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Abstract

Entity linking (EL) aims to disambiguate
named entities in text by mapping them to the
appropriate entities in a knowledge base. How-
ever, it is difficult to use some EL methods,
as they sometimes have issues in reproducibil-
ity due to limited maintenance or the lack of
official resources. To address this, we intro-
duce ENTITY-LINKINGS, a unified library for
using and developing entity linking systems
through a unified interface. Our library flexi-
bly integrates various candidate retrievers and
re-ranking models, making it easy to compare
and use any entity linking methods within a
unified framework. In addition, it is designed
with a strong emphasis on API usability, mak-
ing it highly extensible, and it supports both
command-line tools and APIs. Our code is
available on GitHub' and is also distributed
via PyPI? under the MIT-license. The video is
available on YouTube?.

1 Introduction

Entity linking (EL) is the task of mapping named
entities in text to canonical entries in a knowledge
base (KB). As shown in Figure 1, since Japan has
had many emperors throughout its history, named
entities, i.e., emperor, are inherently ambiguous.
Therefore, it is necessary to identify the correct en-
tity and link it to a canonical entry in the KBs. Most
named entities are context-dependent and must be
disambiguated by linking them to normalized iden-
tifiers in a KB for identification.

A typical EL pipeline consists of two steps: it
first detects entity mentions in text (Mention De-
tection; MD), and then links each mention to a
unique identifier in the KBs (Entity Disambigua-
tion; ED). EL has broad applicability in automat-
ing the creation of hyperlinks for domain-specific
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Figure 1: Overview of the entity linking task.

terms in resources such as Wikipedia, FAQs, and
product manuals. In addition, it has been widely
applied to a broad range of interdisciplinary and
practical domains, including clinical records, finan-
cial documents, legal statutes, and contracts.
While MD can leverage ready-made named en-
tity recognition (NER) tools such as spaCy (Honni-
bal et al., 2020) and Flair (Akbik et al., 2018), ED
requires a dedicated implementation that involves
constructing and maintaining the task-specific KBs
and retrieval components. As a result, each method
is implemented individually, which poses chal-
lenges for comparison under unified conditions. In
fact, even when using a common knowledge base
such as a Wikidata dump (Vrandeci¢ and Krotzsch,
2014), many subtle but critical differences exist
across methods, including the dump timing, can-
didate pruning strategies, and data formats, all of
which hinder fair and consistent evaluation. More-
over, several official implementations are either
unavailable, e.g., Févry et al. (2020); Wang et al.
(2024a) or no longer maintained, e.g., Wu et al.
(2020), leading to serious reproducibility issues®.
Although some EL evaluation benchmarks (Milich
and Akbik, 2023; Roder et al., 2018) have been
proposed, many studies still report baseline perfor-

*For example, BLINK’’s implementation on Github is re-
ported an open issue that hard negatives sampling is not imple-
mented: github.com/facebookresearch/BLINK/issues/
31. Due to this issue, Riicker and Akbik (2025) used a BLINK
model trained only on in-batch samples as a baseline.
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mance by citing the originally reported scores from
previous work. This practice increasingly under-
mines the scientific reproducibility of EL research.
Therefore, it is highly desirable to establish a uni-
fied framework for utilizing and evaluating entity
linking methods.

We introduce ENTITY-LINKINGS, a unified li-
brary that supports multiple modern EL systems
and datasets. In particular, we primarily focus on
ED, which has become the central component of
modern EL methods. It facilitates easy reproduc-
tion, simplifies the implementation of custom mod-
els, and consolidates experimental setups. We care-
fully decompose EL systems into three modular
components into a unified pipeline: Mention Detec-
tor, Candidate Generator, and Candidate Reranker,
as illustrated in Figure 2. This design enables
flexible combinations, thereby improving exten-
sibility, maintainability, and transparency. ENTITY-
LINKINGS supports comprehensive experimenta-
tion, provides well-documented interfaces, and sup-
ports both CLI- and Python API-based access. We
hope that it will further accelerate EL research.

2 Background

2.1 Preliminaries on Entity Linking

Entity linking (EL) is the task of associating men-
tions in natural language text with entries in a
knowledge base (KB). Formally, we represent
the input text z as a sequence of tokens x =
xr1,x9,...,Tn, where each x; denotes the i-th to-
ken in the text after tokenization. A mention span
m is defined as a contiguous subsequence of tokens
m = x;...xj, where 1 <1 < j < n, meaning
that the span starts at token position ¢ and ends at
token position j. EL aims to produce an entry e in
the KB £ (e € &) corresponding to each mention
m in x.

