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Abstract
Zero-shot Named Entity Recognition (NER) has gained prominence for information extraction across diverse
domains without being limited to a single, fixed tag set. However, existing NER resources vary widely in data format,
licensing terms, annotation schemes, and availability, making it difficult to systematically evaluate the generalization
capabilities of zero-shot NER models. Prior attempts to aggregate datasets with broad coverage across domains
have largely focused on a small subset of languages, and it is often not transparent how datasets were processed
from their sources. This paper introduces MELD, a comprehensive multilingual and multi-domain data collection
designed to address these gaps. MELD integrates 60 NER datasets spanning 194 languages, 14 domains, and
601 normalized entity types. While previously introduced multilingual NER datasets are mainly silver-standard,
MELD contains gold-standard annotations for 60 languages. All data processing steps are fully open-source and
reproducible, facilitating future extensions and ensuring long-term accessibility. While MELD is primarily designed
for zero-shot evaluation, it also provides training and development splits in a single, consistent format to support
future research in few-shot and supervised NER settings.
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1. Introduction

Named Entity Recognition (NER) is a foundational
NLP task that supports a wide range of applica-
tions, including information extraction, search, and
knowledge graph construction. Traditionally, NER
models have been trained on manually annotated
datasets with a fixed inventory of entity categories,
including general types such as “person” or “loca-
tion” (Grishman and Sundheim, 1995) and special-
ized types tailored to specific domains and tasks.
While effective, this reliance on pre-specified la-
bels has limited the adaptability of conventional
NER systems.

The rise of large language models (LLMs) has
led to increased interest in zero-shot NER, where a
system is instructed to recognize entity types spec-
ified by the user at inference time. This paradigm
can be approached by prompting general instruc-
tion-tuned LLMs (Wang et al., 2025), or with dedi-
cated models trained on synthetic data (Zaratiana
et al., 2024) or heterogeneous collections of multi-
domain datasets (Yang et al., 2025). By remov-
ing the need to manually annotate new datasets
for each task, zero-shot NER enables broader
applicability and lowers the cost of deployment
in new domains. However, no single dataset or
benchmark currently covers the range of domains,
languages, and annotation conventions needed
to systematically evaluate zero-shot NER perfor-
mance across languages and domains.

To address this gap, we introduce a new collec-
tion of multilingual, entity-labeled datasets (MELD).
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Figure 1: Domain distribution of the gold-standard
part of MELD (language distribution in Figure 4).

To our knowledge, MELD is the largest data col-
lection for NER to date, including gold-standard
test sets for 60 languages across 14 domains
(see Figure 1) alongside widely-used silver-stan-
dard datasets for additional multilingual coverage
to a total of 194 languages. We consider datasets
as “silver-standard” if they were automatically ex-
tracted without human verification. Most current
multilingual datasets fall into this category, while
the availability of gold-standard data is limited to a
small number of high-resource languages.1

In contrast to most previous large-scale datasets
and benchmarks collected from multiple datasets,

1A notable exception is MasakhaNER for African lan-
guages (Adelani et al., 2022).
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MELD is fully end-to-end reproducible from pub-
lished sources. Furthermore, data processing is
implemented as a set of modular components de-
signed to facilitate future expansions and modifi-
cations. MELD is open-source and available from:
https://github.com/kgnlp/meld.

2. Related Work

NER is a quintessential NLP task, and a large num-
ber of datasets for it have been released in the past
decades. Where most of these target single do-
mains and languages, we focus on NER for both
highly multilingual and multi-domain applications.

Multilingual Datasets The most widely used
dataset for large-scale multilingual evaluation of
NER models is WikiANN (Pan et al., 2017), which
(in its original version) provides annotations for
four general entity types across 282 languages.
These annotations have been automatically ex-
tracted using Wikipedia anchor links and auto-
matic tagging to identify unlinked entities (Pan
et al., 2017). Although WikiANN offers broad lan-
guage coverage, its use for training and evaluation
has been criticized for quality issues such as label
noise and the lack of involvement of native speak-
ers for most of the languages represented (Lignos
et al., 2022).

