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Abstract
Named Entity Recognition (NER) and Named Entity Linking (NEL) are core tasks in entity extraction, yet their
robustness is limited when applied to noisy documents, such as those generated by Optical Character Recognition
(OCR) over historical documents. Although large language models (LLMs) have shown strong zero-shot and few-shot
performance on NER and NEL tasks, prior work has largely focused on using LLMs as direct predictors rather than
evaluating extraction performance. In this study, we explore the feasibility of using LLMs as learned evaluators to
estimate the quality of NER/NEL outputs, especially in settings where human-annotated references are unavailable at
inference time. We propose supervised approaches that fine-tune LLMs to predict quality scores based on training
data with gold annotations, enabling reference-free quality estimation once trained. Experiments on the HIPE-2020
benchmark across English, French, and German languages demonstrate that fine-tuned LLMs provide reliable
estimates of output quality. Our findings suggest that LLM-based evaluation can support quality control and enable

evaluation in noisy settings.
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1. Introduction

The digitization of historical documents has signifi-
cantly advanced research in the humanities, social
sciences, and archival studies by converting vast
collections of handwritten and printed records into
machine-readable formats. This transformation re-
lies heavily on OCR technologies, which enable
automated text extraction from scanned images,
facilitate large-scale search and analysis. How-
ever, historical documents present substantial chal-
lenges for OCR due to diverse layouts, spelling
variations, physical degradation, and low-resource
languages, resulting in noisy and error-prone out-
puts (Nguyen et al., 2019).

With the increasing digitization of large-scale doc-
ument collections across domains such as histor-
ical archives, government records, and scientific
literature, there is a growing need to assess the
quality of these digital texts, especially when they
are used as input to downstream tasks like NER
and NEL. However, in many real-world scenarios,
the ground truth annotations for these tasks are
missing, making the direct evaluation of extraction
quality difficult. Traditional text-level metrics such
as Word Error Rate (WER) and Character Error
Rate (CER), while commonly used to evaluate tran-
scription or OCR quality, are not well-suited for
assessing the impact on NER or NEL performance,
as shown in (Hamdi et al., 2023). These metrics

fail to capture task-specific errors that affect entity
identification and linking. This highlights the need
for alternative, task-aware, and reference-free eval-
uation methods that can better estimate the utility
and reliability of digitized documents in the context
of entity-centric NLP applications.

Named entities constitute a key mechanism for
organizing and accessing information (Guo et al.,
2009; Gefen, 2014; Chiron et al., 2017) through
entity-based indexing and knowledge graph link-
ing. Thus, accurate estimation of NER and NEL
performance becomes essential. Such estimators
provide insights into how effectively extracted enti-
ties support document indexing and retrieval, even
when gold-standard annotations are unavailable.

Despite these challenges, digitized historical cor-
pora offer valuable opportunities for large-scale
entity extraction (EE). NER and NEL can reveal pat-
terns and relationships within unstructured histori-
cal texts, but their performance remains degraded
due to orthographic variation, shifting grammar, and
evolving entity references (Hamdi et al., 2023). Re-
cent LLMs, such as GPT-3.5, GPT-4 (Achiam et al.,
2023), and LLaMA (Grattafiori et al., 2024), demon-
strate an initial capability for entity extraction, par-
ticularly in zero- or few-shot settings (Tudor et al.,
2025). However, their performance typically re-
mains below that of fully supervised approaches,
especially in low-resource or historical document
contexts (Gonzalez-Gallardo et al., 2023b).
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The central challenge is the scarcity of gold-
standard annotations in historical domains, which
constrains both supervised training and evalua-
tion for information extraction. This scarcity arises
from OCR errors, archaic language, and non-
standardized spelling, as well as the need for do-
main expertise and costly annotation processes.
These factors make the creation of reliable evalua-
tion benchmarks difficult, especially in low-resource
settings. In this context, there is an increasing
gap between the rapidly growing volumes of digi-
tized text and the limited availability of annotated
resources (Ehrmann et al., 2023). Atthe same time,
NER and NEL play a crucial role in indexing, search-
ing, and retrieval, meaning that unreliable entity
extraction directly undermines the usability of large-
scale digital archives (Chiron et al., 2017). This
makes it essential to develop scalable methods that
can approximate task-specific performance without
costly annotation campaigns. Building an estimator
that can predict extraction quality fills this gap, pro-
viding a practical tool for monitoring, filtering, and
prioritizing data in real-world archival and informa-
tion retrieval pipelines.