Broadly, existing EL. methods decompose the
task into two subtasks: mention detection (MD)
and entity disambiguation (ED), as shown in Fig-
ure 2. In pipeline systems, mention spans in the
input text are first identified in the MD stage and
then linked to KB entries in the ED stage. In the
MD stage, previous work® often employs off-the-
shelf NER modules such as spaCy (Honnibal et al.,
2020). In the ED stage, the identified mentions are

5 Although a few approaches, namely end-to-end EL sys-
tems, jointly train the MD module with the linking component,
in practice, the main difference is whether the MD module is
trained or not. Hence, we adopt a simplified description here.
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Figure 2: Main components of EL systems and their
data processing flow.

linked to their corresponding entities. Specifically,
EL systems calculate the probability p(e|m), i.e.,
an entry e is the target for a given mention m, and
output the entry with the highest probability as the
target. Nevertheless, for large-scale KBs where I€]
is large, exhaustive computation of p(e|m) for all
entries is expensive and complicates the identifica-
tion of correct entries. To improve the accuracy and
efficiency of the system, most ED studies introduce
two submodules: candidate generator and candi-
date reranker. The candidate generator retrieves a
small set £ of candidate entries for each mention
from the KB &, and the candidate reranker scores
these candidates and selects the most plausible one.

For evaluation, the /nKB micro-F1 score (Roder
et al., 2018) is typically used as the standard metric
for the EL system. This metric considers a predic-
tion correct if both the extracted mention span and
the target entry match the ground truth, and calcu-
lates F1 scores as the harmonic mean of precision
and recall. On the other hand, since most ED stud-
ies focus on specific subtasks of candidate selection
or reranking, metrics that assume oracle mention
spans are also employed. Specifically, Recall@k is
used for candidate selection, where a prediction is
correct if the gold entry is included in the top-k pre-
dicted candidates. For reranking, Top-1 accuracy is
used to measure whether the predicted entity from
the candidates matches the gold entry.



2.2 Main Components of EL Systems

We carefully decompose a wide range of EL sys-
tems into three components: Mention Detector,
Candidate Generator and Candidate Reranker,
thereby enabling the unified description and im-
plementation within a standardized framework.

Mention Detector The mention detector is typ-
ically used to extract mentions corresponding to
specific entries in a KB and is executed before the
ED step. Since wrong mention detection leads to
error propagation within the pipeline system, re-
cent studies have proposed methods that perform
MD after the ED stage (Wang et al., 2024a; Zhang
et al., 2022) or specifically enhance the mention
detector for the ED step (Tedeschi et al., 2021).
Recent studies on end-to-end EL have also intro-
duced unified models that handle both MD and ED
through multi-task learning (Ayoola et al., 2022),
and that simultaneously execute MD and ED using
constrained decoding (Cao et al., 2021). Never-
theless, even in end-to-end EL, the process can
still be conceptually decomposed into MD and ED
stages, and most systems explicitly maintain a men-
tion detection step in practice. Furthermore, most
EL studies focus on enhancing ED, since the MD
component can rely on NER tools such as spaCy.

Candidate Generator It retrieves candidate en-
tries from the KBs by taking as input the text
with identified mention spans. Existing retrievers
can be broadly categorized into textual-frequency-
based methods and vector-similarity-based meth-
ods. Frequency-based retrievers rely on lexical
overlap between the input text and KB entries,
and hyperlink counts in Wikipedia. Notable exam-
ples include BM25 (L, 2024) and entity-mention
prior probabilities such as the Zelda Candidate
List (Milich and Akbik, 2023). Similarity-based re-
trievers embed mentions and entities into a shared
vector space and perform nearest-neighbor search
to retrieve candidate entries. While Dual-Encoder
is widely used as a similarity-based retriever (Wu
et al., 2020; Gillick et al., 2019), recent studies also
employ Text Embedding Models (Wang et al.,
2024b). Formally, similarity-based retrievers com-
pute the relevance between a mention-context rep-
resentation and a candidate entity representation
using the inner product of their vector embeddings:

similarity (m, €) = h,! he, (1)

where h,,, and h. denote the vector representations
of the mention m and the candidate KB entry e € &,

respectively. Each vector is obtained by encoding
the corresponding token sequence:

h,, = red(E1(1y)), )
h. = red(Fs (7)), (3)

where 7,,, and 7, are input representations of men-
tion and entry, respectively. F; and F» are en-
coders, with text embedding models typically using
a single shared encoder, i.e., £; = FE5, and dual-
encoder employing two separate encoders. red(-)
is a function that reduces the encoder output into
a fixed-size vector by applying average pooling
over the final-layer token embeddings in the case
of text embedding models or by taking the final-
layer [CLS] token representation in dual-encoder
models. We follow the experiments of Wu et al.
(2020) in the construction of 7,,, and 7.

