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Abstract

This paper introduces a method for the auto-
matic detection of annotation errors and correc-
tions in named entity recognition datasets using
a novel two-stage dimension reduction of dense
sentence embeddings. We first find the top-
n principal components of an embedding and
then use UMAP for second-stage, non-linear
dimension reduction and clustering using differ-
ent distance metrics. We analyze these clusters
using silhouette scores to flag outlier mentions
for correction. Using the corrections in the
CoNLL# dataset as a benchmark, all of the
top-five outliers needed correction, as did 7 of
the top-10. This approach also identified 32 of
the top-50 outlier mentions that are corrections.
This method offers a relatively low-effort way
to leverage text embeddings and dimensionality
reduction to identify likely annotation errors.
We release related code and data at https://
github.com/bltlab/clustering-for-ner.

1 Introduction

Evaluating the quality of named entity recogni-
tion (NER) datasets is a labor-intensive process
that requires multiple types of expertise. Adjudi-
cators must check whether annotations are correct,
whether an entity type forms a coherent category,
and even whether the ontology’s categories form
semantically coherent groupings. This requires lan-
guage fluency and, in many cases, domain expertise.
Evaluating quality for a single dataset is feasible for
a single language, but no single reviewer can assess
and standardize across large, multilingual datasets.
Thorough manual review becomes impractical.

We propose using silhouette scores on
dimension-reduced sentence embeddings to auto-
mate the review and evaluation of NER datasets
and their labels during the adjudication process or
as post-hoc correction. The core intuition is that

*Independent researcher. Work completed while at Bran-
deis University.

mentions of the same type should cluster closer
together in embedding space. In these cases, the
silhouette scores will be high; outlier mentions
will have low or negative silhouette scores. These
scores provide a quantitative signal for reviewers
to determine edge cases or annotation errors.
Silhouette scores act as an analogue for semantic
coherence and can speak to how well the defined
labels capture the natural semantic groups present
in the data. This process can also highlight difficult
cases, as a correct location mention that clusters
near a person mention may reveal oddities in the
annotation guidelines that may confuse annotators
or systems.

Our approach uses principal component anal-
ysis (PCA, Hotelling, 1936) to first identify the
top-n principal components of a sentence embed-
ding. We then apply uniform manifold approxi-
mation (UMAP, McInnes et al., 2020) to map the
principal components into clusters using a variety
of distance metrics, including Euclidean, Cheby-
shev (Han et al., 2012), and Canberra (Lance and
Williams, 1966), among others, as well as the Bray-
Curtis dissimilarity (Ricotta and Podani, 2017).
We compute the silhouette scores on the clusters
formed by this dimension reduction pipeline and
evaluate the scores to find and analyze the top-k
outlier mentions.

We validate this approach with the CoNLL-03
English test set (Tjong Kim Sang and De Meul-
der, 2003) and compare outliers against corrections
made in CoNLL# (Rueda et al., 2024). We show
that examining the top-10 outliers in the original
test set reliably identifies mentions that were later
corrected. We also analyze the clusters formed by
the corrected test set and demonstrate that the top-
50 outliers can also reliably identify mentions that
had been corrected.

Our main contributions are as follows. We
propose methods for analyzing clusters and out-
liers of dimension-reduced sentence embeddings
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for named entity mentions using silhouette scores.
We apply these methods on the CoNLL-03 En-
glish benchmark dataset using a variety of embed-
ding models. Finally, we introduce Clusters, a
command-line utility to facilitate the application
and extension of these methods to further datasets
and tasks.

2 Related Work

There has long been interest in evaluating the qual-
ity of datasets in NLP, as some rate of annotation
errors is expected and generally accepted. Various
methods and approaches to identifying and cor-
recting such mistakes have included manual, semi-
automated, and automated approaches. Dickinson
(2015) provides an earlier review of such methods.