More recent multilingual dataset construction ef-
forts include WikiNEuRal (Tedeschi et al., 2021)
and the MultiCoNER v2 (Fetahu et al., 2023a,b)
benchmark. Like WikiANN, they are silver-stan-
dard datasets extracted from Wikipedia. How-
ever, they were developed for a smaller set of lan-
guages, and utilize improved methods to handle
the issues of unlinked entities and entity type as-
signment. Furthermore, MultiCoNER v2 includes
annotations for a broader range of 32 fine-grained
entity types, which makes it more suitable for eval-
uating zero-shot NER models.

A key limitation of Wikipedia-derived NER
datasets is the lack of diversity in domains and text
types. While Wikipedia articles cover a diverse set
of topics, evaluation results may not necessarily
be representative of performance on, e.g., social
media or legal texts (Tatariya et al., 2024). Fur-
thermore, the source articles for low-resource lan-
guages can themselves be of low quality as they
are often written by non-native speakers (Tatariya
et al., 2024).

Addressing the limitations of silver-standard
evaluation, Mayhew et al. (2024) proposed Univer-
sal NER, a gold-standard dataset consisting pri-
marily of manually annotated portions of Univer-
sal Dependency corpora, focusing on a coarse-
grained entity tag set with three types. While this
allows for consistent multilingual evaluation, it is

not sufficient on its own to estimate multi-domain
performance, as the Universal Dependencies cor-
pora source text from a limited set of domains. Fur-
thermore, the coarse label inventory cannot ap-
proximate the fine-grained distinctions that zero-
shot NER systems are expected to make when
users specify novel entity types at inference time.

The most recent effort toward constructing multi-
lingual datasets is OpenNER (Palen-Michel et al.,
2025), which compiles 36 gold-standard NER
datasets covering 52 languages. However, Open-
NER does not include nested entity annotations.
Furthermore, it focuses on datasets that are avail-
able in a pre-tokenized format and center around
traditional named entity types, which restricts its
usefulness for the evaluation of zero-shot NER.

Multi-Domain Datasets To evaluate multi-do-
main generalization in English, Liu et al. (2021) in-
troduced CrossNER to measure transfer of NER
models to six domains. More recently, Zhou et al.
(2024) assemble a large-scale benchmark encom-
passing 43 datasets across nine domains. How-
ever, their data and preprocessing code are not
open-source, making it difficult to reproduce. Yang
et al. (2025) introduce B2NERd, a collection of 54
datasets designed for training open-domain NER
models, covering diverse domains in English and
Chinese. Additionally, they propose a shared en-
tity type taxonomy which resolves inconsistencies
between different definitions of the same entity
type across datasets. They show that this dis-
ambiguation leads to substantially improved per-
formance of models trained on the data collection.
While B2NERd covers a diverse set of domains in
two high-resource languages, additional work is re-
quired for multilingual evaluation.

3. MELD

In this section, we describe the data selection pro-
cess for MELD, our methodology for processing
constituent datasets into a standardized format,
and our approach for normalizing entity types to
facilitate zero-shot NER evaluation.

3.1. Data Selection
Since we aim to cover a broad spectrum of lan-
guages and domains, we selected a diverse set of
upstream datasets annotated with named entities,
terms and concepts. An overview of these sources
is given in Table 1.

3.1.1. Exclusion Criteria

To ensure that MELD is reproducible and sim-
ple to use, we excluded data sets that cannot

https://github.com/kgnlp/meld
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Domain Datasets

Agriculture AgCNER (Yao et al., 2024) AgriNER (De et al., 2023)

Biomedical

AnatEM (Pyysalo and Ananiadou, 2013) BC2GM (Smith et al., 2008)
BC4CHEMD (Krallinger et al., 2015) BC5CDR (Li et al., 2016)
BioRED (Luo et al., 2022) JNLPBA (Collier et al., 2004)
NCBI-Disease (Doğan et al., 2014)

Clinical CANTEMIST (Miranda-Escalada et al., 2020) EBM-NLP (Nye et al., 2018)
RaTE-NER♃ (Zhao et al., 2024)

Finance FiNER-139 (Loukas et al., 2022)

Food TASTEset (Lawrynowicz et al., 2023)

General

Arabic-Cross-Dialectal-NER (Elkhbir et al.,
2023)

UniversalNER (Plank et al., 2020; Jørgensen
et al., 2020; Mayhew et al., 2024)

Naamapadam♃ (Mhaske et al., 2023) NYTK-NerKor (Simon and Vadász, 2021)
pioNER♃ (Ghukasyan et al., 2018) Thai-NER (Phatthiyaphaibun, 2024)
Turku-NER-corpus (Luoma et al., 2020) TurkuONE (Luoma et al., 2021)
CrossNER (Liu et al., 2021)

