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Abstract

As Named Entity Recognition (NER) tasks have evolved, artificial
intelligence has been widely applied in this field. However, most
benchmarks are limited to English, making it challenging to repli-
cate successful experiences in other languages. To expand NER to
informal and diverse Chinese text scenarios, we have proposed a
new large-scale Chinese NER dataset, OmniNER2025. This dataset,
obtained from user posts on a popular Chinese social media plat-
form Xiaohongshu, contains 195,568 samples and 89 categories, all
manually annotated. To our knowledge, it is currently the largest
Chinese open-source NER dataset in terms of sample size, category
diversity, and domain coverage. This dataset is more challenging
than existing Chinese NER datasets and better reflects real-world
applications. The large sample size and diverse entity types pro-
vide valuable research resources. Additionally, we introduced the
ERRTA tool for error analysis and teacher model guidance, signifi-
cantly reducing model errors and improving performance. In the
future, we will refine the ERRTA framework and explore optimiza-
tion strategies to enhance the practical value of NER models. By
releasing the OmniNER2025 dataset and introducing the ERRTA
tool, we have advanced fine-grained NER research and improved
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model performance, promoting its application and development in
real-world scenarios.
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1 Introduction

Named Entity Recognition (NER) is one of the core tasks in natural
language processing, aimed at identifying and classifying specific
named entities in text, such as person names, locations, and or-
ganizational names[2, 22]. NER is widely applied in information
retrieval, data mining, and question answering systems. Despite
significant progress in this field, we have observed three main limi-
tations in previous research for practical applications.

1. NER tasks predominantly focus on formal English texts,
such as news reports, legal documents, and scientific papers. Ma-
jor datasets like ACE04[4], ACE05[18], CoNLL03[14], OntoNotes
5.0[12], and GENIA[7] primarily cover formal English texts. While
these datasets have significantly advanced NER technology, they
are less effective in handling informal texts (e.g., social media posts,
user comments, and instant messages), which often contain more
fine-grained and diverse entity categories. Moreover, despite the
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increasing importance of Chinese NER research, the coverage of
Chinese NER datasets in both formal and informal texts remains
insufficient.

2. High-quality, large-scale, fully manually annotated Chi-
nese NER datasets are still lacking. NER datasets have evolved
from small-scale manual annotations[7, 14], to semi-automatic and
automatic methods[4, 13], and now to using large-scale pre-trained
models for annotation[6, 10, 17]. Although these models perform
well in many applications and significantly save resources, they
still struggle in complex NER scenarios. Additionally, high-quality,
large-scale, fine-grained Chinese NER datasets are still scarce.

To address these issues, we propose OmniNER2025, a high-
quality, fine-grained Chinese NER dataset. Fully manually anno-
tated, this dataset aims to overcome the limitations of existing
methods in complex scenarios, providing researchers with reliable
benchmark data to advance NER tasks and advanced model research.
OmniNER2025 includes 32 primary categories and 89 secondary
categories, covering areas such as 3C digital products, local life,
pets, travel, clothing, the internet, education, home furnishings,
finance, and beauty. The dataset contains 195,568 high-quality man-
ually annotated samples, each consisting of a sentence obtained by
splitting community posts. For instance, a single post may be split
into 4 to 5 sentences. Each sentence is accompanied by detailed
annotation sequences, including entity text, start and end positions,
and entity categories. In a given example, one category may contain
multiple entities.

This dataset annotates more categories and details than other
existing Chinese datasets. To our knowledge, it is the largest Chi-
nese NER dataset in terms of sample size, category diversity, and
domain coverage. Its complexity and challenge allow for better
differentiation of modern model capabilities.

It is important to note that our definition of "named entity" goes
beyond traditional proper nouns like person names, locations, and
organizations. We also include descriptive phrases, concepts, and
attributes that carry significant semantic value, especially in infor-
mal contexts such as social media posts and user comments. This
broad approach allows us to capture a wide range of entities, such
as product names, emotional expressions, and context-specific key-
words, which are often used to describe products or experiences in
user-generated content. For example, in a user review, "very tender"
might be an important descriptor of food texture, just as "smoke
smell" is a key attribute in evaluating indoor air quality. While
these phrases are not proper nouns, they function as salient entities
within their respective contexts. This is essential for capturing the
nuanced, fine-grained information found in domains like consumer
reviews and social interactions.

Additionally, to address the issue of suboptimal model perfor-
mance in various domains, we propose ERRTA, a systematic error
analysis tool designed to identify and reduce various types of errors,
thereby enhancing model performance across different domains.
ERRTA categorizes errors into two main types: classification errors
and entity recognition errors. Classification errors occur when en-
tity recognition is accurate, but entity classification is incorrect due
to ambiguity, insufficient domain knowledge, or annotation errors.
Entity recognition errors are further divided into four categories:
entity boundary errors, entity omissions, extra entities, and entity
splitting or merging errors.
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ERRTA records the quantity of each error type and uses (En-
tity, Categories) pairs as the smallest analysis unit, rather than the
entire sample. This approach clearly highlights the model’s short-
comings in various aspects. By analyzing specific error types and
receiving guidance from the teacher model, we can significantly re-
duce these errors, thus improving the model’s overall performance.
ERRTA provides a systematic framework for researchers to com-
prehensively assess the model’s performance across different error
types. Gradually reducing these errors helps enhance the model’s
effectiveness and reliability.

