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Abstract

Large language models (LLMs) have recently
shown promise for historical entity linking,
but preference optimization for this task is of-
ten formulated with only one negative can-
didate per training instance. This discards
information from the remaining candidates
retrieved for the same mention. We intro-
duce multi-negative direct preference optimisa-
tion (MDPO), a reference-based pairwise ob-
jective that compares the correct entity with
all valid rejected candidates associated with
each mention. MDPO preserves the Bradley-
Terry formulation of DPO while exploiting
the complete candidate set through masked,
length-normalised sequence scores. We eval-
uate MDPO on hipe-2020 and newseye,
covering French, German, English, Swedish,
and Finnish historical newspaper text. Exper-
iments show that MDPO improves over su-
pervised fine-tuning and single-negative DPO,
with particularly strong gains for NIL mentions,
semantic ambiguity, OCR noise, and histori-
cally difficult names. Further analyses disen-
tangle candidate-generation and selection er-
rors, showing that candidate retrieval remains
a key bottleneck for end-to-end entity linking.
These results demonstrate that incorporating
all within-instance negative candidates is a sim-
ple and effective improvement for LLM-based
historical entity linking.

1 Introduction

Entity linking (EL) maps textual mentions to their
corresponding entities in a knowledge base and is a
core component of information extraction, question
answering, digital library access, and knowledge
base population. Standard EL systems usually de-
compose the task into candidate generation and en-
tity disambiguation or ranking (Sevgili et al., 2022):
candidate generation retrieves plausible entities for

a mention, while the ranking stage selects the most
appropriate entity given the context. Recent neu-
ral approaches have improved both stages using
dense retrieval, bi-encoders, cross-encoders, and
generative models, including BLINK (Wu et al.,
2020), ELQ (Li et al., 2020), GENRE (De Cao
et al., 2021; De Cao et al., 2022), ReFinED (Ay-
oola et al., 2022), and LLMAEL (Xin et al., 2025).

Despite these advances, EL remains difficult
in historical and archival documents, which often
contain OCR noise, spelling variations, obsolete
or multilingual forms, incomplete metadata, tem-
porally ambiguous references, and mentions that
are absent from the target knowledge base. These
factors make candidate retrieval, disambiguation,
and NIL prediction especially challenging. The
hipe-2020 dataset, introduced through the HIPE
shared tasks, highlights the difficulty of robust
named entity recognition (NER) and linking (EL)
in multilingual historical documents (Ehrmann
et al., 2020a,b). Complementarily, the newseye
dataset provides multilingual historical newspaper
material in French, German, Finnish, and Swedish.
Together, these benchmarks show that historical
EL requires methods that go beyond surface-form
matching and account for noisy, incomplete, and
historically situated contexts.

LLMs offer new opportunities for this setting
because they combine broad parametric knowl-
edge with contextual reasoning and generative ca-
pabilities. Recent work has explored LLMs for
EL through prompting, instruction tuning, context
augmentation, and selective reranking (Xiao et al.,
2023; Ding et al., 2024; Vollmers et al., 2025; Xin
etal., 2025; Li et al., 2025). In historical EL, LLMs
have also been used to improve NIL prediction and
candidate selection, often in combination with tra-
ditional retrievers (Santini et al., 2026). However,
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most existing approaches still treat LLLMs as aux-
iliary components: they augment contexts, rerank
externally retrieved candidates, or predict from a
fixed candidate set. This limits their ability to gen-
erate plausible candidates and does not directly
model the multi-candidate nature of entity disam-
biguation.

In this paper, we propose an LLM-centric frame-
work for historical entity linking that uses LLMs in
both candidate retrieval and entity selection. First,
we introduce an LLM-guided candidate retrieval
strategy, where an LLM generates plausible entity
candidates from a mention and its surrounding con-
text. The generated candidates are validated against
a knowledge base and combined with alias-based
retrieval, allowing the system to exploit both con-
textual generation and high-recall lexical lookup.
This is particularly useful for historical documents,
where OCR noise, spelling variation, and archaic
surface forms can make conventional retrieval brit-
tle.

Second, we reformulate entity selection as a
preference-learning problem. Standard DPO trains
a model from one chosen-rejected comparison
(Rafailov et al., 2023), whereas EL naturally sup-
plies several hard competitors for the same mention.
We introduce a multi-negative DPO objective that
preserves the reference-based pairwise formula-
tion while optimising all valid gold-versus-negative
comparisons from each retrieved set.

Third, we evaluate the proposed framework on
two multilingual historical-document benchmarks:
hipe-2020, introduced for NER and EL in his-
torical newspapers (Ehrmann et al., 2020a,b), and
newseye, a multilingual historical newspaper
dataset covering French, German, Finnish, and
Swedish material (Hamdi et al., 2021). Our eval-
uation compares supervised fine-tuning, standard
DPO, prompting-based baselines, and the proposed
multi-negative DPO formulation, and provides ab-
lation studies on retrieval, prompt design, context
representation, and model choice.

2 Related work

LLM-based entity linking. EL is commonly for-
mulated as a two-stage task: candidate generation
followed by entity disambiguation. Traditional
systems rely on lexical matching, prior probabili-
ties, dense retrieval, and supervised ranking mod-
els, while recent work increasingly explores LLMs
for candidate generation, context enrichment, and

entity selection. INSGENEL (Xiao et al., 2023)
shows that instruction-tuned decoder-only models,
combined with a retriever, can perform effective
entity linking while reducing the cost of full se-
quence generation. EntGPT (Ding et al., 2024)
demonstrates the potential of LLMs for entity dis-
ambiguation through prompting and instruction tun-
ing, using LLMs to generate auxiliary information
and select the correct entity from a candidate set.
Hybrid methods such as ARTER (Li et al., 2025)
combine fast entity linkers with targeted LLM rea-
soning, routing only difficult mentions to the LLM
to balance accuracy and efficiency.

