019). Thus, we design
four metrics to regulate the dynamic categorization:
cohesion, normalized entropy, Gini coefficient, and
variation coefficient. The definition and calculation
methods are provided in Appendix A.

Base Version

@ Mix ies of dif g ities €— entropy, Gini

O Replace with synonyms <« Gini coefficient, variation coefficient
-_—

W Remove irrelevant categories cohesion, Gini coefficient

‘ C‘? Merge types into miscellaneous/others }4— All Metrics

Dynamic Version

Figure 3: Pipeline of dynamic categorization.

Categorization Process. The dynamic catego-
rization process consists of 4 rounds of re-
categorization, each sequentially corresponding to
an adjustment method, and different metrics are
employed in each round to guide the optimization.
This hierarchical design enables each stage to focus
on distinct data characteristics and optimization ob-
jectives, preventing interference between metrics
while ensuring proper optimization direction, thus
achieving a progressive optimization. We do not
use all metrics in each evaluation, considering that
certain metrics may have overlapping or conflicting



effects at specific stages. For instance, normalized
entropy and Gini coefficient both measure distri-
bution uniformity, while improving cohesion may
lead to more concentrated distribution and conse-
quently lower entropy values. Figure 3 illustrates
the metrics and methods corresponding to each
round. Appendix B explains the reasons of metric
selection for each round.

4 CascadeNER

4.1 Framework

Background. Some existing supervised methods
suggest that separating extraction and classification
can improve NER performance as this two-stage
strategy reduces the task complexity (Shen et al.,
2021; Wu et al., 2022). However, these methods
are limited by traditional models, failing to incor-
porate LLMs, and exhibit notable performance de-
ficiencies that make them inferior to other methods
treating NER as a single task. On the other hand,
LLM-based methods demonstrate superior perfor-
mance compared to traditional methods in Named
Entity Extraction (Sancheti et al., 2024) and Text
Classification (Gasparetto et al., 2022), indicating
the potential of two-stage in LLM-based NER.

Framework Design. We propose the framework
to implement two-stage strategy in LLM-based
NER. CascadeNER divides NER into two sequen-
tial, independently executed, generation-based sub-
tasks. In the first sub-task, extraction, the model
generate a sentence where all named entities are
marked with identifiers and individually re-embeds
each entity back into its context, resulting in sen-
tences with identifiers at the number of entities. In
the second sub-task, classification, the model re-
ceives sentences with identifiers and a list of entity
types, and label one entity at a time.

Model Cascading. To optimize performance
while reducing computational resources, Casca-
deNER employs model cascading, where the ex-
traction and classification sub-tasks are handled
separately by two specialized fine-tuned LLMs.
This structure allows each model to focus on its
specific sub-task, maximizing performance on sim-
pler, more specialized tasks. The architecture en-
ables CascadeNER to be particularly suitable for
lightweight LLMs, as each model only focus on a
simplified task. Existing research shows that fine-
tuned lightweight LLMs can achieve performance
close to normal LLMs on specific simple tasks (Hu

et al., 2024a). Through the implementation of two-
stage strategy and model cascading, CascadeNER
effectively leverages the advantages of lightweight
LLMs in simple tasks, maintaining high accuracy
while reducing computational resource usage.

Pipeline. A simplified pipeline of CascadeNER
with an example is shown in Figure 4. Upon receiv-
ing the input sentence, CascadeNER first processes
the sentence by the extractor to mark all entities
with identifiers, and re-embeds each entity back,
resulting in sentences with identifiers around the
named entities. These sentences are then individ-
ually fed into the classifier, which classifies each
entity based on the context and the input type list.
For multi-granularity data, CascadeNER allows a
progressive strategy, significantly improving Casac-
deNER’s performance in accurate fine-grained clas-
sification. The detailed steps of extraction and clas-
sification are discussed in following sections.

4.2 Extraction

Prompt Design. In the extraction sub-task, we
utilize a generation-based extraction method,
where special tokens "##" are used to surround
any entities identified in the sentence, regardless of
the number of entities or their types. For example:

Q: Apple proposes new Macbook
A: ##Apple## proposes new ##Macbooki#

This method, compared to conventional sequential
extraction, avoids requiring LLMs to perform text
alignment, thus reducing task complexity. Compar-
ing similar methods (Wang et al., 2023; Hu et al.,
2024b), CascadeNER’s query contains only the
sentence, without any task descriptions, demon-
strations, or category information. The response
exclusively uses "##" as the identifiers, and all en-
tities are extracted without specifying categories.
CascadeNER achieves low-cost NER by using sim-
ple prompts and better generalization by treating
all entities uniformly. A detailed comparison with
existing methods and further advantages of our
method are shown in Appendix F.

Result Fusion. After conducting extensive ex-
periments, we find that the extractor’s precision
consistently exceeds recal, regardless of the model
or dataset, indicating that while correct entities are
effectively identified, there is a tendency for under-
detection. To mitigate this issue, we introduce a
union strategy in result fusion (Ganaie et al., 2022),
allowing multiple extraction for one sentence and
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Figure 4: Use a sentence and the multi-granularity categories of DynamicNER as the example. The extractor and
classifier are the two different lightweight LLMs used in CascadeNER. Azure boxes represent the specific type list
for the input of the classifier. Blue boxes represent the sentence input.

taking the union of the results to maximize recall.
For cases of entity nesting, where different extrac-
tion rounds produce overlapping or nested entities,
we apply a length-first strategy, retaining the longer
entity, as longer entities generally carry more se-
mantic meaning (Nguyen and Cao, 2010). For
example, "Boston University" is semantically more
accurate than "Boston" in the context of "She stud-
ies in Boston University". The formula of our strat-
egy is shown below:

n

Efinal = U1 {arg max length(e)} 1)
where F; is the set of extracted entities from the ¢-
th extraction, n is the number of extraction rounds,
Eoverlap 1s the set of overlapping or nested entities,
and length(e) is the length of entity e. The effects
of the number of extraction repetitions and other
details are provided in Appendix E.1.