With the named entity recognition task, much
work has focused on the enduring and popular
CoNLL-03 English benchmark dataset to iden-
tify errors in annotation. Such work has been ap-
plied to the test set specifically (Stanislawek et al.,
2019; Wang et al., 2019; Rueda et al., 2024), or
the entire dataset (Reiss et al., 2020; Muthuraman
et al., 2021). These efforts have produced and re-
leased corrected versions of the CoNLL-03 English
test set, such as ReCoNLL (Fu et al., 2020) and
CoNLL# (Rueda et al., 2024).

As the CoNLL-03 data is from the 1996 Reuters
Corpus (Lewis et al., 2004), there are other con-
cerns about how this publicly available newswire
data may impact the performance of large, modern
models that are trained on similar, and potentially
the same, data. To evaluate this, the CoNLL++
dataset (Liu and Ritter, 2023) uses the CoNLL-03
annotation guidelines to create a modern version
of the dataset using newswire data from 2020. This
enables evaluation of how generations of state-of-
the-art CoNLL models perform and generalize to
modern data of the same domain and format. These
authors also release an updated test set of CoNLL-
03 English that removes the tabular, ticker-style
data, such as sports scores, from the original.

Another popular dataset that has been reviewed
is OntoNotes 5.0 (Weischedel, Ralph et al., 2013),
which contains 17 different entity types in compar-
ison to the four of CoNLL-03. Bernier-Colborne
and Vajjala (2024) review and correct close to 10%
of this dataset and observe that these corrections
improve performance of models by an average of
1.23% in overall F1-scores, and they note an even
larger improvement of more than 10% for certain

Entity Type Count

LOC 1633
MISC 754
ORG 1701
PER 1594

Table 1: Counts of mentions for each entity type in the
corrected CoNLL# English test set

entity types.
Similar work in identifying annotation errors has

also been conducted on non-English datasets, such
as Uyghur (Abudukelimu et al., 2018), Japanese
(Ichihara et al., 2015), and Hindi (Saha et al., 2009).

3 Methodology

We implemented an end-to-end pipeline to generate
and evaluate clusters for CoNLL-formatted NER
datasets. This includes loading and validating the
data, generating embeddings, performing dimen-
sion reduction, plotting, and reporting.

3.1 Dataset

As prior work shows, the dataset from the CoNLL-
03 shared task has proven popular over generations
of models as a benchmark, and it has been a focus
for analysis of annotation errors. The CoNLL-03
ontology consists of the Person (“PER”), Loca-
tion (“LOC”), Organization (“ORG”), and Miscel-
laneous (“MISC”) entity types, uses BIO encoding
(Ramshaw and Marcus, 1995), and derives its text
from the newswire domain (Lewis et al., 2004).
We analyze the outliers identified in both the origi-
nal English test set and in the corrected CoNLL#
test set, which was chosen as it follows the origi-
nal annotation guidelines when making corrections.
Entity type counts for the mentions included in the
CoNLL# test set are given in Table 1.

As CoNLL# also corrects sentence boundaries
that were incorrectly split in the original English
test set, it was necessary to align the original ver-
sion to the corrected test set to ensure the correct
mapping of mentions across datasets for analysis.
This includes correcting mentions that were split
across the original sentence boundaries.

3.2 Loading and Validating Data

To ensure data integrity and consistency, all data
was loaded and validated using SeqScore (Palen-
Michel et al., 2021; Lignos et al., 2023), an eval-
uation and validation toolkit for NER. The list of
tokens for each mention was joined into a single
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string for embedding, and it was mapped to its en-
tity type. For example, a mention sequence with la-
bels [’B-PER’, ’I-PER’, ’I-PER’] was mapped
to PER for analysis and plotting.

3.3 Embedding Mentions
We selected a series of freely-available and self-
hostable embedding models using the best scores
on the Massive Multilingual Text Embedding
Benchmark (MMTEB, Enevoldsen et al., 2025).1

We also selected models based on foundational
encoder models, such as SBERT (Reimers and
Gurevych, 2019) and XLM-RoBERTa (Conneau
et al., 2020). These models vary in architectures,
context size, and the dimensions of their output
embeddings.

