
 
 

 

 
Electronics 2026, 15, 750 https://doi.org/10.3390/electronics15040750 

Article 

AraCoNER: Arabic Complex NER with Gold and Silver Labels 
Wesam Alruwaili *, Najwa Altwaijry and Isra Al-Turaiki 

College of Computer and Information Sciences, King Saud University, Riyadh 11451, Saudi Arabia; 
ntwaijry@ksu.edu.sa (N.A.); ialturaiki@ksu.edu.sa (I.A.-T.) 
* Correspondence: wmalruwaili@ju.edu.sa 

Abstract 

Named entity recognition (NER) is a fundamental task in natural language processing. 
Recently, non-traditional nouns (known as complex NER) have increasingly emerged, in-
cluding long noun phrases and ambiguous names, for example, Birds of Prey (and the Fan-
tabulous Emancipation of One Harley Quinn), Among Us, and Chicago, which may refer to a 
city or a novel. Such rapidly growing entity names pose significant challenges for NER. 
Arabic NER research is usually limited to flat and nested entities, overlooking complex 
entities due to limited resources, the language’s rich morphology, and context ambiguity. 
Such tasks require high-quality annotated data, yet most existing approaches rely heavily 
on supervised learning, which depends on large amounts of labeled data. However, ac-
quiring large annotated datasets is costly and labor-intensive. We construct our corpus by 
leveraging the superior performance of large language models (LLMs), which have driven 
recent advances in dataset generation. We propose an Arabic complex NER (AraCoNER) 
dataset with semantically ambiguous and complex named entities, using both gold and 
silver labels. We investigate several agent-based annotation frameworks in addition to the 
plain LLM to determine the most efficient annotator for our task. Then, we introduce 
LLMAAA+, an LLM-agent-based framework that integrates an LLM-powered agent as an 
annotator into an active learning loop to efficiently select what should be labeled. Instead 
of solely synthesizing the training data from LLMs, we enhance both the annotation and 
training phases to generate pseudo-labels using k-NN sampling for in-context examples. 
Such an approach ensures both efficiency and quality, with cost-effective and minimal 
human involvement. Our results show that combining an LLM (GPT-4) with a structured 
agent framework (Google ADK) yields the highest annotation accuracy, even with a lim-
ited number of annotated examples, supporting the proposed LLM-agent-based active 
learning framework. 

Keywords: active learning; large language model (LLM); LLM-agent-based framework; 
LLM-powered agents; named entity recognition (NER); natural language processing 
(NLP) 
 

1. Introduction 
Named entity recognition (NER) is a natural language processing task that identifies 

and extracts specific types of entities from text, such as the names of people, organizations, 
and geographic locations, as well as expressions of time, currency, and percentages. NER 
is a widely studied topic in natural language processing and text mining due to its crucial 
role as a pre-processing step across a range of applications, including information 
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retrieval [1], question answering [2], and text summarization [3]. Research has indicated 
that approximately 71% of search queries contain at least one named entity [4]. Recogniz-
ing named entities in search queries would therefore provide better understanding of user 
intent, thus improving search results and enhancing user experience in downstream ap-
plications (e.g., query recommendation) [5]. 

Named entities often have a complex structure, in which an entity is semantically 
ambiguous and can belong to multiple entity types, making them harder to recognize. In 
Arabic, NER tasks have provided insights into the versatility of flat (simple) and nested 
(hierarchical) NER tasks. For instance, in flat NER, “The University of California” could 
be represented as a single Organization entity, but in nested NER, it would still be an 
Organization, but it could also contain a nested entity “California” labeled as a Location. 
Limited research has focused on complex named entities, which include non-traditional 
nouns such as creative works, full clauses, infinitives, and gerunds/Masdar. Ashwini et al. 
[6] describe entities such as movies, books, songs, and TV shows as non-traditional nouns 
that are harder to recognize. Malmasi and Meng [7,8] illustrate complex named entities 
related to creative works (songs, movies, software, and book names), products (Apple), 
long noun phrases (The Englishman Who Went Up a Hill But Came Down a Mountain), 
infinitives (To Catch a Thief), full clauses (“Dear future husband”), and gerunds (Singin’ 
in the Rain). Equivalents in Arabic include the TV show name  عظيم  فج  كل  من , full clause 

ياعرب  الخير   صباح , long noun phrase �رسو  �وسلم  عليه  الله  صلى  الله  رسو , and gerund/Masdar العلم 
 Corpora enriched with complex names (e.g., creative works, product names, short .والايما�
contexts, and long entity names) are needed to assess model performance in such cases. 

As noted in [9] and [10], present-day NER faces several difficulties that may not be 
present in Arabic NER, such as (1) the context of the entity, (2) the structural complexity 
of the entity, (3) robustness to shifts in domain, and (4) annotation cost and inconsistency. 

1. Contextuality: Most Arabic NER benchmarks have focused on domains such as Wik-
ipedia, which typically feature longer sentences and entities containing multiple en-
tity references [11,12]. Some applications receive brief inputs that offer limited con-
text. Datasets featuring such long entity boundaries and low-context settings are 
needed to evaluate model performance. 

2. Complexity: Arabic NER data have been collected only from encyclopedias or news 
domains, which tend to be characterized by a simple syntactic structure (e.g., proper 
nouns) and a narrow range of entity types representing people, organizations, and 
locations, although some entities are non-conventional and involve more complex 
linguistic structures. 

3. Adaptability: A robust Arabic NER model should be capable of performing well 
across several domains, including well-structured text, long and short sentences, 
emerging data, unseen entities, and a variety of registers: classic, Modern Standard 
Arabic (MSA), and colloquial. Most NER benchmarks, however, focus solely on data 
from a single domain, limiting the study of domain adaptation. Moreover, current 
NER models rely too heavily on memorized training entities instead of generaliza-
tion, leading to poor recognition of unseen entities. 

4. Annotation Bottleneck: Most NER models are built using supervised machine learn-
ing methods and are heavily reliant on the quantity and quality of labeled data. Data 
annotation, however, remains a costly and labor-intensive process. Several research-
ers have demonstrated inconsistent annotations in benchmarked complex NER da-
tasets (i.e., MultiCoNER v2 [13]) [14,15]. One major issue occurs when the same 
named entity recurs more than once in a sentence, but its annotations differ. For ex-
ample, in the sentence “rice-long, medium, or short-grain white; also, popcorn rice,” 
the first occurrence of “rice” is annotated as Product, while the second occurrence of 
“rice” is labeled as Other. These types of incorrect annotations cause ambiguities in 
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supervised approaches. An alternative approach that reduces the amount of human 
intervention is needed. 

We present an Arabic complex NER (AraCoNER) corpus (Data are available at 
https://github.com/AraCoNERI/Dataset) (accessed on 7 January 2026) to address the dif-
ficulties outlined above. Recently, large language models (LLMs) have offered promising 
ways to automate aspects of information retrieval [16]. They exhibit exceptional 
knowledge across various domains due to their enormous pre-training datasets [17]. 
Hence, we adopted active learning, which seeks to reduce annotation efforts by strategi-
cally selecting which examples to annotate and ensuring the quality and precision of the 
process. We explored a wide range of contexts to improve the understanding of entities 
in various contexts. 

Our corpus was designed to address the challenges shown in Table 1 to produce gold 
labels (we refer to human- and LLM-labeled samples as gold and silver data, respectively). 
We developed the LLMAAA+ framework, which uses an LLM-powered agent as an an-
notator to produce silver labels. Specifically, we initialized task-specific models by train-
ing them on seed-labeled data, providing a foundation for subsequent fine-tuning, inves-
tigated several agent-based annotation frameworks, adopted the best-performing one to 
produce pseudo-labels via prompt engineering guided by exemplar selection through k-
nearest neighbor (k-NN) for K-shot learning, and then applied an active acquisition mech-
anism to ensure more informative data selection. This approach combines both efficiency 
and quality, offering a cost-effective yet high-performing solution. 

Table 1. Difficulties addressed by the AraCoNER dataset. 