Another closely related direction uses LLMs to
enrich the input context. Vollmers et al. (2025)
propose contextual augmentation, where ambigu-
ous mentions are expanded into more explicit
Wikipedia-like titles using surrounding context.
Similarly, LLMAEL (Xin et al., 2025) uses LLMs
as plug-and-play context augmenters and fuses the
generated context with existing EL. models such as
BLINK (Wu et al., 2020; Li et al., 2020), GENRE
(De Cao et al., 2021; De Cao et al., 2022), and
ReFinED (Ayoola et al., 2022). These approaches
show that LLMs can help resolve ambiguity by
adding missing contextual or world knowledge.
Our method shares this intuition, but instead of
only augmenting the mention context or reranking
candidates, we prompt the LLM to generate plau-
sible entity candidates, validate them against the
knowledge base, augment them with alias-based re-
trieval, and then train an LLM-based selector using
preference learning.

Entity linking in multilingual, historical, and
domain-specific settings. Entity linking is es-
pecially difficult in multilingual, historical, and
domain-specific corpora, where mentions may be
noisy, rare, temporally ambiguous, or absent from
standard knowledge bases. BELA (Plekhanov et al.,
2023) addresses multilingual end-to-end entity link-
ing with a large Wikipedia- and Wikidata-based
index, jointly modeling mention detection, disam-
biguation, and rejection. For historical EL, San-
tini et al. (2026) propose MHEL-LLaMo, an un-
supervised multilingual framework that combines
bi-encoder retrieval with an instruction-tuned LLM
for NIL prediction and candidate selection, apply-
ing the LLM mainly to difficult cases. In cultural
heritage domains, studies on musical heritage and
museum collections highlight the importance of
low-popularity entities, temporal constraints, NIL



prediction, OCR noise, and domain-specific adapta-
tion (Graciotti et al., 2025; Cadavid-Sanchez et al.,
2023).

Preference optimisation. DPO learns a
reference-relative Bradley—Terry objective from
one chosen-rejected pair (Rafailov et al., 2023),
whereas SimPO replaces the reference model with
a length-normalised, reference-free reward (Meng
et al., 2024). Multi-response methods address
richer supervision: MPPO supports arbitrary
negative samples and studies pointwise, pairwise,
and listwise variants using average-likelihood
rewards (Xie et al., 2025), while LiPO couples
candidates through a learning-to-rank loss over
ranked response lists (Liu et al., 2025). Our EL
data instead provide one gold entity and an un-
ordered set of retrieved competitors. We therefore
retain DPO’s reference-relative score, preserve
the shared mention-level candidate structure, and
aggregate independent gold-versus-negative terms.
Unlike LiPO, our loss has no shared listwise
normalisation; unlike single-negative DPO, it
does not discard the remaining competitors. Our
contribution is this task-specific construction
and implementation rather than a new listwise
objective.

3 Methodology

Entity linking is naturally a multi-candidate deci-
sion problem: for each mention m appearing in
context ¢, the model must select the corresponding
entity e from a knowledge base /C or abstain with
a special NIL label when no valid entity exists.
Formally, the task is defined as learning a function:

f(m,;K) —e, eeKU{NIL}. (1)
This structure supplies multiple valid preference
comparisons for each mention. We retain the gold
entity and all hard negatives or NIL alternatives
from the same retrieved set, rather than sampling
only one negative. The training objective remains
pairwise; “multi-negative” describes the within-
instance data structure and aggregation, not a list-
wise normalisation.

We propose an LLM-centric entity linking
pipeline that integrates candidate retrieval and en-
tity selection through structured interaction with
LLMs, as shown in Figure 1. The pipeline consists
of two main stages: (1) LLM-guided candidate
retrieval and (2) LLM-based entity selection.

3.1 LLM-guided Candidate Retrieval

Traditional candidate retrieval methods for entity
linking usually construct a small set of possible
entities using lexical or heuristic signals, such as
alias dictionaries, mention entity priors, inverted
indices, and approximate string matching (Bunescu
and Pagca, 2006; Cucerzan, 2007; Ratinov et al.,
2011; Robertson and Zaragoza, 2009; Zhang et al.,
2022). While efficient, these methods are sensi-
tive to surface-form mismatch. This is particularly
problematic in historical corpora, where mentions
may contain OCR errors, spelling variants, archaic
forms, abbreviations, or semantic shifts (Prova-
torova et al., 2020; Hamdi et al., 2023). If the
correct entity is not retrieved at this stage, the sub-
sequent selection model might not find it.

To improve recall, we adopt an LLM-guided can-
didate retrieval strategy. Instead of relying only on
lexical similarity, we prompt the LLM with the
mention m and its surrounding context ¢ to gener-
ate semantically plausible candidate strings, includ-
ing canonical names, aliases, normalised spellings,
and historically plausible variants. These generated
strings are not treated as final predictions; rather,
they are used to expand retrieval over the knowl-
edge base.

Formally, we define the LLM-generated query
set as:

Crim(m, ¢) = Retrievex (LLMgen(m, ¢)), (2)

where Crim(m,c) denotes the knowledge-base
candidates retrieved from the generated strings.
Because LLMs may generate hallucinated or non-
existent entity names, we validate the retrieved can-
didates against the knowledge base:

Cvalia(m, c) = { e € Corm(m, ) | Validg(e) }.
(3)

Here, Validg checks whether the candidate corre-
sponds to a valid entity identifier in the knowledge
base.

To further improve recall, we build an alias dic-
tionary independently for each benchmark using
only its training split. Each normalised mention sur-
face form is mapped to all of its annotated QID(s);
one-to-many mappings are retained, and no exter-
nal or manually curated aliases are used. Duplicate
alias and LLM candidates are removed before the
two sources are merged. Thus, test-only mention—
entity associations cannot enter the lookup table.
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Figure 1: Overview of the proposed LLM-centric entity linking pipeline.
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We define:
Calias(m) = AliasLookupy(m). )

The final candidate set combines validated LLM-
guided candidates with alias-based matches:

C(m, c) = Cyatia(m, ¢) U Catias(m). ~ (5)

This approach uses the LLM to expand the
search space while relying on the knowledge base
to ensure candidate validity. Thus, the system
improves recall without directly accepting unsup-
ported LLM-generated entities.