In light of these advancements, the key contributions of this
study are summarized as follows:

¢ High-Quality Manual Annotations: OmniNER2025 em-
ploys fully manual annotations, ensuring each entity’s an-
notation is rigorously reviewed and verified to avoid the
noise and errors common in automated annotation methods.
Additionally, to further prevent noise and errors in man-
ual annotations, we applied cross-validation and filtering
techniques. By using a small validation model to filter out
simple samples, we enhanced the quality and challenge of
the dataset.
Large-Scale, Diverse, and Broadly Covered Informal
Texts: OmniNER2025 contains 195,568 high-quality manu-
ally annotated samples, covering a large amount of informal
text from social media platform Xiaohongshu. This dataset
exhibits high diversity and complexity, including 32 primary
entity categories and 89 secondary entity categories. Unlike
traditional NER benchmarks, it extends the scope of named
entity recognition to cover not only proper nouns but also
descriptive phrases and attributes commonly found in user-
generated content. To our knowledge, this is currently the
largest Chinese open-source NER dataset in terms of sample
size, category diversity, and domain coverage.

o Systematic Error Analysis Tool ERRTA: We introduced
ERRTA (Error Type Analysis Tool), which records the num-
ber of each error type using (Entity, Categories) tuples as
the smallest unit. This tool clearly showcases the model’s
deficiencies in various aspects. Through specific error type
analysis and teacher model guidance, we can significantly
reduce various types of errors and improve model perfor-
mance. ERRTA provides a systematic framework, enabling
researchers to comprehensively evaluate and enhance the
overall performance of models..

2 Related work
2.1 Development of English NER Datasets

NER research in English has extensively utilized formal texts such
as news articles, legal documents, and scientific papers. The ACE04
dataset[4], part of the Automatic Content Extraction (ACE) pro-
gram, includes annotations for various types of entities in formal
texts, such as persons, organizations, and geopolitical entities. The
CoNLL03 dataset[14] is widely recognized for its high-quality anno-
tations of person, organization, location, and miscellaneous entities
in news texts, making it a standard benchmark for English NER.

1Code and datasets are available athttps://github.com/TYZY89/OmniNER2025


https://github.com/TYZY89/OmniNER2025

OmniNER2025: Diverse and Comprehensive Fine-Grained NER Dataset and Benchmark for Chinese

To address limitations in domain coverage, OntoNotes 5.0 [12]
introduced annotations across multiple genres, including news,
telephone conversations, blogs, and broadcast transcripts, offering
a broader resource for NER research. The GENIA corpus [7], a
specialized biomedical dataset, provides detailed annotations for
biological entities, facilitating domain-specific NER advancements.
Similarly, the BC5CDR dataset [9] focuses on disease and chemical
entity recognition, further pushing NER applications in biomedical
research.

In recent years, social media and noisy text NER datasets have
gained attention due to the growing presence of user-generated
content. The WNUT16 [15] and WNUT17 [3] datasets focus on NER
in noisy, informal, and user-generated texts, capturing emerging
entities and dynamic language patterns.

2.2 Advances in Chinese NER Datasets

In the Chinese NER field, several important datasets have been
developed, each contributing to different aspects of NER research.
The MSRA dataset [8], composed primarily of news articles, remains
one of the most widely used benchmarks for Chinese NER.

Beyond formal domains, the WeiboNER dataset [5, 11] was one of
the first datasets to address social media NER in Chinese, capturing
informal, user-generated text from Sina Weibo. For domain-specific
NER, the Resume NER dataset [26] focuses on professional and re-
cruitment documents, making it useful for applications in human re-
sources and job-related information extraction. The CLUENER2020
dataset [22] extends general-domain Chinese NER research by in-
troducing a broader set of entity types, which are often overlooked
in traditional NER benchmarks.

2.3 Key Differences and Gaps in Existing NER
Benchmarks

Key Differences and Gaps in Existing NER Benchmarks While tradi-
tional NER datasets focus on formal, well-structured text, there is a
growing need for fine-grained, domain-adaptive, and context-aware
NER benchmarks. Many datasets struggle to capture emerging enti-
ties, colloquial expressions, and implicit mentions—challenges that
are particularly evident in user-generated content and informal dis-
cussions. Additionally, most existing NER benchmarks lack compre-
hensive multi-level entity annotations, limiting their effectiveness
in understanding nuanced and hierarchical entity relationships.
OmniNER2025 addresses these challenges by: Extending the
scope of named entity recognition to include not just proper nouns
but also descriptive phrases, attributes, and contextually significant
concepts in social media text. Providing high-quality, manually
annotated data from Xiaohongshu, a platform rich in consumer
reviews, lifestyle discussions, and informal interactions. Incorporat-
ing multi-level entity categorization, supporting fine-grained NER
research across a wide range of entity types and contexts.

3 OmniNER2025 Overview

We collected community posts published by users on a social me-
dia platform Xiaohongshu that offers various channels for sharing
shopping experiences, product feedback, travel guides, and lifestyle
tips. Users primarily publish public posts or questions through the
community feature. First, we collected these community posts and
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questions through platform data logs. We anonymized and sanitized
private information in the raw data to ensure data security and user
privacy. We used annotators to filter comments and conversations
related to product issues, user experience, and security concerns,
excluding parts containing taboo language and sensitive content.
Finally, we retained 80,029 community posts, forming a corpus of
the same size. Based on this corpus, we developed OmniNER2025,
a Chinese NER dataset containing 195,568 examples, covering 32
domains including 3C digital products, local life, pets, travel, cloth-
ing, internet, education, home, finance, and beauty. These domains
are divided into 89 entity types.

