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Abstract

Cross-lingual biomedical entity linking (BEL)
maps mentions in any language to unique iden-
tifiers in a biomedical knowledge base, sup-
porting clinical and biomedical NLP applica-
tions. We identify two issues affecting cur-
rent systems. First, the UMLS (Bodenreider,
2004) aliases used to train cross-lingual BEL
retrievers are heavily skewed toward English,
so retrievers generalize poorly to non-English
mentions. Second, although context is often
necessary for disambiguation, naively inject-
ing context into retrievers trained only to align
aliases severely degrades retrieval. We propose
BioELX, a retrieve—rerank framework that ad-
dresses both issues. For retrieval, we continue
training SapBERT ;14 (Liu et al., 2021b) us-
ing Wikidata-derived cross-lingual alias super-
vision, forming shared concept neighborhoods
across languages. For reranking, we adapt pre-
trained LLM rerankers to entity linking through
mention-anchored prompting, which marks the
target mention so that rerankers score candi-
dates with respect to the intended mention
rather than other salient tokens in the context.
Experiments show that BioELX achieves new
state-of-the-art results on four cross-lingual
BEL benchmarks, improving Recall@1 by 4.8
to 18.2 percentage points over prior best re-
sults, without any task-specific BEL annota-
tions. Our code and resources are available at
https://github.com/AI4MedCode/BioELX.

1 Introduction

Entity linking (EL) maps an ambiguous text span
called a mention in a given text to the corresponding
entity in a knowledge base (KB), which stores enti-
ties as unique IDs associated with names, aliases,
and optional metadata. Biomedical entity linking
(BEL) is a domain-specific variant of EL, where
mentions refer to biomedical entities such as dis-
eases, drugs, symptoms, etc. Cross-lingual biomed-
ical entity linking extends BEL to the multilin-
gual setting, where mentions may appear in any

language but must be linked to the same KB en-
tities. In the example sentence “Une réduction
du nombre de globules rouges peut entrainer des
symptomes tels que fatigue ou essoufflement.”! in
Fig. 1, the mention essoufflement should be linked
to CUI C0013404, which has multilingual aliases
such as dyspnea and shortness of breath in En-
glish, and Sesak napas in Indonesian. CUI stands
for concept unique identifier and denotes IDs in
the UMLS (Bodenreider, 2004), a comprehensive
biomedical KB. However, KBs do not always con-
tain an alias in the mention language: here, CUI
C0013404 has no French alias, so the linker must
connect the French mention to the correct concept
through cross-lingual evidence.

Monolingual EL systems commonly adopt a two-
stage design: candidate retrieval followed by can-
didate reranking (Wu et al., 2020; Cao et al., 2021;
Orlando et al., 2024). This design balances ef-
ficiency and accuracy. The lightweight retriever
efficiently selects a top-k candidate set from a KB
over a precomputed entity embedding index, aim-
ing for broad candidate coverage that includes the
gold entity. A more expressive reranker then lever-
ages richer information, such as mention context,
to choose the final prediction. Reranking is more
accurate but also more computationally intensive,
because many rerankers jointly score each mention—
candidate pair, requiring a separate forward pass
per pair and limiting the use of pre-computed entity
representations (Wu et al., 2020). Moreover, train-
ing such rerankers typically requires a substantial
number of task-specific EL annotations.

In cross-lingual BEL, many existing systems are
built on SapBERT ¢ (Liu et al., 2021b) as the re-
trieval component. Some extend or fine-tune it for
specific languages and domains (Sakhovskiy et al.,
2024; Mustafa et al., 2024; Fierens et al., 2025);

!Translation: A reduction in the number of red blood cells
can lead to symptoms such as fatigue or shortness of breath.
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others add a second-stage disambiguation model
trained on task-specific BEL annotations (Zhu et al.,
2023; Borchert et al., 2023; Donoso et al., 2024),
which are scarce for many languages.

We identify two issues with current cross-lingual
BEL models. First, the retriever SapBERT 14
generalizes poorly to non-English mentions be-
cause its training resources provide limited mul-
tilingual evidence. This is apparent in the alias
distribution used to train SapBERT,,, ;. Where
69.6% of the aliases are written in English, while
the remaining 30.4% are spread across 22 other lan-
guages (Liu et al., 2021b). This imbalance causes
the learned representations to favor English surface
forms, so non-English mentions are systematically
drawn toward lexically similar but semantically in-
correct entities. As shown in Fig. 3, the French
mention essoufflement should be linked to the CUI
C0013404 (Dyspnea), but SapBERT 1 retrieves
instead the lexically similar but semantically dif-
ferent concept Effleurage (‘light massage’, CUI
C0203907), likely because both strings share the
rare substring -ffle.

This motivates our first hypothesis (H1): broader
cross-lingual alias coverage should reduce the re-
triever’s reliance on string overlap and enable non-
English mentions to be linked through cross-lingual
evidence. We test this hypothesis with Wikidata-
derived cross-lingual alias supervision, which pro-
vides broader multilingual alias coverage for re-
triever training by mapping Wikidata aliases to
biomedical concepts. §3.3 details the alias extrac-
tion, mapping, and training procedure.

A second issue is that contextual disambigua-
tion is difficult to incorporate without sacrificing
retrieval quality or relying on task-specific supervi-
sion. Alias-based retrievers such as SapBERT 11t
are trained to match aliases of the same concept,
not to encode a mention with its context. Apply-
ing them to inputs that combine the mention with
its context can distort the learned alias represen-
tation, shifting it away from the underlying con-
cept and severely degrading retrieval. This effect
is confirmed by our diagnostic experiment in Ap-
pendix D: adding context reduces SapBERT 114
Recall@1 by more than 50 percentage points on
both tested benchmarks. A standard approach to
incorporate context is to use a dedicated context-
aware reranker, but training such a reranker re-
quires high-quality expert annotations that link
mention spans to unambiguous entity identifiers.
Creating such data is costly and such datasets are

scarce, particularly for low-resource languages.

Pretrained LLM rerankers offer a training-free al-
ternative because they are trained to compare query—
document relevance, enabling context-aware can-
didate comparison without BEL-specific reranker
training. We use rerankers rather than generative
LLMs because entity generation can produce hal-
lucinated or out-of-KB strings (Ji et al., 2023),
whereas rerankers score candidates directly.

However, applying off-the-shelf LLM rerankers
to EL introduces a task mismatch. These models
are trained for general query—document relevance,
not for entity disambiguation at a specific mention
span. They may therefore focus on salient contex-
tual entities instead of the target mention, which
we call the focus-mismatch problem. For example,
when reranking candidates for the mention essouf-
flement in Fig. 2, a reranker may attend to globules
rouges and incorrectly prefer Red Blood Cells over
the correct entity Dyspnea. This leads to our sec-
ond hypothesis (H2): pretrained LLM rerankers
can provide context-aware reranking without su-
pervised BEL annotations, but must be adapted to
score candidates with respect to the target men-
tion rather than the whole context. We instantiate
this adaptation with mention-anchored prompting,
which marks the target mention in the input so that
LLM rerankers score candidates against it. §3.4
details this adaptation.

Our contributions are: 1) BioELX, a cross-
lingual biomedical entity linking framework that
can be applied to new benchmarks without train-
ing on any BEL-annotated data. BioELX achieves
new state-of-the-art results on four cross-lingual
benchmarks, improving the previous best by +18.2
R@1 on XL-BEL (Liu et al., 2021b), +5.5 on
EMEA, +4.8 on Patent (Kors et al., 2015), and
+8.4 on WikiMed-DE (Wang et al., 2023). Gains
are especially pronounced for low-resource lan-
guages (Turkish +18.2, Korean +21.1, and Thai
+27.1 on XL-BEL); 2) a Wikidata-derived cross-
lingual resource for biomedical retrieval, providing
broad multilingual concept-level supervision and
3) a systematic study of how to adapt pretrained
LLM rerankers to EL, that identifies mention-
anchored prompting as a simple, training-free
recipe for context-aware reranking. The architec-
ture of BioELX is shown in Fig. 1. Following
prior work (Wu et al., 2020; Agarwal et al., 2022;
Sakhovskiy et al., 2024), we assume that mention
spans are given and focus on linking each mention
to a KB entity (see §3.1 for details).
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2 Related Work
2.1 Biomedical Entity Linking

BEL systems commonly follow a two-stage
retrieve-then-rerank pipeline. Across both stages,
prior work faces a recurring trade-off: methods that
exploit mention context for disambiguation require
task-specific BEL annotations, while annotation-
free methods rely on KB aliases alone and ignore
context.

Retrieval. Two paradigms dominate: the first
trains retrievers on KB aliases with a contrastive
objective, mapping different surface forms of the
same concept to nearby embeddings (Sung et al.,
2020; Liu et al., 2021a; Yuan et al., 2022b; Garda
and Leser, 2024). It uses only KB aliases as su-
pervision and does not condition on mention con-
text. The second paradigm trains bi-encoders on
annotated mention—entity pairs (Wu et al., 2020),
encoding the mention in its context and the entity
into a shared space (Agarwal et al., 2022; Xu et al.,
2023; Lin et al., 2024); this exploits context but
requires task-specific BEL annotations.

Reranking. Rerankers, in contrast, all incorpo-
rate mention context and differ mainly in how can-
didates are compared. Many score each mention—
candidate pair independently, jointly encoding the
mention context and one candidate entity to as-
sign a relevance score (Agarwal et al., 2022; Sanz-
Cruzado and Lever, 2025). Others place the men-
tion context and several candidates in a shared
input so they can be compared directly: Prompt-
BioEL (Xu et al., 2023) and BioELQA (Lin et al.,
2024) cast linking as a multiple-choice template,
scored by predicting which candidate fills a masked
slot in the template for Prompt-BioEL and using
a generator to output the chosen candidate for
BioELQA. In either way, training relies on task-
specific BEL annotations.

Cross-lingual BEL. Liu et al. (2021b) intro-
duced the XL-BEL benchmark and SapBERT,, ,1¢i>
a multilingual alias-based retriever trained con-
trastively on UMLS aliases, which has become the
standard backbone for cross-lingual BEL. Many
subsequent systems build directly on it. On the
retrieval side, Mustafa et al. (2024) and Fierens
etal. (2025) fine-tune SapBERT, ,1t; for German
and French, and Sakhovskiy et al. (2024) add KB
concept relations as a training signal. A comple-
mentary line of work adds a disambiguation stage

after retrieval: Con2GEN (Zhu et al., 2023) trains a
generative model to produce the target entity name,
and ClinLinker (Donoso et al., 2024) trains a cross-
encoder over mention context and candidate. Yet,
retriever-side approaches still inherit the English-
skewed alias supervision of UMLS and are typi-
cally tuned for a single language, while a disam-
biguation stage depends on BEL annotations that
are scarce for most languages. BioELX targets
both gaps: it broadens alias supervision with cross-
lingual Wikidata aliases and adds context-aware
reranking without BEL annotations (§3).

2.2 LLMs in Entity Linking

Prior work has used LLMs for EL in two main
ways. The first treats the LLM as an auxiliary com-
ponent of an existing EL pipeline, e.g., rewriting
or augmenting mention context (Xin et al., 2025;
Vollmers et al., 2025) or simplifying mentions to
better match KB aliases (Borchert et al., 2024).
The second reformulates EL as a generation task,
where the LLM directly generates the target entity
name or identifier, optionally constrained to a set
of retrieved candidates (Xiao et al., 2023; Ding
et al., 2024; Xie et al., 2024). However, given the
diversity of entity aliases, generation-based link-
ing is prone to instruction-following failures and
hallucinated or out-of-KB outputs (Ji et al., 2023).