Difficulty Description 

Complex  

Some named entities can have complex linguistic forms and are difficult to 
identify, e.g., 

من الغرق ملحمة الشفق انتشا� سلسلة 
وانقلاب الهرم الاجتماعي  البيه البواب

  عزازيل و النبيو محالدائما ستكو� هناك مقارنه بين 

Ambiguous 

Some named entities are context-dependent and may be recognized as 
named entities in some contexts but not in others, e.g., 

حو� علي الذي يتعرض للظلم ويتم فصله من عمله فيتجه لكسب الما� بشتى   اللهم إني صايم تدور أحداث
الطرق ومنها النصب والاحتيا� 

لكل من اراد التفاؤ� والاستمتاع بحياته كتاب جميل وإسلوب رحاب بسام أكثر من رائع أغلب   أرز باللبن
  مقالاته كانت مميزه جدا بإسلوبها ومضمونها 

، جميلة جدا جميلة بشكل مؤلم من فرط إندماجى حلمت بكوابيس متعلقة بأبطا� الرواية أنا عشقت
وتعتبر من أهم المناطق الراقية في محافظة الجيزة السادس من أكتوبر 

Emerging 

Some groups of entity types experience rapid growth, which may be 
released weekly, e.g., new books, songs, and movies. Such entities can also 
pose difficulties for human annotators, as they may not be familiar with 
the most recent media releases. 

The central objective of this study is to generate high-quality silver annotations using 
LLM-powered agent annotators, given access to a strong gold seed. We summarize our 
contributions as follows: 

• We introduce the AraCoNER corpus to address the difficulties discussed above. Our 
corpus was collected from multiple domains (Wikipedia, news, blogs, and online 
reviews) that deal with MSA and spoken Arabic, including complex names in short 
contexts, long names, and emerging entities. 

• We demonstrate an efficient and cost-effective annotation strategy for building 
AraCoNER by leveraging LLM-powered agents within the LLMAAA+ framework, 
requiring minimal human intervention while maintaining high annotation quality. 
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The remainder of this paper is organized as follows: We first review related work, 
and then introduce the ARACONER dataset and outline the proposed methodology. 
Next, we present the experimental results, followed by an analysis and report of the 
overall findings, and finally, we conclude the paper. 

2. Related Work 
2.1. Arabic Named Entity Recognition (NER) Corpora 

Most Arabic NER datasets are designed to annotate flat NER. For instance, ANER-
Corp [18], collected from news sources, includes a dataset of 150 k tokens divided into 
four entity categories. Another corpus, AQMAR [12], was collected from Wikipedia and 
covers domains such as history, science, technology, and sports. It is annotated with open-
ended entity types. In addition, a classical Arabic corpus, CANER-Corpus [11], was 
derived from the Islamic Hadith context and includes approximately 258 k tokens 
annotated for 14 entity types. Moreover, Ontonotes5 [19] contains approximately 300 k 
tokens sourced from newswire and conversational telephone speech across Arabic, 
Chinese, and English. 

Other recent Arabic benchmark datasets support both flat and nested entity 
annotations. The largest Arabic NER corpus, Wojood2022 [20], was introduced to support 
MSA and covers 550 k tokens annotated for 21 entity types. An extension of this dataset 
is called Wojood2024 [21], which addresses the limitations of the previous coarse-grained 
entity types, such as PERS, ORG, and LOC, by providing entity subtypes, totaling 47 k 
tokens covering 51 subtype entity mentions. 

2.2. Complex NER Corpora 

The MultiCoNER series of datasets primarily focuses on identifying complex named 
entity types. MultiCoNERV1 [9] contains 13 subsets: 11 monolingual, 1 multilingual 
(MULTI), and 1 code-mixed (MIX). The multilingual track is a subset of the data in which 
samples from all languages are randomly interleaved, and the code-mixed track includes 
instances in which the entity belongs to a specific language while the surrounding text is 
written in a different language. MultiCoNERV1 is divided into six categories: PEOPLE, 
LOCATION, CORPORATIONS, GROUPS, PRODUCTS, and CREATIVE WORKS. 
MultiCoNER V2 [13] covers 12 languages and a multilingual subset. It is classified into 33 
fine-grained classes, grouped across six coarse types: PEOPLE, LOCATION, GROUPS, 
PRODUCTS, CREATIVE WORKS, and MEDICAL. In total, 30% of the test sets in the 
monolingual track are corrupted with simulated noise to improve robustness. 

2.3. Large Language Models (LLMs) for NER 

NER has drawn considerable interest from researchers seeking to explore new 
opportunities in the era of LLMs [10,22–25]. To bridge the gap between sequence labeling 
and generation, Wang et al. [26] proposed GPT-NER to transform NER into a generative 
task and introduced a self-verification mechanism to correct NULL inputs as entities. 
Instead of explicitly identifying entities, the task of recognizing a location entity such as 
“Chicago” is reformulated as generating a revised sentence: “@@Chicago## is a city,” 
where the special tokens “@@” and “##” indicate entity boundaries. This enables LLMs to 
handle sequence labeling in a more natural text generation format, yielding promising 
results, particularly in scenarios with few training examples and low resources. Similarly, 
Xie et al. [27] introduced a training-free, self-improving framework that uses LLMs for 
zero-shot NER, improving performance by generating pseudo-demonstrations from 
unlabeled corpora. 
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Another notable development in NER involves the use of few-shot learning 
techniques, which enable models to learn effectively from only a small number of samples. 
Ashok et al. [28] introduced PromptNER to demonstrate how entity type definitions in 
prompts enable LLMs to identify entities and provide supporting explanations. In 
addition, Hu et al. [29] demonstrated ChatGPT’s capability in few-shot clinical NER 
scenarios through iterative refinement and prompt assessment. Such step-by-step 
refinement helps identify and address any flaws or limitations in the prompts, ensuring 
they remain effective and relevant over time. In a further advancement of few-shot 
learning, Zhu et al. [30] proposed GL-NER as a generation-aware LLM for few-shot NER, 
allowing it to generate entity labels and indicate “does not exist” when no entity is found. 
Moreover, they tackle the underlying difficulties of few-shot NER, where labeled 
examples may be limited by applying a masking-based loss optimization strategy. 

Another study explored advanced data augmentation techniques to boost the 
effectiveness of complex NER in low-resource languages such as Bangla, Hindi, Spanish, 
and Turkish. Zhang et al. [31] proposed E2DA to integrate both exogenous and 
endogenous data augmentation. The former approach uses LLMs to generate additional 
data guided by specific prompts, thereby enhancing the dataset’s diversity. The latter 
approach exploits semantic relationships within the existing data to better exploit 
meaningful features. 

2.4. LLM-Based Annotation 

Researchers have investigated the use of LLMs for data labeling across a variety of 
natural language processing tasks such as hate speech detection [32], political tweet 
classification [33], sentiment analysis [34], topic classification [35], named entity 
recognition [36], and question generation [35], using datasets in English, French, Spanish, 
Italian, and Basque. Several studies have shown that LLMs can outperform human 
annotators and crowd workers as data annotators [37,38]. Törnberg et al. [33] showed that 
GPT-4, when used in a zero-shot setting, surpasses human annotators in labeling English 
language political tweets. Further analysis revealed that GPT-4 can accurately label tweets 
that require logical reasoning based on contextual information. Li et al. [39] explored the 
use of ChatGPT to annotate hateful, offensive, and toxic comments and compared the 
results with MTurk annotations. They found that ChatGPT’s performance is promising, 
as it correctly labels 80% of the comments. Moreover, its performance was more consistent 
in labeling non-harmful comments compared to harmful ones. 

Techniques such as data augmentation, transfer learning, and active learning can 
enhance the quantity and quality of training data for LLMs, even with incomplete or noisy 
data and in low-resource languages [40]. Such techniques can rapidly label large-scale 
datasets, reducing the time of tasks that typically rely on high-cost human annotation. 
Chen et al. [41] introduced a novel approach to use LLMs as expert annotators. They 
assessed the direct use of LLMs for event detection and event argument extraction, 
identifying a significant performance gap compared to fine-tuned models. To address this 
gap, they employed LLMs as expert annotators to produce labeled data consistent with 
existing datasets and subsequently fine-tuned specialized event extraction models with 
the augmented data. Such an approach enhances the performance of fine-tuned models 
by reducing data scarcity and imbalance. 

LLM-based annotation can be affected by input variations, as even minor changes in 
prompt formulation or model sampling parameters may result in inconsistent annotations 
[42,43]. Ensuring consistency in LLM-generated annotations remains difficult, 
necessitating further research into prompt engineering and hybrid validation strategies 
that involve both humans and LLMs. 
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2.5. LLM-Based Active Learning 

Active learning is a widely studied approach that seeks to minimize data labeling 
effort by selecting the most informative data samples for annotation and subsequent 
model training [44,45]. A new paradigm has emerged with the advent of LLMs, which 
exhibit notable reasoning and generation capabilities [46,47]. Instead of relying exclu-
sively on predefined metrics such as uncertainty or diversity to select data instances, 
LLMs can now identify the most informative samples through reasoning or even generate 
entirely new instances, thereby enhancing the efficiency of model training [48,49]. By col-
lecting these informative samples, LLMs can introduce new data annotation approaches 
by either collaborating with a human labeler or simulating them directly, thereby mini-
mizing manual annotation effort [50]. Furthermore, Wang et al. [35] proposed an ap-
proach based on active learning that leverages both human and GPT-3 labels, leading to 
better fine-tuning performance. 