3.1 Data Annotation

Despite having detailed annotation guidelines, the annotation pro-
cess is complex and prone to errors. To ensure accuracy and con-
sistency, we referenced the annotation processes of ACE 2005 [4],
MAVEN [20], and MUSIED [21], organizing a two-stage iterative
annotation process. We recruited annotators with domain-specific
knowledge and provided them with comprehensive guideline train-
ing. Annotators first underwent annotation practice, and only those
with an accuracy rate above 90% proceeded to the formal annotation
stage.

In the first stage, each document was annotated by three inde-
pendent annotators. An annotation was considered complete only
if all three annotators agreed. If two out of three annotators agreed,
a voting mechanism determined the final annotation result. If all
three annotators disagreed, the document was submitted to domain
experts for final annotation.

In the second stage, domain experts reviewed and annotated
documents with discrepancies from the first stage, ensuring the
accuracy and consistency of annotations. All documents under-
went this two-stage iterative annotation, resulting in a high-quality
annotated dataset.

3.2 Annotation Challenges and Solutions

In NER tasks, most research focuses on named entity recognition
from formal texts such as news articles, and Wikipedia documents.
As user-generated texts accumulate on the internet and within en-
terprises, effective named entity recognition from these informal
texts (often from multiple heterogeneous sources) has become in-
creasingly important. Due to the informal nature of these texts, the
annotation process needs to consider two main issues:

Boundary Confusion: The linguistic diversity and casual ex-
pressions in informal texts can easily lead to boundary confusion
of entities. As shown in sentence s1 of table 1, the annotated entity
is "fHIK" (smoke smell) instead of "FRHHBR" (remove smoke smell).
Although "BRHHIK" (remove smoke smell) might be correct in some
contexts, it contains redundant information. In sentence s2, we an-
notate "EH " (very tender) instead of "i{" (tender), as "3F "
(very tender) more accurately conveys the intended meaning. For
boundary confusion, our annotation principle is: avoid redundant
information while fully expressing the actual situation.

Granularity Consistency: During annotation, we need to con-
sider the level of granularity to ensure accuracy and practicality. In
sentence s3, the annotation result is "EXZEIESLUTELLL" (im-
proves nasolabial folds and forehead wrinkles). This coarse-grained
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Table 1: Example Sentences with Entity Highlighting in OmniNER2025. Examples of OmniNER2025. Red and purple are used

to mark entities and to distinguish linked entities.

Sentences

S1: BRIFTRAI RIS, R RERREFLAh S0k

While removing smoke smell, it can also remove other odors

S2: BRI AGRE A, SSAIEFEL, REED, )

Rose soy sauce chicken uses chicken thigh meat, the meat is very tender, salty and delicious, good!

§3: HEGETEALUAITASLAL, FEdEbloomil ANES

Improves nasolabial folds and forehead wrinkles, YA-MAN bloom is pretty good

S4: {0 B HAPEEE RN, BAEET

Addicted to petting the cat. Its noon nap posture was too adorable; I couldn’t help but pet it again

S5: T ELi% 5015 I e ROCR T [ SRR I LI TR, . BN AL RS, ... P HE LT
Moreover, I didn’t feel any soft light effect at all [laughing and crying emoji]. Just buying and using it blindly... No wonder some people say it’s useless...

The moisturizing effect is pretty good

S6: LWHMH A HABZ A LM T [FER] BANEM BRI [HHIHHR]

I really, really, really love all kinds of vintage styles [shy emoji]. They are timeless and always pleasing to the eye, haha [cute emoji]

S7: WEARER TR T E S ALSS , {3, TR ERFRA R,

/N B/ NATA] DL

The rental apartments in the faculty dormitories of East China University of Science and Technology are clean and quiet. You can enjoy

the green playground, and there is a small river in the community where you can fish

S8: HIFF FIRS Ky 220 1A LT Nanci BB 22 84FRIIFR SCHER IR L A8

Looking forward to meeting the fans next time. Nanci’s fans are very attractive and intelligent. The game session was quite interesting

$9: 11422 H JETMINI CLUBMAN 2.0t2( 5 B #JF MINTHA[15]#

After November 22, MINI CLUBMAN 2.0t facelift information #MINI owners [topic]

annotation includes a complete effect description, clearly expressing
the specific improvement goals and reflecting complete functional
information. If annotated as "{£4£{" (nasolabial folds) and "ffk
40" (forehead wrinkles), the overly fine-grained annotation might
overlook the overall functional description, failing to fully reflect
the product’s efficacy. For granularity consistency, our principle is:
ensure the accuracy and completeness of annotations while making
them practical and comprehensible in real applications.

3.3 Data Filtering and Validation

To ensure our dataset is challenging for modern models, we applied
data filtering techniques, which we call the cross-validation and
filtering method. First, we split the annotated dataset into 4 folders.
For each folder, we trained a small data quality validation model
based on qwen2-0.5b-instruct, representing lower model capability
compared to other complete models. We used the model trained
from the current folder to predict the other folders and applied the
same process to each folder. Finally, each folder had 3 predictions.
We removed all samples correctly predicted by all 3 predictions, con-
sidering them too simple for our model. Ultimately, we filtered the
annotated dataset from 195,718 samples with 90 entity categories
to 195,568 samples with 89 entity categories.

3.4 Data Statistics

To better understand our dataset, we provide examples in Table
2. In the second example, the format (Entity, Category) represents
the entities and their categories. For instance, the entity "= A
53 (March)" corresponds to the category "Bt B8]/ H 4 B s} [A]

(Time_Year/Month Dimension)."Here, "B [d] (Time)" denotes the
primary category, and "5/ A #EE R} [A] (Year/Month Dimension)"
denotes the secondary category. The underscore "_" separates the
primary and secondary categories: before the underscore is the
primary category, and after it is the secondary category. The slash
"/" indicates that the entity belongs to either category. Categories
without an underscore represent both primary and secondary cate-
gories. The entire dataset comprises 32 primary and 89 secondary
categories.