A third direction, largely unexplored for EL, is
to use off-the-shelf LLM rerankers - models trained
on large-scale query-document relevance data and
widely used as rerankers in information retrieval
(Chen et al., 2024; Wang et al., 2025; Zhang et al.,
2025). Unlike generation models, rerankers score
retrieved candidates and therefore cannot produce
out-of-KB outputs; unlike pipeline-augmentation
methods, they directly compare the mention with
candidate entities. They are, however, trained for
general query-document relevance rather than for
mention-level disambiguation. BioELX adapts pre-
trained LLM rerankers to cross-lingual BEL with-
out task-specific BEL annotations (§3.4).

3 Methodology

3.1 Problem Formulation

Let T = (t1,...,ty) be a biomedical text of N
tokens. We assume that a set of mentions M =
{m1,...,mp}, has already been identified in 7',
where each mention m; = (tm, ;... tm,, ) is
a contiguous span of n; tokens in 7" that refers
to a biomedical concept. The target knowledge
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base IC = {e1, ..., e} contains || entities; each
entity e has a unique identifier, an alias set A(e) =
{ai,...,a 4.} of surface forms in one or more
languages, and optional metadata such as semantic
types and textual descriptions.

Cross-lingual biomedical entity linking maps
each mention to its corresponding KB entity. A
mention may be written in any language, and that
language need not be covered by the aliases of its
gold entity in XC; this mismatch between the men-
tion language and the KB is the defining difficulty
of the cross-lingual setting. We assume each men-
tion links to exactly one entity in K. Formally, the
task is to determine a linking function f such that
f(m,T,K) = e for each mention m € M and its
gold entity e € K.

3.2 BioELX Framework

Figure 1 shows the overall pipeline of BioELX,
which comprises the BioELX Retriever for cross-
lingual candidate retrieval and the BioELX
Reranker for context-aware reranking.

Mentions

Top-k candidates

BioELX
Retriever

-

context BioELX
e Reranker

extension;

5
2
]

Figure 1: The two-stage BioELX pipeline, illustrated
for a single mention. The retriever embeds the mention
and multilingual entity aliases into a shared space, and
returns the top-k aliases with associated entities by co-
sine similarity. For each candidate alias, the reranker
scores a mention-anchored query — the mention and
its surrounding context — against a document built
from that alias, and selects the entity associated with the
highest-scoring alias. Larger version in Figure 6.

Candidate retrieval. A single encoder g(-) em-
beds both mentions and aliases in a shared space.
For efficiency, we embed every alias of every entity
e € K offline and index the resulting vectors; at
inference time, we embed only the input mention
m. Each alias is scored by its cosine similarity to
the mention,

sret (11, @) = cos(g(m), g(a)) (1)

and we take the k highest-scoring aliases as the can-
didate set C(m), each paired with its associated
entity.

Context-aware reranking. Each candidate alias
a € C(m) is then rescored in context. We con-
struct a query—document input @ (Q(m, T'), D(a)),
where the query Q(m,T) is built from the men-
tion and its surrounding context, and the document
D(a) contains an alias in Ci(m) (see Figure 2). A
pretrained LLM reranker g assigns a relevance
score

Srank(m, a | T) = Rg(@(Q(m, T),D(a))) € R.
2
and BioELX predicts the highest-scoring alias,
Qfinal = arg max Spank(m,a | 7).  (3)
a€Ck(m
and outputs its associated entity. The BioELX
Reranker is independent of the underlying model
architecture and scoring interface. Appendix E.2
presents additional scoring variants evaluated in our
experiments, including confidence-based scoring
for QWEN3-Reranker (Zhang et al., 2025), listwise
scoring for Jina-Reranker (Wang et al., 2025), and
logit-based scoring for BGE-Reranker (Chen et al.,
2024). §3.4 specifies how BioELX constructs the
mention-anchored query Q(m,T') and candidate
document D(a) for LLM rerankers.

<|im_start|>system

<lim_end|>
<|im_start|>user
<Instruction>: {Given a Query (in any language) containing a target mention marked by <tgt>...</tgt>
and its local context (nearby words/sentences), and a Document containing a candidate entity name
in any language, decide whether the candidate is the correct link for the mention in context.}
<Query>: {Une réduction du nombre de globules rouges peut entrainer des symptémes tels que
fatigue ou <tgt> essoufflement </tgt>}
<Document>: {| }<lim_end|>
<|im_start|>assistant
<think>\n\n</think>\n\n

I Ven
Ment

Figure 2: An example of the BioELX Reranker input,
instantiated with the QWEN3-Reranker template (black
text). The query contains the biomedical text 7" with the
target mention m marked by <tgt>...</tgt>, and the
document contains an alias a of the candidate entity e,
so the reranker scores each mention-candidate pair. Our
“document” is intentionally short: many KB entities lack
rich textual metadata, so we provide only the entity alias.
The same mention-anchored input construction can be
incorporated into the native scoring template of other
LLMs. See larger version in Fig. 7.

3.3 Wikidata-derived Cross-lingual Retrieval

To address the issue of SapBERT, ;14 discussed
in Section 1, we construct Wikidata-derived cross-
lingual alias supervision: instead of relying only
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on UMLS aliases, we use Wikidata-derived multi-
lingual aliases to create cross-lingual concept-level
alias groups for retriever training. The intuition is
that aliases of the same biomedical concept in dif-
ferent languages can serve as cross-lingual bridges
in the embedding space. By pulling these aliases
together during contrastive training, the retriever
learns shared multilingual concept neighborhoods,
so an unseen non-English mention can be drawn
toward the correct concept rather than toward a
lexically similar but semantically unrelated entity.
We instantiate this idea by extracting multilingual
aliases from Wikidata (Vrandecic and Krotzsch,
2014), mapping them to UMLS, and continuing
contrastive training from SapBERT ;- Figure 3
provides an illustrative example. For the French
mention essoufflement, Wikidata-derived multilin-
gual aliases provide broader cross-lingual evidence
that helps place the correct entity closer to this men-
tion in the embedding space, so it appears among
the retrieved top-k candidates.

Top 3 candidates Mention Top 3 candidates

cul: cul:

X Name: - Name: v
LANG: . LANG:
cut: ) . cut: v
X Name: ] ; ol |, Name:
LANG: SapBERT_mult i ' Retriever LANG:
1| LANG:
cur: ; Ccur: x
X Name: Tcur Name:
LANG: h LANG:
3 LANG:

Figure 3: An example of retrieval. For the French men-
tion essoufflement, SapBERT ) 1 retrieves top candi-
dates based on surface similarity but misses the correct
concept. Our retriever, enhanced with Wikidata-derived
multilingual aliases, retrieves candidates that include
the correct CUI (Dyspnea) among the top results. See
larger version in Fig. 8.

Constructing cross-lingual alias supervision
from Wikidata. To provide multilingual align-
ment supervision beyond the English-skewed
aliases in UMLS, we derive cross-lingual aliases
from a recent Wikidata dump? and map them to
UMLS CUISs through Wikidata identifiers (QIDs).
Here, an alias denotes a language-specific surface
form associated with a QID.

Concretely, we parse the Wikidata
item_per_site dump to extract triples of
the form (q,a,?), where ¢ is a QID, a is
a language-specific alias, and ¢ denotes the
corresponding language key. A single QID
can have aliases in multiple languages. For

Zhttps://dumps.wikimedia.org/, version 2025-12-01.

example, (3358860, ‘Ovalocyte’, frwiki)
indicates that the QID 3358860 has the French
alias ‘Ovalocyte’. We collect all aliases in all
languages for a given QID.

We then map each QID to a UMLS CUI by
querying the Wikidata SPARQL endpoint® for
items annotated with the property P2892, UMLS
CUI*. Attaching this mapping to the extracted
triples yields four-tuples (g, a, ¢, c), where c is the
associated CUI, e.g., (3358860, ‘Ovalocyte’,
frwiki, C0221280). We retain only tuples with a
valid CUI, which serves as a filtering step to restrict
the collection to biomedical aliases. We discuss
adaptations of this filtering step to other biomedical
resources in Appendix C.2.

To ensure that our retrieval gains reflect zero-
shot generalization to unseen mentions rather than
memorization of evaluation surface forms, we dis-
card any tuple whose alias string exactly matches a
mention string in our evaluation benchmarks.

We obtain 3,823,814 aliases across 597 lan-
guages for 537, 848 unique UMLS CUIs. English
accounts for only 6.3% of these aliases, while
the nine non-English languages covered by XL-
BEL together account for 11.3%. This sharply
contrasts with the UMLS-derived aliases used to
train SapBERT , ,1¢j» Where English accounts for
69.6% (Liu et al., 2021b). Detailed statistics are
provided in Appendix C.1.

Contrastive Training on Wikidata-Derived
Aliases. Starting from SapBERTmultiS, we con-
tinue training the encoder g(-) on Wikidata-derived
cross-lingual aliases with the same contrastive
learning objective, expanding multilingual alias
coverage beyond UMLS and mitigating the En-
glish bias in alias supervision. Given a mini-batch
B = {(x,v:)}Y,, where =; is an alias string and
y; is its CUI label, we define for the anchor alias
x; the in-batch positive and negative sets as

P(xi) = {z; | (zj,y;) € B, x5 # %, yj = yi}
4)
N(xi) = {z; | (x5,y5) € B, ©j # xi, yj # yi}
(5)

Each anchor x; has at least one same-CUI pos-
itive in the batch (typically an alias in a differ-
ent language); all remaining items in B serve
as candidate negatives. We then form training
3ht’cps://query.wikidata.org/

4https ://www.wikidata.org/wiki/Property:P2892
SapBERT-UMLS-2020AB-all-lang-from-XLMR-large
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triplets (x;, z;+, ;- ), where x;+ € P(x;) and
z;~ € N(z;). Following SapBERT, ;i (Liu
etal., 2021a), we apply in-batch hard mining and re-
tain only hard triplets - those in which the negative
alias is close to the anchor relative to the positive,
namely those satisfying

lg(@i)—g(zi+)ll2+A > llg(xi)—g(zi- )2, (6)

for a predefined margin A\. Let P; and N
denote the indices of the positives and nega-
tives that survive hard mining for z;, and let
Sij = cos(g(x;), g(x;)). We optimize the multi-
similarity (MS) loss (Wang et al., 2019):

N
1 1
Lret =¥ Z o log| 1+ Z exp (a(Sm — e))
i=1 neN;
1
-i—glog 1+Zexp(—ﬁ(5ip—e))

PEP;

)

where the hyperparameters « and (3 are scaling fac-
tors and € is a similarity offset. This objective pulls
together aliases with the same CUI while pulling
apart aliases with different CUIs, encouraging a
clustering of the vectors based on semantic instead
of syntactic similarity, and improving language-
agnostic retrieval.

3.4 Mention-Anchored Adaptation of LLM
Rerankers

Many biomedical mentions are ambiguous and re-
quire context for correct disambiguation: in Fig-
ure 2 the mention essoufflement refers to the entity
Dyspnea, not to the massage technique Effleurage,
and only the surrounding text reveals that it is a
symptom. Given the top-k candidate set returned
by the retriever (§3.2), our goal is context-aware
reranking without task-specific BEL annotations.

Why pretrained LLM rerankers. Pretrained
LLM rerankers (Zhang et al., 2025; Wang et al.,
2025; Chen et al., 2024) score retrieved candi-
dates directly, without generating entity strings,
thus avoiding the hallucinated or out-of-KB out-
puts of generation-based entity linking (Ji et al.,
2023). We therefore formulate reranking by treat-
ing the mention in context as the query and each
candidate’s alias as the document.

The focus-mismatch problem. Off-the-shelf
LLM rerankers are trained for general query—
document relevance ranking, not mention-level dis-
ambiguation, and exhibit a focus-mismatch prob-
lem: the model may score against the most salient
entity in the surrounding context instead of the tar-
get mention. Returning to the example in Fig. 2,
globules rouges is medically salient in the context,
but it is not the target of the linking decision. Ap-
pendix E.4 confirms this empirically - the original
query—document formulation yields much weaker
reranking performance than the mention-anchored
formulation, indicating that off-the-shelf rerankers
are not automatically aligned with the entity linking
objective.