In response to this limitation, we propose a novel
evaluation paradigm: rather than relying on an-
notated data, we fine-tune LLMs to act as quality
estimators that assess the plausibility and correct-
ness of NER and NEL outputs from OCRed his-
torical documents. Instead of comparing outputs
to gold annotations, our approach enables fine-
tuned LLMs to internally judge extraction quality
using linguistic and contextual signals learned dur-
ing training. This reframing offers a task-aware,
reference-free evaluation method that is directly
applicable to annotation-scarce settings. Beyond
historical corpora, our approach has broader impli-
cations for entity-centric NLP in other low-resource
domains where labeled data is expensive or unavail-
able, aligning with current surveys (Ehrmann et al.,
2023) highlighting the urgent need for scalable eval-
uation methods in data-scarce environments.

In addition to advancing evaluation methods, our
work provides practical resources for the research
community. The code and datasets used in our ex-
periments are publicly available at our GitLab repos-
itory, enabling full reproducibility of the reported
results and facilitating application of our methods
to historical and low-resource corpora .

The contributions of our paper are three-fold:

» We are the first to propose finetuning LLMs
as quality estimators for NER and NEL out-
puts on OCRed historical documents, enabling
reference-free evaluation at inference without
requiring gold-standard annotations.

» We investigate estimating the quality of NER

'gitlab/reference-free

and NEL outputs without relying on human-
annotated ground truth, using fine-tuned LLMs
and encoder-based transformer models to en-
able reliable reference-free evaluation.

» We perform a comparative analysis of LLMs-
based quality estimators against conventional
confidence measures, showing that fine-tuned
LLMs capture contextual and historical uncer-
tainties in EE more accurately.

Our results suggest that LLMs, when carefully
adapted, can serve not only as extractors but also
as effective evaluators of historical text processing
quality, even across multiple languages. This ca-
pability paves the way for scalable, inference-free
methods in digital humanities research, enabling
more inclusive and multilingual exploration of histor-
ical corpora where gold-standard annotations are
scarce or nonexistent.

2. Related work

Since the main focus of our paper is evaluating
the performance of EE tasks, specifically NER and
NEL, we first discuss these tasks and then review
related work on estimation using LLMs.

NER Tasks Recent work has explored the appli-
cation of LLMs to NER, moving beyond traditional
token- or span-level classification approaches
(Nadeau and Sekine, 2007; Hanh et al., 2021; Liu
et al., 2021; Sun et al., 2024; Moncla and Zeghidi,
2025). LLM-based methods require distinct strate-
gies due to their generative nature and contextual
reasoning abilities. Zhang et al. (2024) propose
a hybrid framework that integrates a fine-tuned lo-
cal NER model with an LLM via an uncertainty-
aware linking mechanism: the local model handles
low-uncertainty predictions, while high-uncertainty
cases are delegated to the LLM for classifica-
tion. Wang et al. (2023) reformulate NER as a
text-to-text generation task, leveraging in-context
learning and instruction prompting (Tran et al.,
20244a) to extract entity mentions. To reduce hal-
lucinated outputs, a self-verification step is intro-
duced for post-hoc validation. In the context of
historical documents, where OCR noise and lin-
guistic variation are prevalent, recent studies have
employed transformer-based models (Boros et al.,
2020; Gonzalez-Gallardo et al., 2023a), while more
recent efforts have begun to explore the applica-
bility of LLMs to such settings (Gonzalez-Gallardo
et al., 2024). These studies highlight the need for
robust adaptation strategies for noisy, low-resource
historical corpora.

NEL Tasks State-of-the-art (SOTA) NEL ap-
proaches are predominantly transformer-based
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(Wuetal., 2019; De Cao et al., 2022; Shavarani and
Sarkar, 2023; Yamada et al., 2022). De Cao et al.
(2022) model NEL as a sequence-to-sequence gen-
eration task, where entities are produced token
by token using an auto-regressive decoder. To
ensure valid entity identifiers, they incorporate a
constrained beam search guided by a prefix tree
constructed from a knowledge base and introduce
language marginalization techniques to enhance
both training and inference. In contrast, Shavarani
and Sarkar (2023) frame NEL as a token classifi-
cation task, assigning entity links at the token level
and aggregating predictions for efficient mention
level linking. The use of LLMs for NEL is still emerg-
ing and primarily supports context enrichment or
disambiguation in noisy settings (Vollmers et al.,
2025).

Although LLMs show promising performance,
their effectiveness diminishes when applied to
historical OCRed documents (Gonzalez-Gallardo
et al., 2023b, 2024).