4.3 Classification

Prompt Design. In the classification sub-task,
we employ a generation-based in-context classifi-
cation method, where we input the categories and
the sentence with one entity surrounded by "##",
and require the classifier to generate the label for
that entity. This method re-embeds the entity into
the sentence for classification, which utilizes the
self-attention architecture of LLMs for contextual
information and improves accuracy compared to
entity-level classification. Figure 5 is an example:

##Kobe## in the sentence “##Kobe## was in NBA " belong to which entity in the list:

0.  Query
I (Few-shot) person,location, organization,miscellaneous?

##Kobe## in the sentence “##Kobe## was in NBA " belong to which entity in the list:

0. Query
7 (zero-shot)  person,location, organization,miscellancous?1f none of them applied return unkunown.

(B} | Response person

Figure 5: Example prompts of classification.

In zero-shot scenarios, we use a slightly different
prompt. Due to differences in entity categorization

across datasets, some entities in one dataset may
be overlooked in others. We append the query with
If none of them applied, return unknown to
handle situations where the extracted entity cannot
be classified into the provided categories, enhanc-
ing CascadeNER’s generalization.

Multi-granularity. For multi-granularity data,
we apply a progressive strategy. After obtaining the
coarse-grained result, CascadeNER use the result
to index the corresponding sub-categories and clas-
sify again, continuing this process until no further
classification is possible:

Lﬁne _

coars
i = fine-classify (Li

¢ subcategories) 2)

where Llﬁ“e is the fine-grained label, L;°"*° is the
generated coarse-grained label, and subcategories
are the subcategories under the coarse-grained.

5 Experiment

In this section, we first present the categorization
metric changes of DynamicNER before and after
dynamic categorization, followed by a comparative
analysis of existing methods and CascadeNER’s
performance on different versions of DynamicNER.
We also conduct experiments of CascadeNER and
baselines on existing datasets, along with ablation
studies. In evaluations across existing datasets, Cas-
cadeNER, with base models fine-tuned using the
dynamic version of DynamicNER, demonstrates
consistent excellence in all datasets and achieves
new SOTA performance in both FewNERD and
CrossNER datasets (shown in Appendix D and
E). This confirms that DynamicNER not only pro-
vides exceptional effectiveness for evaluating LLM-
based NER methods but also offers substantial
value in training.

5.1 Categorization Quality Evaluation

To demonstrate that our dynamic categorization
improves dataset generalization while maintaining
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Figure 6: Quantitative categorization metric results for 3 versions DynamicNER in English and Chinese. Generally,
higher cohesion and normalized entropy, or lower Gini coefficient and variation coefficient, indicate better quality.

dataset quality, we conduct comparative experi-
ments across three versions of DynamicNER: the
Base Version, a version with random parameters
for dynamic categorization, and the optimized Dy-
namic Version. We still employ the 4 metrics for
evaluating dataset quality, whose detailed defini-
tion are provided in Appendix A. For reliability
of the random version’s results, we conduct five
independent tests and use the average results. Due
to space limitations, we only present results for
English and Chinese in Figure 6 here. Other quan-
titative results are provided in Appendix K.
Experimental results demonstrate that our dynamic
categorization significantly increases data diversity,
as shown in Table 2, while maintaining or improv-
ing dataset quality compared to the base version.
The quality of the dynamic version also consider-
ably surpasses the random version. These results
comprehensively validate the reliability and effec-
tiveness of our method.

Language en e fr ru de zh ja kr

# Lists 725 455 501 377 465 786 553 478

Table 2: The numbers of entity type lists of each lan-
guage after dynamic categorization. In some scenarios,
this can be equivalent to having 700+ distinct datasets.

5.2 DynamicNER Experiment

Baseline Selection. In our experiments for Dy-
namicNER, we evaluate four NER methods: XLM-
RoBERTa (Conneau et al., 2020), GPT-NER (Wang
et al.,, 2023), PromptNER (Ashok and Lipton,
2023), and our CascadeNER. XLLM-RoBERTza is
a famous BERT-based multilingual model widely

used as a baseline in multilingual NER research
Malmasi et al. (2022); Fetahu et al. (2022), thus be-
ing selected as our baseline representing supervised
methods. GPT-NER and PromptNER are two ma-
jor general LLM-based NER methods that achieve
performance significantly superior to supervised
methods in low-resource scenarios through sophis-
ticated prompt design and powerful GPT models,
as discussed in Section 2 and Appendix F.

Model Selection. Given the lack of existing
lightweight LLM-based NER methods and con-
trolled variable principles, we evaluate two LLM-
based methods and CascadeNER using three LL.Ms:
Qwen2.5-1.5B (Yang et al., 2024), Qwen2.5-7B,
and GPT-40 (Hurst et al., 2024). The lightweight
LLMs of Qwen series perform exceptionally across
benchmarks and gaining widespread recognition.
According to HuggingFace (2024), Qwen2.5-1.5B
is the most downloaded open-source model in 2024.
Therefore, we select Qwen2.5-1.5B and 7B to
represent the current best-performing lightweight
LLMs. GPT-4o is the most widely-used current
general commercial LLM, and its previous versions
are employed in GPT-NER and PromptNER, mak-
ing it our choice. In CascadeNER, the extractor
and the classifier use the same base model.

Implementation. For the supervised method,
XLM-RoBERTa is trained and only evaluated with
the base version of DynamicNER. As its fixed clas-
sification output layer corresponds to a predefined
set of entity types and any modification to the en-
tity type list necessitates full model retraining, it
can not be evaluated with the dynamic version.