Candidate Reranker The reranker is used in ED
to refine the candidate set returned by the candidate
generator and select the most appropriate entity for
each mention. Rerankers using encoder-only mod-
els are widely investigated. Encoder-only rerankers
take the mention context and candidate entity de-
scriptions as input and compute a relevance score
using cross-encoders (Logeswaran et al., 2019),
enabling the model to capture interactions be-
tween the mention context and the candidates, e.g.,
BLINK (Wu et al., 2020)%, FEVRY (Févry et al.,
2020), and ExtEnD (Barba et al., 2022). More
recently, rerankers based on encoder-decoder or
decoder-only models have also been explored. Fu-
sionED (Wang et al., 2024a) employs an encoder-
decoder model to jointly encode the mention con-
text together with all candidate entities and then
decode over the fused representations to select the
correct entity. ChatEL (Ding et al., 2024) prompts
decoder-only large language models (LLMs) with
the mention context and the candidates to perform
reranking in a generative manner. ReFinED (Ay-
oola et al., 2022) formalize the end-to-end EL sys-
tem, but they use the candidate lists to reduce train-
ing cost, and they can execute ED mode by in-
putting mentions.

2.3 Dataset

Since EL systems are often expected to generalize
across domains sharing the same KBs, recent stud-
ies mostly evaluate a single trained model across

SBLINK comprises a dual-encoder and a cross-encoder,
where the cross-encoder corresponds to the candidate reranker.



multiple evaluation datasets from diverse sources.
For example, GERBIL (Roder et al., 2018) is
a widely used EL benchmark that uses AIDA-
CoNLL (Hoffart et al., 2011) dataset for train-
ing, and evaluates models on the AIDA-CoNLL
test set, as well as eight out-of-domain datasets:
MSNBC (Cucerzan, 2007), AQUAINT (Milne
and Witten, 2008), KORES0 (Hoffart et al.,
2012), N3-Reuters-128, N3-RSS-500 (Roder et al.,
2014), Derczynski (Derczynski et al., 2015),
OKE-2015 (Nuzzolese et al., 2015), and OKE-
2016 (Nuzzolese et al., 2016).

Furthermore, recent mainstream evaluations of
EL systems focus on improving individual compo-
nents, and component-specific evaluation datasets
are typically used. For candidate generators, Wik-
ilinksNED Unseen Mentions (Eshel et al., 2017,
Onoe and Durrett, 2020), which comprises di-
verse ambiguous entities found in web-crawled
text, and ZeshEL (Logeswaran et al., 2019), which
features unique entities associated with specific
domains such as fictional books and film series
from Wikia’, are often used. Both datasets pro-
vide a challenging evaluation setting by ensuring
that all mention-entity pairs in the test set are
unseen during training. For candidate rerankers,
ZELDA (Milich and Akbik, 2023) is often used
as a comprehensive ED benchmark. ZELDA con-
tains a training dataset comprising 95k documents
and a fixed entity vocabulary comprising 82.2k
entries derived from the Kensho Derived Wikime-
dia Dataset®. ZELDA also provides aggregated
mention link counts from Wikipedia, Wikidata,
and Wikilinks to construct candidate lists. Fur-
thermore, the evaluation employs a total of nine
datasets: TWEEKI (Harandizadeh and Singh,
2020), AIDA-B (Hoffart et al., 2011), REDDIT-
POSTS, REDDIT-COMMENTS (Botzer et al.,
2021), WNED-WIKI, WNED-CWEB (Guo and
Barbosa, 2018), and SHADOWLINK-{TOP,
SHADOW, TAIL} (Provatorova et al., 2021).