For embedding, we used Qwen’s Qwen3 em-
bedding model family (Zhang et al., 2025),2 Ten-
cent’s Gemma 3-based KaLM embedding model
(Hu et al., 2025; Zhao et al., 2025),3 intfloat’s XLM-
RoBERTa-based Multilingual E5 Instruct (Wang
et al., 2024),4 and the SBERT-based all-MiniLM-
L6-v2.5

Our implementation supports any embedding
model that can be reached at an OpenAI API-
compatible embedding endpoint. We downloaded
all models from HuggingFace and self-hosted them
with vLLM (Kwon et al., 2023) to efficiently gen-
erate the embeddings and maintain a consistent
embedding interface across models.

3.4 Prompts
All of the embedding models, with the exception
of all-MiniLM-L6-v2, are instruction-tuned and
expect a prompt as part of the embedding input.
To standardize this input parameter, we used the
same prompt template for all models, including all-
MiniLM-L6-v2. This template includes a prompt
instruction to inform the model of the purpose of
the task, the sentence containing the mention as
context, and the mention itself separately. We pro-
vide our full prompt template in the Appendix A.1.

3.5 Dimension Reduction
We reduced the dimensions of all embeddings be-
fore clustering and analysis to avoid the curse of

1huggingface.co/spaces/mteb/leaderboard
2huggingface.co/collections/Qwen/qwen3-embedding
3huggingface.co/tencent/KaLM-Embedding-Gemma3-

12B-2511
4huggingface.co/intfloat/multilingual-e5-large-instruct
5huggingface.co/sentence-transformers/all-MiniLM-L6-

v2

dimensionality (Peng et al., 2025). We first found
the top-n principal components of each embed-
ding with scikit-learn’s (Pedregosa et al., 2011)
implementation of PCA. We then used UMAP to
generate clusters from the n-dimension principal
components using a variety of distance metrics, in-
cluding Canberra (Lance and Williams, 1966), Cor-
relation (Székely et al., 2007), Chebyshev, Cosine,
Euclidean, Manhattan, and Minkowski (Han et al.,
2012), in addition to the Bray-Curtis dissimilarity
(Ricotta and Podani, 2017).

3.6 Silhouette Scores

With the clusters generated from the dimension-
reduced embeddings, the silhouette score for each
mention is calculated. This score is a metric for
evaluating clusters, where each point’s silhouette
score s(i) is the difference between its average dis-
tance from points in the next-nearest cluster b(i),
and its average distance from points in its own clus-
ter a(i). This difference is divided by the max of
either a(i) or b(i) to obtain the respective point’s
silhouette score. This normalizes silhouette scores
in the range [−1, 1]. A higher score implies better
clustering (Shahapure and Nicholas, 2020), and, in
general, a score s(i) > 0.7 signals strong cluster-
ing, and a score 0.7 > s(i) > 0.5 is reasonable. A
score close to 0.0 represents overlapping cluster-
ing.

a(i) =
1

|C(i)| − 1

∑

j∈C(i)
j ̸=i

d(i, j), b(i) = min
C ̸=C(i)

1

|C|
∑

j∈C
d(i, j),

s(i) =
b(i)− a(i)

max{a(i), b(i)} , S =
1

N

N∑

i=1

s(i).

(1)
We used these silhouette scores to identify out-

lier mentions for analysis.

4 Experiments

We completed a comprehensive grid search across
all models summarized in Table 2 for both of our
experiments. Our first experiment identifies men-
tions in the original CoNLL-03 English test set that
were later corrected in CoNLL#, and the second
identifies mentions in CoNLL# that are corrections.