LLMs as Quality Estimators Beyond task per-
formance, LLMs have been used as estimators and
evaluators for various NLP tasks, including simulat-
ing human-like judgment (Li et al., 2024), machine-
generated text prediction (Tran et al., 2024b), output
quality estimation (Lee and Lee, 2023), and con-
fidence or uncertainty modeling (Liu et al., 2024).
For instance, Kocmi and Federmann (2023) show
that LLMs can be prompted to assess machine
translation quality without reference translations,
achieving SOTA performance at the system level.
This has been widely cited as a breakthrough in
reference-free quality estimation. Similar uses of
LLMs for scoring and critiquing output have been
demonstrated in tasks such as question answering
(Lee et al., 2024) and dialogue systems (Krumdick
et al., 2025). These trends suggest that LLMs
can serve not only as generators for NER/NEL
outputs but also as meta-models that assess the
correctness and reliability of other system predic-
tions. However, such approaches remain under-
explored for tasks like NER and NEL, particularly
when applied to noisy or OCR-degraded inputs.
To address this gap, we explore using LLMs as
quality estimators for downstream NER and NEL
systems on noisy OCR inputs, enabling evaluation
without ground-truth annotations. Our approach
contributes to broader efforts to develop NLP mod-
els that are robust, interpretable, and effective in
low-resource, high-noise settings.

3. Problem Formulation

Let z € X denote an OCRed input sentence, and
let e € £ be the corresponding output of an EE
system (e.g., predicted entity tags or entity links).

The true performance metric (e.g., F1 score) for this
input-output pair is denoted by y € [0, 1], and our
objective is to learn a function pg : X x £ — [0, 1],
parameterized by 6, such that:

§=po(z,e) ~ Fi(z,e) (1)

This formulation casts the performance estima-
tion problem as a regression task, where the model
predicts the evaluation score directly from the in-
put—output pair. By predicting document-level or
sentence-level quality scores, our approach can
identify low-quality OCRed documents that may
require re-digitization or correction, enabling tar-
geted improvements to downstream tasks such as
NER and NEL. While entity-level quality estimation
could in principle provide more granular feedback,
we frame the task as a regression over aggregated
scores to obtain more stable training signals and
to better capture the overall usability of extracted
entities. Moreover, our goal is to estimate holistic
system performance in the absence of reference la-
bels at inference time. The regression formulation
thus aligns with our objective of producing consis-
tent, interpretable quality estimates that support
large-scale quality control.

3.1.

We assume a regression-based approach for test-
ing the performance of EE systems, with a focus on
NER and NEL. Our goal is to approximate the eval-
uation metric (e.g., F1 score) of a model’s output
without requiring ground truth labels at inference
time.

Our analysis model consists of three primary
components: (1) joint input encoding, (2) feature
projection, and (3) regression output. An overview
is illustrated in Figure 1. The OCRed texts are first
processed by the external NER/NEL model to gen-
erate entity recognition and linking results. These
outputs, along with the original OCRed texts, are
then integrated in the Join module to form a uni-
fied representation for feature extraction. The final
output is the predicted F1 score of the task. The
following sections provide a detailed breakdown of
each step in the pipeline.

Analysis Model

Input Representation The input to the model is
constructed by combining the OCRed text sentence
x with the EE system output e. We represent this
combination as a serialized textual form:

¥ = Join(z,e)

where Join denotes a deterministic function for
merging x and e. Join is used as simple text con-
catenation, while e includes EE predictions and EE
confidences (probability). The dataset is enriched
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Figure 1: Overview of regression-based EE performance estimation.

with synthetic data to ensure a broader range of
sample variations. Further details can be found in
Section 4.1.

Feature Encoding The combined input =z
is passed to a pretrained language encoder
Encoder,, Which maps it to a fixed-dimensional
latent representation:

h = Encodery(7) € R? 2)

where ¢ are the encoder parameters (e.g., from
BERT, RoBERTa, or LLMs), and h can be extracted
from a designated token (e.g., [CLS]) or by using
mean/max pooling over token embeddings.