For KBs, prior work often used independently
acquired Wikipedia dumps because there was no
standardized KB version. In contrast, recent studies
often employ the 5.9M Wikipedia pages provided
by the KILT benchmark as the target KB (Petroni
etal., 2021; Zhang et al., 2022; Wang et al., 2024a).
Although WikilinksNED Unseen Mentions does
not specify the version of Wikipedia, KILT (Petroni

"https://www.fandom. com/
8http://datasets.kensho.com/datasets/wikimedia

et al., 2021) can be used as the target KB. For
ZeshEL, it uses the 49.2k entries derived from
Wikia dumps.

3 Problems of Existing EL Systems

Inconsistent Implementations Although many
EL systems have been proposed, their implemen-
tations are typically designed with system-specific
interfaces and data flows, resulting in limited com-
patibility and reusability. In particular, as described
in Section 2.2, although EL systems can be decom-
posed into three unified pipeline modules and each
component can, in principle, be reused modularly,
the lack of standardized implementations makes
such reuse difficult in practice. As a result, repro-
ducing prior work or replacing individual compo-
nents, e.g., using a different candidate generator,
becomes challenging, hindering unified evaluation.

Transparency and Fair Comparison In par-
ticular, previous studies often employ different
candidate generators, such as frequency-based or
similarity-based retrievers, which makes it chal-
lenging to conduct fair comparisons of other mod-
ules, e.g., candidate rerankers, across studies. Fur-
thermore, although many evaluation datasets have
been proposed and are publicly available, their uni-
fied use is hindered by differences in data formats,
preprocessing pipelines, and even the snapshots of
the knowledge bases. Additionally, methods that
depend on such dataset-specific precompiled candi-
date sets, e.g., PPRforNED (Pershina et al., 2015),
cannot be directly applied to other datasets without
equivalent precompiled resources, thereby prevent-
ing comprehensive evaluation across diverse bench-
marks. Moreover, most studies heavily rely on re-
ported scores without re-implementation under con-
sistent settings, which hinders the disentanglement
of individual contributions and fair comparisons.

4 Our Library: ENTITY-LINKINGS

ENTITY-LINKINGS supports recent EL systems
through a unified interface. As described in Section
2.2, we decompose an EL system into three main
components: Mention Detector, Candidate Gener-
ator and Candidate Reranker, thereby achieving
clear modularity, high extensibility, and ease of
maintenance. Moreover, we provide multiple eval-
uation datasets in a consistent format to enhance
usability. We also offer basic pretrained models
and precompiled KBs, enabling the comparison of
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custom models and datasets under a unified experi-
mental environment with minimal effort.

4.1 Supported Methods and Datasets

We continuously update the supported systems and
datasets. Please refer to our GitHub repository® for
details on the latest supported methods.

Methods Currently, ENTITY-LINKINGS covers
the major EL systems introduced in Section 2.2.
Specifically, for the ED stage components, ENTITY-
LINKINGS supports a wide range of representa-
tive systems. For candidate generators, it in-
cludes BM25, Dual-Encoder, and Text Embed-
ding Models. For rerankers, it supports BLINK,
FEVRY, ExtEnD, FusionED, and ChatEL.

Datasets ENTITY-LINKINGS can download and
use the standard EL datasets introduced in Sec-
tion 2.3, such as those included in ZELDA (Milich
and Akbik, 2023) and GERBIL (Roder et al.,
2018), directly through our HuggingFace Collec-
tion'®. In addition, the library accepts arbitrary
datasets in a simple unified JSONL format. A com-
plete list of supported datasets, their licenses, and
detailed information is provided in Appendix A.

4.2 Interfaces

ENTITY-LINKINGS has two interfaces: Python
application programming interface (API) and
command-line interface (CLI). Listing 1 illustrates
an example workflow via Python API for train-
ing, evaluation, and prediction using the ZELDA
dataset, a Dual-Encoder candidate generator, and
the BLINK reranker. The KB, candidate gen-
erator, and reranker are instantiated by specify-
ing their identifiers in the load_dictionary(),
get_retrievers(), and get_rerankers() func-
tions. Once these components are loaded, train-
ing and evaluation proceed through the unified
train() and evaluate() methods. A trained
model can be applied to any input text using the
predict() method. Replacing the dataset, dictio-
nary, or any EL component requires only chang-
ing the corresponding identifier passed to the API,
without modifying the rest of the workflow. In ad-
dition, predefined datasets and KBs, as well as user-
provided datasets and KBs, can be loaded by sup-
plying their file paths to load_dataset()!' and