2.6. Human–LLM Collaboration 

Although LLM-based annotation has greatly lowered costs, it remains prone to er-
rors, especially in complex or domain-specific tasks [51]. To tackle this issue, researchers 
have developed methods to assess annotation quality and dynamically direct data to ei-
ther human or LLM annotators, balancing both efficiency and reliability. For instance, 
Wang et al. [50] introduced a multi-step human–LLM collaborative approach in which 
LLMs initially generate labels and explanations. The labels are then evaluated by a verifier 
and human experts to re-annotate a portion of low-quality cases. Another human–LLM 
collaboration approach lets humans curate annotated examples for use in LLM prompts, 
enabling annotation in a few-shot learning scenario. Although such an approach is 
straightforward and efficient, selecting optimal examples for few-shot learning remains 
difficult. 

To bridge the gap between humans and LLMs, Fernandes et al. [52] illustrated guard-
rail tuning: training models to avoid controversial statements, which can pose difficulties 
for certain annotation tasks, as the models may refuse to annotate sensitive topics, such as 
the association between COVID-19 vaccine resistance and individual U.S. political parties 
[33]. Custom fine-tuning—training the model with labeled data designed for a specific 
annotation task—can further enhance text annotation performance and achieve excellent 
results, even with only 50–100 manually labeled samples. 

Despite the progress highlighted in the reviewed literature, existing Arabic NER da-
tasets primarily focus on flat and nested NER, or on specific dialects or domains where 
named entities are simple names. Thus, their use leads to language models that are sensi-
tive to domain-specific variations. The current complex NER datasets are for languages 
other than Arabic. Table 2 presents the benchmark datasets for NER and compares them 
with ours (in bold). Most current NER models rely primarily on supervised learning and 
are highly dependent on the size and quality of annotated datasets, while annotating data 
remains labor-intensive and costly. Notably, recent approaches to Arabic NER and com-
plex NER often involve fine-tuning a language model. A long-tailed dataset in other lan-
guages can be fine-tuned well with commonly occurring entities, but some difficulty is 
encountered when classifying rare entities. Current research has demonstrated that LLMs 
offer promising avenues for advancing NER across various domains, aiming to leverage 
the strengths of both humans and LLMs for optimal annotations while minimizing cost 
and human effort. 
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Table 2. Named entity recognition benchmark datasets, where MSA refers to modern standard 
Arabic, classic refers to the historical, literary, and religious forms of Arabic, and dialect refers to 
spoken varieties of Arabic. 

Corpus Complex Arabic Label Tokens Entities Category Domain 

ANERCorp No MSA Gold 150 k 11 k 4 
Website, news, and maga-

zines 
AQMAR No MSA Gold 74 k – Open Wikipedia 

Ontonotes5 No MSA Gold 300 k 28 k 18 News 
CANER-corpus No Classic Gold 258 k 72 k 14 Religion 

Wojood No MSA-Dialect Gold 550 k 75 k 21 Web articles, archive, and 
social media 

Wojood-fine No MSA-Dialect Gold 550 k 47 k 51 Web articles, archive, social 
media and news 

MultiCoNERV1 Yes No Gold – – 6 Wikipedia, questions, search 
queries 

MultiCoNERV2 Yes No Gold – – 33 Wikipedia 

AraCoNER Yes MSA+ Dialect 
Gold + 
Silver >213 k >24 k 7 

Wikipedia, news, blog, re-
views 

3. AraCoNER Dataset Overview 
The AraCoNER dataset was developed to tackle the difficulties in NER outlined in 

Section 1. It establishes a comprehensive corpus exhibiting ambiguous semantics and a 
high level of complexity. It targets a variety of Arabic websites and provides up-to-date 
information, including Wikipedia, news, reviews, and blog articles in Arabic. The dataset 
is rich in complex names (e.g., emerging entities, creative works, product names, short 
contexts, and long entity names) to improve data complexity. Malmasi et al. [9] applied 
sentence length filtering to retain short sentences, where samples shorter than 28 charac-
ters and longer than 180 characters were excluded. However, such a method may omit 
critical named entities. For example, “Apple launched iPhone 15” is a short and informa-
tive sentence of 25 characters that includes two named entity types. Identifying a mini-
mum sentence length is difficult, so we rely on collecting data from a variety of sources 
covering different sentence lengths. Lastly, we employed two annotation methods: gold-
standard annotations (manually labeled by humans) and silver-standard annotations 
(generated by LLMs). 

3.1. NER Taxonomy 

AraCoNER adopts the entity type taxonomy from WNUT 2017 [53], which defines 
an NER tag set consisting of six categories. We extend this tag set by introducing an addi-
tional category, Medical, to increase diversity. Therefore, we have seven named entity 
tags: 

• PERSON (PER, names of people); 
• LOCATION (LOC, locations/physical facilities); 
• GROUPS (GRP, all other groups); 
• CORPORATION (CORP, corporations/businesses); 
• CREATIVE-WORK (CW, movie/show/song/book titles); 
• PRODUCT (PROD, consumer products); 
• MEDICAL (MED, disease/medication/vaccine/symptoms). 
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3.2. Domain and Data Sources 

AraCoNER was collected from multiple sources across several domains, covering a 
wide range of topics. A subset of the data was manually collected from online articles 
published on Wikipedia, news websites, and blogs covering several topics, including 
health, technologies, sport, media content, finance, investment, communities, cultures, 
and consumers in MSA. We believe Wikipedia is a valuable source for historical data (e.g., 
older movies, songs, products, person names), while news articles provide up-to-date in-
formation (e.g., recent releases). Another subset was extracted from sentiment analysis 
corpora [54,55]. These corpora cover customer reviews across several domains: restau-
rants, products, tourism, and books. We adopted these datasets to address spoken (dia-
lectal) Arabic text within the scope of our taxonomy. Moreover, such data may contain 
noisy text (e.g., typing errors due to keyboard layout), allowing us to evaluate the NER 
model’s resilience to noise. We believe that when consumers discuss tourism, they typi-
cally refer to locations, sports teams, and music groups; when discussing restaurants, they 
focus on corporations and food products; and when writing about books, they focus on 
creative works and authors. Therefore, using tourism and book data, we can identify the 
target named entity categories: person, location, group, corporation, product, and creative 
work. Rather than using the entire corpus of these sentiment analysis datasets, we selected 
a random subset from each dataset for our corpus. We aimed to generate a corpus con-
taining both MSA and dialect texts from various sources. 

We obtained our data samples by parsing all articles from Wikipedia, news, blogs, 
and reviews into sentences. We eliminated all noise, such as extra characters, samples, 
non-Arabic characters, and URLs, to provide a clean Arabic text without altering its mean-
ing or content. During the cleaning process, we frequently encountered cases—especially 
when dealing with foreign books, songs, movies, or even diseases—where the entire sen-
tence was written in Arabic but the named entity itself appeared in English, for example, 
“ حياتي  في قرأته  كتاب  أعظم The Great Gatsby” or “ تظهر   بدأت  Covid أعراض  أعتقد .” In such cases, we 
chose to remove the entire sentence, as the most significant part—the named entity—was 
not in Arabic and thus not useful for our task. 

The dataset was created by the authors for this study and it includes no copyrighted 
or access-restricted third-party content. The authors explicitly allow the data’s free use 
and redistribution for research purposes. 

3.3. Annotation Guidelines and Process 

We constructed a dataset of over 10 k samples comprising more than 213 K tokens. 
The dataset was derived from two main subsets. The first subset consists of texts manually 
collected from Wikipedia, news websites, and blogs. The second subset was drawn from 
existing sentiment analysis corpora, including customer reviews. We assigned around 
5600 samples with 98,722 tokens as human-generated labels (gold-labeled data), including 
all samples from the first subset and a randomly selected, representative portion of the 
second subset. The remaining samples were annotated using LLMs and treated as LLM-
generated labels (silver-labeled data). 

For gold data, each sentence was assigned a sentence ID, and its tokens were ar-
ranged vertically. Thus, every token was assigned a position index reflecting its order 
within the sentence. The resulting corpus was saved in comma-separated values (CSV) 
format with four columns (sentence ID, token position, token, and tag) and uploaded to 
Google Sheets for annotation. Our annotation guidelines were designed to be compatible 
with the WNUT2017 [53] guidelines, which are based on various NER annotation schemes 
such as CoNLL [56], ACE [57], and MSM [58]. However, we made certain modifications, 
such as adding a new tag (medical), and adapted the WNUT2017 guidelines to be more 
suitable for Arabic names. For instance, we treat prefixes and suffixes as parts of entity 
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names, such as الثانية  إليزابيث   الملكة  فيصل،  الملك . The following list represents the guidelines with 
examples for each category. 