Mention-anchored prompting. To address the
focus-mismatch, we explicitly mark the target
mention in the query, signaling to the reranker
which token span in the surrounding context should
drive the scoring decision. The reranker input
®(Q(m,T), D(a)) has two fields:

 The query Q(m,T) is the biomedical text T’
with the target mention m wrapped in delim-
iters <tgt>...</tgt>.

* The document D(a) is an alias of the candi-
date entity e.

Both fields, together with a task instruction defined
by the prompt template, form the reranker input, as
shown in Figure 2.

4 Experiments

Datasets. We evaluate BioELX on four cross-
lingual benchmarks—XI-BEL (Liu et al., 2021b),
EMEA (Kors et al., 2015), Patent (Kors et al.,
2015), and WikiMed-DE (Wang et al., 2023)—
covering multiple languages, domains, and KB
settings. We additionally evaluate on MedMen-
tions (Mohan and Li, 2019) as a large-scale English
BEL transfer check, to examine whether Wikidata-
derived alias supervision and mention-anchored
reranking also benefit English BEL without su-
pervised training. XL-BEL, EMEA, and Patent
are evaluation-only benchmarks. For WikiMed-
DE and MedMentions, we report results on their
test split. Full dataset details are provided in Ap-
pendix B.1.

Baselines. Following prior work on cross-lingual
BEL, we compare against the closest state-of-the-
art and recent systems with cross-lingual capabil-
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ities and comparable supervision assumptions, in-
cluding SapBERT . (Mustafa et al., 2024) and
BERGAMOT (Sakhovskiy et al., 2024). More
recent state-of-the-art BEL systems, such as AN-
GEL (Kim et al., 2025), use target-dataset super-
vision and are therefore evaluated separately on
MedMentions. Since MedMentions is not a cross-
lingual benchmark and most strong baselines are
trained directly on its annotations, we report and
discuss these results separately in Appendix F.2.
Full baseline details are provided in Appendix B.3.
We additionally evaluate English translation base-
lines, where non-English mentions are first trans-
lated into English and then processed by English
BEL systems. Full results and analysis are pro-
vided in Appendix F.3.

Experimental Setting. At inference time, the
BioELX Retriever returns the top-64 candidate
aliases, which are then reranked by a pretrained
reranker using our adaptation. Following prior
work, we report Recall@1 on every baseline and
benchmark. We define an unseen mention as an
evaluation mention whose exact surface string is
absent from the aliases used to train our retriever.
Since we discard all training aliases that exactly
match evaluation mention strings, all evaluated
mentions are unseen under this definition. There-
fore, our results measure zero-shot generalization
to unseen mention surface forms, although the cor-
responding entities may still be represented dur-
ing training through other aliases. Full training,
inference, and evaluation details are provided in
Appendix B.

Model Choice. Since our work targets clinical
applications involving sensitive patient data, we
choose open-weight models for privacy, repro-
ducibility, and deployment stability. We there-
fore instantiate our mention-anchored reranking
approach with QWEN3-Reranker-8B in the main ex-
periments, rather than proprietary API-based mod-
els such as GPT. Our adaptation is not specific to
one LLM. Additional experiments with other pre-
trained LL.Ms are provided in Appendix E.

4.1 Main Results

Tables 1 and 2 report R@1 on XL-BEL, EMEA,
Patent, and WikiMed-DE. BioELX achieves the
best overall performance across all four bench-
marks, establishing a new state-of-the-art for cross-
lingual EL.

Does cross-lingual alias supervision improve
retrieval? Across the four benchmarks, the
BioELX retriever substantially outperforms prior
methods, confirming our first hypothesis that
broader cross-lingual alias coverage helps retrieval
for mentions in languages underrepresented in
SapBERT, ;s training data. The largest gains
appear on XL-BEL: 47.8 average R@1 vs. 32.3
(SapBERT ,,;1tj) and 35.6 (BERGAMOT). Im-
provements are consistent across all XI.-BEL lan-
guages and especially strong in low-resource set-
tings (e.g., TR: 54.5 vs. 42.1, TH: 41.2 vs. 21.5
against the previous best results). The improve-
ments also transfer beyond XL-BEL to other
biomedical text genres: on WikiMed-DE with
UMLS 2020AA, the retriever reaches 57.0 R@1,
the best result in this setting. On EMEA and Patent,
where surface-form ambiguity is higher, retrieval-
only gains are smaller but still competitive. Ap-
pendix G.2 analyzes benchmark ambiguity and ex-
plains why alias-trained retrieval helps most on XL-
BEL and WikiMed-DE while EMEA and Patent
require context-aware reranking.

Do the gains come from cross-lingual alias cov-
erage? Yes: among the 1,416 mentions improved
over SapBERT ;1> 82.3% have gold CUIs with
aliases in other languages, while none have only
same-language Wikidata coverage (Appendix G).
Broader multilingual alias coverage yields larger
gains, but even concepts without any Wikidata-
derived aliases in the training set still improve,
suggesting that continued contrastive training also
reshapes the global geometry of the embedding
space, reducing the model’s reliance on superficial
lexical similarity. The retrieval gains are therefore
driven by cross-lingual alias coverage rather than
same-language alias memorization or sheer expo-
sure to more alias strings, further supporting our
first hypothesis.

How much does our mention-anchored LLM
reranking help beyond retrieval? Substan-
tially: our pretrained LLM reranker with mention-
anchored prompting adds 5-6 R@]1 points across
benchmarks, supporting our second hypothesis that
pretrained LLM rerankers, once adapted to focus
on the target mention, can provide context-aware
reranking without supervised BEL annotations. On
XL-BEL it increases the average R@1 from 47.8 to
53.8, improving performance in every language.
EMEA improves from 57.1 to 62.5 and Patent
from 68.0 to 73.4, exceeding all prior results. On
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Dataset— XL-BEL Avg
Method | EN ES DE FI RU TR KO ZH JA TH

mBERT (Devlin et al., 2019) 29.1 11.9 5.2 1.6 5.1 8.0 0.6 3.6 9.1 0.9 7.5
mBART (Liu et al., 2020) 348 235 150 11.7 204 249 9.0 83 13.1 11.2 17.2
SapBERT, 1 (Liu et al., 2021b) 86.2 48.4 285 199 384 355 14.8 145 231 14.0 323
CODER (Yuan et al., 2022a) 859 514 31.0 203 373 354 14 144 226 2.4 30.2
mGENRE (Cao et al., 2022) 85.2 489 309 238 399 369 157 16.7 239 160 33.8
Con2GEN (Zhu et al., 2023) 86.6 52.7 308 244 398 405 174 171 256 19.2 354
BERGAMOT (Sakhovskiy et al., 2024) 78.6 582 33.2 229 373 419 185 189 254 21.5 35.6
SapBERT 4, (Mustafa et al., 2024) 83.0% 57.7% 40.1% 17.0% 33.5% 42.1% 17.4% 18.8% 23.8% 20.3% 35.4%
BioELX retriever (ours) 89.9 63.7 454 31.0 495 545 354 350 326 412 478
BioELX retriever+reranker (ours) 91.2 69.6 53.0 359 566 603 396 445 391 48.6 538

Table 1: R@1 (%) on XL-BEL. English (EN), Spanish (ES), German (DE), Finnish (FI), Russian (RU), Turkish (TR),
Korean (K0), Chinese (ZH), Japanese (JA), Thai (TH). * indicates results reproduced by us. Other numbers are as
reported by Zhu et al. and Sakhovskiy et al. The best results are bold, second best are underlined. For BioELX, we
report the mean over three random seeds; standard deviations are provided in Appendix F.1.

Dataset— EMEA Avg Patent Avg WikiMed-DE
Method | ES FR NL DE FR DE DE DE-wiki
mBERT (Devlin et al., 2019) 4.4 10.0 4.8 4.0 5.8 7.0 4.6 5.8 21.6% 70.1%
mBART (Liu et al., 2020) 356 309 29.0 299 314 272 29.0 28.1 283* 70.4%
SapBERT, i (Liu et al., 2021b) 58.3 53.4 55.5 53.6 552 635 612 624 54.6% 75.6
CODER (Yuan et al., 2022a) 56.9 53.6 569 534 55.2 64.9 658 654 23.5% 74.5%
mGENRE (Cao et al., 2022) 56.5 54.8 49.3 52.7 53.3 61.1 586 59.9 31.8% 73.6%
Con2GEN (Zhu et al., 2023) 63.9 571 514 555 570 64.0 66.1 651 NA NA
BERGAMOT (Sakhovskiy et al., 2024) ~ 60.2% 58.2% 54.4% 53.9% 56.7% 68.7% 68.4% 68.6% 51.0% 77.2%
SapBERT, (Mustafa et al., 2024) 56.5% 53.4% 52.5% 51.7% 55.0% 65.5% 67.2% 66.4% 51.3%  80.0
BioELX retriever (ours) 60.0 559 56.2 558 571 670 689 68.0 57.0 78.1
BioELX retriever+reranker (ours) 654 619 599 627 625 754 714 734 63.0 79.8

Table 2: R@1 (%) on EMEA, Patent and WikiMed-DE. We include two KBs for evaluation on German: (1) UMLS
2020AA (DE), and (2) UMLS-Wikidata (Mustafa et al., 2024) (DE-wiki). % indicates reproduced results, while NA
means the code is not fully available. Other numbers are as reported by Zhu et al. The best results are bold, second
best are underlined. We report the mean over three random seeds; standard deviations are provided in Appendix F.1.

WikiMed-DE (UMLS 2020AA), reranking adds
6.0 R@1 points over the retriever. Once the cor-
rect entity is included in the candidate set, context-
aware candidate comparison improves linking - es-
pecially where alias similarity alone is insufficient.

When does reranking help less? Reranking
helps less when there is little ambiguity to begin
with. Table 2 shows a special case: WikiMed-DE
with the UMLS-Wikidata KB (Mustafa et al., 2024).
This KB is specifically constructed from Wiki-
data for WikiMed-DE, so many benchmark men-
tions closely match the corresponding entity aliases.
Surface-form retrieval is therefore already highly
effective, and the gold entity is often ranked at the
top by the retriever alone. Adding the reranker
yields only a marginal gain (78.1 — 79.8, +1.7).
Most real-world BEL settings rarely come with
such a benchmark-specific KB. They usually link
mentions to comprehensive KBs like UMLS, which

provide broader entity coverage and are closer to
clinical practice. These settings leave more unre-
solved ambiguity after retrieval, which explains the
larger reranking gains on XL-BEL, EMEA, Patent,
and WikiMed-DE with UMLS 2020AA.

4.2 Ablation Study

To understand how retrieval quality affects rerank-
ing, we vary the retrievers (BM25, mBART, BERG-
AMOT, and the BioELX retriever) while keeping
the reranker fixed. The results show that retrieval
recall, R@FE, caps the reranked R@1, so stronger
retrieval leads to better overall performance. The
BioELX retriever performs best among the evalu-
ated retrievers, as reported in Appendix H.1.

We also examine whether adding entity meta-
data - such as entity type or description - improves
reranking. As shown in Appendix H.2, this addi-
tional metadata does not improve performance.
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Finally, three ablations in Appendix E provide
additional evidence for our second hypothesis
(H2). Appendix E.3 shows that mention-anchored
prompting consistently outperforms lightweight
supervised fine-tuning using LoRA adapters (Hu
et al., 2022). Appendix E.4 and E.5 compare
the original query—document formulation with
mention-anchored prompting across LLM reranker
families and model sizes, showing that explicitly
marking the target mention consistently mitigates
the focus-mismatch problem across different LLM
rerankers. Appendix E.6 analyzes mention-marker
design, showing that the <tgt> marker performs
best among those tested.