*https://github.com/naist-nlp/entity-linkings

Ohttps://hf.co/collections/naist-nlp/
entity-linkings

"https://hf.co/docs/datasets/en/loading

1 datasets load_dataset
entity_linkings get_retrievers,
get_rerankers, ELPipeline, load_dictionary

[§)

# Existing Corpus

dataset = load_dataset( )

dictionary = load_dictionary( )

# Custom Corpus

# dataset = load_dataset('json', data_files
= {train': 'train.jsonl', 'validation':
'valid.jsonl', 'test': 'test.jsonl'})

9 # dictionary = load_dictionary('dict.jsonl')

10

11 # Model loading

12 retriever_cls=get_retrievers( )

13 retriever=retriever_cls(dictionary,

config=retriever_cls.Config())

14 reranker_cls=get_rerankers( )

15 reranker=model_cls(retriever,

config=model_cls.Config())

eI B e Y R

16

17 # Training

18 result = reranker.train(dataset[ 1,
dataset[ 1

19

20 # Evaluation

21 metrics = retriever.evaluate(dataset[ D

22 # Output (metrics): {'R@1': , 'R@1Q': ,
'R@5Q0':, 'R@T0Q':, 'MRR':}

23 metrics = reranker.evaluate(dataset[ D

24 # Output (metrics): {'Acc': }

25

26 # Prediction

27 sentence =

28 spans=[(0,6)]

29 predictions = reranker.predict(sentence,
spans)

30 # Output: [{'start': 0,
'id':'30984'}]

'end': 6,

Listing 1: An implementation of training and evaluation
using BLINK as a model and ZELDA as a dataset.

load_dictionary() in lines 5-9. This design al-
lows ENTITY-LINKINGS to support both standard
benchmarks and custom EL datasets uniformly.

Extensibility All components are implemented
by inheriting from abstract base classes. For
instance, retrievers or rerankers are defined via
RetrieverBase or RerankerBase abstract class,
respectively. These base classes specify the
minimum set of required methods that must be
overridden in the derived classes. The com-
ponents can be instantiated through unified fac-
tory functions such as get_retrievers() and
get_rerankers(), which guarantee a consistent
interface across different user implementations. In
addition, we provide comprehensive test code for
all components with CI/CD support, along with
well-written documentation. This modular design
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Model R@l1 R@10 R@50 R@100
BM25 0.207 0440 0.556  0.598
Dual-Encoder 0.361 0.594 0.693 0.735
Text Embedding 0.429 0.796 0.796  0.834

Table 1: Candidate generation results in ZeshEL.

enables straightforward extensibility with minimal
implementation effort.

Reproducibility We also support configuration
via YAML input and export all settings to YAML
files, enabling users to share the exact experimental
configurations and ensuring high reproducibility
as well as deterministic results across runs. Fur-
thermore, we provide basic pretrained weights and
precompiled KBs, allowing us to easily reproduce
results and conduct fair comparisons.

5 Experiments

In this paper, we follow a standard EL evaluation
protocol for simplicity and to ensure a controlled
experiment. Specifically, we fix Mention Detector
to spaCy and focus our evaluation on the ED stage.
We compare the performance of two EL compo-
nents, i.e., Candidate Generator and Candidate
Reranker. We then construct multiple pipeline sys-
tems by combining each component and compare
their performance across these full pipeline sys-
tems. Appendix B describes the detailed settings.

5.1 Candidate Generator

5.1.1 Setup

We evaluate three text retrievers: BM25, Dual-En-
coder and Text Embedding Model. For similarity-
based retrievers, we use bert-base-uncased
(110M x2) and e5-base (110M) to ensure that the
same core Transformer architecture is shared. Fol-
lowing Wu et al. (2020), we train these encoders
using in-batch random negatives and top-10 hard
negatives. We employ R@F as our evaluation met-
ric, where k ranges from 1 to 100. We use the
ZeshEL benchmark as introduced in Section 2.3.

5.1.2 Results

Table 1 shows the results. As the value of k in-
creases, the R@FE scores for all three retrievers con-
sistently increase, and similarity-based retrievers
outperform the frequency-based retriever by effec-
tively leveraging contextual information and entity
descriptions. Hence, we confirm that the retrievers
are functioning as we expected.