Law E-NER (Au et al., 2022) German-LER (Leitner et al., 2019)
LegalNERo (Pais et al., 2021)

Literature Herodotos-Project-NER (Erdmann et al.,
2019)

News

CLEANANERCorp (Mashael AlDuwais and Al-
Salman, 2024)

MasakhaNER-X (Ruder et al., 2023; Adelani
et al., 2022, 2021)

EverestNER (Niraula and Chapagain, 2022) FiNER-ORD (Shah et al., 2024)
FoNE (Snæbjarnarson et al., 2023) idner-news-2k (Khairunnisa et al., 2020)
CoNLL-2003 (Tjong Kim Sang and De Meul-
der, 2003)

PhoNER-COVID19 (Truong et al., 2021)

Science

FabNER (Kumar and Starly, 2021) SciER (Zhang et al., 2024)
SCIERC (Luan et al., 2018) SciREX (Jain et al., 2020)
SOFC-Exp (Friedrich et al., 2020) SoMeSci (Schindler et al., 2024, 2021)
WIESP2022 (Grezes et al., 2022) WLP (Kulkarni et al., 2018)

Social Media

DanfeNER (Niraula and Chapagain, 2023) HarveyNER (Chen et al., 2022)
MIT-Movie (Liu et al., 2013) MIT-Restaurant (Liu et al., 2013)
Tweebank-NER (Jiang et al., 2022) TweetNER7 (Ushio et al., 2022)
Weibo-NER (He and Sun, 2017; Peng and
Dredze, 2016, 2015)

WNUT2017 (Derczynski et al., 2017)

Software StackOverflowNER (Tabassum et al., 2020)

Transportation FindVehicle (Guan et al., 2024)

Wikipedia

Few-NERD (Ding et al., 2021) Japanese-Wikipedia (近江崇宏, 2021)
MultiCoNER☾ (Fetahu et al., 2023a,b) MultiNERd☾ (Tedeschi and Navigli, 2022)
WikiNEuRal☾ (Tedeschi et al., 2021) WikiANN☾ (Pan et al., 2017; Rahimi et al.,

2019)Polyglot-NER☾ (Al-Rfou et al., 2015)

Table 1: Datasets included in MELD grouped by their primary domains. The superscript ☾ indicates silver
standard datasets, and ♃ indicates datasets with both silver- and gold-standard splits.

be redistributed or automatically downloaded from
their source. The primary reasons for exclusion
were the requirement for users to acquire paid li-
censes, personally request access, or complete a
registration process. For these reasons, we also
excluded some historically relevant datasets that
have been commonly used for NER evaluation
and included in previous benchmarks, but are sub-
ject to restrictive licensing agreements, including

OntoNotes (Hovy et al., 2006), ACE 2004 (Mitchell
et al., 2005) and ACE 2005 (Walker et al., 2006).
However, we include the widely-used CoNLL 2003
dataset (Tjong Kim Sang and De Meulder, 2003),
which can be accessed programmatically under
the assumption that the user signs and submits an
agreement with the copyright holder. Users of our
data may opt not to include the CoNLL 2003 sub-
set during data processing if no comparison with
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Figure 2: Licenses of datasets included in MELD.
Where text and annotations are licensed sepa-
rately, all licenses are included.

previous work evaluated on the dataset is desired.
Figure 2 shows the distribution of dataset li-

censes in MELD. Of the 60 included datasets, 45
were released under open licenses and can be re-
distributed under their respective conditions. 13
datasets were made publicly available for research
purposes but not published under specific license
terms covering redistribution.

3.1.2. Selection Process

We started by selecting English and multilingual
datasets across domains to match previous open-
domain NER work by Zhou et al. (2024) and Yang
et al. (2025), provided they were not ruled out by
our exclusion criteria. As a consequence of these
criteria, MELD currently covers a smaller set of Chi-
nese data compared to Yang et al. (2025). After
establishing this core set of data, we then focused
on expanding coverage by incorporating diverse
datasets across additional languages.