5 Conclusion

BioELX improves cross-lingual BEL without task-
specific annotations by addressing two key chal-
lenges: limited multilingual evidence for non-
English retrieval, and context-aware disambigua-
tion without supervised BEL training. The
gains stem from two complementary contributions.
First, we show that Wikidata-derived cross-lingual
alias supervision creates shared multilingual con-
cept neighborhoods in the embedding space, en-
abling zero-shot generalization to unseen mentions
through cross-lingual alias bridges; this mecha-
nism alone yields +15.5 average R@]1 points on
XL-BEL over SapBERT,, ,1;i- Second, BioELX
is, to our knowledge, among the first frameworks
to adapt pretrained LLM rerankers to entity link-
ing without task-specific BEL supervision. We
identify a focus-mismatch problem when off-the-
shelf LLM rerankers are applied to EL and propose
mention-anchored prompting as a training-free so-
lution that consistently improves results beyond
retrieval alone across all benchmarks.

Limitations

While BioELX substantially improves cross-
lingual BEL without task-specific annotations, the
approach has the following limitations.

First, the reranker is constrained by the entity-
side information available at inference time. In
our main setting, the candidate document mainly
contains the entity alias, because many KB entities
lack rich textual descriptions. When multiple CUIs
share near-identical metadata, such as aliases and
entity types, even a strong context-aware reranker
may not have sufficient candidate-side evidence to
distinguish them. Enriching candidate represen-

tations with reliable descriptions or graph-based
relations may improve fine-grained disambigua-
tion, but such metadata are sparse and unevenly
available across languages and KBs.

Second, following prior work (Wu et al., 2020;
Agarwal et al., 2022; Sakhovskiy et al., 2024), we
assume mentions are already identified. Our frame-
work, therefore, addresses entity linking rather than
end-to-end entity recognition and linking. In prac-
tical multilingual biomedical systems, mention de-
tection can introduce additional errors, especially
for low-resource languages and morphologically
complex mentions. Extending BioELX with ro-
bust multilingual mention detection is an important
direction for future work.

Ethical Considerations and Licenses

BioELX is intended to support biomedical entity
linking research and downstream biomedical NLP
applications. As with other biomedical NLP sys-
tems, incorrect entity linking predictions may af-
fect downstream analyses if used without valida-
tion. Real-world applications in clinical decision-
making settings should therefore include domain-
expert review.

BioELX uses Wikidata-derived aliases as cross-
lingual supervision and QWEN3-Reranker-8B as
the main LLM reranker. Wikidata is released un-
der the Creative Commons CCO License. The
QWEN3 embedding and reranking model series,
including QWEN3-Reranker-8B, is released under
the Apache 2.0 License. These uses are consistent
with the stated licenses of the corresponding arti-
facts. Our released artifacts will include license
and usage information.

Other pretrained models, datasets, and knowl-
edge bases used in our evaluation are cited in the pa-
per and used in accordance with their stated terms
of use.
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A Notation Summary

 EMEA (Kors et al.,, 2015): the text of
this benchmark comes from the European

Medicines Agency. It covers four languages

Symbol Meaning

T=(t1,...,tn)  Input biomedical text. (ES, FR, NL, DE) with sentence-level con-
b The i-th token in 7. texts and UMLS-linked mentions.

M Set of detected mentions.

m mention

s The i-th mention. « Patent (Kors et al., 2015): text of this bench-
n; Length of mention m;.

K Target biomedical knowledge base. mark comes from the European Patent Of-
e Entity in the KB. .

e the i-th Entity in the KB. fice. It contains two languages, German and
f(m,T.K) Entity-linking function. - French, also annotated with UMLS-linked
Ale) Alias set associated with entity e. - 6

a Alias. mentions.

g(+) Retriever encoder.

cos(+) Cosine similarity. 1,2 .

Sret (M, @) Retrieval score between mention m and alias a. * WikiMed-DE (Wang et al" 2023) a large_
Ck (’HL) Top—k candidate alias set for the mention m. Scale Silver_standard German benchmark con-
k Number of retrieved candidates. ’ df Wikipedi ith UMLS-ali d
2(Qn.T). D{a)) Reranker input stru'c.te rom Wikipedia wit ‘ -aligne
Q(m,T) Mention-anchored query. entities; we report results on its test set con-
D(a) Candidate document. .. .

Ry Pretrained LLM reranker. talnlng 40,703 mentions.

Srank(m, a | T)
Qfinal

Reranking score.
The final alias after reranking.

* MedMentions (Mohan and Li, 2019) an En-

glish biomedical entity linking benchmark
constructed from PubMed abstracts, with
expert-linked mentions to UMLS CUIs. Since

q Wikidata item identifier.

l Language key.

c UMLS concept unique identifier.

(¢,a,0) Wikidata alias triple.

(g,a,4,c) Alias tuple mapped to UMLS.

B ={(wi,yi)}i=1  Mini-batch for contrastive training.

i Alias string.

Yi CUI label of z;.

Tt positive alias for ;.

Ti— negative alias for z; .

P(z:) Positive alias set for ;.

N(z;) Negative alias set for ;.

Sij Cosine similarity of x; and ;.

Sip Cosine similarity of z; and positive alias x.
Sin Cosine similarity of z; and negative alias ,,.
A Hard-mining margin.

a, B Scaling factors in MS loss.

€ Similarity offset in MS loss.

Lret Retrieval training loss.

MedMentions is not cross-lingual and most
strong baselines are trained on its annotations,
we use it only as an additional English BEL
transfer check. It covers a broad range of
biomedical concepts and provides document-
level contexts; we evaluate on the standard
test split.

B.2 Knowledge Bases

Table 3:

Notation used in the paper.

To ensure comparability, we follow prior work (Liu
etal., 2021b; Zhu et al., 2023; Mustafa et al., 2024)
and use the same knowledge bases for evaluation:

B Experimental Setup and
Implementation

B.1 Datasets

We evaluate BioELX on five biomedical entity link-
ing benchmarks, covering multiple languages, di-
verse domains, and different settings (i.e., from
single sentences to paragraphs). Table 4 summa-
rizes the number of mentions and unique entities
per language for each benchmark.

e XL-BEL (Liu et al.,, 2021b): a multilin-
gual benchmark covering 10 typologically
diverse languages: English (EN), Spanish
(ES), German (DE), Finnish (FI), Russian
(RU), Turkish (TR), Korean (KO), Chinese
(ZH), Japanese (JA), Thai (TH). Each lan-
guage contains 1,000 annotated sentences ex-
tracted from Wikipedia, each with a single

* UMLS 2020AA version (Bodenreider, 2004);
we use the full release, containing 3,376,510
entities. We use this KB to evaluate EMEA,
Patent and WikiMed-DE (UMLS setting).

« UMLS 2017AA version (Bodenreider, 2004);
we use the full release of this version, contain-
ing 2,595,474 entities to evaluate MedMen-
tions, which was annotated using this UMLS
version.

« UMLS-399931 (Liu et al., 2021b): the KB
provided with the XL-BEL benchmark. It is a
subset of UMLS 2020AA, containing 62,094
entities and 399,931 aliases. We use this KB
to evaluate XL-BEL.

annotated mention.

%We follow the same data source as EMEA; the “Patent”
subset is reported separately due to its distinct domain.
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XL-BEL EMEA Patent WikiMed-DE MedMentions
EN ES DE FI RU TR KO ZH JAA TH ES FR NL DE FR DE DE EN
Mentions 1000 1000 1000 1000 1000 1000 1000 1000 1000 1000 432 431 434 425 342 348 40,703 40,116
Entities 807 889 908 816 816 694 829 875 822 704 295 304 304 299 223 223 9,123 8,457

Table 4: Dataset statistics for XL-BEL, EMEA, Patent, WikiMed-DE and MedMentions across languages. For
WikiMed-DE and MedMentions, we only report the statistics for their test set because we do not use them for

training.

¢ UMLS-Wikidata (Mustafa et al., 2024): a
German KB constructed for WikiMed-DE by
collecting German Wikidata items that are
linked to a UMLS CUI. We use this KB only
for evaluating WikiMed-DE under the UMLS—
Wikidata setting.

B.3 Baselines

Following prior studies (Sakhovskiy et al., 2024;
Zhu et al., 2023; Mustafa et al., 2024), we compare
BioELX against representative baselines covering
dense retrieval, alias-based biomedical retrieval,
generative linking, KB-enhanced retrieval, and
supervised biomedical EL. For the cross-lingual
benchmarks, we compare against multilingual BEL
systems. For MedMentions, we follow the eval-
uation setting in Kim et al. (2025) and compare
against strong systems trained specifically on Med-
Mentions.

Baselines for multilingual benchmarks.

* mBERT (Devlin et al., 2019): a multilingual
Transformer encoder used as a dense retriever.
Mentions and entity names are encoded into
the same vector space, and linking is per-
formed by nearest-neighbor search. Unlike
biomedical alias-trained models, mBERT is
not specialized for biomedical synonym align-
ment.

* mBART (Liu et al., 2020): a multilingual
sequence-to-sequence model used as an en-
coder baseline for dense retrieval. We en-
code mentions and entity names with the same
model and perform nearest-neighbor search in
the embedding space.

. SapBERTmulti (Liu et al., 2021b): a multi-
lingual biomedical retriever trained with a con-
trastive objective on UMLS aliases. It learns
to align aliases that share the same CUI and
serves as the main alias-based retrieval base-
line. BioELX builds on this representation
but expands the cross-lingual alias supervi-
sion with Wikidata-derived aliases.

e CODER (Yuan et al., 2022a): a biomedical
encoder that incorporates knowledge signals
such as concept structure into contrastive rep-
resentation learning. It is used as a dense re-
trieval baseline in the same nearest-neighbor
linking setup.

* mGENRE (Cao et al., 2022): a multilingual
generative entity linking model. Instead of
retrieving candidates with dense similarity, it
generates entity identifiers or names through
constrained decoding.

* Con2GEN (Zhu et al., 2023): a cross-lingual
biomedical entity linking framework that com-
bines SapBERT i retrieval with control-
lable generation based on mGENRE. It injects
KB-side attributes (e.g., entity type) into the
generation process to better disambiguate lex-
ically ambiguous mentions. We do not report
Con2GEN on WikiMed-DE because there is
no fully reproducible code for this baseline.

* BERGAMOT (Sakhovskiy et al., 2024): a
cross-lingual biomedical entity linking ap-
proach that incorporates structured UMLS
knowledge (e.g., graph) for representation
learning.

* SapBERT 4, (Mustafa et al., 2024): A
German-adapted model fine-tuned based on
SapBERT 11 for WikiMed-DE. We also re-
port its results on other benchmarks to com-
pare with our model, BioELX.

All baseline numbers in our main paper are re-
ported by Zhu et al. and Sakhovskiy et al. except
the numbers annotated with the symbol *. For
the numbers annotated with *, we run the released
checkpoints under the same evaluation protocol.

Baselines for MedMentions. We additionally
evaluate on MedMentions as an English BEL trans-
fer check. Except for SapBERT, ;> the fol-
lowing baselines are trained on the MedMentions
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training set, so the comparison is not supervision-
matched with BioELX.

* SapBERT ;,,1ti: the same UMLS-alias-
trained biomedical retriever used in the mul-
tilingual experiments. It provides a direct,
retrieval-only comparison to assess whether
BioELX improves over the original alias-
based representation.

* GenBioEL (Yuan et al., 2022a): a super-
vised generative BEL model that casts link-
ing as sequence generation, producing the en-
tity name/identifier with constrained decoding
over a KB-derived vocabulary space.

* ArboEL (Agarwal et al., 2022): a supervised
retrieve—rerank framework trained on Med-
Mentions, which trains a bi-encoder for candi-
date retrieval and a cross-encoder for rerank-
ing using mention context and entity text.

e Prompt-BioEL (Xu et al.,, 2023): a su-
pervised retrieve-rerank method. It trains
a bi-encoder retriever on mentions and en-
tity names, and then applies a prompt-tuned
reranker that jointly encodes the mention con-
text with candidate entities to model cross-
entity interaction.