Regression Head A feed-forward linear projec-
tion layer transforms the encoded representation i
into a scalar logit:

=w'h+b weR? beR (3)
Output Activation To constrain the prediction
to lie in the interval [0, 1], we apply the sigmoid
function:

1

1+ exp(—=2) “)

§=o0(x) =

Training Objective The model is trained on a
dataset of EE input-output pairs {(z;,e;, v:)}Y,,
where each y; is the gold evaluation score (e.g., F1)
computed with reference annotations. We minimize
a standard regression loss:

N
£0) = 3 > o) )

i=1

where 3; = py(z;,¢e;), and £ is a pointwise loss
function, such as Mean Squared Error (MSE) or
Mean Absolute Error (MAE):

This approach enables label-free inference by
generating performance estimates at test time with-
out requiring ground truth labels. It supports task-
agnostic representation, allowing the method to
generalize across a wide range of EE tasks by
jointly encoding both the input text and the system’s
output. Additionally, it facilitates model-agnostic
evaluation, as it treats the output as an opaque
signal, making the method compatible with any un-
derlying EE system.

4. Experimental Setup

While the proposed method is general and not spe-
cific to OCR or historical documents, we focus our
evaluation on the HIPE-2020 dataset, developed
as part of a shared task on NER and NEL in his-
torical documents (Ehrmann et al., 2022a). The
dataset consists of three language-specific sub-
sets: French (fr), German (de), and English (en);
comprising newspaper articles from Switzerland,
Luxembourg, and the United States, spanning the
19" to 20*" centuries. Ideally, we would process
entire document, but the effective input length for
our model is unknown in practice. To handle this,
we adopt a simple token-based chunking strategy:
each document is split into sub-sequences that do
not exceed a predefined maximum number of to-
kens, which may vary depending on the tokenizer
and model used, regardless of sentence bound-
aries. This ensures model input constraints are
respected while still capturing relevant context. Fur-
thermore, due to the limited number of samples,
we generate synthetic data to improve the robust-
ness of the model. In the cross-lingual setting, we
test with the English set which does not have a
dedicated training set.

4.1. Dataset Construction

Our experiments are conducted on the HIPE-2020,
abenchmark dataset for NER and NEL on historical
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newspapers. Importantly, HIPE already contains
naturally occurring OCR noise such as at different
place: at named entity or surrounding named en-
tity. The more details of noise perception of each
dataset can read in (Ehrmann et al., 2022b). Our
synthetic noise generation therefore complements
existing OCR distortions and enables controlled ro-
bustness evaluation under progressively increased
degradation levels.

We build upon the analysis of common OCR error
patterns presented in Hamdi et al. (2023) and Jaud
et al. (2025), and use these patterns to guide our
synthetic noise generation process. Further details
of the process, including the noise parameters and
noise level used, are provided in Appendix 10.1.

These errors are used subsequently in the fol-
lowing three perturbations: replacement: Random
characters or words are substituted with visually
or semantically similar alternatives, mimicking mis-
recognitions); deletion: characters or entire words
are randomly removed, simulating cases in which
parts of the text are lost or unreadable due to poor
scan quality or document damage; insertion: Ex-
traneous characters or words are inserted to reflect
noise artifacts.

Each perturbation is applied under three different
conditions: (i) to entity tokens only, (ii) to the sur-
rounding context of entities, and (iii) to all tokens in
the text. These noise injection strategies allow us
to systematically evaluate the model’s robustness
to varying levels and scopes of OCR-induced dis-
tortion, particularly in the context of NER and NEL
in historical texts. The distribution of training, vali-
dation, and test documents (original and synthetic)
is provided in Table 1.

To test the generalizability of our performance
estimation model, we conduct one more test sam-
ples that has not been fine-tuned on the HIPE-2020
dataset. The predictions from this out-of-domain
model are used as inputs to our evaluator, simu-
lating a realistic scenario where annotated data is
limited or unavailable. In this setup, the test set
naturally contains two types of predictions: high-
confidence predictions from entities similar to those
seen in training, and low-confidence predictions re-
sulting from the out-of-domain model encountering
unseen or difficult entities. This allows us to assess
how well our evaluator can estimate the quality of
model outputs under varying levels of confidence,
without relying on additional annotated data for the
evaluator itself.

4.2. EE Model

NER We adopt the XLM-RoBERTa? model (XLM-
R).This model is fine-tuned separately on the train-
ing split of each dataset before being used as the

2xIm-roberta-large-finetuned-conll03-english

Split fr de en
Original Train Set 158 103 N/A

Synthetic Train Set 2,212 1,442 N/A
Validation Set 43 33 N/A
Test Set 43 49 46

Table 1: Data distribution across splits (original,
synthetic, validation, and test) for NER and NEL
estimation on the HIPE-2020 dataset.

external model for obtaining NER results, as it
achieves the best results for the NER task across
each dataset. To simulate handling new languages
or examples not present in the training data, we
use BERT-base-cased?® without any task-specific
fine-tuning as the second set input as mentioned
in 4.1. This setup illustrates how the system can
provide predictions for cases outside the scope of
the original training datasets.