• Creative Work: Names of creative works. They must be created by a human. Exam-
ple: الى الهجرة موسم الهوى، علينا نسم طاش، ما طاش �الشما . 

• Product: Names of products, real or fictional. They must be something one can touch. 
Example: �السحرية السجادة ،١٥ ايفو . 

• Medical: Names of diseases, symptoms, medications, and vaccines. Example: السكري  
مونجارو الشعر، تساقط الثاني، النوع من . 

• Group: Groups of a specific and unique name. Example: ،  نادي�جامعة   ميامي،  فرقة  الهلا  
سعود الملك . 

• Corporation: Names of corporations/business companies. Example: فورم بلات  ميتا . 
• Person: Names of people, real or fictional. Example: الصمد   عبد  بن  الحسن  بن   الحسين  بن  أحمد  

بوتر هاري  شوارزنجر، الجعفي، . 
• Location: Names of locations, real or fictional. Example: نارينا أرض النيل، نهر . 

We use the BIO tagging schema since it is widely used in NER tasks. In the schema, 
(B) indicates the beginning of a named entity, (I) indicates tags within the entity, and (O) 
indicates tags outside the entity (i.e., non-entity words). Several works have adopted BIO-
based annotation schemes for annotating complex entities [59–61]. Such schemas have 
yielded better performance than other annotation schemes for complex entities. 

The annotation process was carried out in two stages. In the first stage, we held a 
Zoom meeting to introduce the annotation guidelines and train around six prospective 
annotators. All annotators independently annotated the same set of samples (1000 tokens) 
that was designed to be difficult yet comprehensible. The three participants who scored 
above 90% were selected to move to the second stage. 

In the second stage, the three annotators were given the annotation task. All annota-
tors were qualified with doctoral degrees in Arabic. Supervised by a former expert anno-
tator, the annotation process lasted three months. First, each annotator was assigned ap-
proximately 10 k tokens for annotation. During this phase, the expert helped with doubts 
and complex cases and provided ongoing feedback to the annotators. For example, the 
annotators were sometimes confused between entities referring to groups and entities re-
ferring to religious communities and events. The expert reviewed all annotations and 
asked the annotators to revisit certain cases. A program was developed to automatically 
extract and review all entities in case of errors (e.g., category names) or missing annota-
tions (e.g., Nan). Again, in cases with errors or incompleteness, the expert provided tar-
geted feedback to the annotators. The main goal of this stage was to enhance annotation 
consistency across annotators. The process was repeated three times with a new set of 
tokens, and each annotator labeled a total of 31 k tokens. Table 3 shows the number of 
entities in each category for gold and silver labels. 

3.4. Inter-Annotator Agreement 

To measure annotation quality, we randomly selected 3000 tokens from each anno-
tator that had been previously annotated by another annotator. This resulted in pairwise 
inter-annotator agreement (IAA) comparisons, such as A1–A2, A2–A3, and A3–A1, total-
ing approximately 9000 tokens (9.1% of the entire corpus). 

Table 3. Counts of entities per class for gold and silver labels. 

Class Gold Labels Silver Labels 
PER 1944 2593 
LOC 1302 3569 
GRP 480 2043 
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CORP 1778 1267 
CW 2621 1587 

PROD 2131 763 
MED 1923 878 
Total 12,179 12,700 

While IAA is typically measured using Cohen’s Kappa, some researchers argue that 
it is not well suited for evaluating named entity annotations for several reasons. Kappa 
statistics and reliability coefficients cannot be calculated without a negative case count, 
whereas named entities are sequences of tokens with no negative cases [62]. Moreover, 
due to the class imbalance—where tokens tagged “O” far outnumber those tagged with 
other labels—Kappa may overestimate agreement scores. However, omitting the “O” la-
bel from the calculation can lead to an underestimation of agreement [63,64]. Therefore, 
we chose not to use the Kappa value, since entity spans were also compared, which poses 
a difficulty, as the expected chance agreement for each entity type and span can be ex-
tremely low [65]. Entities might have different spans (e.g., غرناطة  ثلاثية,    غرناطة  ثلاثية  رواية ), so 
we calculated the IAA through the F-measure. In particular, we calculated the IAA be-
tween pairs of annotators by treating one annotator as the gold standard and computing 
the F-measure, which is the harmonic mean of precision and recall. The F-measure was 
computed at the token and entity levels (strict-match and relaxed-match F1). In token-
level agreement, we measure agreement per token, regardless of entity span boundaries. 
In entity-level agreement, relaxed match measures agreement on the label and some over-
lap in span, while strict match measures agreement on both the entity boundaries and the 
entity label. Tables 4–6 report the IAA scores for each category at the token and entity 
levels (relaxed and strict), where A1–A2 refers to the F1-score between the first and second 
annotators. 

Table 4. Token-level agreement between each pair of annotators. 

Tag 
A1–A2 A2–A3 A3–A1 

TP FP FN F1 TP FP FN F1 TP FP FN F1 
PER 85 1 1 0.99 96 0 1 0.1 133 4 5 0.97 
LOC 32 3 3 0.91 53 8 7 0.88 45 4 4 0.92 
GRP 46 6 1 0.93 42 5 0 0.94 42 8 0 0.91 

CORP 71 5 9 0.91 91 8 15 0.89 74 2 0 0.99 
CW 147 15 3 0.94 131 6 12 0.94 156 7 11 0.95 

PROD 105 4 11 0.93 118 6 15 0.92 100 3 14 0.92 
MED 162 11 18 0.92 90 3 9 0.94 92 9 17 0.88 
Micro 648 45 46 0.93 621 36 59 0.93 642 37 51 0.94 

Table 5. Relaxed F1-score for inter-annotator agreement between each pair of annotators. 

Tag 
A1–A2 A2–A3 A3–A1 

TP FP FN F1 TP FP FN F1 TP FP FN F1 
PER 40 0 1 0.99 51 0 1 0.99 61 3 1 0.97 
LOC 22 1 2 0.94 38 2 1 0.96 30 1 2 0.95 
GRP 18 2 1 0.92 20 2 0 0.95 22 3 0 0.94 

CORP 47 2 2 0.96 64 4 3 0.95 47 1 0 0.99 
CW 72 3 0 0.98 73 2 2 0.97 69 3 2 0.97 

PROD 61 2 4 0.95 68 2 7 0.94 56 1 9 0.92 
MED 76 4 4 0.95 47 1 2 0.97 48 2 7 0.91 
Micro 336 14 14 0.96 361 13 16 0.96 333 14 21 0.95 
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Table 6. Strict F1-score for inter-annotator agreement between each pair of annotators. 

Tag 
A1–A2 A2–A3 A3–A1 

TP FP FN F1 TP FP FN F1 TP FP FN F1 
PER 39 1 2 0.96 51 0 1 0.99 59 5 3 0.94 
LOC 21 2 3 0.90 35 5 4 0.89 28 3 4 0.89 
GRP 18 2 1 0.92 20 2 0 0.95 21 4 1 0.90 

CORP 44 5 5 0.90 60 8 7 0.89 47 1 0 0.99 
CW 69 6 3 0.94 70 5 5 0.93 66 6 5 0.92 

PROD 58 5 7 0.91 65 5 10 0.90 55 2 10 0.90 
MED 72 8 8 0.90 44 4 5 0.91 45 5 10 0.86 
Micro 321 29 29 0.92 345 29 32 0.92 321 26 33 0.92 

4. Methodology 
To minimize annotation costs and reduce human intervention, the active learning 

methodology proposed by Zhang et al. [66] was adopted in this study. These authors op-
timized both the annotation and training processes by integrating active learning into a 
vanilla LLM to select more informative data; enhanced annotation quality using an LLM 
with few-shot prompts while using k-NN examples to generate training data; and im-
proved training with automatic reweighting, assigning learnable weights to the silver 
training data to emphasize informative samples while mitigating noise. We used the same 
methodology with some modifications to better suit our research context. We capitalized 
on the superior few-shot performance of LLMs while leveraging abundant unlabeled data 
by treating LLM-powered agents as annotators rather than vanilla LLMs to train task-
specific inference models. 