In Table 3, we outline the statistical information of OmniNER2025
and other mainstream Chinese NER datasets. As shown, MSRANER
[8] includes three basic categories: person names, locations, and or-
ganizations. Weibo NER [5, 11] adds a geopolitical category. Resume
NER [26] consists of 8 categories, significantly more than MSRA,
but with a highly imbalanced distribution. CLUENER2020 [22] bal-
ances and improves the data volume in each category. CMeEE
focuses on biomedical scenarios. OmniNER2025 is the most com-
prehensive Chinese open-source NER dataset, containing 195,568
high-quality annotated samples, covering 32 primary categories
and 89 secondary categories. It is the only dataset that includes
both levels of categories, making it more challenging.

4 Experiments

In this study, we evaluate the OmniNER2025 on a series of pub-
licly available Chinese pre-trained models through a process of
fine-tuning. The models used include: Qwen2 Series[24]: Qwen2-
7b-instruct, Qwen2-1.5B-Instruct, and Qwen2-0.5B-Instruct.
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Table 2: Entity Category Pairs Extracted by OmniNER2025.

Sentences

Entity Category Pair

REERGR ! BRIERAIFEN, SEBEPREL MRk SRy - HEDE |
KERGEIEIR « TTOR - il LORAR AT DL Bk
The main thing is! It removes smoke odor as well as other odors like

snail noodles, durian, hot pot barbecue, sweat, and foot odor.

CRER, SR/RIE_SIER), (IR, SOR/BRIE_SIVR), (R0, SUUR/TRTE_=IR),
(TEFEIR, SR/DRIE _SIR), (JERBEREIR, SIR/DRIE_SIR),

(PR, SR/WRIE_SIER), (IR R, SR/RIE_SIR)

(smoke odor, smell/taste_smell), (odor, smell/taste_smell),

(snail noodles, smell/taste_smell), (durian odor, smell/taste_smell),

(hot pot barbecue odor, smell/taste_smell), (sweat odor, smell/taste_smell),

(foot odor, smell/taste_smell)

ZAmEE L fER—K . LU REERE, AR

B~ ORI SR LR A -

I ordered it once in March when I was in San Francisco. It is based on
sparkling wine, with lemon, pineapple, Italian vermouth, and sweet

white wine added.

(= A, BSR4/ A 4EEERT [A]), (&1L, poi_HiAt), (—iIX, £(&),

(L, Gh3R_F= &), (I, M= i), B, MR ™ ),

(& 3L, bR ), (R AT, ShZR_7 &), KA, aci_f= i),

(N, T H_BAE1T )

(March, Time_Year/Month Dimension), (San Francisco, poi_Other),
(Once, Quantity), (Sparkling Wine, Category_Product),

(Lemon, Category_Product), (Pineapple, Category_Product),
(Vermouth, Category_Product), (Sweet White Wine, Category_Product),
(Italy, aoi_Place of Origin), (Added, Action_Operational Action)

Baichuan2-7B-Chat [23]. Internlm2_5-7b-chat[1]. BERT Se-
ries?: bert-base-chinese and chinese-roberta-wwm-ext-large.

4.1 Benchmark Results

We utilized the LLaMA-Factory® framework to train and eval-
uate models on the OmniNER2025 dataset. For fine-tuning on
OmniNER2025, we used the following configuration: We employed
the AdamW optimizer with a learning rate of le-4 and a cosine
scheduler with 10% warmup ratio. Models were trained for 3 epochs
with a per-device batch size of 2 and gradient accumulation steps of
2. Training was conducted using mixed precision (bfloat16) to im-
prove efficiency. All models were trained using eight NVIDIA A100
80G GPUs. In terms of computational resources, full parameter
fine-tuning of 7B models required approximately 65GB VRAM per
GPU and took about 8 hours. Researchers with limited hardware
may use gradient checkpointing to reduce memory usage at the
cost of 20% longer training time.

Our experiments focused on the 15 primary categories from
OmniNER2025, as previously mentioned. The results, presented in
Table 4, indicate that larger pre-trained models tend to perform
better. Despite the significantly larger dataset compared to other
Chinese NER benchmarks, the best baseline F1 score was only 73,
which is considerably lower than conventional Chinese NER tasks.
For instance, MSRANER [16] achieved 95 F1, and CLUENER2020
[22] reported 80. In contrast, English NER datasets typically reach
F1 scores above 85, with some exceeding 95.

4.1.1 Performance Gap Between Generative and Non-Generative
Models. To better understand model performance, we also eval-
uated non-generative models on OmniNER2025. The F1 scores
for Qwen2-7B-Instruct, Baichuan2-7B-Chat, Internlm2_5-7B-Chat,

Zhttps://huggingface.co/google-bert/bert-base-chinese, https://huggingface.co/hfl/
chinese-roberta-wwm-ext-large
3https://github.com/hiyouga/LLaMA-Factory

Qwen2-1.5B-Instruct, and Qwen2-0.5B-Instruct were 73.12, 72.77,
72.79, 70.84, and 67.31, respectively. In contrast, bert-base-chinese
and chinese-roberta-wwm-ext-large achieved only 51.71 and 55.18,
highlighting a significant performance gap between generative and
non-generative models.