Gold-Standard Datasets When selecting gold-
standard datasets, we prioritized datasets with di-
verse domains. This is in contrast to Palen-Michel
et al. (2025), who focus on general entity types.
Our second priority were languages that do not
use the Latin script. Script transfer is notoriously
challenging in multilingual models, including state-
of-the-art LLMs (Nguyen et al., 2025). For in-
stance, Zaratiana et al. (2024) found that while
their zero-shot NER model GliNER generalizes re-
markably well cross-lingually after only fine-tuning
on English NER data, there is a substantial drop in
performance when evaluating on languages using
non-Latin scripts.

From Universal NER (Mayhew et al., 2024), we

include all datasets from its initial release, as well
as a more recent Norwegian subset based on
the NorNE dataset (Jørgensen et al., 2020). For
Finnish, we include both the Turku NER Corpus
(Luoma et al., 2020) and TurkuONE (Luoma et al.,
2021). TurkuONE includes the Turku NER Cor-
pus and is annotated with more fine-grained entity
types. In contrast, document boundaries are pre-
served in the Turku NER Corpus for long context
evaluation which were discarded in TurkuONE.

Silver-Standard Datasets For the majority of
the world’s languages, no gold-standard NER data
is currently available. Therefore, we additionally in-
clude commonly used silver-standard datasets in
our collection. We select the more frequently used
version of WikiANN with balanced splits for 176
out of the originally 282 languages (Rahimi et al.,
2019) due to availablility.

We include Polyglot-NER (Al-Rfou et al., 2015),
since it has been used in previous work (Zhou
et al., 2024; Yang et al., 2025). However, it was
designed for training rather than evaluation without
a pre-defined test split. Since we already include
multiple multilingual silver standard datasets, we
therefore decided to not define our own splits but
still provide Polyglot-NER in our standardized for-
mat to facilitate future work on supervised training
and evaluation.

Hybrid Silver/Gold-Standard Datasets MELD
contains three additional datasets that are partially
silver-standard but include gold-standard annota-
tions for evaluation: the multilingual Naamapadam
dataset (Mhaske et al., 2023), which covers 11 lan-
guages from the Indian subcontinent and includes
manually annotated test sets for 9 of them; the Ar-
menian pioNER dataset (Ghukasyan et al., 2018),
which contains a manually annotated gold-stan-
dard test set; and RaTE NER (Zhao et al., 2024),
an English NER dataset of radiology reports of
which part of the training and validation sets have
been annotated by LLMs.

3.1.3. Domain Coverage

While we cover English NER in 14 domains, an-
notated data for specialized domains in other lan-
guages is relatively sparse. Due to our inclusion of
Wikipedia-derived synthetic data, MELD includes
Wikipedia data for 171 of 194 languages. For
31 languages, annotated text is available for the
“general” domain from a mixture of sources such
as web crawls, Wikipedia, and news websites.
Annotated data exclusively in the news domain
is available for 30 languages. For the legal do-
main, we include dedicated datasets in three lan-
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guages (German, English, and Romanian)2. Fur-
thermore, we include dedicated datasets for three
languages in the social media domain (English,
Chinese, and Nepali). For the literature domain,
we include the Tagalog subset of UniversalNER
(Mayhew et al., 2024), and the literature subset
of the Hungarian NYTK-KorNER dataset (Simon
and Vadász, 2021). We additionally include the
Latin Herodotus Project NER dataset (Erdmann
et al., 2019) to cover applications in the digital hu-
manities. Finally, we include agricultural datasets
in English and Chinese, and the Spanish CAN-
TEMIST clinical dataset for extracting tumor mor-
phologies (Miranda-Escalada et al., 2020). Spe-
cialized datasets for the remaining six domains are
only available in English.

Our final collection consists of 60 datasets, in-
cluding 60 languages with gold-standard test sets,
68 languages with silver-standard test sets (in ad-
dition to WikiANN), and 194 languages overall.

3.2. Data Processing
MELD uses a modular processing framework that
converts all included datasets into a single, con-
sistent format. This design facilitates incorporat-
ing new datasets. If a dataset follows an already
supported format, adding it requires only a single
configuration file.

Format Standardization The creation of MELD
required processing 14 distinct formats of varying
complexity, with 9 formats being unique to individ-
ual datasets. While 45% of our datasets are dis-
tributed in a CoNLL-style columnar format (Tjong
Kim Sang and De Meulder, 2003), they differ
greatly in their number and type of columns, use
of comments, “DOCSTART” tokens, or addition of
non-standard metadata. In total, we identified 14
distinct CoNLL “dialects” across 27 datasets. In
cases where datasets are distributed in multiple
formats, we selected that which included all anno-
tations and the original source text, or sufficient
information to reconstruct it. For instance, some
nested NER datasets are distributed in a tokenized
and flattened format that does not preserve nested
annotations or the original source text formatting.
We preserve all tag sets in cases where datasets
support more than one, such as separate sets of
fine- and coarse-grained types.