3.2 LLM-based Entity Selection

In the second stage, the LLM performs joint rea-
soning over the candidate set to select the most
appropriate entity. Given a mention m, its context
¢, and a candidate set C with associated descrip-
tions, the model predicts the most likely entity:

é = arg max P(e|m,c,C) (6)
ec

EL as preference learning. We reformulate en-
tity linking as a preference learning problem over
the candidate set C. Given a gold entity e and
a set of negative candidates {e] ,e5 ..., e, }, the
objective is to learn preferences such that: e™ -
e., Vie{l,...,n}.

7
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Here 7y is the LoRA-adapted policy, m.f is the
same pretrained backbone with its adapters dis-
abled, and 8 > 0 controls preference strength. The
batch and tensor notation makes the implementa-
tion explicit. B is the number of mentions in a mini-
batch, N is the maximum number of valid rejected
candidates in that minibatch, and L is the maxi-
mum token length used when scoring one entity re-
sponse. The chosen responses therefore have shape
[B, L], while the rejected responses are padded to
[B,N,L]. My; € {0,1} is a validity mask: it is
one when the i-th negative belongs to mention b
and zero for padding or an unavailable comparison.
Hence n; counts only real negatives, and the de-
nominator averages over valid comparisons rather
than padded tensor positions.

Lyppo =



For each mention, the trainer computes the
length-normalised chosen score once and reuses
it for all valid negatives. It then computes one in-
dependent margin A ; for each gold—negative pair
and applies the binary Bradley-Terry likelihood to
that pair. A positive margin means that the policy
improves the gold entity’s reference-relative score
more than the corresponding negative’s. Normalisa-
tion by >, n;, gives every valid comparison equal
weight, while an instance with more hard negatives
contributes more pairwise evidence. Crucially, N
and the [B, N, L] tensor are implementation di-
mensions, not a listwise probability distribution:
there is no softmax over candidates, no negative-to-
negative interaction, and no shared candidate-set
normalisation. Thus, “multi-negative” means that
every retrieved competitor supplies supervision for
the same mention, whereas the objective remains
a sum of ordinary reference-based pairwise DPO
terms. If np, = 1, Eq. 7 becomes the single-negative
version of this length-normalised, reference-based
DPO loss.

4 Preference Data Construction

To train our model with the multi-negative DPO ob-
jective, we construct preference data automatically
from standard entity linking annotations. Each in-
stance consists of a mention m, context ¢, and a
ground-truth entity e™, which can be either a valid
knowledge base entity (non-NIL) or NIL.

We first apply our LLM-based candidate gener-
ation pipeline to obtain a candidate set C. Based
on the relationship between e and C, we consider
four cases:

Case 1: Non-NIL with Correct Candidate
Present. If et # NIL and e™ € C, we construct
preference pairs where the gold entity is preferred
over all other candidates:
(ef,e),  Vem eC\{e'}

Case 2: Non-NIL with Missing Candidate. If
et # NIL but et ¢ C, we explicitly add e™ into
the candidate set:

C+ CuU{et}
and construct preference pairs as in Case 1. This en-

sures the model always observes the correct entity
during training.

Case 3: NIL with Non-empty Candidate Set. If

et = NIL and C # 0, we treat NIL as the correct

choice and prefer it over all retrieved candidates:
(NIL,e™), Ve € C

Case 4: NIL with NIL Candidate Present. If

NIL is already included in C, we retain it as the

preferred candidate and construct preference pairs
against all non-NIL entities.

DPO Formatting. Each record stores one
prompt (m, ¢, C), one chosen entity, and the com-
plete list of valid rejected entities. These compar-
isons remain grouped through collation and loss
computation (Appendix A). Records with no valid
rejected entity, including empty-candidate gold-
NIL cases, provide no preference comparison and
are excluded from DPO training.

5 Experiments

5.1 Datasets

We conduct experiments on the following datasets:

hipe-2020 (Ehrmann et al., 2020a) dataset
provides a benchmark for NER and EL on multi-
lingual historical newspapers. The dataset contains
17,553 named entity mentions distributed across
German, French, and English historical newspaper
corpora, with annotations aligned to Wikidata for
the entity linking task. The corpus includes 8, 205
location entities, 6, 113 person entities, 1,971 or-
ganisation entities, 679 temporal expressions, and
585 product entities, reflecting a diverse range of
semantic categories in historical documents.

newseye (Hamdi et al., 2021) dataset provides
a suitable benchmark for the entity linking task, as
it includes 30, 580 named entities, among which
6,704 are aligned with Wikidata. This explicit
grounding of entities in a knowledge base enables
the evaluation of linking approaches in a realis-
tic, multilingual setting. The datasets consider
four languages (French, German, Finnish, and
Swedish), covering a diverse range of linguistic
characteristics. The corresponding subsets con-
tain 12,473 entities for French, 12, 818 for Ger-
man, 2,572 for Finnish, and 2, 717 for Swedish,
mainly spanning persons, locations, and organisa-
tions. The newseye dataset enables robust cross-
lingual comparisons with the HIPE dataset, which
is also used in our study. Both of them ensure
consistency in annotation schemes.



Approach Setup hipe-2020 newseye

FR DE EN FR DE A% FI
SBB (Labusch and Neudecker, 2020) Wiki emb. + BERT/RF 59.6 50.6 393 444 431 - -
L3i (Boros et al., 2020) Neural EL + postproc. 60.2 48.1 546 - - - -
MELHISSA (Linhares Pontes et al., 2022)  Multiling. EL + filters 63.0 573 59.7 542 547 599 65.2
BELA (Plekhanov et al., 2023) Bi-enc. + score 58.0 550 41.8 422 300 410 30.0
MHEL-LLaMo (Santini et al., 2026) BELA + LLM 69.2 62.0 723 662 556 521 509
Prompting GPT-120B / GPT-20B 657 59.6 652 579 492 533 604
SFT GPT-120B / Qwen3-14B  60.3 55.0 462 448 36.6 482 384
DPO GPT-120B / GPT-20B 70.2 625 709 635 528 628 635
Multi-DPO GPT-120B / GPT-20B 724 65.6 738 687 592 650 627

Table 1: Micro-F1 on hipe-2020 and newseye.