For each experiment, we evaluate the top-
performing models and configurations, the relative
performance of the three different-sized embed-
ding models in the Qwen3 family, and the relative
performance of all models and architectures.
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Model Parameters Dimensions

Qwen/Qwen3-Embedding-0.6B 0.6B 1024
Qwen/Qwen3-Embedding-4B 4B 2048
Qwen/Qwen3-Embedding-8B 8B 4096

tencent/KaLM-Embedding-Gemma3-12B-2511 11.76B 3840

intfloat/multilingual-e5-large-instruct 0.6B 512

sentence-transformers/all-MiniLM-L6-v2 22.7M 384

Table 2: Comparison of embedding model sizes (parameter count) and embedding dimensions

Hyperparameter Values

PCA Components 50, 75, 100
Clustering Components 16, 32, 64
Distance Metric Bray-Curtis, Canberra,

Chebyshev, Correlation,
Cosine, Euclidean, Manhattan,
Minkowski

Table 3: Hyperparameters for the grid search to find
the optimal configuration for each model to identify
mentions that were corrected

4.1 Identifying Mentions that were Corrected
We evaluate the performance of models at identi-
fying how many of the top-five and top-10 of their
outlier mentions were later corrected by CoNLL#.
For this experiment, we held the number of UMAP
cluster neighbors constant at 100, and the UMAP
clustering used labeled data when learning the clus-
ters. The hyperparameters for this experiment are
summarized in Table 3.

4.2 Identifying Mentions that are Corrections
We evaluate performance by comparing how many
of the top-50 outlier mentions identified by the
model are corrections. As before, we held the
number of UMAP cluster neighbors constant at
100; however, we varied the PCA implementation
across the original, truncated, and kernel versions
of PCA. We also varied the cluster learning with
and without labels. The hyperparameters for this
experiment are summarized in Table 4.

5 Results

Our experiments provide insight into optimal di-
mension reduction ratios, model architectures, em-
bedding sizes, hyperparameter configurations, and
distance metrics.

5.1 Identifying Mentions that were Corrected
We now report model and configuration perfor-
mance on identifying mentions that were corrected

Hyperparameter Values

PCA Implementation Original, Kernel, Truncated
PCA Components 50, 75, 100
Clustering Components 16, 32, 64
Cluster Labels True, False
Distance Metric Bray-Curtis, Canberra,

Chebyshev, Correlation,
Cosine, Euclidean, Manhattan,
Minkowski

Table 4: Hyperparameters for the grid search to find
the optimal configuration for each model to identify
mentions that are corrections

in CoNLL#.

5.1.1 Top-Performing Models

Among its top-five and top-10 outliers, our best-
performing model correctly identified five and
seven mentions, respectively, that were later cor-
rected. The three mentions that were not correctly
identified as later corrected are all MISC mentions.
Three different models reported among the top-
five scores, with four of the top-five scores using
Manhattan distance when learning clusters with
UMAP. For the fourth and fifth best runs, using the
KaLM-Embedding-Gemma3-12B-2511 model, the
hyperparameters only differed in their distance met-
ric. Interestingly, Canberra can be interpreted as a
weighted Manhattan distance, and for this model,
it performed slightly worse than its unweighted
Manhattan counterpart. These results are summa-
rized in Table 5, and 2d and 3d t-SNE (Hinton and
Roweis, 2002) and UMAP projections are available
in Appendix A.2.6

6While the authors were not aware of this at the time
of submission, Peter Mayhew blogged about using 2d t-
SNE projections of mention embeddings to help interpret
tags and mentions from the CoNLL-03 English dataset.
We refer the reader to his blog for more discussion:
mayhewsw.github.io/2022/01/30/conll-span-embeddings/
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Model Metric PCA Comp Cluster Comp Top-5 Top-10