¢ GenBioEL+ANGEL (Kim et al., 2025): a
biomedical entity linking system fine-tuned
based on GenBioEL with hard negative opti-
mization.

All numbers for these approaches are reported in
the original papers. These MedMentions baselines
are optimized directly on the target benchmark,
whereas BioELX does not use MedMentions super-
vision. We therefore use MedMentions only as an
additional English transfer check rather than as the
primary setting for our cross-lingual BEL claims.

B.4 Implementation Details

Continued Contrastive Training of BioELX re-
triever. We follow the SapBERT ,,;¢j training
setup and construct positive alias pairs within each
CUL To avoid over-representing CUIs with many
aliases and to keep training efficient, we randomly
sample at most 50 positive pairs per CUI. We use
the margin A = 0.2 for online hard example min-
ing, and represent each input using the [CLS] em-
bedding. Training runs for 5 epochs with a batch
size of 256, a maximum sequence length of 25,

and a learning rate of 2e-5, and is optimized using
AdamW with a weight decay of 0.01.

Inference. At inference time, we use BioELX
Retriever to generate the top-64 candidate aliases
with associated CUIs for each mention. We then ap-
ply the QWEN3-Reranker-8B model (Zhang et al.,
2025) to score each (query, candidate-document)
pair. The reranker operates in batches over candi-
dates, producing a scalar relevance score for each
candidate alias. Candidate aliases are re-sorted ac-
cording to the reranker scores, and the final predic-
tion is the CUI associated with the highest-scoring
alias.

Metrics. Following prior work on EL (Lo-
geswaran et al., 2019; Wu et al., 2020), we report
Recall@k (R@kE), i.e., the fraction of mentions
for which the gold CUI appears among the top-k
predictions. When multiple candidates receive the
same highest score, we treat all tied candidates as
top-1 predictions. A mention is counted as correct
at R@1 if its gold CUI is among them. We apply
the same evaluation procedure to all baselines.

B.5 Reproducibility and Computational Cost

To support reproducibility, we will release the
full codebase upon publication. This includes
scripts for processing Wikidata dumps and map-
ping Wikidata aliases to UMLS CUIs via Wiki-
data properties, training the BioELX Retriever, and
running inference with both the retriever and the
LLM reranker. We will also release the processed
Wikidata-derived aliases and upload the trained
BioELX Retriever checkpoint to Hugging Face.

All main experiments are run on a machine with
8 NVIDIA A100 80GB GPUs. Training the re-
triever takes approximately 45 minutes per epoch.
Processing Wikidata-derived aliases is CPU-based
and does not require GPUs. At inference time, re-
trieval and reranking have different computational
profiles. The retriever requires GPU computation
to encode mentions and KB aliases, but KB alias
embeddings can be precomputed once and reused
across runs. This one-time preprocessing cost
scales with the KB size: encoding the XL-BEL
KB takes approximately 3 minutes, whereas en-
coding the full UMLS 2020 release with millions
of entity names and aliases takes approximately 2
hours.

In our main setting, we retrieve and rerank
the top-64 candidates per mention with QWEN3-
Reranker-8B. On XL-BEL, which contains 10,000

23475



mentions and therefore 640,000 mention—candidate
pairs, reranking takes approximately 1 hour and
44 minutes. Since reranking cost scales with the
number of mention—candidate pairs, reducing the
candidate set can substantially reduce inference
time.

C Wikidata-Derived Alias Supervision

C.1 Statistics

This section provides detailed statistics on the scale,
processing stages, and language-specific UMLS
concept coverage of the Wikidata-derived aliases
used to train the BioELX retriever.

Alias construction statistics. Table 5 reports
statistics at three stages of constructing the
Wikidata-derived alias set. The Raw Wikidata ex-
traction block shows the number of aliases, QIDs,
and languages obtained directly from the Wikidata
dump before any biomedical filtering. The After
CUI mapping block reports the subset of Wiki-
data items that can be linked to UMLS through the
P2892 property, together with the resulting num-
ber of CUI-linked aliases, QIDs, CUIs, and lan-
guages. The After removing benchmark aliases
block provides the final dataset after decontami-
nation, with aliases that exactly match evaluation
mention strings removed. We also report the av-
erage and median numbers of languages per CUI
in the final training set, along with the end-to-end
processing time.

UMLS concept coverage across languages.
UMLS has multiple releases. We measure concept
coverage against UMLS 2020, which is used by our
main evaluation benchmarks. Before benchmark-
alias removal, 537,848 of the 3,377,062 UMLS
2020 CUIs are linked to at least one Wikidata
item, corresponding to an overall CUI coverage
of 15.9%. Figure 4 shows the 20 languages with
the highest coverage. Among the benchmark lan-
guages, English covers 240,776 CUIs (7.13%),
Dutch 205,517 (6.09%), Spanish 105,220 (3.12%),
French 95,604 (2.83%), Chinese 79,536 (2.36%),
Turkish 61,953 (1.83%), German 55,963 (1.66%),
and Russian 50,226 (1.49%). These language-
specific sets overlap because the same CUI may
have aliases in multiple languages.

Coverage varies substantially across languages
and may affect generalization to broader BEL set-
tings. However, coverage alone does not determine
performance: alias quality, lexical variation, and

Statistic Value
Raw Wikidata extraction

Wikidata dump version 2025-12-01
Dump file used wb_items_per_site.sql
Dump file size 1.69 GB
Raw aliases extracted 96,593,429
Raw unique QIDs extracted 33,696,395
Raw languages covered 950
After CUI mapping

QIDs with P2892 annotation 731,652
CUI-linked aliases after mapping 3,834,319
Unique QIDs after CUI mapping 534,156
Unique CUIs after mapping 537,848
Languages covered after mapping 597
After removing benchmark aliases

Total aliases 3,823,814
Unique QIDs 534,131
Unique CUIs 537,823
Languages covered 597
Avg. languages per CUIL 7
Median languages per CUIL 7
English aliases coverage 6.34%
Processing time (end-to-end) 13.83 Min
Workstation CPU only

Table 5: Overall statistics of the Wikidata-derived alias
extraction, CUI mapping, decontamination, and final
training set construction pipeline.

benchmark difficulty also influence retrieval ac-
curacy. Note that the percentages reported here
measure CUI coverage relative to all UMLS 2020
concepts, whereas the alias-language percentages
in Table 5 measure each language’s share of the
extracted alias collection.

C.2 Adaptation to Other Biomedical
Resources

We group aliases by Wikidata QID, which pro-
vides a common key for linking aliases and external
biomedical identifiers within Wikidata. In our cur-
rent setup, biomedical filtering is performed using
the UMLS CUI property (P2892). The same pro-
cedure can be adapted to other resources by using
their corresponding Wikidata properties, e.g., the
MeSH descriptor ID (P486).

An external ontology is not strictly required for
biomedical filtering. When mappings to resources
such as UMLS or MeSH are unavailable, users can
instead identify relevant Wikidata entities through
internal instance of (P31) and subclass of (P279)
relations, using domain-specific classes such as
diseases, symptoms, genes, or proteins. As a fea-
sibility check, we queried entities associated with
the gene class (Q7187) and retrieved 1,296,824
gene-related Wikidata items whose multilingual
aliases can be grouped by QID. This experiment
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Top-20 languages by Wikidata-derived UMLS CUI coverage

385,611 (11.42%)
323,476 (9.58%)

285,255 (8.45%)

240,776 (7.13%)

220,006 (6.51%)

205,517 (6.09%)

105,220 (3.12%)
95,604 (2.83%)
79,536 (2.36%)
69,814 (2.07%)

68,987 (2.04%)

Portuguese
Ukrainian

Language

61,953 (1.83%)
55,963 (1.66%)
52,364 (1.55%)
51,615 (1.53%)
50,226 (1.49%)
47,014 (1.39%)
45,521 (1.35%)
40,626 (1.20%)

Indonesian 37,390 (1.11%)

0 100000 200000 300000 400000
Number of covered UMLS 2020 CUIs

Figure 4: Top 20 languages by Wikidata-derived cover-
age of UMLS 2020 CUIs. Each bar reports the number
of UMLS CUISs associated with at least one Wikidata
alias in the corresponding language. Percentages are cal-
culated relative to all 3,377,062 CUIs in UMLS 2020.
Since a CUI may have aliases in multiple languages,
language-specific coverage counts are not mutually ex-
clusive.

is not used in our main training pipeline, but it il-
lustrates that domain-specific alias supervision can
also be constructed directly from Wikidata’s class
hierarchy without relying on an external ontology.
As auxiliary evidence for transfer beyond
UMLS-based evaluation, we evaluate BioELX on
BC5CDR (Li et al., 2016), whose target ontology
is MeSH. Without BC5CDR-specific training data
or MeSH-derived alias supervision, the BioELX re-
triever achieves 89.4 R@1, compared with 88.6 for
SapBERT under the same setting. This result pro-
vides direct evidence that the learned representation
transfers to a MeSH-based entity linking setting.
Scripts for UMLS-, MeSH-, and Wikidata-class-
based filtering are provided in our code repository.

D Diagnostic Experiments

As an initial diagnostic experiment, we test whether
context can be directly incorporated into an
alias-trained retriever. We use the off-the-shelf
SapBERT 14 checkpoint’ and compare two re-
trieval inputs: the mention string alone, and the
mention concatenated with its surrounding context.
In both settings, the retrieval index is constructed
from the same entity names and aliases, and only
the input changes. Since we use a fixed pretrained
checkpoint and do not train any model in this ex-
periment, the retrieval results are deterministic and
do not involve random seeds.

7https ://huggingface.co/cambridgeltl/
SapBERT-UMLS-2020AB-all-lang-from-XLMR.

Dataset  Input R@l R@8 R@l6 R@32 R@64
EMEA Mention only 552 712 76.3 79.2 80.1
Mention + context 53 14.9 18.8 22.5 22.5

Mention only 624 798 82.9 86.8 90.3

Palent " Nfention + context 32 108 144 183 248

Table 6: Effect of naively appending context to
SapBERT, 1t retrieval on EMEA and Patent. Results
are R@k (%).

As shown in Table 6, naively appending con-
text severely degrades retrieval at all cutoffs. On
EMEA, R@1 drops from 55.2 to 5.3 and R@64
from 80.1 to 22.5. On Patent, R@1 drops from 62.4
to 3.2 and R@64 from 90.3 to 24.8. These results
confirm that alias-trained retrievers are sensitive to
non-alias context tokens. This supports our design
choice of keeping retrieval at mention level and
introducing context at the reranking stage.

E LLM Reranker Details and Analysis

E.1 Reranker Motivation and Selection

Why LLM rerankers? For -context-aware
reranking without task-specific BEL annotations,
we adopt LLM rerankers rather than generation-
based LLMs. Generation-based entity linking re-
quires the model to produce an entity name or iden-
tifier, which can lead to hallucinated or out-of-KB
outputs (Ji et al., 2023), especially given the di-
versity of biomedical aliases. In contrast, LLM
rerankers score query—document pairs directly, us-
ing a relevance score, confidence score, or similar-
ity score depending on the model. This allows us
to rank candidate entities without generating entity
strings.

LLM Reranker Selection Criteria We select
rerankers according to three practical criteria. First,
given our target clinical use cases, we prioritize
models that can be deployed locally. Patient data
are confidential, and clinical data-use agreements
often prohibit transmitting them to external APIs.
Externally hosted models, such as GPT and Claude,
may also change after updates or become unavail-
able, creating risks for reproducibility and long-
term deployment (Hager et al., 2024). We there-
fore focus on open-weight models with fixed check-
points, enabling local deployment, reproducibility,
and long-term stability.

Second, the reranker should provide a relevance
score, confidence score, or similarity score for men-
tions and their retrieved candidates, rather than
generating entity strings. This scoring-based for-
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mulation avoids generation-based failure modes
such as hallucinated or out-of-KB outputs.

Third, it should support multilingual ranking,
which is essential for cross-lingual BEL.