The main goal of this research is to produce high-quality silver annotations, improv-
ing entity boundaries and label consistency, using LLM-powered agent annotators initial-
ized with a gold seed to provide a strong foundation for better generalization. To avoid 
the risk of self-influence or an echo chamber effect when training a model on silver labels 
generated by GPT-4, the following steps were taken. We performed a one-time initializa-
tion of the task-specific model (TAM) by training it on a substantial amount of gold labels 
(i.e., seed-labeled data), providing a strong foundation for subsequent fine-tuning. An ac-
tive acquisition function was then applied to select optimal samples from large unlabeled 
datasets. Moreover, the LLM-powered agent enhances annotation quality through 
prompt engineering, using k-NN examples drawn exclusively from human-generated la-
bels rather than LLM-generated labels. Thus, the LLM-powered agent produces pseudo-
labels. The automatic reweighting technique was omitted, as its effects were found to be 
marginal [66]. We repeated the process t times. Figure 1 presents the LLMAAA+ frame-
work, and the prompt design details are provided in Appendix A. 
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Figure 1. The framework of LLMAAA+. 

4.1. Optimizing LLM Agents for Annotation 

Although LLMs are powerful, previous research indicates that their effectiveness can 
vary dramatically depending on the design of task-specific prompts. Kuzman et al. [67] 
highlighted that LLMs’ potential as data annotation tools can be realized with simple 
prompt design and minimal manual labeling effort. While identifying optimal prompts 
remains challenging, certain guiding principles have been shown to outperform plain in-
structions. Following this line of work, we adopted a k-NN retrieval-based dynamic few-
shot prompting framework [68]. Specifically, we embedded both the demonstration pool 
set Ddemo—consisting of samples drawn from the ground truth data Dgold—and the query 
instance, requiring annotation into dense vector representations. Sentence-level embed-
dings were generated using Arabic Sentence-BERT (Arabic-SBERT-100K) (https://hug-
gingface.co/akhooli/Arabic-SBERT-100K) with mean pooling over token embeddings, and 
cosine similarity was used to retrieve the top-k nearest neighbors, which serve as in-con-
text exemplars. Semantically similar examples help guide the LLM toward more accurate 
responses. 

These prompting strategies were implemented within an agent-based annotation 
framework that employs structured prompts, annotating and reflection agents. While the 
agents share a similar structure, they differ in their internal orchestration, including 
whether annotation and reflection are executed using a lightweight agent framework 
(Agno), explicit handoff (OpenAI Agents SDK), or sequential processing (Google Agent 
Development Kit). 

4.2. Selecting Effective Agent Annotators 

To mirror our three human annotators’ gold labels, we extended the setup by adding 
three agent-based annotators alongside a plain LLM baseline to generate silver labels. This 
approach allows us to systematically compare different annotators and determine the 
most effective one for our Arabic complex NER task. 

We first outline the internal workflows, key parameters, and decision-making mech-
anisms that influence each annotator’s annotation behavior. At the most basic level, the 
plain LLM approach employs a single inference with a fixed prompt and standard decod-
ing parameters. Annotation behavior is entirely prompt-driven, with no built-in 
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reflection, validation, or correction stages. This motivates the exploration of agents be-
yond such baseline. The Agno agent relies on a lightweight agent framework character-
ized by a composable design and low orchestration complexity, building custom logic on 
top of Agno’s unified model interfaces, memory abstractions, and tool integrations. A 
more structured agentic design is the OpenAI Agents SDK, which utilizes a two-agent 
architecture with explicit handoffs between an annotating agent and a reflection agent. 
Schema validation, guardrails, and tracing are applied at each step, with the reflection 
agent serving as a decision point that can modify or reject annotations prior to finalization. 
At the orchestration level, the Google ADK uses a sequential two-agent pipeline with an-
notating and reflection agents, supported by strong typing, built-in safety controls, and 
validation enforced by the orchestration. This integration limits output variability and en-
sures corrections before finalization. 

We partition the ground truth data Dgold into two disjoint subsets, Dgold-1 and Dgold-2, 
to avoid data leakage between retrieval and annotation. The rationale is to ensure no over-
lap between the set used for annotation and the set used for k-NN retrieval. Each of the 
four annotators (plain LLM, OpenAI, Agno, and Google) independently labeled a set of 
stratified samples from Dgold-1. For each query instance, we retrieved semantically similar 
examples from Dgold-2 using k-NN retrieval to construct few-shot prompts. Based on com-
parative performance across annotators, the top-performing agent across annotators was 
selected for the next phase of the study. Figure 2 illustrates the process of selecting the 
best annotator, and examples of K-NN-based annotation are provided in Appendix B. 

 

Figure 2. Annotator selection. 

4.3. Active Data Acquisition 

Active learning aims to reduce annotation costs by strategically selecting examples 
to annotate. Such strategies typically aim to maximize either uncertainty or diversity. 

Uncertainty-based approaches rely on model predictions to select hard examples, 
whereas diversity-based approaches exploit heterogeneity among selected instances. Fol-
lowing Culotta et al. [69], the least-confidence strategy was used to sort examples accord-
ing to the probability that model M assigns an item to the predicted class yˆ, prioritizing 
those with the lowest confidence: 

argmax (1 − PM (yˆ|x)) 

x∈Dpool 
(1)

Bogdanov et al. [10] found that annotation diversity and the size of the pre-training 
dataset are key factors influencing LLM performance. We consider a pool-based active 
learning framework in which a large, unlabeled dataset Dpool is available. As a baseline, 
we employed random selection to sample instances uniformly from Dpool. 
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The active learning process begins with the training of model M on a large seed set 
Dgold. Then, at each iteration, an acquisition function f (·, M ) is applied to identify a batch 
B consisting of b examples from Dpool. Least confidence is used to obtain k-NN samples. 
The LLM-powered agent annotator is queried to label this batch. The labeled batch is then 
removed from Dpool and added to the labeled set Dsilver. Model M is then trained on b ex-
amples of this batch. The process is repeated for t rounds. 

5. Experiment and Analysis 
5.1. Experiment Setting 

Our dataset consists of both labeled and unlabeled data for the Arabic complex NER 
task. The labeled corpus (gold dataset) contains 5600 samples, of which 1000 were used 
for training using five-shot learning, 750 for validation, and 850 for testing. The unlabeled 
dataset used to generate silver labels includes over 7000 samples (172,840 tokens). The 
sequence length of each instance was between 25 and 512 characters. 

5.2. Baselines 

We compare LLMAAA+ with the SUPERVISED baseline. We used AraBERT [70] to 
train the TAM on clean-labeled data Ddemo used in LLMAAA+. 

5.3. Implementation 

Several studies have shown how GPT-4 outperforms other LLMs in annotation 
[66,71]. We therefore employed GPT-4 as the primary LLM and AraBERT as TAM. For the 
uncertainty-based active acquisition function, we used the average of the maximum token 
probabilities as the pooling strategy to determine the confidence score for a sequence tag-
ging task. 

Phase 1: Annotator Selection. To find the best annotator agents besides plain GPT-4, 
we randomly split the training set into two equal subsets of 2000 samples for annotation 
and k-NN retrieval: Dgold-1 and Dgold-2. Since the dataset in the NER task often contains a 
long tail of rare entities, we avoided random selection and applied stratified sampling, 
which selects a subset of the original data frame while preserving the relative distribution 
of entity categories. We used a stratified sample of 500 instances from Dgold-1. Then, each 
of the four annotators (GPT-4, OpenAI, Agno, and Google agents) independently anno-
tated the 500 instances in parallel. Meanwhile, for each of the 500 query instances, we 
retrieved semantically similar examples from Dgold-2, of which 100 were used, to con-
struct dynamic few-shot prompts via k-NN with k = 5. We computed F1-scores at the to-
ken and entity levels and reported the micro-F1-score for each annotator relative to human 
annotations, as detailed in Appendix C. Based on the comparative performance across 
annotators, Google’s Agent Development Kit (ADK) is the best-performing agent. 

Phase 2: Active Learning-Based Annotation. Unlike LLMAAA, which reuses the 
same demonstration and validation sets, we randomly divided the gold set into 1000 sam-
ples to form the demonstration set Ddemo and randomly selected 3000 samples as the seed-
labeled set Dseed, ensuring that the two sets are disjoint. The validation set Dval remained 
unchanged and comprised 750 instances. For Dpool, where silver labeling was required, we 
relied on the unlabeled corpus. 

We initialized the training by fine-tuning AraBERT on a seed-labeled set. At each 
iteration, model M (fine-tuned AraBERT) predicted on the Dpool and selected a batch of 
200. Then, the Google agent annotated these 200 samples using kNN few-shot prompting 
with k = 5 from Ddemo. These 200 new silver-labeled samples were removed from Dpool and 
added to the training set Dsilver. M model was then retrained on Dsilver, and the process was 
repeated 25 times. 
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For both settings, SUPERVISED and LLMAAA+, TAMs were trained three times us-
ing different random seeds, and we report the mean and standard deviation of the out-
comes. Implementation details are provided in Appendix D. 