5.2 Models and Implementation

We employ multiple LLMs across different com-
ponents of the pipeline to balance retrieval quality
and computational efficiency.

For candidate generation, we use a diverse set of
open-source and large-scale LLMs, including GPT-
20B, 120B (Agarwal et al., 2025), Qwen3.5-9B
and 27B (Team, 2026), Qwen3-A30B (Yang et al.,
2025), Gemma4-31B (Team et al., 2026). These
models are used in a zero-shot setting to generate
semantically relevant and diverse candidate entity
names given a mention and its context.

For entity selection, we finetune Qwen3-14B
(Yang et al., 2025), GPT-20B (Agarwal et al., 2025),
or Qwen3-32B (Yang et al., 2025) using the pro-
posed multi-negative DPO. Details of the training
and inference settings can be found in Appendix A.

This design choice decouples candidate genera-
tion from ranking, enabling the use of large mod-
els for high-recall retrieval while maintaining effi-
ciency during downstream selection.

We implement structured prompting and output
formatting using the OpenAl Agents framework',
which supports schema-constrained generation and
function calling for candidate generation, valida-
tion, and entity selection. Since the framework is
not fully compatible with some fine-tuned Qwen-
based models, we use direct prompting with manu-
ally enforced structured outputs while preserving
the same interaction protocol and output schema.
This ensures consistent structured outputs and re-
duces parsing errors during inference.

5.3 Compared Systems

We compare our approach against both prior histor-
ical entity linking systems and several training con-
figurations built on the same retrieval-augmented

'https://github.com/openai/
openai-agents—-python

selection framework.

Prior historical EL systems. We report pub-
lished results for SBB, L.3i, MELHISSA, BELA,
and MHEL-LLaMo, which represent lexical, neu-
ral, multilingual, and LLM-assisted approaches for
historical entity linking.

Our training configurations. All variants use
the same retrieval-augmented setup and differ only
in the selection strategy:

* LLM prompting. The LLM selects an entity
directly from the retrieved candidate list with-
out task-specific fine-tuning.

* Supervised fine-tuning (SFT). The base model
is fine-tuned to generate the correct entity
given the input (m, ¢, C).

* DPO (standard). A pairwise DPO setting us-
ing one positive and one negative candidate
for each training instance.

* DPO (multi-negative). Our proposed ap-
proach extends DPO by contrasting the gold
entity against multiple negative candidates
within the same instance, providing a richer
supervision signal for entity selection.

5.4 Evaluation Metrics

Following the standard evaluation protocol of the
HIPE 2020 shared task?, we use micro F1 as the
primary evaluation metric for a fair comparison
with previous work. In addition, since our frame-
work contains an explicit candidate retrieval stage,
we also report entity-level retrieval recall to eval-
uate the effectiveness of the retrieval component
independently of the final entity selection stage.

https://hipe-eval.github.io/
HIPE-2022/evaluation
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6 Results

Main Results. Table 1 reports micro-F1 scores
on hipe-2020 and newseye. We compare
against prior historical EL systems reported in the
literature, including SBB, L3i, MELHISSA, BELA,
and MHEL-LLaMo, as well as our SFT, DPO, and
Multi-DPO variants.

The results show that DPO substantially im-
proves historical EL. performance across both
datasets. Standard DPO already outperforms
SFT and original with prompting in most set-
tings, suggesting that preference-based supervi-
sion is better suited than token-level generation
loss or original knowledge of LLMs for retrieval-
augmented entity selection. This is especially vis-
ible on hipe-2020-FR, hipe-2020-EN, and
the newseye subsets.

Multi-DPO further improves upon standard
DPO in most languages, achieving the best re-
sults on all hipe-2020 subsets and on three of
the four newseye subsets. The only exception
is newseye-FI, where MELHISSA remains the
strongest. These results suggest that modeling mul-
tiple preference relations provides a stronger rank-
ing signal and improves robustness when the can-
didate set contains several plausible but incorrect
entities.

6.1 Oracle Entity Selection Analysis

Dataset Lang. Gold- Sel.

in-set acc.

FR 87.2 67.9 612 828 +21.6
hipe-2020 DE 834 649 56.0 793 +233

Full Oracle Gain

EN 826 84.1 740 817 +7.7
FR 88.5 67.1 557 719 +16.2
DE 847 56.8 468 66.2 +19.4

newseye g 882 530 63.1 85.1 +22.0
SV 842 698 650 81.5 +16.5

Table 2: Conditional oracle analysis (%). Gold-in-set:
non-NIL gold retrieval recall; Sel. acc.: accuracy con-
ditioned on gold retrieval; Full/Oracle: entity-level
accuracy.

We isolate the remaining selection headroom
using the candidate sets from the full retrieval
pipeline. For each non-NIL mention whose gold
QID is retrieved, the oracle replaces the model
prediction with that QID; all other predictions, in-
cluding NIL mentions, remain unchanged. Table 2
reports gold-in-set recall among non-NIL mentions,
selection accuracy conditional on successful re-
trieval, and full entity-level accuracy before and

after the replacement.

Oracle gains range from 7.7 to 23.3 points. Thus,
even with high non-NIL candidate recall, entity
selection remains a substantial source of end-to-end
error. The newseye-FI oracle uses all mentions,
whereas conditional selection accuracy uses only
retrieved non-NIL mentions; its high NIL fraction
explains the apparent gap.

6.2 Retrieval Analysis

Backbone LLLMs. Tables 3 and 4 compare candi-
date retrieval recall across backbone LLMs without
alias augmentation, isolating each model’s intrin-
sic candidate-generation ability. All models are
evaluated using the same prompting strategy (Ap-
pendix C).