Notably, previous studies on datasets with fewer categories have
shown that non-generative models can achieve competitive or even
superior performance due to their efficiency in structured classifica-
tion. In scenarios with a large number of categories, the importance
of the rich prior knowledge embedded in generative models be-
comes apparent. For instance, distinguishing between highly similar
categories requires strong semantic understanding, which genera-
tive models excel at due to their broader contextual awareness and
knowledge learned from vast pre-training corpora.

4.2 Human Performance

To understand the complexity of Named Entity Recognition (NER)
tasks and compare model performance with humans, we incorpo-
rated human evaluation into our experiments. We used a two-stage
"training and evaluation" approach for this comparison. During
the training phase, annotators familiarized themselves with NER
categories and definitions. We selected individuals with accuracy
rates above 90% for annotation. In the evaluation phase, amateur
annotators without domain knowledge labeled instances in
the test set. Similar to SuperGLUE [19] and CBLUE [25], we trained
annotators before they labeled the test data. Annotators labeled
development set data and validated their annotations against the
gold standard. They repeatedly corrected errors to master the task.
Finally, annotators labeled test data, and these annotations were
used to calculate the final human score. Given the numerous NER
categories and rigorous evaluation process, we averaged the scores
of three annotators to calculate final human performance. In all
domains, human performance surpassed that of the models, with


https://huggingface.co/google-bert/bert-base-chinese
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Table 3: Attribute of OmniNER2025 Datasets.

NER Datasets (Chinese) # Doc # Tokens # Sentence (Total) # Train # Dev # Test # Entity Categories

MSRA - 2,393,207 50,729 46,364 - 4,365

Weibo - 104,877 1,889 1,350 269 270

Resume - 157,847 4,761 3,821 463 477 9
WNUT16 - - 7,244 2,394 1,000 3,850 10
WNUT17 - - 5,690 3,394 1,009 1,287 6
CLUENER2020 740,000 283,012 13,436 10,748 1,343 1,345 10
CMeEE - - 23,000 15,000 5,000 3,000 -
OmniNER2025 (Ours) 80,029 5,429,969 195,568 156,454 19,557 19,557 89

Table 4: We report results for 15 selected primary categories from the OmniNER2025 dataset due to space constraints. The
complete experimental results, encompassing all 32 primary categories (89 secondary categories). The best F1 scores are
highlighted in bold, while the worst are underlined.

. . Qwen2-7B-Instruct Baichuan2-7B-Chat  Internlm2_5-7B-chat Qwen2-1.5B-Instruct Qwen2-0.5B-Instruct
Entities Categories

P R F1 P R F1 P R F1 P R F1 P R F1
Category 8323 8444 83.83 8214 84.07 83.09 8232 8344 8278 81.49 8336 8242 62.06 63.67 62.86
1P 77.81 8042  79.11 79.17 88.37 83.52 77.81 80.42 79.11 70.00  75.94  72.85 50.00 60.56  54.91
Product Series 69.73  68.83  69.27 63.72 6451 6411 69.13 6941 69.27 6579  63.71 64.74  60.26 60.14  60.20
Ingredient 65.25 61.74 6344 7037 6552 67.86 6486 60.00 62.33 60.32 5845 59.37  56.68 5238  54.44
Material 68.24 6856 6840 71.60 7160 71.60 7127 70.93 71.10 67.96  66.35  67.15 62.40  60.82  61.60
Function/Effect 70.54 7036 7045 73.21 76.88 75.00 70.61 69.37 69.98 60.71 60.87  60.79  63.53 61.85  62.68
Negative Effect 3211 2414 2756 3333 40.00 36.36 2477 18.62  21.26 2459 20.00 23.87 26.61 20.00 22.83
Style/Appearance 58.20 5898 58.59 56.16 5190 5395 56.55 56.07 56.31 55.08 50.97 52.83 5547 5045  52.55
Color 79.38 7835 7886 80.58 81.16 80.87 78.05 77.99 78.02 79.02 7778 7840  73.66 7276  73.21
Product Specification 73.63 70.68 72.12 68.28 7384 70.95 70.63 69.06 69.83 68.63  66.31 67.45 62.56 63.82  63.18
Product Feature 50.24 4881 49.51 38.76 36.13 3740 48.16  46.67 47.41 4579 4342  44.57 39.99 38.18  39.06
Style 64.20 63.60 63.90 6897 7143 70.18 5820 58.98 58.59 55.62 51.45 5347  46.10 40.88  43.33
Pattern 48.82 4560 47.16 5294 56.25 54.55 50.00 40.66 44.85 50.00 34.62 37.84 4444 30.77 36.36
Craft 65.56  69.60 67.52 76.67 7931 77.97 6458 68.28 66.38 60.24  66.08  63.03 58.72  60.79  59.74
Smell/Taste 57.14 5690 57.02 6296 68.00 65.38 59.58 60.08 59.83 51.37  53.47 5240 3578 30.23  32.77

Micro Avg (89 Categories) 7325 7299 73.12 7238 73.16 7277 73.00 7257 7279 7099 70.68 70.84 6735 67.27 67.31

final F1 scores stabilizing around 90. The reasons for this are as 5 ERRTA (Error Type Analysis) Overview
follows: ) ‘ . For OmniNER2025, we conducted a case analysis by comparing the

1.) Numerqus categories: Thf extensive number of entlt){ cate- model prediction results with the manual annotations, identifying
gories and their broad coverage increased the task’s complexity. 2) two main categories of error types: entity recognition errors and
Informal text: The variability in wording and structure of informal classification errors.

text makes it more challenging for models to process, while humans
perform better with informal language. 3) Conversational text:
Conversational text aligns more with human daily usage, making
it more difficult for current models to process. 4) Human com-
prehension: Humans have an advantage in understanding context
and handling ambiguity.