5.2 Candidate Reranker

5.2.1 Setup

We evaluate the eight methods: Most Frequent
Sense (MFS), Dual-Encoder, Text Embedding
Model, FEVRY, ExtEnD, ChatEL, and Fu-
sionED on the ZELDA benchmark. MFS refers to
the entity that is most frequently linked from each
mention in the Kensho Wikimedia dataset, Wik-
ilinks web corpus (Singh et al., 2012), and Wiki-
data, which is a general baseline for ZELDA. For
each mention, we select the top 30 most frequent
entries from the candidate list. During training, if
the ground-truth entity is not among the top 30, we
replace the 30th entry with it. For candidate lists
with fewer than 30 entries, we fill the remaining
slots by randomly sampling from the entire KB.

We use bert-base-uncased (110M), longfor-
mer-base (149M), and flan-t5-small (77M) to
ensure that the total number of parameters is com-
parable across models.

5.2.2 Results

Table 2 shows the accuracy for each evaluation split.
Although all methods were trained using a small-
scale encoder with only the top 30 candidate entries,
they consistently outperform the minimal baseline
MFS. Furthermore, the results are comparable to
those reported in previous work, which confirms
each method is working correctly as intended. For
the candidate rerankers, almost all the rerankers
underperformed compared to the retriever. While
rerankers are restricted to selecting from a fixed
candidate list, the retriever is trained using hard
negatives. This training regimen likely allows the
retriever to leverage contextual cues more effec-
tively. This observation is consistent with the find-
ings reported by Riicker and Akbik (2025).

5.3 EL System Evaluation

5.3.1 Setup

We use the GERBIL benchmark, which is widely
used for evaluating EL systems. We employ a
Dual-Encoder model as the candidate generator and
FEVRY, Cross-Encoder, ExtEnD, and ChatEL as
the reranker, which achieves good performance in
our ED evaluation. In addition, we report reproduc-
tion results obtained using the official implementa-
tion and pretrained weights of ReFinED (Ayoola
et al., 2022) as a system baseline. For the evalua-
tion metric, we employ /nKB micro-F1 score. A
predicted mention is regarded as correct only if



REDDIT- REDDIT- WNED- WNED- SLINKS- SLINKS- SLINKS-

backbone  AIDA-B TWEEKL 'pogrg 'cOoMM CWEB WIKI  TAIL SHADOW TOP

MES - 0.629 0.700 0.825 0.794  0.605 0.648  0.991 0.146 0.402
Text Embedding ESgase 0.837 0.809 0.905 0.915 0.718 0.900 0.991 0.675 0.694
Dual-Encoder BERTgase 0.821 0.779 0.912 0.876  0.703 0.899  0.988 0.637 0.658
FEVRY BERTgase 0.762 0.748 0.888 0.842  0.697 0.849  0.805 0.322 0.439
Cross-Encoder BERTge 0.793 0.792 0.918 0.911 0.722  0.857 0.996 0.442 0.591
ExtEnD Longformerg,e  0.800 0.807 0.922 0920 0.713 0.874  0.994 0.379 0.534
FusionED FlanT5gman 0.638 0.657 0.801 0.760  0.614 0.761 0.989 0.351 0.468
ChatEL GPT-40mini 0.756 0.758 0.851 0.814 0.686 0.716  0.980 0.380 0.730

Table 2: Entity Disambiguation results in ZELDA benchmark using our library.

MSNBC ACE2004 Derczynski KORES50 R128 R500 OKE15 OKE16

Dual-Encoder 0.437 0.133 0.304 0.379 0.325 0.256 0.379 0.349

+ FEVRY 0.146 0.100 0.076 0.069 0.193 0.071 0.118 0.127

+ Cross-Encoder 0.474 0.156 0.324 0.336 0.354 0.307 0.416 0.375

+ ExtEnD 0.472 0.156 0.336 0.400 0.345 0.300 0.378 0.351

+ ChatEL 0.407 0.118 0.281 0.543 0.287 0.243 0.349 0.330

ReFinED* 0.561 0.197 0.465 0.55.7 0.474 0.348 0.599 0.573

Table 3: End-to-End Entity Linking results in GERBIL. * means the model that trains using external resources.

both the mention span and the target entry match
the ground truth for entities present in the KB.

5.3.2 Results

As shown in Table 3, our straightforwardly con-
structed system achieves moderate performance
compared with existing EL systems, indicating
that our library can build competitive EL systems
with minimal implementation effort. Among the
rerankers, the Cross-Encoder and ExtEnd consis-
tently improved the performance from the results
by the Dual-Encoder, whereas FEVRY exhibited
a significant decline in performance. The perfor-
mance gap likely stems from the fact that FEVRY
directly projects the representation of the span by
concatenating the representation at the span start
and end into the entity embedding space without
referring to entity titles or descriptions. Unlike
competing models, FEVRY fails to leverage ex-
plicit semantic information, such as entity titles
or descriptions, which limits its ability to resolve
entities in out-of-domain datasets.