Qwen3-Embedding-4B Manhattan 50 32 5 7
multilingual-e5-large-instruct Manhattan 50 32 5 5
multilingual-e5-large-instruct Manhattan 50 16 5 5
KaLM-Embedding-Gemma3-12B-2511 Manhattan 50 16 4 6
KaLM-Embedding-Gemma3-12B-2511 Canberra 50 16 4 4

Table 5: Best-performing model configurations at identifying mentions that were later corrected

Entity Type Mention Score CoNLL# Corrected

ORG Portsmouth -0.9270 LOC ✓
ORG Oxford -0.9269 LOC ✓
LOC DURBAN -0.9235 PER ✓
LOC SANTIAGO -0.9218 PER ✓
ORG DENVER -0.9139 MISC ✓
ORG GREEN BAY -0.9041 MISC ✓
MISC Lombardi Award -0.9022 MISC
ORG OHIO STATE -0.9021 MISC ✓
MISC LOMBARDI AWARD -0.9018 MISC
MISC AMERICAN -0.9015 MISC

Table 6: Top-10 outliers as identified by the top-performing Qwen3-Embedding-4B model

5.1.2 Qwen3 Embedding Model Family
The three different Qwen3 embedding models pro-
vide an interesting opportunity to compare the rela-
tive performance of the different sizes of this model
family on the same task and using the same grid
search to identify the optimal model configurations.
Table 7 summarizes the Qwen3 scores for the first
experiment.

Interestingly, the 4B model with 2048 embed-
ding dimensions performed best among the Qwen3
embedding family, and the best overall for this ex-
periment.

This finding runs counter to the intuition that the
largest model with the most embedding dimensions
should be able to perform better than a smaller
counterpart, as is often the case in MMTEB per-
formance. However, with the dimension-reduced
embeddings, the 4B model performed best. Addi-
tionally, the optimal configuration for each model
used a different distance metric. These metrics are
related, however, as the Manhattan distance used
by the 4B model is a Minkowski distance where
p = 1, with the 8B model performing best with
the default UMAP Minkowski configuration where
p = 2. As noted above, the Canberra distance used
by the 0.6B model can be interpreted as a weighted
Manhattan distance. These results are summarized
in Table 7.

5.1.3 All Architectures
We also evaluated the relative performance of each
model family and architecture on this task, and the

top score for each model is summarized in Table 8.
Consistent with other models, the best configu-

ration for all-MiniLM-L6-v2, the only remaining
unreported model for this first experiment, also re-
ported its best run using Manhattan distance. This
result also follows the intuition that the smallest,
non-instruction-tuned embedding model would per-
form worse relative to the other larger, instruction-
tuned embedding models.

5.2 Identifying Mentions that are Corrections

We now report model and configuration perfor-
mance on identifying mentions that are corrections
in CoNLL#, which includes some corrections made
in prior attempts to correct the CoNLL-03 English
data.

5.2.1 Top-Performing Models
Unlike the results in the first experiment, the
best-performing model for identifying mentions
in CoNLL# that are corrections is the small, non-
instruction-tuned all-MiniLM-L6-v2. It reports all
five of the top-five runs, and its top-scoring run
correctly identifies 32 corrected mentions among
its top-50 outliers. Similar to experiment one, Can-
berra distance also performs well at this task, as
well as Chebyshev. These results are summarized
in Table 9, and 2d and 3d t-SNE and UMAP pro-
jections are available in Appendix A.3.

Table 10 summarizes the top-10 outliers identi-
fied by all-MiniLM-L6-v2. All are MISC mentions
that were corrected from either LOC or O mentions
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Model Metric PCA Comp Cluster Comp Top-5 Top-10

Qwen3-Embedding-0.6B Canberra 50 32 4 4
Qwen3-Embedding-4B Manhattan 50 32 5 7
Qwen3-Embedding-8B Minkowski 50 16 4 6

Table 7: Performance of Qwen3 embedding family at identifying mentions that were later corrected