Model Dynamic-Supervised Dynamic-Fewshot

en es fr ru de zh ja ko en es fr ru de zh ja ko
G-1.5B | 47.6 39.7 38.0 37.6 373 412 357 36.1|369 322 319 305 303 358 319 326
G-7B 523 464 448 448 457 48.1 423 42.1 | 427 373 382 368 365 41.1 373 386
G-GPT | 60.6 573 56.5 556 559 584 549 538|492 469 475 472 470 489 477 483
P-1.5B | 232 20.8 185 163 17.5 227 180 173|205 179 162 159 161 199 160 159
P-7B 443 358 332 325 319 404 374 356|398 332 321 31.8 315 37.8 356 345
P-GPT | 53.0 50.5 512 479 502 523 487 485|494 485 47.1 46.6 460 474 441 440
C-1.5B | 62.8 557 528 51.1 48.8 589 54.1 527 |49.7 44.1 440 434 429 485 43.1 438
c-7B 68.2 61.5 553 529 514 645 588 553|557 499 497 465 46.1 529 50.2 50.0
C-GPT | 731 67.1 67.8 669 67.6 683 674 679|613 574 569 562 560 59.7 568 564

Table 3: The results of supervised learning with dynamic version and few-shot learning with dynamic version.
G means GPT-NER, P means PromptNER, and C means CascadeNER. The results indicate that, due to its
unprecedentedly detailed categorization and multilingual coverage, DynamicNER is a extremely challenging flat
NER dataset, placing higher demands on methods’ generalization capability.

For LLM-based methods, we conduct experiments
under three scenarios: supervised learning with
base version, supervised learning with dynamic
version, and few-shot learning with dynamic ver-
sion. Training data for GPT-NER and CascadeNER
is obtained through format conversion. For Prompt-
NER, as its prompt involves complex designs such
as CoT, we utilize LLM-generated prompts by GPT-
40 using prompts from its paper as few-shot demon-
strations and manually verified the prompts. The
repetition count 7 of CascadeNER for result fusion
is set to 3. Potential data contamination are dis-
cussed in Appendix H.

Base-Supervised
Model en es fr ru de zh ja ko
BERT 419 335 29.1 234 329 292 272 28.6
G-1.5B | 50.2 435 404 39.8 393 441 389 387
G-7B 55.1 482 472 440 48.1 509 448 445
G-GPT | 624 583 579 56.8 569 604 573 559
P-1.5B | 21.6 18.6 17.1 149 158 20.7 164 159
P-7B 41.1 329 31.0 307 303 474 356 296
P-GPT | 49.7 477 482 459 466 48.6 457 454
C-1.5B | 67.6 599 579 557 535 640 585 55.1
c-7B 73.8 655 603 59.6 614 698 653 62.7
C-GPT | 771 717 699 703 70.8 743 724 709

Table 4: The results of supervised learning with base
version. BERT represents XLM-RoBERTa. The super-
vised method XLM-RoBERTa performs terribly.

Results and Discussion. The results are shown
in Table 3 and 4. CascadeNER achieve a signifi-
cant advantage on DynamicNER, demonstrating
its strong generalization and multilingual profi-
ciency. The supervised method XLM-RoBERTa
performs terribly, as DynamicNER’s low-resource
characteristics make it more suitable for evaluating
LLM-based methods. For LLM-based methods,
the 3 methods show significant performance varia-
tions across different datasets and models. When

using GPT-40 and transitioning from supervised
to few-shot, PromptNER exhibits notably smaller
performance degradation, partially reflecting the
generalization advantages of reasoning-focused ap-
proaches. However, when migrating to lightweight
LLMs, these methods show significantly larger per-
formance drops compared to the other two methods.
GPT-NER and CascadeNER demonstrate generally
similar performance patterns, but GPT-NER shows
more pronounced degradation when migrated to
lightweight LLMs, while CascadeNER achieves
a greater performance advantage on the dynamic
version compared to the base version, validating
the effectiveness of the two-stage strategy in both
complex classification and reducing computional
resource requirement.

6 Conclusion

This paper introduces DynamicNER, a multi-
lingual and multi-granular NER dataset opti-
mized for LLM-based NER, including a human-
annotated base version and a dynamic-categorized
version. We develop the first dynamic categoriza-
tion method in NER datasets for DynamicNER,
enhancing its generalization while keeping data
quality. We also propose CascadeNER, a powerful
NER framework which is exceptionally suitable for
lightweight LLMs and local deployment, outper-
forming current LLM-based methods. Moreover,
we conduct comprehensive experiments and analy-
ses on DynamicNER and discuss the advantage and
future direction of LLM-based NER. More exper-
iments and discussions are provided in Appendix
D and F. We hope that DynamicNER and Casca-
deNER will facilitate future research in LLM-based
NER, revitalizing this classical NLP task.



7 Limitations

There are still some challenges for our research.
Although CascadeNER is designed to be able to
accommodate nested and discontinuous NER, we
only conduct evaluation on CascadeNER about flat
NER tasks. This limitation arises from the fact
that the models in CascadeNER are pre-trained on
the dynamic version of DynamicNER, and Dynam-
icNER is a flat NER dataset. Our resources are
insufficient to collect enough open-source data for
this purpose, which lead to DynamicNER contain-
ing only flat NER labels, and thus constraining
CascadeNER to flat NER. Furthermore, Due to re-
source constraints and our failure to find annotators
proficient in other languages for manual annotation,
DynamicNER currently supports only 8 languages,
which somewhat restricts its applicability.
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A Categorization Metric Definition

Cohesion. Category cohesion score (cohesion)
measures categorical semantic consistency by cal-
culating the average semantic similarity between
all entities within the same category. We employ
the BERT-base (Devlin et al., 2018) model to ex-
tract semantic representations of entities, obtain
embeddings of each entity, then computing cosine
similarity between embeddings to derive cohesion.
This metric ranges from [-1,1], where 1 indicates
complete similarity and -1 indicates complete op-
position. Typically, we perform category merging
when cohesion exceeds 0.9. The formula is shown
below:

Z Z cos(vi, v;)

i=1 j=i+1
3)

where n is the number of entities in this cate-
gory, v; and v; are the vector representations of
the ¢-th and j-th entities encoded by BERT-base,
and cos(v;, v;) represents the cosine similarity be-
tween two vectors.