5.4. Agent-Based Annotation Performance 

To guarantee the performance of Arabic complex NER annotation, we further inves-
tigated performance with other annotators, including plain GPT-4 and agent-based anno-
tators implemented using OpenAI, Agno, and Google. Due to budgetary considerations, 
our experiments were restricted to annotating only 500 samples. The results indicate that 
the Google agent was the best annotator, based on the average micro-F1- and macro-F1-
scores, as shown in Figure 3. The Google agent outperformed the plain LLM by a large 
margin, with a 2.7% improvement in micro-F1 (0.809 vs. 0.782) and a 4% improvement in 
macro-F1 (~0.79 vs. ~0.75). The observed improvement is likely influenced by the orches-
tration capabilities of Google ADK, including multi-step reasoning, reflection-based vali-
dation, and error handling, which enhance annotation consistency compared to a single-
pass plain LLM. 

 

Figure 3. Annotator performance. 

Furthermore, the Google agent achieved the highest F1-scores across most entity clas-
ses. It performed much better on GRP, obtaining an F1-score of 0.663, while GRP outper-
formed the plain LLM (0.599), OpenAI agent (0.609), and Agno agent (0.476). Moreover, 
the Google agent was strong at recognizing and disambiguating LOC, with an F1-score of 
0.828, surpassing the plain LLM (0.787) and OpenAI agent (0.817). It was also consistently 
the best in MED, achieving an F1-score of 0.782, which is higher than that of the plain LLM 
(0.738), OpenAI agent (0.759), and Agno agent (0.751). For CW, the Google agent had an 
F1-score of 0.863, which was slightly higher that of than the plain LLM (0.856) and OpenAI 
agent (0.849) and much higher than that of Agno (0.530). For CORP, the Google agent 
outperformed Agno (0.665) and OpenAI (0.750), achieving an F1-score of 0.780, while 
staying ahead of the plain LLM (0.713). For the PROD category, its performance was al-
most identical to that of the plain LLM, but the Google agent had a very slight edge. Figure 
4 compares the F1-scores by entity class. 
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Figure 4. Comparison of annotator performance by entity class. 

6. Result Analysis 
6.1. Human Annotation 

A primary challenge in human annotation is achieving consistency in determining 
entity boundaries. For example, with the entity الذكي   هواوي  سوار  (“Huawei Smart Band”), 
some annotators include الذكي (“smart”) as part of the PROD entity, while others classify 
it as O. Similarly, for إس   أو  آي  التشغيل  نظام  (“iOS operating system”), some annotators label 
the entire phrase as a PROD entity, whereas others exclude التشغيل   نظام  (“operating sys-
tem”) and label it as O, considering only إس  أو  آي . Ambiguity also arises with certain entity 
mentions, such as  آي   أيه  أوبين  برنامج , where some annotators label آي   أيه   أوبين   برنامج  as CW, 
while others treat برنامج as O, since there is no actual application called “OpenAI,” and 
instead label  آي  أيه أوبين  as CORP. 

6.2. LLM/Agent Annotation 

6.2.1. Hallucination Behavior 

Apart from achieving top-level performance, an additional rationale for selecting the 
Google agent is its lower tendency to hallucinate. During annotation, both the Google 
agent and plain GPT-4 strictly adhered to the seven NER categories specified in the 
prompt, without generating any labels beyond those categories. Although the prompt ex-
plicitly restricted the task to seven tags, we observed that the Agno and OpenAI agents 
generated additional, unintended labels. For instance, in addition to the predefined cate-
gories (PER, LOC, GRP, CORP, MED, CW, PROD), they generated extraneous labels such 
as B-O, MISC, BOOK-TITLE, NATIONALITY, TIME, DATE, WORK, AWARD, ORG, and 
EVENT. In certain cases, the two agents showed inconsistency, labeling the same entity as 
PER and CW in some instances and as PERSON and CREATIVE_WORK in others. This 
behavior highlights the robustness of the Google agent, which proved more dependable 
by remaining aligned with the specified annotation schema. 

6.2.2. Error Analysis and Annotator Framework Effects 

We conducted an entity-level error analysis on true positives, false positives, and 
false negatives, categorizing errors into missing entities, spurious entities, boundary-re-
lated errors, and incorrect entity types. Under relaxed evaluation, missing entities (e.g., 
gold entities not predicted) and spurious entities (e.g., predicted entities not present in the 
gold standard) correspond to relaxed false negatives and relaxed false positives, 
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respectively. Boundary-related errors (e.g., partial span mismatches) are estimated based 
on the discrepancy between strict and relaxed entity-level F1-scores, capturing cases 
where predictions partially overlap gold entities but fail exact span matching, with larger 
gaps indicating greater boundary mismatches. Incorrect-type errors (e.g., correct spans 
with incorrect labels) are approximated by the excess of strict false positives over relaxed 
false positives, reflecting label mismatches on otherwise correct spans. 

• Missing-entity errors constitute the most prevalent error type across all annotators, 
especially for low-salience, context-dependent entities. Many misses occur for MED, 
PROD, and CW entities, which often rely on domain knowledge and lack explicit 
lexical markers (e.g., رواية، فيلم، مسلسل، دواء، جهاز), as Arabic lacks capitalization cues 
to signal named entities. Agents with no internal validation loops—particularly the 
plain LLM—are more likely to overlook such entities, as there is no reflection or val-
idation mechanisms to reassess recall-sensitive spans, where the errors propagate di-
rectly to the output, making performance highly dependent on prompt quality and 
model determinism. 

• Spurious-entity errors arise from overgeneralization, whereby common nouns or de-
scriptive phrases are labeled as named entities based on their perceived semantic role 
rather than true entity identity. Such errors are most prevalent for PROD, CORP, and 
GRP types. For example, expressions such as “الإحصائيات البريطانية” function as source-
like references, leading to their mislabeling as GRP entities. These errors reflect a pre-
cision–recall trade-off, where annotators favor labeling ambiguous, role-bearing 
spans over leaving them untagged. 

• Boundary-related errors largely result from the morphological richness of Arabic and 
the complexity of its noun phrase structure. Annotators frequently differ on whether 
to include determiners and modifiers—such as adjectives and explanatory apposi-
tives—within the entity span. For example, in “العلامة الإمام شمس الدين ابن القيم الجوزية”, 
the core PER entity is “شمس الدين ابن القيم الجوزية”, yet the presence of honorific modifiers 
 leads models to either extend the span beyond the entity or capture only (العلامة، الإمام)
part of the name. This case demonstrates that while models typically recognize the 
presence of a named entity, precise boundary delimitation remains difficult when 
descriptive elements are tightly integrated into the noun phrase. Agents with explicit 
span validation steps, such as Google ADK, exhibit fewer such discrepancies. 

• Incorrect entity type assignment occurs when an entity span is accurately detected 
but assigned an inappropriate semantic label, revealing limitations in category dif-
ferentiation rather than entity detection. Real-world entities often occupy overlap-
ping functional and conceptual roles; for instance, brand names and product men-
tions are frequently labeled interchangeably as CORP or PROD, while medical enti-
ties are often misclassified as products. The entity “الجواشا” exemplifies this ambigu-
ity, as it is consistently detected but inconsistently categorized as either a medical 
concept or a product. 

Figure 5 presents the overall error analysis, while Figure 6 details errors by entity 
type across the four annotators. Although Agno agent interactions execute each step de-
terministically, effective error containment relies primarily on the careful structuring of 
annotation and reflection steps, rather than on automatic mitigation by the framework. 
The Agno agent records the highest error counts across all categories, with significant de-
ficiencies in missing-entity and boundary-shifting errors, indicating limited robustness in 
span identification. The OpenAI Agents SDK demonstrates effectiveness for structured 
annotation tasks; specifically, the explicit handoff mechanism strongly influences annota-
tion outcomes. Both the OpenAI agents and the plain LLM display intermediate perfor-
mance, with boundary error remaining the main source of disagreement with human an-
notations. This highlights the inherent difficulty of exact span identification in Arabic 
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NER. In contrast, the Google ADK agent achieves the lowest error rates across all evalu-
ated categories, resulting in more balanced performance and higher annotation quality. 
This improvement is supported by the orchestration layer that enforces sequential valida-
tion and consistency checks. 

 

Figure 5. Overall error analysis across annotators. 
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Figure 6. Error analysis by entity type. 