Representative rerankers satisfying these crite-
ria include QWEN3-Ranker (Zhang et al., 2025),
Jina-Reranker (Wang et al., 2025), and BGE-
Reranker (Chen et al., 2024).

Why Qwen3-Reranker-8B in main experiments.
We use QWEN3-Reranker-8B as the main reranker
in our primary experiments because it provides a
strong open-source multilingual ranking interface
and performs best among the evaluated rerankers
in our transfer analysis. Appendix E.4 shows
that mention anchoring improves all evaluated
rerankers, while QWEN3-Reranker-8B obtains the
strongest overall reranking results. We therefore
use it for the main tables and use Jina-Reranker
and BGE-Reranker as additional checks of whether
mention anchoring transfers across reranker archi-
tectures.

E.2 Scoring Function Variants for Evaluated
Rerankers

Mention-anchored prompting is independent of
how the LLM reranker produces its scalar relevance
score. Different open-source rerankers expose dif-
ferent scoring interfaces, summarized below. In all
variants, the prompt format is identical: the query
Q(m,T) contains the biomedical text with the tar-
get mention wrapped in <tgt>...</tgt>, and the
document D(a) contains the candidate entity alias.

Confidence-based scoring function. QWEN3-
Reranker (Zhang et al., 2025) is trained to output a
binary “yes” or “no” decision indicating whether
the document is relevant to the query. Follow-
ing Zhang et al. (2025), the relevance score is the
model’s confidence in the “yes” token, obtained
by extracting the logits over the vocabulary at the
answer position, restricting to the “yes” and “no”
tokens, applying softmax, and taking the probabil-
ity of “yes”:

s (m o | T) = Softmax(l(yes | Q,D),l(no | Q, D))

rank .
yes

®)
where I(yes | @, D) and l(no | @, D) are logits
for the next token being “yes” or “no” conditioned
on the concatenated query—document input, respec-
tively. This is the scoring form used in our main
experiments.

Similarity-based scoring function. Jina-
Reranker-v3 (Wang et al., 2025) places the query
and all candidate documents in a single context
window and extracts contextual embeddings from
designated special-token positions. A two-layer
MLP projects these embeddings into a shared
ranking space, and the relevance score is the cosine
similarity between the projected query embedding
q for @) and the projected document embedding d
for D:

sigﬁk(m, a|T)= cos(q, d) el-1,1. )
Logit-based scoring function. BGE-Reranker-
v2-Gemma (Chen et al., 2024) is a cross-encoder
that jointly encodes the query—document pair and
produces a single scalar relevance logit:

S8 (0 | T) = £y Q(m, T), D(a)) € R,
(10)
where £y  is the model’s logit for the “yes” token.
Higher logits indicate higher relevance. We use the
raw logits without sigmoid normalization, since
within-ranker ordering is sufficient for sorting can-
didates.

E.3 Mention-Anchored Prompting versus
Lightweight Supervised Fine-Tuning

As discussed in Section 3.4, off-the-shelf LLM
rerankers can be distracted by salient context to-
kens rather than the target mention span, leading
to incorrect linking decisions and limiting their di-
rect applicability to entity linking. Recent work
also highlights the value of training-free mech-
anisms for focusing LLMs on task-relevant evi-
dence (Zhong et al., 2026). For EL, the correspond-
ing challenge is mention-level focus: rerankers
must be adapted to score candidates with respect
to the target mention rather than the context as a
whole. We examine whether this adaptation re-
quires supervised parameter updates or whether
it can be achieved through a training-free input
refinement. We conduct this ablation with QWEN3-
Reranker, the main reranker used in our main paper,
and compare two adaptation strategies: (i) refin-
ing the input with an explicit mention-anchored
prompt, as shown in Figure 2, and (ii) fine-tuning
the reranker on a small Wikipedia—Wikidata dataset
to better follow the entity-linking instruction. Ta-
ble 7 compares three variants:

1. Vanilla QWEN with its default template (Orig.
prompt)
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XL-BEL EMEA Patent

Orig. prompt 45.6 35.8 54.4
Refined prompt 54.8 63.2 74.0
Refined prompt + FT 54.0 61.5 71.6

Table 7: Ablation of prompt design vs. fine-tuning for
the QWEN3-Reranker. All variants rerank the same top-
k candidate sets produced by the same retriever (fixed
k), and differ only in the input prompt/template and
whether supervised fine-tuning is applied. Metrics are
R@1 (%).

2. Vanilla QWEN with our mention-anchored
prompt (Refined prompt), and

3. QWEN further fine-tuned using our super-
vision while keeping the same mention-
anchored prompt (Refined prompt + FT).

For fine-tuning, we construct a lightweight
dataset from Wikipedia and Wikidata with 1000 in-
stances. Each instance contains one positive entity
alias and 32 negative entity aliases. We fine-tune
the reranker with parameter-efficient adaptation us-
ing LoRA (Hu et al., 2022) with rank r = 16, a
learning rate of 1 x 10~%, and one training epoch.
We vary the language used for fine-tuning by cre-
ating three 1000-instance subsets: German-only,
Thai-only, and a mixture across all XL-BEL lan-
guages. Among the fine-tuned variants, German
performs best, but it still underperforms the non-
fine-tuned baseline. To test whether the large num-
ber of negatives harms learning, we reduce the num-
ber of negatives to 7, but the results remain largely
unchanged. We also try alternative learning-rate
schedules, including smaller learning rates, without
improving over the baseline.

As shown in Table 7, the mention-anchored
prompt yields the strongest performance, while ad-
ditional fine-tuning degrades the results of vanilla
QWEN with our mention-anchored prompt. We
attribute this to two factors. First, due to limited
compute, we use LoRA instead of full-model fine-
tuning: its restricted update capacity may be insuf-
ficient to induce the behavioral changes required
for entity linking. Second, the fine-tuning instances
are constructed from retrieval outputs. This dataset
is small and may inherit retriever-specific biases,
creating a distribution mismatch with evaluation
data and limiting generalization. We expect that
fine-tuning could become beneficial with a larger
and more diverse supervision set and with reduced
retrieval-induced bias; improving data selection

and coverage is an important direction for future
work.

E.4 Does Mention-Anchored Prompting
Transfer Across Rerankers and Ranking
Interfaces?

Having shown that mention-anchored prompting
is more effective than lightweight fine-tuning for
QWEN3-Reranker, we next examine whether this
adaptation transfers beyond a single reranker and
ranking interface.

Transfer across rerankers. Table 8 evaluates
whether mention-anchored prompting improves
reranking across different reranker families and
model sizes. We conduct this analysis on EMEA
and Patent because they are challenging bench-
marks for alias-based retrieval. The same men-
tion string can correspond to different gold entities
depending on context, making them suitable for
testing context-aware disambiguation. For exam-
ple, in EMEA, the mention Chemotherapie is an-
notated with two different gold CUIs, C0392920
(Chemotherapy Regimen) and C0013216 (Pharma-
cotherapy), depending on the surrounding text.

We compare the original query—document for-
mulation with our mention-anchored input for
Jina-Reranker-V3%, BGE-Reranker’, and QWEN3-
Reranker'’. Our mention anchoring improves all
rerankers on both benchmarks. The average gains
are +7.09 R@1 on EMEA and +8.70 on Patent for
Jina, +3.60 and +4.21 for BGE, +3.12 and +8.40
for QWEN3-Reranker-0.6B, +12.50 and +19.89 for
QWEN23-Reranker-4B, and +18.58 and +22.02 for
QWEN3-Reranker-8B, respectively.

These results suggest that mention-anchored
prompting is broadly useful for adapting rerankers
trained for general query—document relevance rank-
ing to context-aware entity linking. At the same
time, model capacity and the ranking interface both
affect the magnitude of the gain. The improvement
is largest for QWEN3-Reranker-8B, which com-
bines larger model capacity with an instruction in-
terface that allows us to explicitly steer the reranker
to score candidates with respect to the marked tar-
get mention rather than generic query—document
relevance. We therefore use QWEN3-Reranker-8B

%inaqerankerv3: https://huggingface.co/jinaai/
jina-reranker-v3

9bgeqerankepv2-gennna: https://huggingface.co/
BAAI/bge-reranker-v2-gemma

Qwen3-Reranker-8B: https://huggingface.co/
Qwen/Qwen3-Reranker-8B
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as the main reranker in our primary results, while
using the other rerankers as additional checks of
whether mention anchoring transfers across rank-
ing architectures.

Since these rerankers are used as frozen pre-
trained models and no task-specific training is per-
formed, this ablation does not involve training ran-
dom seeds.

Transfer across ranking interfaces. The pre-
ceding experiments use the pointwise interface of
Jina-Reranker-v3. Because this model also pro-
vides a native listwise interface, we further examine
whether mention anchoring transfers across rank-
ing formulations. As shown in Table 9, mention
anchoring improves both pointwise and listwise
reranking on EMEA and Patent. The gains under
listwise inference are smaller but remain consistent,
showing that our adaptation is not tied to indepen-
dently scoring each mention—candidate pair.

E.5 Exploratory Transfer to General-Purpose
LLMs

Although our main method and experiments focus
on ranking-specialized rerankers, we additionally
examine whether mention anchoring can be ap-
plied to general-purpose instruction-tuned LLMs.
We prompt Llama-3.1-8B-Instruct!! and Qwen3-
8B!? to assess retrieved candidates and compare
them with size-comparable QWEN?3 rerankers. All
models receive the same retrieved candidate sets.

Table 10 shows that mention anchoring substan-
tially improves both general-purpose models. This
suggests that explicitly identifying the target men-
tion is also useful beyond ranking-specialized ar-
chitectures. However, general-purpose LLMs fre-
quently assign the same highest score to multiple
candidates, making top-1 prediction sensitive to
tie breaking. We therefore treat these results as
exploratory and use ranking-specialized rerankers
in our main experiments.

E.6 Mention Marker Ablation

Having shown that mention anchoring improves
reranking across different rerankers, we further
examine which marker should be used to indi-
cate the target span. Table 11 compares several
mention-marking strategies while keeping the re-
triever, candidate set, and reranker fixed. All ex-
"Llama-3.1-8B-Instruct: https://huggingface.co/
meta-1lama/Llama-3.1-8B-Instruct

12Qwen3-8B: https://huggingface.co/Qwen/
Qwen3-8B

plicit markers improve over the no-marker setting,
confirming that directing the reranker to the tar-
get span is important for the entity linking task.
The <tgt>...</tgt> marker performs best across
all EMEA and Patent settings. We attribute this
gain to the fact that <tgt>...</tgt> follows a famil-
iar span-highlighting convention (similar to HTML-
style delimiters), making it easier for the reranker
to reliably focus on the target mention when com-
paring candidates.

F Additional Experimental Results

F.1 Standard Deviations over Random Seeds

For BioELX, the main tables in Section 4.1 report
mean R@1 over three random seeds. Table 12
provides the corresponding mean and standard de-
viation values. For BioELX Retriever, we train
the retriever with three different random seeds and
evaluate R@1 for each dataset/language in each
run. We then compute the mean and standard de-
viation of the three R@]1 values for each reported
column. For BioELX, the reranker is fixed and not
trained by us. We apply the same fixed reranker to
the candidate sets produced by the three retriever
runs, evaluate the resulting end-to-end R@1 for
each run, and compute the mean and standard devi-
ation across the three runs. All values are reported
as mean (standard deviation) in R@1 percentage
points.

F.2 Additional English BEL Evaluation on
MedMentions

Table 13 reports R@1 on MedMentions, which
we use as an English BEL transfer check. Un-
like the fully supervised MedMentions baselines,
BioELX does not use the MedMentions training
set. In this annotation-free setting, our BioELX
retriever improves over SapBERT ¢ from 50.3
to 53.3 (+3.0), and the full retrieve-rerank system
reaches 60.1. Fully supervised systems remain
stronger because they are trained end-to-end on
MedMentions annotations, so this comparison is
not supervision-matched. Nevertheless, the gains
over SapBERT, ) ¢ indicate that Wikidata-derived
alias supervision and mention-anchored rerank-
ing also benefit English BEL without task-specific
MedMentions training.