6 Conclusion

We proposed ENTITY-LINKINGS, a unified library
for EL systems based on a standardized three-
component interface. In our experiments, we con-
ducted replication studies using standardized EL
benchmarks, such as ZELDA and GERBIL. We
confirmed that the performance of our three can-
didate retrievers and five candidate rerankers is
consistent with results reported in previous works.

Moving forward, to consider the high rate of er-
rors in mention detection by spaCy, we plan to
explore the integration of End-to-End EL archi-
tectures (Cao et al., 2021; Shavarani and Sarkar,
2023; Ayoola et al., 2022) and Retriever-to-Reader
models (Zhang et al., 2022). We will continue to
actively maintain and expand it, and we hope that
it will further advance both EL research and the
community.

Ethics and Broader Impact Statement

Using ENTITY-LINKINGS enhances the repro-
ducibility and transparency of experiments, which
is essential from a research ethics perspective. The
ACL Rolling Review checklist!? explicitly empha-
sizes implementation and experimental settings,
underscoring their importance to the community.
Through continued maintenance and expansion of
ENTITY-LINKINGS, we aim to further support these
efforts.

While long-term community adoption ultimately
depends on broader usage, we emphasize that we
plan to actively use ENTITY-LINKINGS in our own
future research and will therefore continue to main-
tain and update it on a regular basis. This library
stems from the practical challenges we encoun-
tered while building and evaluating EL systems,
and our goal is to share this solution with the
broader community. Furthermore, this demonstra-

12https: //aclrollingreview.org/
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tion paper presents only a subset of essential results
and brief analyses for the purpose of system veri-
fication. More extensive experimental results are
available in our GitHub repository. Nevertheless,
the results reported in this paper are sufficient to
validate our claims, and the paper can be read as
a self-contained and complete study. By making
our implementation details and validation results
publicly available as much as possible, we aim
to provide a broader impact to the research com-
munity. This transparency helps avoid redundant
experimentation and allows researchers to focus
their efforts more effectively. Accordingly, we plan
to continuously add and update new results and
perform regular maintenance. In this way, ENTITY-
LINKINGS is intended to deliver sustained value
beyond this paper alone.

We verified the licenses of all datasets used in
this study, as summarized in Table 4 in Appendix A,
and confirmed that their use complies with all appli-
cable terms. In addition, this work does not involve
the generation of harmful content. Accordingly, we
ensure that our study is fully compliant with ethical
guidelines such as the ACL Ethics Policy'?.
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A Dataset Details
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Listing 2: Dataset format
1 {
2 ’
3 ’
4
503

Listing 3: Ontology format

Table 4 shows a complete list of datasets sup-
ported by ENTITY-LINKINGS. Additionally, arbi-
trary datasets and ontologies can be used with the
ENTITY-LINKINGS library if they are provided in
a JSONL format shown in Listing 2 and 3. Note
that training and evaluation splits of AIDA-CoNLL
dataset (Hoffart et al., 2011) are not publicly avail-
able, and users need to download them after ob-
taining approval for using the Reuters Corpora'?.
Once downloaded, users can use a preprocessing
script we provide to convert AIDA-CoNLL dataset
to the format supported in ENTITY-LINKINGS.

B Details of Experimental Setup

Table 5,6 list the hyperparameter settings used in
our experiments. All models are trained and eval-
uated based on these settings. ENTITY-LINKINGS
allows these parameters to be saved and loaded in
YAML format, facilitating easy reproducibility.