NEL For the NEL task, we adapt the multilin-
gual mMGENRE model De Cao et al. (2022) fine-
tuned on five historical datasets (AJMC, HIPE-2020,
TopRes19th, NewsEye, and SoNaR)* as external
model for obtaining NEL results. For second model,
we use the same model architecture without pre-
trained weights, meaning the model starts from
scratch with no prior knowledge of the data.

4.3. Regression Model

For feature encoding, we investigate two modeling
approaches: (i) LLM-based models and (ii) encoder
transformer-based models.

For encoder-based models such as BERT and
RoBERTa, we use the representation of the [CLS]
token as the sentence-level feature. These models
are fully fine-tuned with a learning rate of 1 x 1075,
a batch size of 16, and trained for up to 5 epochs.

For LLM-based models, we apply parameter-
efficient fine-tuning using LoRA (Hu et al., 2022)
with rank r = 16, scaling factor a = 8, and dropout
rate 0.1. Due to computational constraints, LLM-
based models are trained with a batch size of 4 for
a maximum of 5 epochs.

The confidence score used in our analysis is
obtained from the final softmax layer of the external
NER and NEL models.

For the Join function in Section 3, we use the
following format:

"OCR: ..." +"| Task results:..." +"| Confidence: ...".
Since the effective input length varies by model and
tokenizer, we test three maximum-token thresholds
(128, 256, 512) to examine the impact of chunk size

3google-bert/bert-base-cased
4impresso-project/nel-mgenre-multilingual
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NER

OCR: Envoy of the United States America demands
clarification about the shameful expulsion of two
| NER
prediction: O, O, B-log, I-loc, I-loc, O, O, O, O, O, O, O, O,
0O, O, B-loc, I-loc, O | Confidence: 1.00, 1.00, 1.00, 1.00,
1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00,
1.00, 1.00, 1.00

NEL

OCR: Envoy of the
clarification about the shameful expulsion of two

preachers from the Horgen congregation.

United States America demands

preachers from the Horgen congregation. | NEL
prediction: _, _, Q30, Q30, Q30, _, _, _, ., , s s 4 s
Q68286, Q68286, _ | Confidence: 1.00, 1.00, 1.00, 1.00,

1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00, 1.00,
1.00, 1.00, 1.00

Figure 2: Join function output sample for NER
and NEL tasks (translated into English for clarity).

on performance. The training samples for NER and
NEL tasks can be found in Figure 2.

5. Results

5.1. Comparative Analysis of Models

In this section, we evaluate the performance of dif-
ferent model types, including BERT-based models
(BERT, XLM-R) and LLMs (Llama 1B, Llama 3B,
Gemma 7B). For the HIPE2020-fr dataset, we use
CamemBERT (Martin et al., 2019), a BERT variant
pretrained for French. For HIPE2020-de, we adopt
GBERT (Chan et al., 2020), a BERT-based model
tailored for German.

Following our ablation study, all models are fine-
tuned on the synthetic versions of each dataset,
using EE labels with associated probabilities, and
optimized with mean squared error (MSE) loss.

To assess alternative approaches, we explore
two strategies: a heuristic-based method and di-
rect LLM-based prediction. In the heuristic-based
approach, we consider a model’s prediction trust-
worthy if its probability exceeds a given threshold;
otherwise, we assign a new label. The predictions
are then compared to the gold standard to compute
evaluation scores. We can consider the heuristic-
based method as baseline as it used as the di-
rect information from prediction of NER/NEL model.
In the LLM-based, we use in-context learning ap-
proach, we prompt the LLM with several labeled
examples in the same format as the regression
model training data to obtain predicted scores. In
our experiments, we use Gemma 27B°. The results
are summarized in Table 2 and Table 3.

5google/gemma-3-27b-it

HIPE2020-de HIPE2020-fr

Model 512 256 128 | 512 256 128
LM/LLMs regression based
BERT 3.83 4.65 5.39 7.22 3.06 3.47
XLM-R 2.81 3.34 3.43 3.45 3.17 3.15
GBERT? 3.25 3.31 3.57 7.01 412 3.47
LLaMA3.2 1B 4.67 6.31 408 | 1420 1211 4.7
LLaMAS3.2 3B 4.19 5.34 4.94 9.09 1151 7.95
Gemma 7B 7.09 7.40 6.50 7.79 4.87 6.41
Heuristics
Probability-based \ 28.71 28.85 29.17 \ 39.34 39.47 39.77
In-Context Learning
Gemma 27B \ 48.37 5222 57.37 \ 37.77 4252 47.08

& CamemBERT in case of HIPE2020-fr

Table 2: MAE (%) performance on NER tasks for
different max token lengths.