The detailed cosine similarity formula is shown
below.

Cohesion = ;
n(n—1)

VZ"Vj

“

V) = |
Normalized Entropy. Normalized entropy mea-
sures the overall balance of category distribution.
This metric is used for the influence of category
quantity by calculating the information entropy of
category frequency distribution and normalizing
it to a score within the range [0,1]. A score of 1
indicates perfect balance, where all categories have
equal sample sizes, while 0 indicates complete im-
balance, where all samples are concentrated in a
single category. When normalized entropy falls
below 0.8, it indicates significant distributional im-
balance and needs to be adjusted. The formula is
shown below:

>y pilogy(pi)
10g2(n)

H = ®)
where n is the total number of categories, p; is
the proportion of samples in the ¢-th category cal-
culated as the number of samples in category ¢
divided by the total number of samples across all
categories.

Gini Coefficient. The Gini Coefficient (Gini,
1921) measures the degree of inequality in cate-
gory distribution. Compared to normalized entropy,



the Gini coefficient demonstrates higher sensitiv-
ity to distributional inequalities, performing better
at identifying extreme imbalances where minority
categories contain large sample proportions. For in-
stance, when sample distributions exhibit extreme
imbalances like [0.8, 0.1, 0.05, 0.05], the Gini co-
efficient provides stronger warning signals, while
normalized entropy is more suitable for monitor-
ing progressive imbalances such as [0.4, 0.3, 0.2,
0.1]. This metric also ranges from [0,1], where O
indicates perfect balance and 1 indicates complete
imbalance. A Gini coefficient exceeding 0.4 sig-
nals significant categorical inequality and requires
distribution improvement. By using Gini coeffi-
cient and normalized entropy together, we achieve
both sensitive detection of extreme imbalances and
effective monitoring of overall distribution trends.
The formula is shown below:

n+1-2>" (n—i+1)p;
n

G = 6)

where n is the total number of categories, p; is
the proportion of samples in the i-th category after
sorting proportions in ascending order (p; < py <

e < pp).

Variation Coefficient. The Coefficient of Vari-
ation measures data dispersion by calculating the
ratio of standard deviation to mean of category sam-
ple sizes. Its advantage is its scale independence,
enabling comparisons across different scenarios.
The coefficient ranges from 0 to positive infinity,
where 0 indicates perfect balance and larger values
indicate greater distributional imbalance. When
the coefficient exceeds 0.5, it indicates significant
fluctuation in sample sizes between categories, ne-
cessitating balance adjustments. The formula is
shown below:

\/% Yoy (zi — @)?
CcCV = -

g

7

= (7
where n is the total number of categories, x; is the
number of samples in the i-th category, T is the
mean number of samples across categories, o is the
standard deviation of sample numbers, and p is the
mean.

B Categorization Metric Selection

Mixing Types of Different Granularities. In
this round of re-categorization, we use cohesion,
normalized entropy, and Gini coefficient as metrics
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for optimization. Cohesion is employed to assess
relationships between entity types, where close cat-
egorical relationships reduce the need for mixing to
avoid creating unreasonable combinations. Mean-
while, normalized entropy and Gini coefficient are
utilized to comprehensively measure distribution
uniformity, where uneven distributions guide the
system to perform additional merging for balance
or category redistribution.

Replace with Synonyms. In this round of re-
categorization, we use Gini coefficient and varia-
tion coefficient as metrics for optimization. We
employ the variation coefficient to measure data
dispersion, increasing synonym substitutions for
increasing data convergence when dispersion is
high. The Gini coefficient is used to guide system
to reduce operations to prevent exacerbating im-
balances when distributions are uneven. Cohesion
is not used as synonym substitution does not al-
ter hierarchical relationships between categories.
Entropy is also given up because synonym substitu-
tion primarily focuses on linguistic variation rather
than distributional changes.

Remove Irrelevant Types. In this round of re-
categorization, we use cohesion and normalized
entropy as metrics for optimization. We employ
normalized entropy as a reference for controlling re-
moval probability, ensuring that deletion operations
do not result in overly concentrated distributions.
Additionally, the system adjusts removal probabil-
ity when cohesion is low, regulating relationships
between categories. The variation coefficient is not
used as this stage primarily focuses on option quan-
tity rather than distribution characteristics, while
the Gini coefficient is omitted since distribution bal-
ance has been addressed in the previous two stages,
thus temporarily foregoing the Gini coefficient to
prevent interference with other metrics.

Merge Types into Miscellaneous. In this round
of re-categorization, we use all four metrics for
optimization. As the final optimization stage, it
requires consideration across all dimensions. We
use all metrics for final fine-tuning to ensure overall
data quality and avoid biases that might arise from
single metric optimization.

C Detail of DynamicNER

The specific data volumes for each language are
shown in Table 5. It is important to note that for
languages except English and Chinese, we partially



use manually translated English corpora. This is
necessary to balance category distribution, as some
languages lack sufficient corpora in specific do-
mains. We also provide conversion scripts that al-
low DynamicNER to be transformed into train, dev,
and test sets with non-overlapping subsets based
on coarse categories, making it easier to use for
traditional few-shot learning methods.
Additionally, two points about the Table 5 require
clarification. First, as DynamicNER’s design em-
phasizes the evaluation of generalization and low-
resource learning capabilities, we set the test set
capacity to the biggest one, rather than the train set.
Second, for Chinese, Japanese, and Korean, due
to linguistic characteristics where each character is
treated as a token, the token count appears signifi-
cantly higher, though the actual corpus volume is
comparable to other languages.