Model Metric PCA Comp Cluster Comp Top-5 Top-10

Qwen3-Embedding-4B Manhattan 50 32 5 7
multilingual-e5-large-instruct Manhattan 50 32 5 5
KaLM-Embedding-Gemma3-12B-2511 Manhattan 50 16 4 6
Qwen3-Embedding-8B Minkowski 50 16 4 6
Qwen3-Embedding-0.6B Canberra 50 32 4 4
all-MiniLM-L6-v2 Manhattan 50 16 3 3

Table 8: Performance of each embedding model family and architecture at identifying mentions that were later
corrected

in CoNLL#. This pattern suggests that MISC is the
noisiest of the labels in the CoNLL-03 ontology
and that, while all of these mentions form a cluster
given their similar or identical textual content, they
are distant from the core MISC cluster. Notably,
these MISC mentions have no context, as they are
entire sentences in the CoNLL dataset and exist
among the ticker-style sports scores present in the
test set.

5.2.2 Qwen3 Embedding Model Family
As before, we compared the relative performance
of the three sizes of Qwen3 embedding. Unlike the
first experiment, the largest model with 8B parame-
ters significantly outperformed the smaller models.
It neared the performance of all-MiniLM-L6-v2,
identifying 30 corrected mentions among its top-50
outliers. These results are summarized in Table 11.

All three Qwen models performed best with
the Bray-Curtis dissimilarity metric, which differs
from the classic or weighted Minkowski distance
metrics that score best for other models. Bray-
Curtis is a popular statistical metric in ecology and
biology, and it quantifies the difference between
two different samples.

5.2.3 All Architectures
These results show that the best-performing model
overall is all-MiniLM-L6-v2, which is also the
smallest of the models we evaluated. Con-
versely, KaLM-Embedding-Gemma3-12B-2511 is
the largest of the models we evaluated and while
it boasts the strongest performance on MMTEB, it
performed significantly worse than all other models
across any configuration for this second experiment.
It identified just five corrected mentions among its

top-50 outliers. These results are summarized in
Table 12.

6 Discussion

This method provides insight into automated detec-
tion of annotation errors in NER, as well as the rel-
ative performance of model sizes and architectures
in the clustering of mentions. It can also be useful
in designing ontologies and creating datasets.

6.1 Identifying Annotation Errors

Our implementation lists the top-k outlier mentions
for each entity type in a dataset and overall. These
outliers are useful for surfacing potential annota-
tion errors for closer review without needing to re-
view each mention in a dataset individually, and for
evaluating a corrected dataset to ensure corrected
mentions are consistent with existing annotations.

Treating CoNLL# as the gold standard, our
experiments show that our method can identify
among its top-five and top-10 outliers, five and
seven labels that were corrected. Likewise, the
same pipeline when applied to the gold CoNLL#
data can identify 32 mentions that are corrections
among its top-50 outliers.

Our experiments also reveal that different model
sizes and architectures perform differently on this
task. In identifying mentions that were corrected,
larger models showed superior performance using
weighted and unweighted Minkowski distance met-
rics where p = 1 or p = 2. However, at identi-
fying corrected mentions, the smallest model, all-
MiniLM-L6-v2 with only 22.7M parameters and
embeddings with 384 dimensions, performed best.
This finding makes it possible to use this method
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Model Metric Labels PCA Implementation PCA Comp Cluster Comp Corrected

all-MiniLM-L6-v2 Canberra False PCA 50 32 32
all-MiniLM-L6-v2 Chebyshev False Truncated 50 16 31
all-MiniLM-L6-v2 Canberra False Kernel 50 32 31
all-MiniLM-L6-v2 Chebyshev False PCA 50 32 31
all-MiniLM-L6-v2 Chebyshev False PCA 50 64 31

Table 9: Best-performing model configurations at identifying mentions that are corrections