Model HIPE2020-de HIPE2020-fr
512 256 128 512 256 128
LM/LLMs regression based
BERT 187 196 218 | 242 3.31 2.77
XLM-R 168 189 199 | 217 237 298
GBERT? 224 225 254 | 248 256 295
LLaMA3.2 1B 192 215 237 | 242 296 287
LLaMA3.2 3B 1.91 209 238 | 264 284 287
Gemma 7B 197 333 190 | 220 224 2.82

Heuristics

Probability-based | 209 210 210 | 293 295 3.01
In-Context Learning

| 80.64 83.45 88.69 | 24.19

a8 CamemBERT in case of HIPE2020-fr

Gemma 27B 14.47 10.55

Table 3: MAE (%) performance on NEL tasks for
different max token lengths.

NER Tasks Table 2 reports MAE performance
across the HIPE2020-fr and HIPE2020-de datasets
for varying sequence lengths. Overall, regression-
based models outperform heuristic and in-context
learning baselines by a large margin, as the
probability-based and Gemma 27B approaches
yield substantially higher errors (28-57%). Among
encoder-based models, BERT and CamemBERT
show competitive in-language results, while XLM-R
delivers the most consistent performance, main-
taining MAE below 3.5% in all settings. In con-
trast, LLM-based models such as LLaMA 1B, 3B,
Gemma 7B exhibit less stable results, particularly
at longer input lengths, suggesting a tendency to
overfit when training data is limited. These findings
indicate that LLMs require substantially more su-
pervised data or stronger regularization to adapt ef-
fectively to fine-grained regression tasks, whereas
smaller encoder-based models generalize more
robustly under data-constrained conditions.

NEL Tasks As shown in Table 3, the MAE re-
sults for NEL tasks reveal consistent advantages
for regression-based models over both heuristic
and in-context learning approaches, with the lat-
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ter (Gemma 27B) exhibiting particularly high error
rates. Among the regressors, encoder-based mod-
els achieve the lowest MAE, with XLM-R demon-
strating the most balanced cross-lingual perfor-
mance. Notably, LLaMA models (1B and 3B) per-
form competitively with these encoders, maintain-
ing MAE values within a narrow range (1.9-2.9%)
across languages and input lengths. This indicates
that, for structured tasks like NEL, small LLMs can
match the performance of fine-tuned encoder mod-
els when trained appropriately. MAE generally de-
creases with longer sequences, confirming that
additional context supports more accurate entity
disambiguation.

Finally, comparing NER and NEL, several pat-
terns emerge. Encoder-based models remain ro-
bust across tasks, benefiting from bidirectional
attention and full-context representations. LLMs
with their autoregressive architecture and potential
overfitting on small same-language datasets limit
same-language NER performance, particularly at
longer sequences. Sequence length effects are
task-dependent: for NER, longer sequences primar-
ily aid cross-lingual evaluation, whereas for NEL,
longer sequences improve both same-language
and cross-lingual performance due to the need for
semantic context in linking (the same suggestion
from (Xin et al., 2024)).

Model HIPE2020-de HIPE2020-en
512 256 128 | 512 256 128
HIPE2020-fr as the training set
BERT 383 465 539 | 506 384 456
XLM-R 281 3.34 343 | 350 356 3.20

CamemBERT | 2.61 578 7.58 |4.71 3.49 4.23
LLaMA3.21B | 467 6.31 4.08 | 9.28 9.88 5.29
LLaMA3.23B | 419 534 494 | 725 880 7.43
Gemma 7B 336 994 10.06 | 6.21 9.13 8.51

Model HIPE2020-fr HIPE2020-en
512 256 128 | 512 256 128
HIPE2020-de as the training set
BERT 3.78 3.01 349 |7.01 739 558
XLM-R 404 392 355 |581 4.38 4.38
GBERT 406 3.60 495 |510 461 594

LLaMA3.21B | 9.21 984 548 |8.12 6.76 6.46
LLaMA3.23B | 949 652 552 |835 7.74 7.01
Gemma 7B 10.41 6.38 545 | 9.61 6.97 6.84