Language # Sentences # Tokens # Entities # Train # Dev # Test

English 1500 36.7k 4664 300 300 900
Chinese 1500 98.1k 5198 300 300 900
Spanish 1000 22.8k 2454 197 201 602
French 1000 24.1k 2763 200 200 600
German 1000 21.7k 2800 200 197 603
Japanese 1000 81.7k 3032 201 199 600
Korean 1000 66.4k 2401 202 200 598
Russian 1000 18.5k 2092 201 198 601

Table 5: Statistics of DynamicNER across languages.
We roughly follow a 1:1:3 ratio to divide the train, dev,
and test sets, with slight adjustments based on the pro-
portional distribution of entities within the corpus.

D More Experiment about CascadeNER
D.1 CascadeNER Setting

In the experiments of this section, CascadeNER
always employs two Qwen2.5-7B base models,
which are fine-tuned separately based on the corre-
sponding part of the dynamic version of Dynamic-
NER to obtain an extractor and a classifier. Poten-
tial data contamination about the fine-tuning is dis-
cussed in Appendix H. We evaluate CascadeNER’s
performance in both few-shot and zero-shot sce-
narios, comparing it with supervised SOTAs and
LILM-based baselines. For few-shot scenarios, the
number of few-shot demonstrations is set to 3, the
same as the experiments on DynamicNER.

D.2 Baselines

For supervised methods, we adopt ACE+document-
context by Wang et al. (2020) (SOTA of
CoNLL2003) and BERT-MRC+DSC by Li et al.
(2019b) (SOTA of Ontonotes 5.0 (Pradhan et al.,
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2013)) for English datasets, while XLM-RoBERTa
(Conneau et al., 2020) and GEMNET by Meng
et al. (2021); Fetahu et al. (2022) (SOTA of Multi-
CoNER) for multilingual datasets. For LLM-based
methods, we adopt GPT-NER and PromptNER
with GPT-40.

D.3 Dataset

Few-shot Data Sampling. In existing datasets,
only CrossNER (Liu et al., 2021), designed for low-
resource scenarios, and FewNERD (Ding et al.,
2021), designed for few-shot scenarios, meet our
requirements for evaluating CascadeNER in few-
shot scenarios. However, relying solely on them
is insufficient for comprehensively evaluating Cas-
cadeNER, particularly its multilingual NER per-
formance. To address this, we develop a sampling
algorithm to construct datasets for few-shot evalua-
tion. Considering that basic random sampling can-
not ensure a balanced category distribution, we em-
ploy a stratified sampling algorithm, which divides
the dataset into strata based on the labels. Each
stratum corresponds to a distinct entity type, and
we ensure an relatively equal number of samples
per category by drawing from these strata, thereby
maintaining balance across categories in the results.
The size for each stratum is calculated with the

formula:
=min (| 7] n)
S; = Imin — |, N
m

where N is the total number of labels in the dataset,
S is the total sample size, n; is the total number of
labels with value ¢, m is the number of categories,
and s; is the number of labels from stratum <.

®)

Dataset Selection. We conduct supplemen-
tary experiments on existing datasets including
CoNLL2003 (Tjong Kim Sang and De Meulder,
2003), CrossNER (Liu et al., 2021), FewNERD
(Ding et al., 2021), PAN-X (Pan et al., 2017), and
MultiCoNER (Malmasi et al., 2022). Since we de-
cide to use and share the formatted versions of these
datasets in our repository to facilitate the test and
use of CascadeNER, we only choose open-sourced
datasets to avoid copyright issues. For evaluation
metrics, we primarily use F1 score, as it is widely
recognized as the most robust and effective metric
for NER tasks (Li and Sun, 2020). We detail below
the reasons for selecting these datasets and their
usage.

CoNLL2003. CoNLL2003 is the most widely
used English NER dataset, featuring four types:



Model CoNLL2003 AI Literature Music Politics Science FewNERD-8 FewNERD-66
XLM-RoBERTa 92.3 59.0 65.9 72.1 70.8 66.9 80.5 64.1
ACE+document-context 94.6 17.2 22.6 23.8 35.1 32.3 83.3 70.4
BERT-MRC+DSC 93.5 63.2 67.8 74.5 76.1 68.7 86.7 74.1
PromptNER 84.2 64.8 74.44 84.2 78.6 72.6 76.5 35.6
GPT-NER 73.5 58.0 61.2 60.8 62.4 55.8 70.0 58.4
CascadeNER (zero-shot) 88.2 68.9 71.7 79.3 80.5 73.6 73.4 67.0
CascadeNER (few-shot) 92.8 75.8 75.2 83.2 82.4 771 84.5 75.9
Table 6: F1 score of different models on CoNLL2003, CrossNER, and FewNERD.
Model PAN-X MultiCoNER
en es fr u de zh ja ko en es ru de zh ko

XLM-RoBERTa 88.1 865 854 863 831 783 756 820 589 548 559 606 626 520
GEMNET 90.5 91.1 87.6 874 866 815 80.8 855 843 853 787 89.5 832 85.7
PromptNER 81.7 796 735 738 719 72.1 708 735 795 756 76,5 676 70.8 724
GPT-NER 752 728 716 635 720 724 715 721 7177 679 582 63.1 612 625
CascadeNER (zero-shot) 87.8 850 832 80.7 774 787 747 720 719 715 712 635 703 69.8
CascadeNER (few-shot) 91.0 852 872 86.8 828 87.0 832 794 859 81.1 795 69.1 851 769

Table 7: F1 score of different models across languages on PAN-X and MultiCoNER.

PER, LOC, ORG, and MISC. Supervised meth-
ods achieve excellent F1 scores of 90%-95% on
this dataset. We use this dataset to compare Casca-
deNER and other LLM-based methods with exist-
ing supervised SOTAs in classical scenarios.

CrossNER. CrossNER is a English cross-domain
dataset primarily used to evaluate a model’s cross-
domain generalization and low-resource perfor-
mance. It consists of five independent sub-datasets,
each covering a specific domain (Al, Literature,
Music, Politics, and Sciences) and containing 9-17
entity types. Since the train set for the datasets only
contains 100-200 sentences, supervised methods
underperform compared to LLM-based methods.
We use this dataset to evaluate CascadeNER in
cross-domain and low-resource scenarios.