Entity Type Mention Score CoNLL# Corrected

LOC ATLANTIC DIVISION -0.2328 MISC ✓
LOC ATLANTIC DIVISION -0.2317 MISC ✓
LOC PACIFIC DIVISION -0.2311 MISC ✓
LOC PACIFIC DIVISION -0.2310 MISC ✓

O CENTRAL DIVISION -0.2299 MISC ✓
O CENTRAL DIVISION -0.2288 MISC ✓
O CENTRAL DIVISION -0.2274 MISC ✓
O EASTERN DIVISION -0.2239 MISC ✓
O EASTERN DIVISION -0.2238 MISC ✓
O WESTERN DIVISION -0.2238 MISC ✓

Table 10: Top-10 outliers as identified by all-MiniLM-L6-v2

with limited computing resources, and even on just
a CPU. Its top scores were also with Canberra and
Chebyshev distance, while the large, instruction-
tuned pooling models performed best with the Bray-
Curtis dissimilarity metric at this task.

6.2 Dataset Creation

Dataset creation can be a time-consuming and bur-
densome process, especially in domain-specific,
multilingual, or low-resourced settings, where find-
ing domain experts or native speakers available
for quality data annotation work can be difficult,
and potentially expensive. Using the top-k outlier
mentions for each entity type during the annotation
workflow can reveal errors and tough mentions.
These tough mentions can also provide insight and
data points for any labels that may be unclear or
borderline, which can help improve and clarify an-
notation guidelines and the ontology.

Strategies, such as the MATTER lifecycle (Puste-
jovsky and Stubbs, 2012) or some other workflow,
exist for this process. These strategies include
ontology creation and review, in addition to ad-
judication and annotation, as part of the overall
dataset creation process. Data annotation tools,
such as brat (Stenetorp et al., 2012) and Label Stu-
dio (Tkachenko et al., 2020-2025), among others,
also exist to facilitate and streamline this process.
Integrating our method as part of the workflow can
reduce burden as it quickly surfaces the top-k out-
liers for each label at any step. With this quantita-
tive information and supporting visual projections,

dataset authors can improve the quality of their an-
notated datasets and provide consistent feedback
to annotators during the annotation process as part
of a continuous integration workflow and without
creating additional burdens for reviewers.

6.3 MISC Mentions
Being a catchall entity type, it follows that MISC
mentions are the noisiest and least semantically
coherent. All of the missed mentions in our first
experiment were MISC, and our second experi-
ment shows that among the top-10 outlier mentions
identified by the top-performing all-MiniLM-L6-
v2 model, all were very similar, and sometimes
identical, MISC mentions. All were corrected la-
bels as well. This suggests that MISC mentions
were indeed the noisiest and least coherent.

Our method can quickly surface all outlier MISC
mentions, report silhouette scores for all their men-
tions for comparison, reveal their relative coher-
ence given the MISC type’s catchall definition, and
quantitatively show the relative value of MISC in
an ontology. Our method can help ontology design-
ers decide if it is better to split MISC into other
entity types, or to drop it altogether.

7 Future Work and Conclusion

We show that using silhouette scores and
dimension-reduced embeddings to evaluate ontolo-
gies and datasets can automatically identify an-
notation errors in original datasets and corrected
mentions in updated datasets. To facilitate such
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Model Metric Labels PCAI PCAC CC Corrected

Qwen3-Embedding-0.6B Bray-Curtis False PCA 75 16 12
Qwen3-Embedding-4B Bray-Curtis False Kernel 75 16 24
Qwen3-Embedding-8B Bray-Curtis False PCA 50 16 30

Table 11: Performance of Qwen3 embedding family at identifying mentions that are corrections

Model Metric Labels PCA Impl PCA Comp Cluster Comp Corr

all-MiniLM-L6-v2 Canberra False PCA 50 32 32
Qwen3-Embedding-8B Bray-Curtis False Kernel 100 16 30
multilingual-e5-large-instruct Chebyshev False Truncated 50 32 28
Qwen3-Embedding-4B Bray-Curtis False Kernel 75 16 24
Qwen3-Embedding-0.6B Bray-Curtis False PCA 75 16 12
KaLM-Embedding-Gemma3-12B-2511 Bray-Curtis False PCA 75 32 5

Table 12: Performance of all architectures at identifying mentions that are corrections

future work, we release the Clusters utility under
a permissive open source license.