Table 4: MAE (%) performance on NER tasks for
different in the cross-lingual settings

5.2. Cross-lingual analysis

Table 4 and 5 report MAE performance across
the HIPE2020-fr, HIPE2020-de, and HIPE2020-en
datasets for varying sequence lengths. Regression-
based encoder models consistently achieve the low-
est MAE across both NER and NEL tasks in cross-
lingual transfer, with XLM-R showing particularly
balanced performance across target languages.
LLMs models (1B and 3B) perform competitively,

Model HIPE2020-de HIPE2020-en
512 256 128 | 512 256 128
HIPE2020-fr as the training set
BERT 227 262 244|290 276 3.27
XLM-R 1.88 2.05 239|221 270 276

CamemBERT | 2.58 2.28 2.87 | 257 287 3.13
LLaMA3.21B | 1.96 225 229 | 219 257 250
LLaMA3.23B | 2.03 2.13 229 | 213 247 250
Gemma 7B 1.88 1.82 2.04 | 202 233 250

Model HIPE2020-fr HIPE2020-en
512 256 128 | 512 256 128
HIPE2020-de as the training set
BERT 276 3.06 359 | 239 320 3.18
XLM-R 254 271 3.08 | 237 241 2.89
GBERT 3.02 3.19 368|295 353 3.24

LLaMA3.21B | 265 3.26 3.37 | 251 3.45 292
LLaMA3.23B | 253 3.00 3.37 | 239 259 292
Gemma 7B 252 464 263|234 294 220

Table 5: MAE (%) performance on NEL tasks in
cross-lingual settings

often approaching encoder-level accuracy, demon-
strating that relatively small LLMs can generalize
well when fine-tuned. NEL errors are generally
lower than NER, likely due to fewer entities and a
more constrained output space. Sequence length
has a minor effect: longer contexts slightly reduce
MAE for both tasks, suggesting additional input
information supports more accurate for NER and
NEL. Overall, these results confirm that regression-
based fine-tuning enables robust cross-lingual qual-
ity estimation for both NER and NEL.

5.3. Ablation study

In this part, we conduct experiments with several
setup components using probability from the EE
task, MSE loss functions, and synthetic data. In
this setup, we use the same base model, Bert-base-
cased (Devlin et al., 2019)8, utilizing synthetic data,
the MSE objective function for a fair comparison.

Task Setting HIPE2020-de HIPE2020-fr
512 256 128 512 256 128

[1] 35.06 35.58 35.85 | 48.37 48.6 49.02

NER [2] 33.24 33.63 34.07 | 44.92 452 4555
[3] 442 299 793 | 1565 10.54 4.25
[4] 3.51 3.19 384 | 722 3.06 3.47
[1] 3.01 327 317 | 3.69 4.11 4.49

NEL [2] 325 3.06 3.08 | 407 380 424
[3] 200 252 239 | 3.05 267 362
[4] 1.71 1.78 218 | 242 3.31 2.77

Table 6: Ablation study for NER and NEL tasks [1]
: OCRed + EE results; [2] OCRed + EE (results
+ prob); [3] OCRed + EE (results) + synthetic; [4]
OCRed + EE (results + prob) + synthetic.

Table 6 illustrates the impact of progressively
adding probability information and synthetic data
on NER and NEL across sequence lengths. For

Bert-base-cased
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NER, combining both enhancements ([4]) produces
the largest MAE reductions, reaching 3.06—7.22%
on French and 3.19-3.84% on German at 512 to-
kens, outperforming intermediate settings ([2] and
[3]) and the baseline ([1]). Probability cues refine
entity predictions, while synthetic data improves
robustness, and once both are applied, sequence
length has minimal additional effect.

For NEL, a similar trend is observed, with [4]
achieving the lowest MAE across languages (e.g.,
2.42 - 3.31% on French, 1.87-2.18% on German).
Compared to NER, the MAE values for NEL are
smaller overall, reflecting task simplicity: NEL fo-
cuses on a smaller set of entities and primarily
resolves semantic linking, whereas NER requires

precise boundary detection and label assignment,
making it more challenging. Sequence length ef-
fects remain limited once enriched context is pro-
vided, emphasizing that local context combined
with probabilistic and synthetic signals is sufficient
for accurate entity linking.

5.4. Prediction Analysis

Figure 3 illustrates a strong linear relationship be-
tween predicted and true F1 scores for regres-
sion models on the HIPE2020-de and HIPE2020-
fr datasets. Across different input lengths, cor-
relations remain consistently high, indicating that
NER performance estimation is stable and robust
even with shorter contexts. This consistency un-
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derscores the reliability of the regression approach
for NER quality prediction.