FewNERD. FewNERD is an English dataset de-
signed to evaluate a model’s ability to handle fine-
grained entity recognition and few-shot learning,
comprising 8 coarse-grained types and 66 fine-
grained types. For supervised methods, FewNERD
applies all 66 categories, challenging the models’
classification abilities. For few-shot methods, we
use the Intra-10way setting, where the train, dev,
and test sets contain non-overlapping entity types.
We utilize both the 8-category and 66-category set-
tings to evaluate CascadeNER under varying levels
of classification granularity.
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MultiCoNER & PAN-X. MultiCoNER and
PAN-X are two widely used multilingual datasets.
MultiCoNER covers 6 entity types and 11 lan-
guages, while PAN-X includes 3 entity types and
282 languages. We use 6 and 8 overlapping lan-
guages from MultiCoNER and PAN-X with Dy-
namicNER to evaluate CascadeNER’s multilingual
capabilities. It is important to note that, for the
purpose of controlling variables, all methods re-
quiring training are trained using multilingual joint
training.

D.4 Experimental Results

As shown in Table 6 and 7, the results indicate
that in low-resource scenarios, LLLM-based meth-
ods achieve significantly better results. Casca-
deNER surpasses existing methods on CrossNER
except Music and FewNERD, and PAN-X and Mul-
tiCoNER in some languages, achieving new SOTA
performance and highlighting its exceptional gen-
eralization and capability to handle complex en-
tity categorization. However, when handling NER
tasks with ample training resources and simple
classifications, LLM-based methods still lag be-
hind existing methods, whether on the English-only
CoNLL2003 or the multilingual PAN-X, indicating
that supervised methods are still useful in some
scenerios.



E Ablation Study

E.1 Result Fusion

In Section 4.2, we introduce our union strategy in
result fusion to address the issue of extractor recall
being significantly lower than precision, allowing
multiple extractions for one sentence and taking
the union of the results to maximize recall. For the
problem of entity nesting, where different extrac-
tion rounds yield overlapping or nested entities, we
adopt a length-first strategy, retaining the longer
entity. Table 8 provides a example for the signifi-
cantly low recall.

Dataset Precision Recall F1 Score
CoNLL2003 984 93.6 95.9
Al 98.7 88.0 93.1
Literature 98.3 87.8 92.7
Music 98.0 92.0 94.9
Politics 97.5 90.0 93.6
Science 98.2 85.9 91.6

Table 8: Precision, recall, and F1 Score for CoNLL2003
and CrossNER. In this experiment, both base models
used in CascadeNER are Qwen2.5-7B, and the results
are obtained in zero-shot scenarios.

Figure 7 presents the impact of increasing the num-
ber of extraction repetitions in zero-shot scenarios
on CoNLL2003. The results show that our strategy
can slightly improve recall with minimal impact on
precision. Given the obvious margin effect after 3
repetitions, we ultimately select 3 as the repetition
count & for other experiments. It is important to em-
phasize that even without repetition, CascadeNER
still has a significant performance advantage.

—o— Precision
~#- Recall
F1 Score

3 5
Repetition

Figure 7: The curves showing visualized precision, re-
call, and F1 Score as a function of the number of rep-
etitions, demonstrating how these metrics change with
increasing repetition counts k. Both base models used
in CascadeNER are Qwen2.5-7B.

E.2 Varying the Base Models

In this section, we use four different lightweight
LLMs as the base models for CascadeNER, i.e.,
two versions of Qwen2 and Gemma with differ-
ent parameters, namely Qwen2-1.5B, Qwen2-7B,
Gemma-2B, and Gemma-7B. Gemma is another
prominent lightweight LLM series, proposed by
Google (Team et al., 2024). These models repre-
sent the current best-performing lightweight LLMs.
We use the dynamic categorized version of Dynam-
icNER to fine-tune the instruct versions of the four
models. Each model is fine-tuned separately on the
corresponding dataset to obtain both an extractor
and a classifier. The performance comparison of
these combinations on a selected part of Dynamic-
NER is shown in Table 9. Based on these results,
Qwen2.5 outperform Gemma in multilingual tasks
overall. Therefore, we choose Qwen2.5 as the base
models for other experiments.

English Chinese Spanish Japanese

Qwen2.5-1.5B 62.8 58.9 55.7 54.1
Qwen2.5-7B 68.2 64.5 61.5 60.8
Gemma-2B 58.9 49.5 53.1 48.4
Gemma-7B 61.7 53.9 553 52.1

Table 9: F1 scores for CascadeNER with different base
models on a selected part of DynamicNER

E.3 Context in Classification

In the early stages of our research, the prompt used
for classification contained only the entity itself
without any context. Figure 8 provides an example
comparing the two types of prompts. Although this
method makes the prompt more concise, it lacks
any contextual information. Our final in-context
classification queries significantly improve classifi-
cation accuracy, as shown in Table 10.

context-free

i . . o . 5
classification [##Kohe## belong to which entity in the list: person, location, organization, miscellaneous’ J

in-context [##Kabe## in the sentence "##Kxobe## was in NBA" belong to which entity in the list: J

classification person, location, organization, miscellaneous?

Figure 8: Example of the early context-free queries.



Dataset ACC (context-free) ACC (in-context)
CoNLL2003 90.1 94.2
Al 75.5 79.6
Literature 78.9 83.4
Music 84.6 88.3
Politics 87.4 90.8
Science 82.2 86.5

Table 10: Both base models used are Qwen2.5-7B. The
results are obtained in zero-shot scenarios. The used
datasets are CoONLL2003 and CrossNER. Accuracy is
used in the evaluation of classifiers.

F LLM-based Methods Comparsion

In this section, we compare our prompt with two
existing LLM-based baselines, GPT-NER (Wang
et al., 2023) and PromptNER (Ashok and Lipton,
2023). These methods are the currently main meth-
ods to achieve general NER with LLMs. A breif
comparsion is shown in Figure 9.