Candidate model hipe-2020

Qwen3.5-9B (Team, 2026) 68.8 63.5 58.8
GPT-20B (Agarwal et al., 2025) 66.2 633 624
Qwen3.5-27B (Team, 2026) 750 729 615
Qwen3-A30B (Yang et al., 2025) 722 66.7 60.9
Gemma4-31B (Team et al., 2026) 76.1 73.6 64.9

GPT-120B (Agarwal et al., 2025)  73.1 65.8

Table 3: Retrieval recall on hipe-2020 using different
LLMs for candidate generation.

Candidate model newseye

Qwen3.5-9B 55.0 462 557 58.6
GPT-20B 563 498 62.1 65.8
Qwen3.5-27B 55.8 50.1 62.8 593
Qwen3-A30B 59.2 51.7 114 244
Gemma4-31B 55.7 50.8 59.4 63.1
GPT-120B 589 51.0 64.1 69.6

Table 4: Retrieval recall on newseye using different
LLMs for candidate generation.

The results show that model scale alone does
not determine retrieval quality. On hipe-2020,
Gemma4-31B achieves the strongest recall for
French and German, while GPT-120B performs
best for English. On newseye, GPT-120B is
strongest for Swedish and Finnish, whereas Qwen3-
A30B obtains the best recall for French and Ger-
man but performs poorly on the Nordic languages.

Opverall, we notice that the retrieval performance
varies substantially across languages and datasets,
suggesting that multilingual coverage, training data
composition, and robustness to historical spelling
variation are as important as model size.



Prompt Instruction and Alias Lookup. We fur-
ther study the impact of prompt design, context
representation, and alias augmentation. Table 5
shows that simple prompts consistently outperform
more complex instructions, while chunk-based con-
text is more effective than summary-based context.
Summary representations occasionally omit useful
information, leading to lower recall. Alias lookup
provides the largest improvement, consistently re-
covering entities missed by the LLM retrieval stage.
Thus, combining simple prompts, chunk context,
and alias augmentation yields the best retrieval per-
formance.

Prompt  Context Alias hipe-2020 newseye
FR DE FR DE
Simple Summary 745 693 556 503
Complex Chunk X 733 71.8 534 474
Simple Chunk X 75 729 558 50.1
Simple Chunk v 765 744 57 53

Table 5: Retrieval recall using different prompts, context
information, and alias dictionary lookup.

hipe-2020
Model FR DE EN

Qwen3-14B (Yang et al., 2025) 67.0 61.0 61.1
Finetuned MDPO Qwen3-14B 67.3 51.8 65.9

GPT-20B (Agarwal et al., 2025) 65.0 58.3 599
Finetuned MDPO GPT-20B 724 656 73.8

Qwen3-32B (Yang et al., 2025)  67.0 58.5 639
Finetuned MDPO Qwen3-32B 63.1 59.0 68.7

Table 6: Micro-F1 on hipe-2020 with different entity-
selection backbones before and after fine-tuning.

newseye
Model FR DE SV FI
Qwen3-14B (Yang et al., 2025) 58.3 50.0 51.8 61.7
Finetuned Qwen3-14B 69.1 62.6 64.0 60.6
GPT-20B (Agarwal et al., 2025) 59.0 49.7 59.3 60.3
Finetuned GPT-20B 68.7 59.2 65.0 62.7

Qwen3-32B (Yang et al., 2025) 58.7 51.1 55.2 60.2
Finetuned Qwen3-32B 49.0 48.5 40.7 49.5

Table 7: Micro-F1 on newseye with different entity-
selection backbones before and after fine-tuning.

6.3 Selection Analysis

Backbone LLLMs. Tables 6 and 7 show that
larger models do not necessarily yield better fine-
tuned performance. While Qwen3-32B achieves
competitive zero-shot results, its finetuned variant

degrades substantially on several newseye lan-
guages, suggesting optimisation instability under
noisy supervision. In contrast, GPT-20B consis-
tently benefits from finetuning and achieves the
best overall performance, indicating stronger com-
patibility with preference optimisation objectives.

hipe-2020
Candidate model FR DE EN
Qwen3.5-9B (Team, 2026) 71.5 63.1 67.0
Qwen3.5-27B (Team, 2026) 68.7 64.1 724

Qwen3-A30B (Yang et al., 2025) 62.0 64.2 72.5
GPT-20B (Agarwal et al., 2025) 67.5 58.5 625
GPT-120B (Agarwal et al., 2025) 72.4 65.6
Gemma4-31B (Team et al., 2026) 72.1 65.8 73.0

Table 8: Micro-F1 on hipe—-2020 with the same multi-
negative finetuned DPO model

newseye
Candidate model FR DE SV FI
Qwen3.5-9B (Team, 2026) 67.5 56.5 62.1 64.5
Qwen3.5-27B (Team, 2026) 63.6 57.3 58.7 59.3

Qwen3-A30B (Yang et al., 2025) 65.0 58.9 62.5 60.9
GPT-20B (Agarwal et al., 2025) 65.9 55.5 61.5 63.1
GPT-120B (Agarwal et al., 2025) 68.7 59.2 65.0 62.7
Gemma4-31B (Team et al., 2026) 65.0 56.3 59.6 60.2

Table 9: Micro-F1 on newseye with the same multi-
negative DPO model

Retrieval LLMs.  Tables 8 and 9 evaluate
the impact of retrieval quality while keeping the
same GPT-20B multi-DPO ranker fixed. Stronger
retrieval models generally improve end-to-end per-
formance, with GPT-120B achieving the best re-
sults overall. However, the gains remain moderate,
suggesting that the ranker can partially compensate
for weaker candidate generation. Mid-sized models
such as Gemma4-31B and Qwen3.5-27B remain
competitive across languages.

6.4 Error Analysis

Retrieval errors. This section provides a de-
tailed analysis of candidate generation and its in-
teraction with downstream entity selection. Across
the four subsets shown in Figure 2, non-NIL recall
ranges from 83.4% on hipe-2020-DE to 88.5%
on newseye-FR. In contrast, NIL recall ranges
only from 17.0% on newseye-DE to 40.7% on
hipe-2020-FR because the system often re-
trieves a plausible entity instead of abstaining. NIL
handling therefore remains the main retrieval weak-
ness. Figure 3 compares simple and complex
prompts: simple prompts generally recover more
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Figure 3: Retrieval error breakdown for simple and
complex prompts.

correct candidates, whereas complex prompts may
reduce empty outputs at the cost of generating ad-
ditional incorrect candidates.