Data Splitting We preserve the original data
splits into training, validation and test sets wher-
ever possible. For datasets that were originally
evaluated in a cross-validation setup and lack

2While the Hungarian NYTK-KorNer dataset (Simon
and Vadász, 2021) includes a subset of legal text, it is
not annotated with domain specific tags.

pre-defined splits, such as FoNE (Snæbjarnarson
et al., 2023) and TasteSET (Lawrynowicz et al.,
2023), we include the entire dataset as a test set.

Validation and Cleaning Where possible, we
implement strict structural validation for each for-
mat to identify internal inconsistencies. Through
this approach, we identify and automatically re-
solve misaligned text offsets of annotations and in-
valid or inconsistent IOB tags, such as both “I-LOC”
and “I-LOCATION” being used in the same dataset.
Furthermore, we conduct minimal data cleaning,
such as removing spurious XML tags from pioNER
tokens (Ghukasyan et al., 2018).

In contrast, we generally preserve original noise
in the text since we consider it representative of
user written text in real-world settings. Fetahu
et al. (2023a) deliberately insert artificial noise into
MultiCoNER v2 test sets to simulate typographic or
OCR errors for this reason. We do not identify in-
correct labels unless in clear cases that can be dis-
covered through internal consistency checks and
automatically fixed in our implementation. Manual
re-labeling is out of scope of this work.

Source-Text Alignment In contrast to Palen-
Michel et al. (2025), who use a pre-tokenized for-
mat, we align all annotations to the original, un-
tokenized text. This lets us preserve the original
document formatting, which is suitable for evaluat-
ing LLM-based (Wang et al., 2025) or span-based
(Zaratiana et al., 2024) NER, and ensures that our
data remain tokenizer-agnostic. In cases where
the original text cannot be reproduced, such as in
datasets published in a pre-tokenized CoNLL for-
mat, we follow the common practice of detokeniz-
ing by joining tokens with whitespace (Yang et al.,
2025; Zhou et al., 2024).

Document Structure NER has historically been
applied at the sentence or paragraph level, and
widely-used cross-lingual taggers such as those
based on XLM-RoBERTa (Conneau et al., 2020)
are limited to a maximum context length of 512 to-
kens. In contrast, more recent LLMs support much
longer contexts, ranging from 128,000 tokens to
over 2 million (Ding et al., 2024), facilitating NER
at the document level. To support future evaluation
in such long-context settings, we preserve the full
document structure where possible. For models
with shorter context lengths, we also preserve orig-
inal sentence boundaries in each dataset, where
available. For datasets that are annotated on a
document level, we provide sentence boundaries
via automatic sentence tokenization using Seg-
ment Any Text (Frohmann et al., 2024).
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Figure 3: Distribution of annotated entity mentions (above) and entity types (below) across tag sets from
all datasets (left) and only gold-standard annotations (right).

Data Format To store our annotations, we opt for
a span-based format to allow for nested entities,
similar to previous work (Yang et al., 2025). We
choose the columnar Apache Parquet format3 for
efficiency and interoperability with widely used li-
braries such as Hugging Face Transformers (Wolf
et al., 2020). Additionally, to support discontinu-
ous NER datasets, we allow a sequence of multi-
ple spans for each annotation.4

While we keep the original tag set for most
datasets proposed by their authors, the StackOver-
flow NER (Tabassum et al., 2020) dataset includes
annotations for eight rare entity types in addition to
the set of 20 types reported, which we preserve in
our processed version.