Through this experiment, we observed that advanced models
possess strong capabilities but also have limitations in handling
complex Chinese NER tasks, particularly with numerous entity cat-
egories and conversational or informal text. We hope these findings
provide valuable insights for future model improvements.

o Classification Errors: The entity recognition is correct, but
due to ambiguity, lack of relevant domain knowledge, or
annotation errors, the entity classification is incorrect.

¢ Entity Recognition Errors: The model’s predicted entities
do not completely match the manual annotations and are
divided into the following four categories:

- Boundary Errors: The predicted entity range does not
match the actual annotation.

- Missing Entities: The model fails to recognize some en-
tities that actually exist.
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BE (Boundary Errors)

@um: 5384 /36,067

BE Ratios: 14.93%

CE (Classification Errors) \

CE Mount: 6714 / 36,067
CE Ratios: 18.62%

Example 1: Example 1:

vEH LR hOFERSARN, BAMSUET . 7
“ Addicted to petting the cat. Its noon nap posture
was. too adorable, I couldn't help but pet it again.”
bR ey TRl (4, AT ARETN )
CH, AT RGN )
"petting', "action_operational
behavior’), (‘petting', 'action_activity”)
2 Wﬂﬁ?ﬁ% R AR A 2 AT A,
)7 o (R B AR AR RERAET
o fT?‘J "
If a broader description of
bchdvlor is needed, choose "action_activity". However,
e i e s e T R e A B,
choose "action,_operational behavior".

B ARGl BT B RHELF . 7

and crying emoji. Just buying and using it blindly... No

is pretty good, though.”

[Wrong Pair/Correct Pair:JE B goite
'function/effect_human efficacy"), ('moisturize’,
'function/effect_human efficacy’)

SUR RN fEhch,
i —AREEREE, BIERRIBECR. ML,
SEZ AL, AT UMRAERT SRBAI RIS .

Example 2:

generalized and can refer to any phenomenon related to

%

~

B i HLB B 1 T AR [ S DR 10 K
And I didn't feel any soft light effect at all [laughing

wonder some people say it’s useless... The moisturizing effect

CHGHPE” AR T
“ Wi

ENESI O EROTINNE In Chinese, moisturizing effect more
specifically describes a particular characteristic of the product,
namely its moisturizing effect. In contrast, moisturize is more

/ ME (Missing Entities)
ME Mount: 12108 / 36,067

ME Ratios: 33.57%

moisturizing.
\We 2:
RE (Redundant Entities)
RE Mount: 11787 / 36,067

RE Ratios: 32.68%

<

“I really, really, really love all kinds of vintage

styles [shy emoji]. They are timeless and always pleasing to
the eye, haha [cute emoji].”

EraoEal (%, AT LE/E )

('love’, 'behavior_psychological/emotional’)
HURAT AR AE A8 AN B 4 700 £ F L,
BT “R7 AERAT BRI

The model might not fully
understand the context of the sentence, overlooking the
importance of "love" as an expression of behavior or emotion.

)

small river in the community where you can fish.”

EETNEYISSH C i, A% REERR )
(clean and quiet’,
'experience_environmental experience')
BUMEANRS : IR S A
AR AT BB TS A A% 5 B B S

Example 2: ...... or main entity in the sentence or paragraph.

\_

Example 2: ......

%
<

Example 1: Example 1:
W “RIHITN I E X FE AR T [FHR] 2 | “%?ﬁlk%ﬁlﬁﬁﬂﬁ 1AL J;ﬂé;zﬁ?'y
AR W e (W AR ] VLI SZER G IARA KRS, ANX AT AN LA §Y

“The rental apartments in the faculty dormitories of
East China University of Science and Technology are clean
and quiet. You can enjoy the green playground, and there is a

[OREZR: i Rk
LSNP ERNTITNE “Clean and quiet” is merely a

description of the environment and not the core information

/
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ERRATA (Error Type Analysis Tool)

CE (Classification Errors)
CE Mount: 6714 / 36,067, CE Ratios: 18.62%
Examplel:

BE (Boundar\ Errors
BE M : 5384/ 36,
Examplel:

67, BE Ratios: 14.93%

ME (Missing Entities)
ME Mount: 12108 / 36,067, ME Rati
Examplel:

RE (Redundant Entities)
RE Mount: 11787 / 36,067, RE Ratios: 32.68%
Examplel:

SME (Splitting or Merging Err:
RE Mount: 74/ 36,067, RE Ratio
Examplel:

SME (Splitting or Merging Errors)
RE Mount: 74/ 36,067

RE Ratios: 0.21%

Jli Baichuan2

Example 1:

SEX WIS T RS LA LT Nanci (42 #5547
B U WIS .

“Looking forward to meeting the fans next time.
Nanci's fans are very attractive and intelligent. The game
session was quite interesting.”

TIP_fafe’ ),
[Redundant Tuples 3 (Nancl' IP_character'), (‘Nanci’,

'TP_game')

ifi CANGEEEG I A0 AT REAEAE AU B, TR
T XA IER IR .

Similar errors may exist in the

training data, causing the model to learn this incorrect pattern.

/

|l (Nanci ’

Example 2: ......

.

Figure 1: The overall architecture of our ERRTA.

- Redundant Entities: The model incorrectly recognizes
entities that do not exist.

— Splitting or Merging Errors: The model incorrectly
splits one entity into multiple entities or merges multiple
entities into one.