Fine-Grained Errors. We heuristically cate-
gorise errors across all seven subsets and report
the absolute accuracy gain of the finetuned selec-
tor over the base model in Table 10. The largest
gains occur for gold-NIL/knowledge-base cover-
age (+13.7%) and semantic ambiguity (+8.1%),
followed by OCR noise. These are relative im-
provements, not solved cases: low absolute NIL
retrieval recall and false NIL predictions on valid
QID mentions remain important limitations. Ap-
pendix D provides additional examples involving

historical spelling, stub entities, fine-grained geog-
raphy, and evolving gold-NIL annotations.

Error type N Base Finetuned Gain (pp)
NIL /KB 3636 484 62.1 +13.7
Semantic 801 59.4 67.5 +8.1
OCR noise 79 532 60.8 +7.6
Other 2993 68.2 71.8 +3.6
Spelling / orthog. 1194 63.7 64.9 +1.2
Historical naming 717 56.5 57.5 +1.0

Table 10: Accuracy by heuristic error type across the
seven evaluation subsets. “Other” contains cases not
matched by the surface-form heuristics.

7 Conclusions

In this work, we introduced a retrieval-augmented
framework for historical named entity linking that
combines LLLM-based candidate generation with
preference-optimised entity selection. We showed
that while modern LLLMs provide strong retrieval
capabilities, effective candidate ranking remains
the primary challenge in multilingual and OCR-
degraded historical documents. To address this,
we proposed a multi-negative DPO objective that
improves the model’s ability to distinguish correct
entities from noisy candidates. Experiments on
hipe-2020 and newseye demonstrate consis-
tent improvements over both supervised and unsu-
pervised baselines across multiple languages. Our
ablation studies further show that retrieval qual-
ity, context design, and preference optimization all
contribute to final performance, while moderate
context windows and simple prompting strategies
are generally the most effective.

Limitations

Although our LLM-guided retrieval framework im-
proves candidate recall in noisy historical corpora,
several limitations remain.

First, the approach still struggles with NIL entity
prediction. The LLM tends to generate semanti-
cally plausible entities even when no correct entity
exists in the knowledge base, leading to increased
false positives. This behavior is particularly chal-
lenging in historical documents containing OCR
errors, spelling variations, and incomplete contex-
tual information.

Second, the overall performance remains highly
dependent on the retrieval stage. If the correct
entity is not retrieved or validated, the downstream



selection model cannot recover it. While LLM-
guided query expansion improves recall, it may
also introduce noisy or hallucinated candidates.

Third, our objective is a decomposable pairwise
extension of single-negative DPO. We did not eval-
uate alternative listwise or contrastive objectives
with shared candidate-set normalisation, so our re-
sults do not establish superiority over those formu-
lations.

Finally, candidate generation is the dominant
inference cost in the measured deployable config-
uration, and the reported latency is not directly
comparable with published systems running on dif-
ferent hardware and software stacks.
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A Training and Inference Details

We subclass the TRL DPO trainer’ and use a cus-
tom collator so that every EL instance retains one
prompt, one chosen entity, and all rejected candi-
dates from the same retrieval set. The trainer com-
putes length-normalised policy and reference log-
likelihoods, obtains the chosen score once, com-
pares it independently with every valid rejected
score, and masks padded entries before averaging.
The frozen reference is the pretrained backbone
with LoRA adapters disabled. Thus, the code im-
plements Eq. 7 rather than flattening examples into
unrelated one-to-one records.

LoRA is applied to the attention and feed-
forward projection layers with rank » = 8 and
a = 16.

Training is performed for 3 epochs using
AdamW 8-bit optimisation with a learning rate of
5 x 107, linear learning-rate scheduling, and a
warmup ratio of 0.1. We use a per-device batch
size of 8 with gradient accumulation over 8 steps.
Models are trained in BF16 precision with gradient
checkpointing enabled. The model context window
is 2048 tokens; prompts are capped at 1024 tokens
and answers at 128 tokens. The LL.M-generated
branch is capped at five candidates; larger alias-
augmented pools require candidate pruning or de-
scription truncation.

*https://huggingface.co/docs/trl/dpo_
trainer

For inference, the merged LoRA model is quan-
tised to 4-bit MXFP4 format and served using
vLLM* for efficient batched decoding and memory-
efficient inference. On one RTX A6000, a deploy-
able GPT-20B generator/selector configuration re-
quires 2.35-2.63 s for candidate generation and
0.35-0.50 s for selection (2.70-3.13 s combined).
Candidate generation accounts for approximately
82-89% of latency. The strongest configuration
in Table 1 instead uses a GPT-120B generator; be-
cause published systems use different hardware and
implementations, we do not make a direct runtime
claim against them.

We follow the official dataset splits for all exper-
iments. For hipe-2020, we train on the French
and German training sets and use the correspond-
ing development sets for validation. The English
subset is excluded from training and evaluated only
in a zero-shot cross-domain setting to assess gener-
alisation on unseen historical data. For newseye,
we use the French, German, Swedish, and Finnish
subsets following the same train/development split
protocol.

For multi-negative preference construction, we
use GPT-20B (Agarwal et al., 2025) as the candi-
date generation model, served through the vLLM
inference engine for efficient large-scale decoding.
For the standard DPO baseline, preference pairs
are constructed using the gold entity as the positive
sample and a randomly selected entity from the
negative candidate pool as the negative sample.

Instances without a valid positive/negative com-
parison are excluded from DPO training. At in-
ference, a single candidate is not automatically ac-
cepted because the generative selector may still
emit NIL or an invalid response. In a controlled
test, the selector chose the sole gold candidate in
44/50 cases (88.0%); for 50 empty-candidate gold-
NIL cases, it returned NIL in every case.