PromptNER

anmy is a person (person), title, named organization (org), location (oc), country (loc) or nationality (misc). \

Names, first names, last names, countries are entities. Nationalities are entities even if they are adjectives. Sports,
sporting events, adjectives, verbs, numbers, adverbs, abstract concepts, sports, are not entities. Dates, years and

ftimes are not entities. Possessive words like I, you, him and me are not entities. If a sporting team has the name of
their location and the location is used to refer to the team, it is an entity which is an organisation, not a location.

Example 1:
Q: Leicestershire extended their first innings by 94 runs before being bowled out for 296 with England discard Andy
Caddick taking three for 83.
A: 1. Leicestershire | True | is a cricket team that is based in Leicestershire, hence it is an organisation (org).
2.first innings | False | as it is an abstract concept of a phase in play of cricket
3. England | True | as itis a place or location (loc)
4. Andy Caddick | True | as it is the name of a person. (person)

Example 2: .......

@ made up for lost time in their ffected match against

GPT-NER

R1: The task is to label organization entities in the given sentence.
R2: The task is to label location entities in the given sentence.
R3: ...

2%
|

Example 1:

Q: Leicestershire extended their first innings by 94 runs before being bowled out for 296 with England discard Andy
Caddick taking three for 83.

A: @@Leicestershire## extended their first innings by 94 runs before being bowled out for 296 with England discard
Andy Caddick taking three for 83.

Example 2: .......

Kent made up for lost time in their

(c

Example 1
For Extractor:

ffected match against

CascadeNER

n

Q: Leicestershire extended their first innings by 94 runs before being bowled out for 296 with England discard Andy
Caddick taking three for 83.

A: ##Leicestershire## extended their first innings by 94 runs before being bowled out for 296 with ##England##
discard ##Andy Caddick## taking three for 83.

For Classifier:

Q: ##Leicestershire## in the sentence "Leicestershire extended their first innings by 94 runs before being bowled
out for 296 with England discard Andy Caddick taking three for 83." belong to which entity in the list: person,
location, organization, miscellenous?

A: organization

no task description

Example 2: .......

For Extractor: Kent made up for lost time in their rain-affected match against
For Classifier: person, location, organization, miscellenous (will be modified according to the results of the exlracly

Figure 9: Examples for the three parts of the prompt for
each method. The red boxes contain the task description,
the green boxes contain few-shot demonstrations, and
the blue boxes contain the input sentence.

PromptNER utilizes detailed descriptions of each
entity’s specific definition and CoT reasoning pro-
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cesses to fully leverage the LLLM’s logical reason-
ing abilities. However, like traditional methods, it
treats NER as a sequence labeling task, failing to ef-
fectively utilize the LLM’s global contextual under-
standing capabilities, making it prone to overlook-
ing important context in complex sentences. Addi-
tionally, the task descriptions are overly complex,
which not only makes it difficult for lightweight
LLMs to correctly execute tasks, but also leads to
a higher likelihood of hallucinations in tasks re-
quiring fine-grained classification, such as the fine-
grained settings of FewNERD and DynamicNER,
as each category’s definition requires descriptions.
These issues reduce PromptNER’s generalization
and accuracy, limiting its application.

GPT-NER handles the NER task by determining
whether a single entity belongs to a specific cate-
gory, which leverages the generative capabilities of
LLMs and allows for improved attention to the in-
fluence of context on entity meaning. Its drawback
lies in the fact that it can only process one entity
type at a time. This makes the method highly ineffi-
cient when dealing with fine-grained categorization,
leading to significant resource consumption. Addi-
tionally, this method requires multiple judgments
for the same entity, introducing the potential for
conflicts between different rounds. Unfortunately,
GPT-NER does not provide an effective solution
for this issue.

CascadeNER divides the NER task into two sub-
tasks: extraction and classification, while simplify-
ing the input and output formats and reducing logi-
cal complexity. This ensures that even lightweight
LLMs with limited capacity to handle complex
tasks can still perform the tasks accurately and
efficiently. In extraction, CascadeNER leverages
the model’s generation capabilities by producing
sentences with identifiers, treating all entities uni-
formly, which enhances the model’s generalization
ability across different languages and domains. No-
tably, it avoids reliance on word order by consis-
tently using "##" to mark entities, ensuring con-
sistent annotation regardless of whether the lan-
guage is right-to-left or left-to-right, improving
cross-language consistency and adaptability. In
classification, our method processes the entire sen-
tence as a whole, better utilizing LLMs’ strengths
in contextual understanding and semantic model-
ing. By leveraging the LLM’s ability to model
long-range dependencies, the model’s capacity to
handle complex sentence structures is enhanced,
avoiding fragmentation of information and improv-



ing overall consistency and generalization. How-
ever, our method also has limitations. The use of
unified identifiers prevents CascadeNER from ef-
fectively handling nested NER. We plan to address
this by developing a solution that accommodates
both multilingual and nested NER tasks in future.

G Computational Resource Usage Record

In Table 11, we provide the API costs incurred
when testing the complete dynamic version of Dy-
namicNER in few-shot scenarios using three LLM-
based methods with GPT-4o, serving as a reference
for the computational resources required by these
methods. The cost calculation follows OpenAl’s of-
ficial GPT-40 pricing, with input costs at 2.5 USD
per 1M tokens and output costs at 10 USD per 1M
tokens. The records show that CascadeNER ex-
hibits significant advantages over existing methods
in computational resource consumption.

GPT-NER PromptNER CascadeNER
513.92 128.49 45.86

Cost (USD)

Table 11: Cost comparison of three LLM-based meth-
ods. The cost is calculated according to OpenAlI’s offi-
cial GPT-4o pricing, not the actual cost.