F.3 Translate Baseline

Biomedical information is produced across many
languages, whereas biomedical knowledge bases
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Dataset— EMEA Patent
Reranker| Model size Input] ES FR NL DE  Avg. Gain FR DE  Avg. Gain
o erankery3 0.6B Original 47.92 47.33 45.62 44.94 4645 - 5146 4741 4944  —
Jina-reranxer-y : Ours  55.56 54.76 53.23 50.59 53.54 +7.09 60.53 5575 58.14 +8.70
Original 44.21 43.85 45.62 40.55 4356 -  40.06 38.22 39.14 -
Qwen3-Reranker-0.6B  0.6B Ours 4652 46.00 4831 4588 46.68 +3.12 47.66 4741 47.54 +8.40
bee-rerankerv2-cemma 3B Original 54.63 49.88 50.23 4941 51.04 - 5117 5431 5274 -
g g Ours 5741 53.60 54.61 5294 54.64 +3.60 5585 58.05 56.95 +4.21
Original 45.60 48.49 44.01 4447 4564 - 4649 49.71 48.10 -
Qwen3-Reranker-4B 4B Ours  58.80 57.54 57.14 59.06 58.14 +12.50 69.30 66.67 67.99 +19.89
Owen3-Reranker-8B 8B Original 49.54 4432 42.17 4259 44.66 - 5497 4770 5134 -
wens-Reranker Ours  67.59 63.11 60.37 61.88 63.24 +18.58 75.73 70.98 73.36 +22.02

Table 8: Effect of mention anchoring across different rerankers. All models rerank the same top-% candidate sets. For
each reranker, the mention-anchored input explicitly marks the target mention span in the query. Results are R@1
(%). Avg. is computed separately for each benchmark, and Gain denotes the improvement of mention-anchored

input over the original input.

Dataset— EMEA Patent
Reranker Size Scoring Input| ES FR NL DE  Avg. Gain FR DE  Avg. Gain
Pointwise Original 47.92 47.33 45.62 4494 4645 - 5146 4741 4944 -
. Ours 55.56 54.76 53.23 50.59 53.54 +7.09 60.53 55.75 58.14 +8.70
jina-reranker-v3 0.6B
Listwise Original 48.15 49.19 47.24 45.18 4744 -  54.68 5259 53.64 -
15t Ours 53.94 5499 53.69 46.82 52.36 +4.92 57.02 5891 57.97 +4.33

Table 9: Effect of mention-anchored adaptation under the pointwise and native listwise interfaces of Jina-Reranker-
v3. Both settings rerank the same top-k candidate sets. Results are R@1 (%). Avg. is computed separately for each
benchmark, and Gain denotes the improvement over the corresponding original input.

and many existing BEL systems remain largely
English-centric. Cross-lingual BEL aims to bridge
this gap by directly linking non-English biomedi-
cal mentions to standardized concepts. An alterna-
tive is to first translate non-English mentions into
English and then apply an English BEL system.
However, translation introduces an additional pro-
cessing step and may alter specialized terminology,
abbreviations, or language-specific lexical forms.
We therefore evaluate this alternative on XL-BEL.

Experimental Setup. We translate non-English
XL-BEL mentions into English using ArgosTrans-
late'® and evaluate two English BEL systems with
different supervision settings. SapBERT,, (Liu
et al., 2021a) is a benchmark-agnostic baseline
trained on English biomedical aliases in UMLS
and does not require training annotations from the
target benchmark. We also evaluate ANGEL (Kim
et al., 2025), a more recent strong English BEL
system. Unlike SapBERT,,, and BioELX, ANGEL
is designed with benchmark-specific supervised

13https://github.com/argosopentech/
argos-translate

training. Here, we evaluate its ability to transfer
to XL-BEL without training on XL-BEL annota-
tions. We use the ANGEL checkpoint trained on
BC5CDR. In comparison, BioELX directly pro-
cesses the original multilingual mentions without
translation.

Results. As shown in Table 14, SapBERT,,, with
translated inputs achieves an average R@1 of 38.0,
compared with 47.8 for BioELX on the original
multilingual mentions. The effectiveness of transla-
tion varies substantially across languages, indicat-
ing that downstream linking performance is highly
sensitive to translation quality.

Biomedical mentions are particularly challeng-
ing to translate because they often contain spe-
cialized terminology, abbreviations, and language-
specific lexical conventions. Translation errors can
alter the intended concept, while even semantically
reasonable translations may produce descriptive or
more general expressions that differ from canonical
English aliases. Figure 5 illustrates this issue. The
Chinese mention is translated directly to “Cardio-
vascular Diseases,” matching the canonical UMLS
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Dataset— EMEA Patent
Model| Size Model type Input] ES FR NL DE  Avg. Gain FR DE  Avg. Gain
Original 45.60 48.49 44.01 44.47 4564 — 4649 49.71 48.10 -
Qwen3-Reranker-4B 4B Ranker Ours  58.80 57.54 57.14 59.06 58.14 +12.50 69.30 66.67 67.99 +19.89
Original 26.85 2529 27.65 25.65 2636 —  27.19 24.14 2567 -
Llama-3.1-8B-Instruct 8B General-purpose oy, " 45’60 4260 46.54 4471 44.89 +18.53 4561 50.00 47.80 +22.13
Original 49.54 44.32 42.17 4259 44.66 - 5497 47.70 5134 -
Qwen3-Reranker-8B 8B Ranker Ours  67.59 63.11 60.37 61.88 63.24 +18.58 75.73 70.98 73.36 +22.02
Qwen3-8B OB Generalourose Original 38.89 42.60 4124 41.88 4118 - 50.88 5287 5188 -
PUIPOSE (s 78.81 78.89 76.04 77.65 77.85 +36.67 79.53 77.10 78.32 +26.44

Table 10: Exploratory evaluation of mention-anchored adaptation with general-purpose LLMs and ranking-
specialized rerankers. All models receive the same top-k candidate sets. Results are R@1 (%). Avg. is computed
separately for each benchmark, and Gain denotes the improvement over the original input. General-purpose LLM
results should be interpreted with caution because these models may assign identical highest scores to multiple

candidates.

Mention marker EMEA Patent

ES FR NL DE FR DE
No explicit marker 62.70 58.47 53.23 56.71 67.54 60.92
*.. .0k 63.89 61.95 57.83 59.76 71.93 64.37
<mention>..</mention> 6597 62.18 58.99 60.12 73.39 68.97
<tgt>..</tgt> 67.59 63.11 60.37 61.88 75.73 70.98

Table 11: Effect of different mention markers for reranking.

All settings rerank the same top-k candidate sets

and differ only in how the target mention is marked in the query. Results are R@1 (%). Test reranker is QWEN3-

Reranker.

name. In contrast, the German and Thai mentions
are translated into broader or more descriptive ex-
pressions.

This pattern is also reflected in the cross-
language results. For most languages, linking
translated mentions with SapBERT,, performs sub-
stantially below direct cross-lingual linking with
BioELX. Chinese stands out as a clear exception,
where translation raises R@1 to 89.2. Many Chi-
nese biomedical mentions in XL-BEL are compo-
sitional terms whose translations closely resemble
canonical English biomedical terminology, making
them easier to match to English KB aliases. For
other languages, translation more often introduces
lexical variation, overly general expressions, or se-
mantic errors, which can make downstream entity
linking more difficult.

ANGEL achieves substantially lower perfor-
mance when transferred directly to XL-BEL
without XL-BEL-specific training. Unlike the
benchmark-agnostic SapBERT.,, ANGEL is opti-
mized with supervised data from its training bench-
mark, BC5CDR. XL-BEL is an evaluation-only
benchmark and provides no task-specific training
data, making such supervised adaptation unavail-
able. This highlights a practical limitation of fully

supervised English BEL systems: many cross-
lingual benchmarks and real-world low-resource
settings do not provide sufficient annotated data
for task-specific training. In contrast, BioELX
is trained without benchmark-specific supervision
and can be directly applied across languages and
benchmarks.

Taken together, these results show that English
translation can be effective for some languages,
but does not consistently replace direct cross-
lingual BEL. They also highlight the advantage
of benchmark-agnostic cross-lingual modeling in
settings where target-language annotations are lim-
ited or unavailable.

G Analysis of Retrieval Improvements

G.1 Do the retrieval gains come from
cross-lingual alias bridges?

To better understand why the BioELX retriever
improves over SapBERT, sj> we analyze the
1,416 improved mentions on XL-BEL, where our
retriever yields the largest gains. We define an
improved mention as a test mention for which
SapBERT, 14 fails to rank the gold CUI at top-1,
while the BioELX retriever ranks the gold CUI at
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Dataset Lang. BioELX Retriever BioELX

XL-BEL EN 89.9 (0.42) 91.2 (0.23)
XL-BEL ES 63.7 (0.36) 69.6 (0.25)
XL-BEL DE 45.4 (0.40) 53.0 (1.25)
XL-BEL FI 31.0 (0.38) 35.9 (0.61)
XL-BEL RU 49.5 (0.57) 56.6 (0.46)
XL-BEL TR 54.5 (0.57) 60.3 (0.85)
XL-BEL KO 35.4(0.37) 39.6 (0.35)
XL-BEL ZH 35.0 (0.49) 44.5 (0.38)
XL-BEL JA 32.6 (0.40) 39.1 (0.46)
XL-BEL TH 41.2 (0.85) 48.6 (1.10)
EMEA ES 60.0 (0.48) 65.4 (0.35)
EMEA FR 55.9 (0.61) 61.9 (0.46)
EMEA NL 56.2 (1.51) 59.9 (0.39)
EMEA DE 55.8 (0.27) 62.7 (0.76)
Patent FR 67.0 (1.82) 75.4 (0.01)
Patent DE 68.9 (0.33) 71.4 (1.29)
WikiMed-DE DE 57.0 (0.29) 63.0 (0.65)
WikiMed-DE DE-wiki 78.1 (0.12) 79.8 (0.30)
MedMentions EN 53.3(0.03) 60.1 (0.47)

Table 12: R@1 (%) over three random seeds. Each
value is reported as mean (standard deviation). Lang.
denotes language. For BioELX Retriever, the stan-
dard deviation is computed over three independently
trained retrievers. For BioELX, the reranker is fixed;
the standard deviation is computed after applying the
same reranker to the candidate sets produced by the
three retriever runs.

top-1.

We group these improved mentions according
to the Wikidata-derived alias coverage of their
gold CUI after decontamination. Group A con-
tains mentions whose gold CUI has only same-
language Wikidata aliases. Group B contains men-
tions whose gold CUI has aliases in at least one
other language, providing potential cross-lingual
alignment bridges. Group C contains mentions
whose gold CUI has no Wikidata-derived alias cov-
erage. Table 15 reports the group composition for
each language.