Although GPT-20B (Agarwal et al., 2025) gener-
ates high-quality multi-negative comparison pairs,
its SFT convergence was unstable. We therefore
use Qwen3-14B (Yang et al., 2025) for the SFT
baseline.

B Selection

B.1 Error Analysis Across Retrieval and
Selection

Although the primary evaluation metric is micro-
F1, we report entity-level accuracy to better anal-
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Figure 4: Entity-level accuracy before and after selec-
tion.

yse the transition from retrieval to selection. Fig-
ure 4 compares performance before and after the
selection stage. We observe that the selection
model consistently improves NIL prediction accu-
racy across all datasets, with substantial gains (up
to +36%), indicating its effectiveness in identifying
non-linkable mentions.

However, this improvement comes at the cost of
reduced QID accuracy, where selection introduces
a noticeable drop (up to -26%). As a result, overall
accuracy shows only modest changes, with slight
improvements in some cases and small degrada-
tions in others. These results highlight a key trade-
off: while the selection model enhances robustness
in handling NIL cases, it can also over-filter valid
candidates, suggesting that balancing precision and
recall in the selection stage remains critical.

B.2 Context length.

Context length hipe-2020 newseye
FR DE FR DE
128 644 59.1 64.1 539
256 724 65.6 687 59.2
512 69.8 647 679 56.6

Table 11: F1 score with different context lengths for
backbone LLMs.

Table 11 shows that a moderate context window
(256 tokens) yields the best overall performance.
Shorter contexts lack sufficient disambiguating in-
formation, while longer contexts (512 tokens) of-
ten introduce additional noise and slightly degrade
performance. This suggests a trade-off between
contextual coverage and irrelevant information in
retrieval-augmented selection.

C Instruction Prompts

C.1 Simple Retrieval Prompt

The following prompt in Tab 12 was used to gen-
erate candidate entity names for Wikidata entity
linking.

Table 12: Complete retrieval prompt used for candidate

generation.

RETRIEVAL_PROMPT = """

You are an expert in Wikidata entity linking and
historical linguistics. Your goal is to generate
a concise list of potential candidate entity
names based on the given context.

Attention:

- The entity mention may include typos,
punctuation, extra spaces, or unusual
capitalisation.

- The surrounding context text is useful to help
identify the entity’s historical or cultural
background.

Your task:

1. Normalise the entity string, remove
unnecessary punctuation, spacing, or symbols.

2. Use contextual clues, such as time period,
nationality, and occupation, to infer more
precise or alternate forms.

3. Generate up to xx5 likely candidate namesxx
that could correspond to valid Wikidata items.

4. Each candidate must be a clean,
human-readable string and validated through the
wikidata_checker function.

Rules:

— Do not use markdown, extra commentary, or
natural language.

— If no plausible candidates are found, return
the original entity.

Mode :

nun

No Reasoning

C.2 Complex Retrieval Prompt

The following prompt in Tab 13 was used for han-
dling complex historical multilingual text retrieval
and OCR noise:

C.3 Selection Prompt

The following prompt in Tab 14 was used for
Named Entity Linking, given the context and can-
didate strings:

D Detailed Error Analysis

To better understand the behavior of our approach,
we conduct a qualitative error analysis across
the seven historical entity linking datasets from
hipe-2020 and newseye.

D.1 Success Cases and Comparison with
Baseline LLM

Finetuning substantially mitigates several limita-
tions observed in zero-shot LLM-based entity link-
ing. In particular, baseline LLMs frequently strug-
gle with historical spelling variation, ambiguity



Table 13: Complex retrieval prompt used for Wikidata candidate generation.

COMPLEX_RETRIEVAL_PROMPT = f"""

context.

## By entity type:
- PERS = search the surname first,

- LOC =+ strip generic geographic words;

- TIME = return empty

## Common OCR noise in these texts:

- Broken hyphens, extra spaces,

## Steps:

1. Clean OCR noise from the mention

3. Generate variants:
alternate spellings

clean form,

4. Order candidates:

Rules:

- Use context clues such as dates,

- If no candidates are found,

Mode: No Reasoning

wnn

You are an expert in Wikidata entity linking for historical multilingual texts.

The entity mentions come from OCR-scanned historical newspapers

published between 1797 and 1920, from Swiss, Luxembourgish, and Austrian
collections.
You will be given the entity mention, its type (PERS/LOC/ORG/PROD/TIME), and

Generate up to {MAX_CANDIDATES} candidate name strings to search on Wikidata.

then the full name;
search the proper name
— ORG =+ search the canonical short name of the organisation

- PROD =+ search the publication or doctrine title

(dates are not linkable to Wikidata)

or stray characters from imperfect scanning
— Abbreviated honorifics and titles —- expand or drop them
- 01ld or non-standard spellings —-- try the modern standard form

— Multi-token mentions where only part is the actual entity name

2. Use the entity type to identify the core searchable part

sub-parts,

most distinctive first,

- Validate each candidate through the wikidata_checker function
- Return clean human-readable strings only —-- no QIDs and no markdown
nationality,

return the cleaned raw mention

(French, German)

drop honorifics and titles

expanded abbreviations, and

raw cleaned mention last

and profession

Table 14: Selection prompt used for entity linking.

SELECTION_PROMPT = """

You are an expert Named Entity Linking (NEL)
specialist. You are given an entity, its context,
and a list of candidate strings.

Return:

<entity>: <QID>

Rules:

— If no candidate is suitable, return “NIL”. -
Only use provided candidates; do not invent new

ones.
nun

introduced by duplicate or incomplete Wikidata
entries, and fine-grained geographical disambigua-
tion. For example, the baseline model often links

Bartenstein to a deprecated or stub Wikidata entry,
or resolves Philadelphia to the naval ship rather
than the city. Similar errors occur for geographi-
cally ambiguous mentions such as Berne and New-
York, where the model confuses cities with larger
administrative regions.

As illustrated in Table 15, the finetuned model
learns stronger context-sensitive linking prefer-
ences and better captures historical newspaper con-
ventions, enabling more accurate selection of the
gold-standard Wikidata entities.