H Data Contamination Statement

Given that LLMs are trained on data from diverse
and complex sources, there is a possibility that
portions of the evaluation sets may have been en-
countered during pre-training. However, as prior
research (Chowdhery et al., 2023) indicates, con-
taminated data that has been seen during training
does not significantly influence performance. Thus,
we consider this issue negligible.

In additional experiments on CascadeNER, we no-
tice another critical data contamination concern:
potential corpus overlap between DynamicNER
and other benchmark datasets utilizing Wikipedia-
derived text, which can reduce evaluation fairness.
To mitigate this risk, we implement a rigorous fil-
tering protocol during DynamicNER’s annotation
phase. After completing the initial manual anno-
tation of the base version, we employ Sentence-
BERT to compute semantic cosine similarity be-
tween each candidate sentence and existing sen-
tences in reference datasets. Sentences exhibiting
similarity scores exceeding 0.8 are excluded from
the corpus. New sentences from collected corpus
meeting the similarity criteria are then re-annotated
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following the original annotation workflow. This
iterative process continues until all sentences in the
base version satisfy the similarity constraints. After
this we utilize dynamic categorization to generates
the dynamic version. This procedure ensures the
reliability and fairness of our test results.

I Ethical Statement of DynamicNER

When constructing DynamicNER, we strictly ad-
here to existing ethical guidelines (Bender and
Friedman, 2018; Gebru et al., 2021; Hovy and
Spruit, 2016), ensuring that our data sources and
processing methods comply with legal and ethi-
cal standards while maintaining high-quality anno-
tations. All the text in DynamicNER is sourced
from Wikipedia, ensuring no violations of privacy
or copyright, as Wikipedia is an open-source plat-
form with user-contributed content from around the
world. During data collection and annotation, we
balance category distribution to minimize the risk
of bias in the model. Furthermore, we maintain
transparency by detailing the dataset development
process and data partitioning in this paper, ensuring
clarity and reproducibility for future research.

For the annotators, each language in DynamicNER
is annotated by two junior or higher-level students
from the corresponding language departments at
our university. Due to the double-blind review
process, the annotators’ identities cannot be dis-
closed in this version. Each annotator receives ex-
tensive training and follows DynamicNER’s multi-
granularity classification system to ensure consis-
tent and accurate entity annotations across various
languages and domains. The annotation process for
each language are divided into two parts equally,
with each annotator independently handling one
part. After the initial annotation, the annotators
revise their work based on the review results. For
ambiguous terms or specialized domain terms, the
annotators either collaborate with each other or con-
sult experts to ensure the accuracy and reliability
of the annotations.

In our writing, we use CahtGPT-40 (Achiam et al.,
2023) and Claude 3.5 (Anthropic, 2023) for assis-
tance.

J Detailed Categories of DynamicNER

J.1 Person

Real Person Politician, Artist, Author, Athlete,
Director, Actor, Scholar, Military, Musician, Busi-
ness Executive, Other Person.



Fictional Figure Mythological Figure, Other
Figure.
J.2 Location

Geographical Entity Water Body, Mountain, Is-
land, Desert, Other Geographical Entity.

Geo-Political Entity Continent, Country, State
or Province, City, District, Region, Other GPE.

Address
dress.

Address, Road, Railway, Other Ad-

J.3 Product
Food Beverages, Packaged Foods, Other Food.
Weapon Firearms, Biological, = Chemical

Weapon, Explosives, Cold Weapon, Nuclear, Other
Weapon.

Technology Software, Website, Electronics, Al,
Other Technology.

Vehicle Air, Car, Water, Rail, Bike, Other Vehi-
cle.

Other Product Clothes, Household, Personal
Care, Toys, Musical Instruments, Other Product.
J.4 Facility

Public Facility Hospital, Library, Park, Land-
mark, School, Museum, Sports Facility, Other Pub-
lic Facility.

Commercial Facility Hotel, Restaurant, Market/-
Mall, Theater/Cinema, Bank, Other Commercial
Facility.

Transportation Facility Airport, Station, Port,
Other Transportation Facility.

Production Facility Factory, Farm, Mine, En-
ergy, Other Production Facility.

Other Facility Residential, Government Facility,
Other Facility.

J.5 Art

Visual Art Painting, Sculpture, Visual Art Genre,
Other Visual Art.

Music Song, Album, Music Genre, Other Music.

Literature Poem, Non-fiction, Fiction, Litera-
ture Genre, Other Literature.

Other Art Film, Play, Broadcast Program, Game,
Other Art.
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J.6  Group

Social Group Ethnic Group, Religious Group,
Other Social Group.

Non-commercial Organization Educational and
Research, Political/Military, Community, Religious
Organization, Other Non-commercial Organiza-
tion.

Commercial Organization Sports Team, Band,
Company, Media, Other Commercial Organization.

J.7 Miscellaneous

Award Literary Award, Sports Award, Artistic
Award, Other Award.

Event Political/Military Event, Sporting Event,
Disaster, Business Event, Other Event.

Miscellaneous Educational Degree, Tradition,
God, Law, Language, Miscellaneous.

J.8 Science Entity

Biological Protein, Species, Biological Theory,
Other Biological Entity.

Chemical Element, Compound, Reaction, Chem-
ical Theory, Other Chemical Entity.

Physical Physical Phenomenon, Astronomical
Object, Physical Theory, Other Physical Entity.

Computer Science ProgramlLang, Algorithm,
Other Computer Science Entity.

Medical Disease, Injury, Medication, Symptom,
Medical Theory, Other Medical Entity.

Other Scientific Entity Discipline, Academic
Journal, Conference, Metrics, Other Scientific En-
tity.

K More Categorization Quality
Evaluation

In this section, we display the quantitative results
of categorization metrics in Spanish, French, Rus-
sian, German, Japanese, and Korean. The re-
sults in shown in Figure 10. Experimental re-
sults demonstrate that our dynamic categorization
method maintains or improves dataset quality com-
pared to the base version in all languages.
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Figure 10: Quantitative categorization metric results for 3 versions DynamicNER.
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