3.3. Entity Type Normalization
After collecting datasets and processing them into
a single, consistent format, we additionally nor-
malize all entity types. In contrast to supervised
NER models which are trained on a fixed set of en-
tity types, zero-shot NER models such as GliNER
(Zaratiana et al., 2024) or UniversalNER (Zhou
et al., 2024) encode the tag set at inference time.
To ensure consistency, following Zhou et al. (2024)
and Palen-Michel et al. (2025), we normalize each
individual tag set into a common, more human-
readable form for zero-shot methods. While we
ensure a degree of consistency across datasets
by mapping, e.g., “PER”, “PERS” and “Person” to
“person”, we do not aim to construct a taxonomy

3https://parquet.apache.org/
4Currently, the only dataset with discontinuous anno-

tations we include is the biomedical BC5CDR (Li et al.,
2016) dataset.

as in B2NERd (Yang et al., 2025). Therefore, we
do not account for differences in annotation guide-
lines across different dataset, such as whether
“person” should only be used to annotate proper
nouns or pronouns as well. Instead, we focus on
dataset and tag-set-internal consistency.

We conduct some limited disambiguation for
zero-shot evaluation inspired by B2NERd. For in-
stance, the fine-grained tag set in German-LER
(Leitner et al., 2019) contains “lawyer” and “judge”
types in addition to a generic “person” type. In
such cases, zero-shot models for NER may anno-
tate a mention of a judge with both “judge” and “per-
son” types, or only the more general “person” type
since both types could apply. We disambiguate
such cases by adding an “other” prefix, such as
“other person” in this instance to clarify that enti-
ties should only be tagged as “person” if no more
specific type applies. Furthermore, we replace an
entity type with a more explicit type where ambi-
guity could not be reasonably resolved in the con-
text of the other tags in a tag set. For instance, in
TasteSET (Lawrynowicz et al., 2023), we replace
the ambiguous “PART” type with “ingredient part”.

FiNER-139 is a financial report dataset anno-
tated with a set of 139 standardized US-GAAP
XBRL5 tags (Loukas et al., 2022). Since a prac-
tical application would require these standardized
entity types to be used exactly, we exclude them
from our mapping and keep the original tag set.
Finally, since most entity types in our datasets
are in English, we translated the entity types of
the Japanese Wikipedia dataset (近江崇宏, 2021)

5http://www.xbrl.us/xbrl-taxonomy/
2020-us-gaap/

https://parquet.apache.org/
http://www.xbrl.us/xbrl-taxonomy/2020-us-gaap/
http://www.xbrl.us/xbrl-taxonomy/2020-us-gaap/
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Figure 4: Distribution of languages across the gold-standard subset

from Japanese for consistency. After applying our
entity type normalization approach, we reduce the
number of unique entity types from 697 to 601.

Some of the included datasets such as SciREX
(Jain et al., 2020) and BioRED (Luo et al., 2022)
include annotations for related information extrac-
tion (IE) tasks, such as co-reference resolution
and relation extraction. While we do not consider
additional tasks in this work, our implementation
could be extended to additionally support evalua-
tion across multiple IE tasks in future work.

4. Data Statistics

To collect consistent word-level statistics, we retok-
enize each dataset using the tokenizers suggested
for each language per the mapping of Penedo
et al. (2025) for processing FineWeb2. Their map-
ping does not include four of the languages in our
dataset, for which we used the original tokeniza-
tion of the corresponding subsets instead. Our
statistics exclude tokens that only consist of Uni-
code punctuation.

MELD contains a total of 605.3 million words, of
which 81.4 million (13.4%) are from gold-standard
datasets. All constituent datasets combined con-
tain 37.5 million entity annotations, of which 3.4
million (9%) are gold-standard.

4.1. Entity Types and Mentions
We analyze the distribution of entity mentions by
type and the frequency of each tag type across the
distinct label sets present in MELD (Figure 3).

Entity statistics across all datasets are primar-
ily dominated by Polyglot-NER, which makes up
approximately 54.8% of the data. Due to its lim-
ited label set, most mentions are “locations” by a
substantial margin, followed by “person” and “or-
ganization”. In contrast, while generic entity types
still make up the majority of annotated mentions in
the gold-standard subset, the distribution is slightly
less skewed, with domain-specific tags such as
“chemical”, “disease”, and “pest” being among the
ten most common types.
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Figure 5: Distribution of scripts across the gold-
standard subset

A similar pattern can be observed in the number
of occurences of entity types across different tag
sets, with “location”, “organization” and “person”
being the most frequent types. While “event” and
“date” types are frequently included in tag sets, the
number of mentions annotated with these types is
comparatively low. Otherwise, the distribution of
tags across tag sets is mostly identical between
the full data collection and gold-standard datasets.