6.2.3. MSA vs. Dialectal Arabic 

Although evaluation was not explicitly conducted by register, qualitative analysis 
indicates reliable performance differences between Modern Standard Arabic (MSA) and 
dialectal Arabic. One major challenge in generating silver labels for Arabic NER is the 
presence of clitics, which occur more frequently in dialectal Arabic than in MSA, thereby 
complicating entity annotation. For instance, the entity “ حيرا�   كبلبل  ” contains the creative 
work named entity “ حيرا�   بلبل ”, but its recognition requires correct segmentation of the 
proclitic  ك (“like”). This is similar to the entity “ بشارة  لخيري ”, which is the person named 
entity “ بشارة  خيري ” that requires correct segmentation of the proclitic  � (“to”). In MSA, en-
tity names are typically realized in standardized standalone forms with well-defined 
word boundaries (e.g., إيطاليا,  الثلاثية ), facilitating accurate span detection and normaliza-
tion. In contrast, dialectal Arabic commonly attaches prepositions and definite articles to 
entity names (e.g., بايطاليا, للثلاثية ), reducing boundary clarity and leading to missed entities 
or incorrect normalization. 

Compound product naming in spoken contexts presents additional challenges. Dia-
lectal expressions such as “ هواوي   هواتف  ” and “ ميت  هواوي   هواتف  ” are commonly used as general 
product references, whereas MSA contexts typically use fully specified product names 
(e.g., إي  إس 10 نوفا  هواوي ). These issues result in systematic CORP–PROD ambiguity, where 
“ is annotated as CORP or the full phrase ”هواوي“ هواوي   هواتف ” as PROD in dialectal input. 

Overall, these findings support agent-based annotation—particularly the Google 
ADK agent—over vanilla LLM prompting for Arabic NER in mixed-register settings. Va-
nilla LLMs remain highly sensitive to morphological attachment and contextual variation 
because they lack internal validation. In contrast, frameworks with embedded orchestra-
tion and consistency checks demonstrate greater robustness and yield more stable anno-
tations across both MSA and dialectal Arabic. 

6.3. Single-LLM Limitations 

A potential limitation of the proposed framework lies in its reliance on GPT-4-based 
agents as the primary source of silver annotations. Under this setting, the annotator 
agent’s systematic annotation preferences or biases may be propagated into the generated 
dataset and subsequently learned by the task-specific model (TAM). This risk is partially 
mitigated in our framework by initializing the training process with human-annotated 
gold data. Therefore, we restricted the LLM’s role to annotation rather than inference and 
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employed active learning to selectively acquire informative and uncertain samples, rather 
than uniformly adopt model-generated labels. 

6.4. Active Learning Effects 

Least-confidence sampling reliably outperforms random sampling across most iter-
ations. While random sampling exhibits fluctuations and unstable performance, least-con-
fidence sampling yields smoother progress and higher F1-scores. In addition, least-confi-
dence sampling shows smoother performance progression and lower variance than ran-
dom sampling, indicating greater robustness under noisy annotation conditions. Minor 
declines are observed in later iterations as progressively more complex morphology and 
ambiguous samples are selected. Such fluctuations are expected behavior in active learn-
ing settings, particularly in Arabic NER, which inherently involves annotation uncer-
tainty. Overall, least-confidence sampling still obtains more stable learning and higher 
peak performance than random sampling. Figure 7 shows the learning curves of the pro-
posed active learning framework as up to 5000 samples are annotated using agent-based 
annotation. 

 

Figure 7. LLMAAA+ performance using least-confidence sampling and random selection over 25 
active learning iterations. The plot reports the mean F1-score and standard deviation across multiple 
random seeds. 

7. Overall Results 
Table 7 presents the main experimental results obtained on our dataset. LLMAAA+ 

shows considerable performance gains as the amount of annotated data increases. In par-
ticular, scaling LLMAAA+ from 100/500 to 1000/5000 samples improves the average F1-
score by approximately 14.3 points (≈23.1% relative improvement). With 1000/5000 sam-
ples, LLMAAA+, using least-confidence sampling, outperforms both random sampling 
and the supervised baseline trained on 1000 clean-labeled instances. 
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Table 7. Results for LLMAAA+ with different active learning strategies and other baselines. (data: 
gold/silver), using GPT-4 as the LLM backbone and Google as the agent. The mean F1 ±  standard 
deviation over three different runs is reported for each method. 

Method #Data Avg. F1 
SUPERVISED 1000/- 0.6410.024 
LLMAAA+ (confidence) 100/500 0.6180.010 
LLMAAA+ (random) 1000/5000 0.7380.006 

LLMAAA+ (confidence) 1000/5000 0.7600.011 

Note: #Data denotes the number of instances, reported as gold/silver. 

8. Conclusions 
In this work, we constructed a corpus of non-traditional names that is rich in new 

and emerging entities, linguistic trends, and terminology, with minimal human interven-
tion. We propose an Arabic complex NER (AraCoNER) dataset that integrates both hu-
man-annotated (gold) and LLM-generated (silver) labels. This is achieved using the pro-
posed LLM–agent-based annotation framework (LLMAAA+), which employs the best-
performing LLM-powered agents as active annotators to mitigate annotation costs while 
maintaining quality and efficiency. Furthermore, LLMAAA+ enables an LLM-powered 
agent to annotate the most information-rich samples in active learning, incorporate 
prompt engineering using k-NN example retrieval as in-context examples to train TAM, 
and then generate pseudo-labels. LLMAAA+ demonstrates superior performance when 
trained on a combination of gold and silver labels, achieving a higher F1-score compared 
to training on gold/clean labels exclusively. This approach delivers high performance with 
good cost and time efficiency, minimizing both annotation expenses and human effort. 

As future work, we plan to extend our evaluation by comparing LLMAAA+ with 
contemporary zero- and few-shot Arabic NER approaches, as well as with other LLM-
based annotation frameworks, to further assess its effectiveness and generalizability 
across different annotation strategies and NER model architectures. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

ADK Agent Development Kit 
CSV Comma-Separated Values 
IAA Inter-Annotator Agreement 
k-NN k-Nearest Neighbor 
LLM Large Language Model 
MSA Modern Standard Arabic 
NER Named Entity Recognition 
NLP Natural Language Processing 
TAM Task Specific Model 

Appendix A 
Prompts 

The complete prompts used for annotation and generation are presented in Table A1. 
Before finalizing our prompt design, we evaluated it on 50 samples to ensure comprehen-
sive label coverage across all tags. Based on this result, we decided to incorporate addi-
tional instructions. To incorporate demonstrations, the text of each sample was added to 
the input while its label was placed in the output. The target sample was then inserted 
into the final input, and the corresponding output was left blank for prediction. Table A2 
presents the prompts used for generation, which follow a similar design to those for an-
notation. 

Table A1. Annotator prompt. 

Description 

You are a highly intelligent and accurate news domain named-entity recognition (NER) system in 
Arabic language. 
Your task is to recognize, and extract named entities in the ‘user input’ and classify them into a 
set of following predefined entity types: [person (PER), location (LOC), group (GRP), corporation 
(CORP), Medical (MED), product (PROD), creative work (CW)] 
Your Output is in JSON format: [{“span”: “text”, “type”: “entity_type”}, ...] 

Instruction 

Scan the user input completely to find all named entity spans. 
The span must match the exact words in the original text, including white spaces. 
Ensure no overlapping or nested spans. 
Spans may include multiple tokens. 
Only use the allowed entity types: {PER, LOC, CORP, GRP, PROD, CW, MED}. 
Classification Guidelines: 

• PER: Names of individuals. 
• LOC: Names of places. 
• CORP: Names of corporations/business. 
• GRP: Names of groups/organization. 
• PROD: Names of products such as clothes, vehicles, food, hardware. 
• CW: Names of creative works such as movies, books, songs, shows. 
• MED: Names of diseases, medications, diagnosis. 

Output format Input: “Input: {}” 
Output: “Output: {}” 

Table A2. Generator prompt. 

Description You are an intelligent text data generator. Generate {} high-quality and diverse sentences in 
news domain containing entities in Arabic language for the following types: [person (PER), 
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location (LOC), group (GRP), corporation (CORP), Medical (MED), product (PROD), creative 
work (CW)] 

Format Example: “Example: {}” Output: “Output: {}” 
Default example {“text”: text, “entities”: [{“name”: name, “type”: type}]} 

Appendix B 
Annotation Examples 

Table B1 shows two sentence queries annotated by the four annotators, illustrating 
valid and partially valid cases. Table B2 presents a sentence query, k-NN retrieval exam-
ples, and silver labels generated by the Google agents. 

Table A3. Annotation examples for the four annotators. 