We proposed an ERRTA (Error Type Analysis) to record the
number of each error type, using (Entity, Categories) tuples as the
smallest unit instead of the entire sample. This approach allows each
sample to contain multiple errors. ERRTA documents all error types
and shows the number of each type of error in the baseline model,
clearly highlighting the model’s deficiencies across various aspects.
By leveraging specific error type analysis and guidance from the
teacher model Qwen2-72B-instruct, we can significantly reduce
various types of errors, thereby improving the model’s performance.
For instance, a decrease in “boundary errors” within a specific
domain indicates the model’s improved strength in that area. ERRTA
is illustrated in Figure 1.

5.1 ERRTA Case Study

5.1.1 Classification Errors. As shown in sentence s4 of table 1, the
prediction was "['#&", 4T _I&B)’](['petting’, ’action_activity’]),"

while the annotation was "['¥&’, 47 _#VE1T 7] ([petting’, *ac-
tion_operational behavior’])." According to the teacher model guid-
ance, if a broad description of behavior is needed, choose "G
(activity)"; if more specific operational behavior is involved, choose
"7 _#EVETT N (operational behavior)." Here, it involves more
specific operational behavior, so "{T_#{E1TH (operational be-
havior)" should be chosen.

5.1.2  Boundary Error Case. As shown in sentence s5 of table 1, the
model predicted "ZEHE (moisturizing effect),’ while the manual
annotation was "¥4{[# (moisturize)." According to the teacher model
guidance and the annotation guidelines "do not include redundant
information, but fully express the actual situation," in Chinese, "k
1 (moisturizing effect)’ more specifically describes a particular
characteristic of the product, namely its moisturizing effect, better
expressing the actual situation. ERRTA helps in unifying granularity
in subsequent annotations and improving data quality.

5.1.3 Missing Entities. As shown in sentence s6 of table 1, the
model’s prediction missed "% (love)" compared to the annotation.
Through teacher model guidance, the baseline model might not
have fully understood the context of the sentence, overlooking "%
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ROLE DEFINITION:

Step 1: Understanding Common Error Types

Step 2: Error Self-Check Mechanism

{input_text}

ERRTA-Guided Prompt Optimization

You are an advanced AI model specifically designed for precise named entity recognition and classification in text. Named entities include
{All Categories}. Follow the steps below to ensure accurate entity extraction and categorization.

Before making predictions, the model must first recognize five common error types and apply teacher model corrections to avoid them.

1. Classification Error (CE): The entity is recognized correctly, but its classification is incorrect.
® Example: The model labels ["Chanel", "Product Category"], but the correct classification is ["Chanel", "Brand"].
® Correction: "Chanel" refers to a brand, not a product category.

2. Boundary Error (BE): The extracted entity span does not match the full correct phrase.
® Example: The model extracts ["Shampoo", "Product Category"], but the correct entity is ["Gentle Shampoo", "Product Category"].
® Correction: Ensure the full entity phrase is extracted without truncation.

3. Missing Entity (ME): The model fails to recognize an entity that should be present.
® Example: The model does not recognize ["Hairball Syndrome", "Pet Health Issue"].
® Correction: Improve recall by ensuring all meaningful entities in the text are identified.

4. Redundant Entity (RE): The model incorrectly recognizes non-entity words as named entities.
® Example: The model extracts ["Beautiful", "Style"], but this is not a named entity.
® Correction: Filter out adjectives, verbs, or general descriptive words.

5. Splitting/Merging Error (SME): The model incorrectly splits or merges entities.
® Example: The model outputs [["2024", "Time"], ["Olympics", "Event"]], but the correct entity should be [["2024 Olympics", "Event"]].
® Correction: Ensure multi-word entities are extracted as a whole without improper splitting.

Before generating the final output, the model must perform the following validation steps:

® Is the entity span complete? If not, ensure full phrase extraction.

Is the entity classification accurate? If multiple categories apply, choose the most specific and correct one.
Are all important entities included? Ensure no key entities are omitted.

Are redundant entities removed? Filter out adjectives, verbs, or irrelevant words.

Are entities properly split or merged? Ensure multi-word entities are extracted as a whole.

Identify all named entities in the text. Classify each entity into one of the predefined categories. If there are no identifiable named
entities in the text, return an empty list. Input format: text data, which may come from different fields and backgrounds. Output format: a
list containing named entities and their categories. Below is the input data, please give the output result:

Yong Zhou et al.

Figure 2: ERRTA-Guided Prompt Optimization.

(love)" as an important expression of behavior or emotion. Through
missing entity case analysis and statistical analysis, we can pass
the ERRTA missing entity analysis results to manual re-evaluation
to determine whether "% (love)" needs to be annotated.

5.1.4 Redundant Entities. As shown in sentence s7 of table 1, the
model predicted "J& 3R ZH# (clean and quiet),' while the manual an-
notation did not include this entity. According to the teacher model
guidance, "H R %Z## (clean and quiet)" is merely a description of
the environment and not the core information or main entity in the
sentence or paragraph. Through ERRTA’s redundant entity anal-
ysis, we can better understand which descriptions are secondary
and further improve the model’s performance in different contexts,
thereby enhancing overall data processing and model performance.

5.1.5 Splitting or Merging Errors. As shown in sentence s8 and s9
of table 1, the model predicted "Nanci " and "2.0t" respectively, while
the actual results were "Nanci" and "2.0t" Due to the structured
format of the results, the former and latter had extra spaces at the
beginning and end, respectively, and were judged as errors. Through
splitting or merging error analysis, we can improve such errors,
such as removing leading and trailing spaces in instructions or

using unstructured results. Another situation is that similar errors
might exist in the training data, and the model has learned this
incorrect pattern. Therefore, according to ERRTA, we can prevent
the occurrence of splitting or merging errors.