Both in the overall data and the gold-standard
subset, generic “miscellaneous” and “other” tags
are prominent, occurring in 25% of all unique tag
sets. Since these entity types are highly dataset-
specific and therefore cannot be understood with-
out the underlying annotation guidelines or sam-
ples from the training data, they pose a particular
challenge in a zero-shot evaluation setting. For
this reason, such generic entity types have been
removed in previous work (Zhou et al., 2024).

4.2. Multilingual Coverage
When considering the largest tag set of each lan-
guage, a tag set with at least four entity types is
available for 56 of all languages included in MELD,
with more diverse tag sets of at least seven entity
types being available for 24 languages.
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Figure 6: Distributions of document lengths per languages

In the remainder, we focus on the gold-standard
subset of our data, which contains the most reli-
able annotations for both training and evaluation.

Out of the 81.4 million words in the gold-stan-
dard subset of MELD, approximately 84.6% are
from English datasets. The distribution across all
languages in this subset can be seen in Figure 4.
The languages with the most gold-standard data
other than English are linguistically and geograph-
ically diverse and contain both high-resource lan-
guages such as German, Chinese and Spanish,
but also lower-resource languages such as Viet-
namese, Arabic, Nepali and Finnish.

Figure 5 shows the distribution of scripts in our
data. MELD includes text in 16 scripts in the gold-
standard subset, with the majority (96.2%) of text
written in the Latin script. Out of the remaining
3.13 million words, the most common scripts are
used primarily throughout South and South-East
Asia, such as Hanzi, Devanagari and Thai. The
data for the languages written in the seven least
common scripts come mainly from the test sets of
the Naamapadam dataset (Mhaske et al., 2023),
which contains substantially larger silver-standard
training splits for these languages.

4.3. Context Lengths

Long context sizes are becoming more common
in both LLMs and recently proposed encoder mod-
els, such as mmBERT (Marone et al., 2025). Full
annotated documents are valuable for evaluating
the ability of NER models to leverage contextual
information or as part of a benchmark to evaluate
long-context LLM performance. In the LLM case,
this task is particularly challenging, as it requires
not only understanding long inputs but also long
generation of all entity mentions in the text, which
is an overlooked part of LLM research (Wu et al.,
2025). Furthermore, long-context understanding

is particularly important in related IE tasks, such
as relation extraction (Jain et al., 2020), for which
mention detection or NER is usually a prerequisite.

Of the 60 datasets in our collection, 22 preserve
document boundaries, covering 11 of the 14 do-
mains in MELD. Across languages, document-
level NER annotations are uncommon, leading to
fully annotated documents being available for 18
languages. Figure 6 shows the distribution of doc-
ument lengths across languages. The highest vari-
ation of document lengths is available for English,
containing both short recipes below 100 words to
upwards of 100,000 word-long scientific articles.
Across the remaining languages, five languages
contain documents with a geometric mean below
1000 words, for nine languages, documents are
primarily between 1000 and approximately 10,000
words long, and three languages contain partic-
ularly long documents with geometric means be-
tween 20,000 and 25,000 words.

5. Conclusion

We introduced MELD, the largest unified collection
of multilingual and multi-domain datasets to date.
In addition to common silver-standard datasets,
we include gold-standard annotations for reliable
evaluation across 60 languages and 14 domains.
Our work is fully open-source and reproducible to
facilitate the development and evaluation of both
LLMs for multilingual NER and dedicated multilin-
gual zero-shot NER models. Furthermore, by pre-
serving document boundaries, our collection sup-
ports research on long-context NER across lan-
guages and domains.

For future work, we aim to further expand
MELD with more datasets to support additional
languages and domains. Furthermore, we plan
to define evaluation tracks based on MELD for,
e.g., LLM-based methods using more complex
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prompting techniques with annotation guidelines
or retrieval-augmented generation.

6. Limitations

While MELD covers a broad range of languages
and domains, only silver-standard data is avail-
able for 69% of them. This can be partly reme-
died by adding further existing datasets for cur-
rently unsupported languages, but additional man-
ual annotation efforts are required for low-resource
languages. Moreover, even in cases where gold-
standard datasets exist, they are most commonly
annotated with only limited, general entity types.
Therefore, further work is required to better sup-
port zero-shot NER evaluation on more diverse tag
sets across languages. Finally, a common prob-
lem in evaluation of LLM generalization is data con-
tamination, where a model has already seen parts
of the evaluation data. Further work is required to
measure the impact of data contamination when
evaluating on MELD.
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