Future work can extend this approach and the
Clusters utility to other NLP domains that use
labeled data. It is also possible to extend the two-
stage dimension reduction to unlabeled data, such
as that used to train LLMs, in order to analyze the
semantic distribution of the training data, and to
help ensure it is balanced and not biased to any do-
main or topic. The approach can also be applied for
analysis in any of the numerous domains that use
embeddings, such as dense information retrieval.

Limitations

With dimension reduction using PCA and UMAP,
there is inherently some amount of information loss.
Depending on the task or embedding size, that may
be undesirable and would limit the applicability of
our method.

Due to the limited public availability of previ-
ously corrected NER datasets, we were forced to
confine our experiments to English data.

Modern language models are often trained on
large and diverse corpora, with popular encoding
models trained on 100 languages (Conneau et al.,
2020) and some modern LLMs trained on 140+
languages (Team et al., 2025). The issue of low-
resourced languages, however, remains. This clus-
tering analysis is ultimately reliant on the perfor-
mance of embedding models to generate the embed-
dings that are used for the silhouette score analysis.
If the encoding model does not perform well or
understand a low-resourced language corpus, the
performance of this approach may be less reliable.

Likewise, embedding models and LLMs alike
inherit the biases of their training data, and that

can also impact the usefulness of their generated
embeddings at this task.
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A Appendix

A.1 Prompts
PROMPT: Embed the following for use
in clustering analysis with dimension
reduction
### Context
{context}

### Mention
{mention}

In this template, "context" represents the entire
sentence that contains the mention, and "mention"
represents the mention itself.

238

https://go.gale.com/ps/i.do?p=AONE&sw=w&issn=02539071&v=2.1&it=r&id=GALE%7CA258726548&sid=googleScholar&linkaccess=abs
https://go.gale.com/ps/i.do?p=AONE&sw=w&issn=02539071&v=2.1&it=r&id=GALE%7CA258726548&sid=googleScholar&linkaccess=abs
https://doi.org/10.1109/DSAA49011.2020.00096
https://doi.org/10.1109/DSAA49011.2020.00096
https://doi.org/10.18653/v1/K19-1058
https://doi.org/10.18653/v1/K19-1058
https://doi.org/10.1214/009053607000000505
https://doi.org/10.1214/009053607000000505
https://arxiv.org/abs/2503.19786
https://aclanthology.org/W03-0419/
https://aclanthology.org/W03-0419/
https://github.com/HumanSignal/label-studio
https://github.com/HumanSignal/label-studio
https://doi.org/10.18653/v1/D19-1519
https://doi.org/10.18653/v1/D19-1519
https://doi.org/10.18653/v1/D19-1519
https://doi.org/10.35111/XMHB-2B84
https://doi.org/10.35111/XMHB-2B84
https://arxiv.org/abs/2506.20923
https://arxiv.org/abs/2506.20923
https://arxiv.org/abs/2506.20923


A.2 Projections of Mentions that were Corrected

(a) t-SNE (2d) (b) t-SNE (3d)

(c) UMAP (2d) (d) UMAP (3d)

Figure 1: t-SNE and UMAP projections in 2d and 3d for the best-performing run with Qwen3-Embedding-4B at
identifying mentions that were corrected
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A.3 Projections of Mentions that are Corrections

(a) t-SNE (2d) (b) t-SNE (3d)

(c) UMAP (2d) (d) UMAP (3d)

Figure 2: t-SNE and UMAP projections in 2d and 3d for the best-performing run with all-MiniLM-L6-v2 at
identifying mentions that are corrections
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