“trec.nist.gov/data/reuters/reuters.html
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data_id Dataset Domain Lang. Ontology Train Licence

msnbc MSNBC (Cucerzan, 2007) News English Wikipedia Unknown*
aquaint AQUAINT (Milne and Witten, 2008) News English Wikipedia Unknown*
ace2004 ACE2004 (Ratinov et al., 2011) News English Wikipedia Unknown*
kore50 KORESO (Hoffart et al., 2012) News English Wikipedia CCBY-SA 3.0
n3-r128 N3-Reuters-128 (Roder et al., 2014) News English Wikipedia GNU AGPL-3.0
n3-r500 N3-RSS-500 (Roder et al., 2014) RSS English Wikipedia GNU AGPL-3.0
derczynski Derczynski (Derczynski et al., 2015) Twitter ~ English Wikipedia CC-BY 4.0
oke-2015 OKE-2015 (Nuzzolese et al., 2015) News English Wikipedia Yes Unknown*
oke-2016 OKE-2016 (Nuzzolese et al., 2016) News English Wikipedia Yes Unknown*
wned-wiki WNED-WIKI (Guo and Barbosa, 2014) Wikipedia English Wikipedia Unknown
wned-cweb WNED-CWEB (Guo and Barbosa, 2014) Web English Wikipedia Apache License 2.0
unseen WikilinksNED Unseen-Mentions (Onoe and Durrett, 2020) Web English Wikipedia Yes CC-BY 3.0%
tweeki Tweeki EL (Harandizadeh and Singh, 2020) Twitter ~ English Wikipedia Yes Apache License 2.0
reddit-comments  Reddit EL (Botzer et al., 2021) Reddit English Wikipedia CC-BY 4.0
reddit-posts Reddit EL (Botzer et al., 2021) Reddit English Wikipedia CC-BY 4.0
shadowlink-shadow ShadowLink (Provatorova et al., 2021) Wikipedia English Wikipedia Unknown*
shadowlink-top ShadowLink (Provatorova et al., 2021) Wikipedia English Wikipedia Unknown*
shadowlink-tail  ShadowLink (Provatorova et al., 2021) Wikipedia English Wikipedia Unknown*
zeshel Zeshel (Logeswaran et al., 2019) Wikia English Wikia Yes CC-BY-SA
docred Linked-DocRED (Genest et al., 2023) News English Wikipedia Yes CC-BY 4.0

Table 4: Public Entity Linking Datasets. *Unknown licence information as provided in the original sources.

Parameters
Seeds 42
Training Epochs 2
Hard negatives 10
Batch size (train) 32
Batch size (eval) 256
Max token length (context) 128
Max token length (candidate) 50
Context window 500
Learning rate le-5
Gradient accumulation steps 4
Scheduler linear
Optimizer AdamW
Warmup 0.06
Weight decay 0.01
Max grad norm 0.0
Adam beta [0.9, 0.98]
Adam epsilon le-6

Table 5: Hyperparameters for Candidate Generator

C Details of Command-Line Interface

Listing 4 illustrates the examples via CLI for
training with ZELDA dataset and Dual-Encoder
candidate generator. The training and evalua-
tion processes for both the candidate retriever
and reranker are instantiated through dedicated
commands: train-retriever, eval-retriever,
train-reranker, and eval-reranker. Addition-
ally, eval-pipeline enables the end-to-end evalu-
ation of the pipeline system, incorporating spaCy
for mention detection. To facilitate rigorous model
comparison, all training and evaluation workflows
are integrated with Weights & Biases.

ZELDA  AIDA-CoNLL

Seeds 42 42
Training Epochs 1(10) 5 (30)
Candidates 30 30
Batch size (train) 8 (32) 8(32)
Batch size (eval) 32 (256) 32 (256)
Max token length (context) 128 128
Max token length (candidate) 50 50
Learning rate 2e-5 (5e-5)  2e-5 (5e-5)
Gradient accumulation steps 4 4
Scheduler linear linear
Optimizer AdamW AdamW
Warmup 0.06 0.06
Weight decay 0.01 0.01
Max grad norm 0.0 0.0
Adam beta [0.9, 0.98] [0.9, 0.98]
Adam epsilon le-6 le-6

Table 6: Hyperparameters for Candidate Reranker.
The values in parentheses represent the parameters for
FEVRY.

1 # Model Training

2 entitylinkings-train-retrieval \

3 --retriever_id dualencoder \

4 --dataset_id zelda \

5 --dictionary_id_or_path zelda \

6 # Custom Corpus

7 # --train_file train.jsonl \

8 # --validation_file validation.jsonl \

9 # --dictionary_id_or_path
dictionary.jsonl \

10 --output_dir save_model/ \

11 --num_hard_negatives 10 \

12 --num_train_epochs 2 \

13 --train_batch_size 8 \

14 --validation_batch_size 32 \

15 --config configs/dualencoder.yaml \
16 --gpus 0,1 \

17 --wandb

Listing 4: An CLI example of training, using Dual-
Encoder as candidate generator and ZELDA as a dataset.
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