Dataset

Context window

Gold
entity

Baseline LLM
without FT

Finetuned
model

HIPE2020-DE

... Am 22 . Merz sah man auf der

Saint Petersburg

NIL

Saint Petersburg

groflen Parade zu Petersburg 4 . (0656) (Q656)
eroberte schwedische Fahnen...

HIPE2020-FR ... lieutenantd’ Avoyer de la Bern (Q70) Canton of Berne Bern (Q70)
Préfecture de Berne , a Berne le 30 (Q11911)
Avril 1828...

HIPE2020-FR ... Les amateurs pourront se trouver Les Les Ponts-de-Cé Les Ponts-de-Martel
rassemblés a1 * auberge du Cerf aux Ponts-de-Martel (Q752975) (Q68617)
Ponts . (Q68617)

HIPE2020-FR ... soignée du beau Traire des causes Neuchatel Principality of Neuchatel (069345)
civiles de la Principauté de (Q69345) Neuchatel
Neuchatel , par Al . le chatelain (Q3137802)
Alonvert ...

HIPE2020-EN ... ship Caledonia, arrived at Philadelphia ~ USS Philadelphia Philadelphia (01345)
Philadelphia on Monday , from (Q1345) (02288745)
Cadiz , states , that the French army

HIPE2020-EN ... respectable meeting in New - New York City New York State New York City (060)
York , against the violation of the (Q60) (Q1384)
treaties with the...

HIPE2020-EN ... while that proposed by Gen . William H. W. H. Harrison William H. Harrison
Harrison , with the present number Harrison (politician) (Q11869)
ot our militia , would cost... (011869) (08012023)

newseye-DE ... Plener wiinschen , wogegen bei Ernst von Plener von Plener (family) Ernst von Plener
der Wahl im Jahre 1891 Herr v . (0324918) (023866513) (0324918)
Plener einen Gegenkandidaten hatte

newseye-DE ... des Satanismus sadistische Louis XIV of NIL Louis XIV of France
Befriedigung sucht . Der Satanismus France (Q7742) (Q7742)

wird Modesache . Unter Ludwig
XIV . wird die schwarze Messe

popular...

newseye-FR .. Brest, 14 janvier . — Le conseil municipal city council municipal council
municipal de Camaret vient de council (03154693) (Q701632)
démissionner , parce qu ’ il... (Q701632)

Table 15: Examples of named entity linking where the baseline LLM without finetuning fails (by predicting
incorrect/stub QIDs or returning NIL), but our proposed finetuned model correctly links to the gold standard

Wikidata QID.

D.2 Wikidata Annotation Discrepancies (Gold
NIL vs. Predicted QID)

A recurring challenge in historical entity linking is
the evolving nature of the underlying knowledge
base. Benchmark datasets such as hipe-2020
and newseye rely on static annotations, where
many mentions are labeled as NIL because no suit-
able Wikidata entity was available or verified at
annotation time.

However, Wikidata has expanded considerably
since the creation of these datasets. Combined
with dense alias retrieval, our system is often able
to retrieve plausible and contextually appropriate
Wikidata entities for mentions annotated as NIL.
Table 16 presents representative examples where
the predicted entity appears historically consistent
despite disagreement with the original annotation.

D.3 Key Qualitative Insights

* Historical Orthographic Ambiguity: In
hipe-2020-DE, the mention Bartenstein
refers to the historical East Prussian city
now known as Bartoszyce. The baseline
model is misled by duplicate or inactive Wiki-
data entries and predicts an incorrect QID
(Q6467766), whereas the finetuned model
correctly resolves the mention to Bartoszyce
(0809585).

* Fine-Grained Contextual Disambiguation:
Baseline LLMs frequently prefer broader or
more globally prominent entities. For in-
stance, Berne is incorrectly linked to the Can-
ton of Berne (Q11911) instead of the city
(Q@70), while New-York is resolved to New
York State (01384) rather than New York City



Model prediction

Dataset Context window Gold label (Wikidata entity)
HIPE2020-FR ... curateur, ont été admis par arrét du Conseil d * Etat NIL Conseil d’Etat (0769657)
du 5 décembre 1797 , a solliciter une...
HIPE2020-FR ... tenoit feu Mlle . Eckard a la rue des Moulins , NIL rue des Moulins (03451926)
avisent le public qu ’ elles le tiendront...
HIPE2020-EN ... moft obedient, and very humble fervants , NIL Richard Henry Lee (Q725907)
RICHARD HENRY LEE WILLIAM GRAYSON .
PRESIDENT SULLIVAN...
NewsEye-DE ... Kramarsch hat heute erzéhlt , dafl Fraulein Marie NIL Marie PospiSilova
Pospischil , eine Schauspielerin des tschechischen (012035450)
Theaters in Prag...
NewsEye-DE ... Klausen . Historischer Roman von Johann von NIL Johann von Wildenrath
Wildenradt . Vor dem Rathhause stieg der siegreiche... (055681870)
NewsEye-FR ... Steeg, gouverneur de 1’ Algérie , et M . Rault , NIL Michel Rault (065597615)
président de la commission du gouvernement de la
Sarre...
NewsEye-FI ... kehotettu kdyméédn Englannissa , Saksassa ja NIL San Francisco (062)

Venijilld puhumassa San Franciscon niyttelyn
puolesta .

Table 16: Examples of Wikidata annotation discrepancies: mentions labeled as NIL in the official gold standard,

which our proposed finetuned model successfully links to the active Wikidata QID.

(060). The finetuned model more reliably dis-
tinguishes municipalities from larger adminis-
trative regions using local contextual cues.

Resolution of Gold NIL Mentions: Sev-
eral mentions annotated as NIL can be linked
to plausible Wikidata entities using updated
knowledge base information. For exam-
ple, in NewsEye—-DE, the mention Marie
Pospischil is linked by our model to Marie
Pospisilovd (012035450), a Czech actress
historically active in Prague theater. Simi-
larly, in NewsEye-FR, the model links M.
Rault to the French politician (065597615).
These examples suggest that benchmark anno-
tations may underestimate real-world linking
performance in historically evolving knowl-
edge bases.
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