5.2 ERRTA for Model Improvement

The ERRTA framework is designed to systematically analyze and
improve NER model performance by identifying and reducing dif-
ferent types of errors. It consists of several key components, as
shown in Figure 1:

1) Error Type Statistics: By counting each error type, we can
compare model performance across different categories and priori-
tize improvements.

2) Error Example Display: Listing typical error cases provides
insights into error patterns, facilitating targeted troubleshooting.

3) Error Distribution Analysis (Teacher Model Guidance):
Analyze the distribution of different types of errors in various
entity categories to help researchers understand which entity cate-
gories the model performs poorly on and then optimize the recog-
nition and classification of these categories. This analysis, guided
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by teacher models, enables a deeper understanding ofmodel perfor-
mance across different contexts and domains.

5.2.1 ERRTA-Guided Prompt Optimization. ERRTA identifies five
common error types in Named Entity Recognition (NER): Classi-
fication Errors (CE), Boundary Errors (BE), Missing Entities
(ME), Redundant Entities (RE), and Splitting/Merging Errors
(SME). To systematically reduce these errors, we introduce the
following structured prompt optimization framework.

Role Definition. You are an advanced Al model specifically de-
signed for precise named entity recognition and classification in
text. Named entities include {All Categories}. Follow the steps below
to ensure accurate entity extraction and categorization.

Step 1: Understanding Common Error Types. To improve entity
recognition accuracy, we categorize errors into five common types:
Classification Errors (CE), Boundary Errors (BE), Missing Entities
(ME), Redundant Entities (RE), and Splitting/Merging Errors (SME).
These error types are thoroughly analyzed in ERRTA Case Study,
where concrete examples illustrate their impact.

Our prompt optimization approach is designed to mitigate these
errors by incorporating structured guidance based on error charac-
teristics. Instead of redundantly listing examples, we systematically
integrate key error prevention strategies into the prompt. For a
detailed analysis of how these errors manifest and the corrections
provided by the teacher model, refer to ERRTA Case Study.

Step 2: Error Self-Check Mechanism. Before generating the final
output, the model must perform the following validation steps:

o Is the entity span complete? If not, ensure full phrase
extraction.

o Is the entity classification accurate? If multiple categories

apply, choose the most specific and correct one.

Are all important entities included? Ensure no key enti-

ties are omitted.

e Are redundant entities removed? Filter out adjectives,

verbs, or irrelevant words.

Are entities properly split or merged? Ensure multi-word

entities are extracted as a whole.

For the complete structured prompt, please refer to Figure 2.

5.2.2  Reduction in Error Counts. To evaluate the impact of ERRTA-
driven improvements, we conducted an error analysis before and
after applying ERRTA-based refinements using Qwen2-7B-Instruct
as a case study. Table 5 summarizes the changes in error counts
across different error types. The reduction in error rates across
different error categories indicates that ERRTA-guided prompt en-
gineering effectively reduces common sources of NER errors in this
specific model.

5.2.3 Improvement in Model Performance. We further evaluated
the impact of ERRTA on model performance by comparing F1 scores
before and after applying ERRTA-driven refinements. The results
are presented in Table 6.

After integrating ERRTA-based optimizations, all five models
demonstrated consistent improvements in F1-score, with gains
ranging from +2.11 (Qwen2-0.5B-Instruct) to +2.72 (Qwen2-7B-
Instruct and InternLM2_5-7B-Chat). The integration of ERRTA into

SIGIR ’25, July 13-18, 2025, Padua, Italy

Table 5: Reduction in error counts across different error types
after applying ERRTA. The total number of errors reduced is
approximately 3,650, based on the Qwen2-7B-Instruct model.

Error Type Before ERRTA After ERRTA
Classification Error 6,714 5,745 (-14.4%)

Boundary Error 5,384 4,730 (-12.2%)

Missing Entity 12,108 10,870 (-10.2%)
Redundant Entity 11,787 10,986 (-6.8%)

Splitting/Merging Error 74 60 (-18.9%)

Table 6: NER F1-score comparison on the OmniNER2025
dataset before and after applying ERRTA.

Model Before ERRTA After ERRTA
Qwen2-7B-Instruct 73.12 75.84 (+2.72)
Baichuan2-7B-Chat 72.77 75.46 (+2.69)
InternLM2_5-7B-Chat 72.79 75.51 (+2.72)
Qwenz2-1.5B-Instruct 70.84 73.30 (+2.46)
Qwen2-0.5B-Instruct 67.31 69.42 (+2.11)

prompt engineering presents a lightweight yet highly effective
method for improving generative NER models without requiring
additional training data.

6 Conclusion

In this work, we released the OmniNER2025 dataset, which in-
cludes more entity categories and broader coverage than existing
Chinese NER datasets, based on real industry data. Our experiments
with a state-of-the-art generative baseline highlight the challenges
and improvement opportunities in fine-grained NER. Addition-
ally, we introduced ERRTA for systematic error type analysis and
teacher model guidance. ERRTA helps identify and reduce errors,
significantly enhancing model performance. Future work will focus
on refining the ERRTA framework to further improve NER mod-
els’ practical application value. By providing the OmniNER2025
dataset and ERRTA tool, we advance fine-grained NER research
and promote model performance through detailed error analysis
and optimization, supporting real-world applications.
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