Query 1 سحيلة بنت عديم أم الخلاجين من بطولة زهرة الخرجي وحمد العماني وعبد الله التركماني وميس قمر .

Plain GPT-4 
[{‘span’: ‘سحيلة بنت عديم’, ‘type’: ‘CW’}, {‘span’: ‘زهرة الخرجي’, ‘type’: ‘PER’}, {‘span’: ‘حمد العماني’, ‘type’: 
‘PER’}, {‘span’: ‘عبد الله التركماني’, ‘type’: ‘PER’}, {‘span’: ‘ميس قمر’, ‘type’: ‘PER’}] 

GPT-4 + Agno 
[{‘span’: ‘سحيلة بنت عديم’, ‘type’: ‘PER’}, {‘span’: ‘زهرة الخرجي’, ‘type’: ‘PER’}, {‘span’: ‘حمد العماني’, ‘type’: 
‘PER’}, {‘span’: ‘عبد الله التركماني’, ‘type’: ‘PER’}, {‘span’: ‘ميس قمر’, ‘type’: ‘PER’}] 

GPT-4 + OpenAI 
[{‘span’: ‘سحيلة بنت عديم’, ‘type’: ‘PER’}, {‘span’: ‘زهرة الخرجي’, ‘type’: ‘PER’}, {‘span’: ‘حمد العماني’, ‘type’: 
‘PER’}, {‘span’: ‘عبد الله التركماني’, ‘type’: ‘PER’}, {‘span’: ‘ميس قمر’, ‘type’: ‘PER’}] 

GPT-4 + Google 
[{‘span’: ‘سحيلة بنت عديم’, ‘type’: ‘CW’}, {‘span’: ‘زهرة الخرجي’, ‘type’: ‘PER’}, {‘span’: ‘حمد العماني’, ‘type’: 
‘PER’}, {‘span’: ‘عبد الله التركماني’, ‘type’: ‘PER’}, {‘span’: ‘ميس قمر’, ‘type’: ‘PER’}] 

Query 2  واشتهر في الفترة الأخيرة أسياخ شاورما الشيش طاووق الذي يشوى على سيخ عمودي . 
Plain GPT-4 [{‘span’: ‘أسياخ شاورما’, ‘type’: ‘PROD’}, {‘span’: ‘الشيش طاووق’, ‘type’: ‘PROD’}] 
GPT-4 + Agno [{‘span’: ‘أسياخ شاورما’, ‘type’: ‘PROD’}, {‘span’: ‘الشيش طاووق’, ‘type’: ‘PROD’}] 
GPT-4 + OpenAI [{‘span’: ‘شاورما’, ‘type’: ‘PROD’}, {‘span’: ‘الشيش طاووق’, ‘type’: ‘PROD’}] 
GPT-4 + Google [{‘span’: ‘شاورما’, ‘type’: ‘PROD’}, {‘span’: ‘الشيش طاووق’, ‘type’: ‘PROD’}] 

Table A4. Annotation examples (K-NN and silver labels). 

Query sentence  الشركة المطورة لـشات جي بي تي تطلق ميزة جديدة لتعزز منافستها لـ أليكسا وسيري .

k-NN examples 

Example 1: 
Sentence:   أعلنت مايكروسوفت إضافة سمات جديدة مدعومة بالذكاء الاصطناعي إلى خدمة البريد الإلكتروني أوت لوك وتتطلب هذه الميزة
 الاشتراك في كوبايلت برو 
Entities: مايكروسوفت (CORP),  أوت لوك (CW),  كوبايلت برو (CW) 
 
Example 2: 
Sentence:  ذكاء اصطناعي بـميزات بشرية. تحديثات استثنائية لـآبل في مساعدها سيري 
Entities:  لـآبل (CORP),  سيري (CW) 
 
Example 3: 
Sentence: بدأت مايكروسوفت اختبار خطة جديدة في خدمات تتضمن مزايا الذكاء الاصطناعي كوبايلوت وتطبيق المصمم مع اشتراك أغلى 
Entities: مايكروسوفت (CORP),  كوبايلوت (CW),  المصمم (CW) 
 
Example 4: 
Sentence: كشفت أوبن إيه آي عن محركها البحثي الجديد بالذكاء الاصطناعي سيرش جي بي تي 
Entities: أوبن إيه آي (CORP), سيرش جي بي تي (CW) 
 
Example 5: 
Sentence: تختبر شركة بايت دانس مالكة تطبيق تيك توك تطبيقا جديدا يدعى وهو تطبيق من فئة تطبيقات التواصل الاجتماعي  
Entities: بايت دانس (CORP), تيك توك (CW) 

Silver labels [{‘span’: ‘شات جي بي تي’, ‘type’: ‘CW’}, {‘span’: ‘أليكسا’, ‘type’: ‘CW’}, {‘span’: ‘سيري’, ‘type’: ‘CW’}] 
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Appendix C 

Table A5. Token-level agreement (human vs. LLM/agent). 

Tag 
Plain LLM Agno OpenAI Google 

TP FP FN F1 TP FP FN F1 TP FP FN F1 TP FP FN F1 
PER 316 30 32 0.91 313 42 32 0.89 314 37 34 0.90 317 28 29 0.92 
LOC 148 47 33 0.79 144 33 34 0.81 150 34 33 0.82 149 28 34 0.83 
GRP 56 57 18 0.60 45 70 29 0.48 53 47 21 0.61 55 37 19 0.66 

CORP 163 84 47 0.71 169 111 59 0.67 168 50 62 0.75 176 45 54 0.78 
CW 377 32 95 0.86 183 35 289 0.53 367 26 105 0.85 378 28 92 0.86 

PROD 198 69 114 0.69 165 214 132 0.44 177 52 135 0.65 197 69 115 0.68 
MED 275 71 124 0.74 275 58 124 0.75 286 69 113 0.76 291 68 94 0.78 
Micro 1533 390 463 0.78 1294 563 699 0.67 1515 315 503 0.79 1563 303 437 0.81 

Table A6. Entity-level agreement (relaxed F1-score of human vs. LLM/agent). 

Tag 
Plain LLM Agno OpenAI Google 

TP FP FN F1 TP FP FN F1 TP FP FN F1 TP FP FN F1 
PER 160 15 17 0.91 162 20 14 0.91 161 19 16 0.90 163 15 13 0.92 
LOC 105 35 14 0.81 101 23 18 0.83 108 24 13 0.85 106 16 15 0.82 
GRP 30 23 5 0.68 25 37 10 0.52 29 27 6 0.64 30 19 5 0.71 

CORP 131 30 18 0.85 137 53 29 0.77 132 24 35 0.82 133 22 34 0.83 
CW 207 11 33 0.90 98 12 142 0.56 203 10 37 0.90 204 9 35 0.90 

PROD 134 26 46 0.79 121 105 52 0.61 122 23 58 0.75 131 26 49 0.78 
MED 141 30 50 0.78 142 21 49 0.80 147 26 44 0.81 148 26 37 0.82 
Micro 908 170 183 0.84 786 271 314 0.73 902 153 209 0.83 915 133 188 0.85 

Table A7. Entity-level agreement (strict F1-score of human vs. LLM/agent). 

Tag 
Plain LLM Agno OpenAI Google 

TP FP FN F1 TP FP FN F1 TP FP FN F1 TP FP FN F1 
PER 158 17 19 0.90 159 23 17 0.89 159 21 18 0.90 161 17 15 0.91 
LOC 94 46 25 0.73 91 33 28 0.75 96 36 25 0.76 95 27 26 0.78 
GRP 28 25 7 0.64 22 40 13 0.45 28 28 7 0.62 28 21 7 0.67 

CORP 113 48 36 0.73 117 73 49 0.66 121 35 46 0.75 124 31 43 0.77 
CW 193 25 47 0.84 86 24 154 0.50 189 24 51 0.83 193 20 46 0.85 

PROD 106 54 74 0.62 92 134 81 0.46 97 48 83 0.60 103 54 77 0.61 
MED 123 48 68 0.68 122 41 69 0.69 127 46 64 0.70 131 43 54 0.73 
Micro 815 263 276 0.75 689 368 411 0.64 817 238 294 0.75 835 213 268 0.78 

Appendix D 
Implementation 

All experiments were conducted with three random seeds, yielding different param-
eter initializations and data samples, and the results are reported as mean and standard 
deviation. Sentence embeddings were computed using Arabic-SBERT-100K and utilized 
for KNN-based retrieval with cosine similarity and k = 5 neighbors to select few-shot ex-
amples. AraBERT was adopted as the encoder for TAMs, trained with a learning rate of 5 
× 10−5, and optimized using AdamW. 
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