The results show that the improvements are
not driven by same-language alias coverage alone:
Group A is empty for all languages. Instead, 82.3%
of improved mentions belong to Group B, where
the gold CUI is connected to aliases in other lan-
guages. This supports our cross-lingual alias bridge
interpretation: multilingual aliases can anchor the
correct concept across languages and help unseen
non-English mentions retrieve the correct CUI,
even when direct same-language coverage is lim-
ited. The remaining 17.7% of improvements fall
into Group C, suggesting that continued training
also improves the global embedding space beyond

Method | MedMentions (EN)
SapBERT , 1j (Liu et al., 2021b) 50.3%
GenBioEL (Yuan et al., 2022b) 70.7
ArboEL (Agarwal et al., 2022) 74.7
Prompt-BioEL (Xu et al., 2023) 72.6
BioPro (Zhu et al., 2024) 66.5
GenBioEL+ANGEL (Kim et al., 2025) 73.3
BioELX retriever (ours) 53.3
BioELX retriever+reranker (ours) 60.1

Table 13: R@1 (%) on MedMentions. % indicates re-
produced results. Best result is bold, second best is
underlined. All listed methods are trained on MedMen-
tions except for ours and SapBERT ,,1¢;- For BioELX,
we report the mean over three random seeds; standard
deviations are provided in Appendix F.1.

l Canonical UMLS name: Cardiovascular Diseases ]

Chinese

DR ER

Translated English:

— et ©
Cardiovascular Diseases

German Translated English:

Herz- und Kreislaufkrankheiten heart and circulatory diseases

Thai Translated English:

Tsavila heart disease

Figure 5: Examples of how translation quality can affect
biomedical entity linking. All three mentions refer to the
same UMLS concept, whose canonical English name
is “Cardiovascular Diseases.” The Chinese mention is
translated directly to the canonical term, whereas the
German and Thai mentions are translated into more
descriptive or general expressions. Such translation
differences can affect downstream linking performance.

concepts directly covered by Wikidata aliases, al-
though most improved mentions are associated
with cross-lingual alias bridges.

We extend the analysis to the full XL-BEL
dataset. Table 16 groups all 10,000 XL-BEL men-
tions by the Wikidata-derived alias coverage of
their gold CUIs. The No coverage bin contains
mentions whose gold CUI has no Wikidata-derived
aliases in the retriever training data. The Same-lang
only bin contains mentions whose gold CUI has
aliases only in the mention language. The remain-
ing bins correspond to gold CUIs with increasing
amounts of other-language alias coverage.

BioELX improves over SapBERT, ;14 in ev-
ery non-empty coverage bin. The gain in the No
coverage bin (+9.3 R@1) suggests that Wikidata-

23483



Dataset—

XL-BEL Avg.

Model| Input EN ES

FI RU TR KO ZH JA TH

SapBERT., (Liu et al., 2021a)

Translated 78.7 34.0 40.7 19.1

29.7 19.8 35.8 89.2 87 24.7 380

ANGEL (Kim et al., 2025) Translated 13.1 3.0

20 10 40 30 10 10 10 20 31

BioELX (ours) Original

89.9 63.7 454 31.0 49.5 545 354 350 326 412 478

Table 14: R@1 (%) on XL-BEL using English translation baselines and direct cross-lingual linking. For SapBERT,,
and ANGEL, non-English mentions are translated into English with ArgosTranslate before entity linking. BioELX
directly processes the original multilingual mentions. ANGEL is evaluated without XL-BEL-specific supervised

training.
Lang. Imp. (%) GroupA  GroupB Group C
DE 152 (15.2) 0 127 (83.6) 25(16.4)
EN 68 (6.8) 0 59(86.8) 9(13.2)
ES 74 (7.4) 0 57(77.0) 17 (23.0)
FI 143 (14.3) 0 111(77.6) 32(22.4)
JA 118 (11.8) 0 99(83.9) 19(6.1)
KO 197 (19.7) 0 150 (76.1) 47 (23.9)
RU 152 (15.2) 0 120(78.9) 32(21.1)
TH 204 (20.4) 0 186(91.2) 18(8.8)
TR 121 (12.1) 0 107 (88.4) 14(11.6)
ZH 187 (18.7) 0 150(80.2) 37(19.8)
All 1416 (14.2) 0 1166 (82.3) 250 (17.7)

Table 15: Group composition of improved mentions
on XL-BEL. Lang. denotes the language code. Imp.
(%) denotes the number of improved mentions and their
percentage among test mentions in that language. Group
A: only same-language Wikidata coverage; Group B:
Wikidata coverage in at least one other language; Group
C: no Wikidata coverage. Percentages in each group are
computed over improved mentions.

derived training does not only benefit CUIs directly
covered by the added aliases. Instead, continued
contrastive training may also improve the global
geometry of the embedding space, reducing the
model’s reliance on superficial lexical similarity
and improving generalization to uncovered con-
cepts. At the same time, the largest gain appears in
the 21+ bin (+12.3 R@1), where gold CUIs have
broad other-language alias coverage. This supports
the cross-lingual bridge interpretation: richer multi-
lingual alias bridges provide stronger concept-level
supervision. Together with Table 15, these results
suggest that the retrieval gains are not explained by
same-language alias memorization, but are largely
associated with cross-lingual alias bridges and im-
proved multilingual representation learning.

G.2 Dataset Ambiguity and Retriever Gains

To understand why the retriever gains are largest on
XL-BEL, we compare the degree of surface-form
ambiguity across benchmarks. We define a mention

as ambiguous if the same mention string appears in
the benchmark with more than one gold CUI. This
statistic measures cases where the mention string
alone does not uniquely determine the target entity,
and where context is more likely to be needed for
disambiguation.

Dataset Mentions Ambiguous %
XL-BEL 10,000 69 0.7
WikiMed-DE 41,120 2,022 49
Patent 1,043 174 16.7
EMEA 2,155 665 309

Table 17: Surface-form ambiguity across benchmarks.
We count a mention as ambiguous if its mention string
appears in the benchmark with more than one gold CUI.

Table 17 shows that XL-BEL has the lowest
surface-form ambiguity: only 0.7% of its mentions
share the same surface form with another entity
linked to a different CUIL. WikiMed-DE is also rel-
atively low at 4.9%. In contrast, EMEA and Patent
are substantially more ambiguous, with 30.9% and
16.7% ambiguous mentions, respectively.

These differences help explain retrieval gains in
the main experiments. Since our retriever is trained
from aliases, it primarily improves alias-level
matching. This is especially effective for bench-
marks with low surface-form ambiguity, where the
mention string itself provides strong evidence for
the target entity. In more ambiguous benchmarks
such as EMEA and Patent, the same mention string
more often maps to different CUIs, so improving
alias matching alone is less sufficient, and context-
aware reranking becomes more important. This
also helps explain why EMEA and Patent bene-
fit more from context-aware reranking than from
improvements in retrieval alone.
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Mentions % test mentions

SapBERT R@1 BioELX R@1 A

Alias coverage multi

No coverage 2,263 22.6 30.4 39.7 493
Same-lang only 0 0.0 - - -
2-5 other langs 182 1.8 80.8 84.1 +33
620 other langs 949 9.5 51.7 61.0 +93
21+ other langs 6,606 66.1 35.7 480 +12.3

Table 16: XL-BEL mentions grouped by the Wikidata-derived alias coverage of the gold CUI in the retriever
training data. % test mentions denotes the percentage of XL-BEL test mentions in each coverage bin. No coverage
means that the gold CUI has no Wikidata-derived aliases in the training data. Same-lang only means that aliases are
available only in the mention language. The remaining bins indicate the number of languages different from the
mention language in which the gold CUI has aliases. Results are R@1 (%). A denotes the absolute improvement of

BioELX over SapBERT.
Retriever R@1 R@64 + Reranker R@1
BM25 19.7 269 26.1
mBART 172 262 25.9
BERGAMOT 356  46.6 37.3
BioELX retriever 50.1 70.7 54.8

Table 18: Effect of retriever quality on reranking. The
reranker is fixed (QWEN3-Reranker with the same
prompt and k=64). R@Ek provides an upper bound
on reranked R@1. We report average results over the
XL-BEL benchmark.

H Additional Ablations

H.1 How Does the Retriever Affect
Reranking?

Since our reranker only operates on the top-k re-
trieved candidates, the retriever determines an up-
per bound on the achievable reranking accuracy:
if the gold entity is not contained in C(m), no
reranking model can recover it. To quantify the
dependency of the reranker on the retriever, we
plug candidate sets produced by different retrievers
into the same QWEN3-Reranker and compare the
final R@1. We consider a range of retrievers with
varying strengths, including BM25 (Robertson and
Zaragoza, 2009) (sparse lexical retrieval), mBART
(a weaker neural baseline), BERGAMOT (a strong
cross-lingual system), and our BioELX retriever.

Table 18 reports each retriever’s R@1 and R@k
(with k=64) together with the reranked R@1 us-
ing identical reranking settings on XL-BEL. The
results show a clear trend: stronger retrievers yield
substantially better reranked performance, largely
because they place the gold entity in the top-k set
more often. For example, mBART has relatively
low recall at k=64 (26.2), whereas BERGAMOT
improves this to 46.6, and our retriever further in-
creases it to 70.7; correspondingly, reranking ac-
curacy improves as candidate coverage increases.

These findings highlight that improving candidate
retrieval is a prerequisite for effective contextual
reranking in large biomedical knowledge bases.

H.2 Does Entity-Side Metadata Help
Reranking?

Except for entity aliases, the knowledge base also
provides entity metadata, including type and de-
scription. We examine whether providing addi-
tional entity metadata can improve LLM reranking
beyond using the entity alias alone. Specifically,
we compare three input settings for the reranker:
(1) entity alias only (A), (ii) alias plus semantic
type (A+T), and (iii) alias plus type and textual
description (A+T+D).

Entity-side input to reranker R@1
Alias only (A) 54.8
Alias + Semantic Type (A+T) 53.5
Alias + Type + Description (A+T+D)  52.5

Table 19: Effect of adding entity-side metadata to the
QWEN3-Reranker on XL-BEL. All variants rerank the
same top-k candidate sets produced by the same re-
triever (fixed k).

As shown in Table 19, adding entity types or
descriptions does not improve performance and
even slightly degrades R@1. We attribute this to
two factors. First, within the top-k retrieved can-
didates, many entities already share the same (or
highly similar) semantic types, so type informa-
tion provides little discriminative signal but adds
extra tokens that can distract the reranker. Second,
entity descriptions have limited coverage for the
entities appearing in our evaluation: in XL-BEL,
only a small fraction of entities provide non-empty
descriptions (roughly 10%), making the A+T+D
setting inconsistent across candidates and often un-
informative.
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I Use of AI Assistants

We used Al assistants only for writing polishing,
such as grammar correction and minor rephrasing.

J Additional Figures
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Figure 6: The two-stage BioELX pipeline, illustrated for a single mention. The retriever embeds the mention
and multilingual entity aliases into a shared space, and returns the top-k aliases with associated entities by cosine
similarity. For each candidate alias, the reranker scores a mention-anchored query — the mention and its surrounding
context — against a document built from that alias, and selects the entity associated with the highest-scoring alias.

<|im_start|>system

<|im_end|>
<|im_start|>user
<Instruction>: {Given a Query (in any language) containing a target mention marked by <tgt>...</tgt>
and its local context (nearby words/sentences), and a Document containing a candidate entity name
in any language, decide whether the candidate is the correct link for the mention in context.}
<Query>: {Une réduction du nombre de globules rouges peut entrainer des symptémes tels que
fatigue ou <tgt> essoufflement </tgt>}
<Document>: { }<|lim_end|> Il Vention m
<|im_start|>assistant Mention context B nstruction
<think>\n\n</think>\n\n

Figure 7: Prompt format for the BioELX Reranker, instantiated with the QWEN3-Reranker template (black text).
The query contains the biomedical text 7" with the target mention m marked by <tgt>...</tgt>, and the document
contains an alias a of the candidate entity e, so the reranker scores each mention-candidate pair. Our “document” is
intentionally short: many KB entities lack rich textual metadata, so we provide only the entity alias.
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Top 3 candidates Mention Top 3 candidates

% CuUl: <—| essoufflement —>( h EUI: Vv
Name: -« ,» Name:
LANG: French | | Entities LANG:
cu: H cur: | _ cui:
X |Name: “—| SapBERT_multi |+— (| BIOELX ', Name: v
LANG: ! ' Retriever LANG:
i| LANG: :
Cul: : : Cul:
. <+ i 1 o
X R — [eur - — s X
i LANG: |

Figure 8: An example of retrieval. For the French mention essoufflement, SapBERT retrieves top candidates based
on surface similarity but misses the correct concept. Our retriever, enhanced with Wikidata-derived multilingual
aliases, retrieves candidates that include the correct CUI (Dyspnea) among the top results.
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