In contrast to the near-perfect predictive fidelity
observed for NER, the NEL task reveals a more pro-
nounced sensitivity to input scale, with R? scores
starting modestly at 0.711 and 0.692 for 128 to-
kens, respectively, before climbing to 0.810 and
0.798 at 512 tokens. This evident progression un-
derscores the task’s greater complexity, as NEL
demands disambiguating entities across sparse,
context-dependent signals that benefit substan-
tially from expanded token windows, yet the per-
sistently lower R? values relative to NER highlight
inherent challenges like referential ambiguity and
cross-document knowledge gaps, rendering accu-
rate performance estimation more elusive despite
the clear gains from richer token representations
(See figure 4).

6. Conclusion

In this work, we investigate using LLMs as quality
estimators for EE tasks, specifically NER and NEL,
on historical OCRed texts. Rather than treating
LLMs solely as task solvers, we reframe evalua-
tion as a regression problem, enabling reference-
free assessment of EE outputs without relying on
ground-truth annotations. This approach positions
LLMs as practical meta-models for estimating out-
put quality in noisy, low-resource, and annotation-
scarce environments. Such a role supports un-
certainty modeling, performance monitoring, and
cross-lingual generalization, highlighting the poten-
tial of LLM-based evaluators to complement tradi-
tional EE systems in challenging real-world.

Our findings show that LLM-based estimation
holds significant promise for assessing downstream
EE tasks. Results suggest these assessments are
relatively language independent, though high error
rates on noisy OCRed text highlight the persistent
challenge of robust extraction in historical, multilin-
gual settings.

Beyond these results, our study contributes three
broader implications: it offers a scalable alternative
to annotation-heavy evaluation, enables in domains
with scarce gold labels such as historical archives,
and highlights LLMs’ potential as general-purpose
evaluators for entity-centric NLP. Future work could
explore agentic LLMs for self-assessment, extend
evaluation to additional EE tasks, and test across
multiple extraction systems to improve robustness
and uncertainty calibration.

7. Limitations

One limitation of the current prediction approach
lies in the lack of interpretability inherent to LLM-
based estimations. Since the models act as black
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boxes, it is difficult to understand or trace why a
particular quality judgment is produced. This raises
concerns about the transparency and reliability of
the estimation process, especially in sensitive or
decision-critical settings. One promising direction
to address this is the use of reasoning models in
the context of agentic scenarios, capable of gener-
ating not only outcome scores but also explanatory
rationales. Such models could be further trained
or aligned to produce consistent, high-quality es-
timations that might eventually serve as a proxy
ground truth for benchmarking or guiding down-
stream tasks. Incorporating these models as judg-
ment agents, rather than opaque predictors, could
significantly enhance both the accountability and
utility of LLM-based evaluation frameworks.

Although our evaluation focuses on 19t"—20t"
newspapers, models are trained on large and di-
verse corpora that include various forms of noisy
OCR text. This may facilitate a degree of trans-
ferability to related languages, scripts, or histori-
cal genres. However, adaptation to typologically
distant languages or low-resource settings may re-
quire additional validation, as differences in linguis-
tic structure, orthography, or data availability could
affect performance.
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10. Appendices
10.1.

We adapt the analytical noise model proposed by
Jaud et al. (2025) and integrate it into our synthetic
noise generation framework. The corruption pro-
cess is controlled by two parameters: the threshold
level and the noise level.

The threshold level determines the proportion
of tokens to which noise is applied. It ranges from
0 to 1 with a step size of 0.5.

The noise level specifies the number of charac-
ters replaced within each selected token, ranging
from 1 to 4 characters.

The parameter combinations results in 20 initial
noise configurations. For clarity and comparabil-
ity, we retain only four representative noise levels
per perturbation setting (entity tokens, surrounding
context, and all tokens; see Section 4.1). This se-
lection is applied independently to each HIPE2020
language subset. Details are reported in Table 7.

Synthetic Noise Parameters

Language Noise Entity Context All
WER CER WER CER WER/CER
FR L1 0.014 0.009 0.064 0.035 0.15/0.10
L2 0.024 0.014 0.099 0.064 0.25/0.17
L3 0.034 0.024 0.129 0.100 0.35/0.29
L4 0.044 0.088 0.161 0.125 0.45/0.37
DE L1 0.013 0.011 0.055 0.027 0.15/0.11
L2 0.022 0.020 0.089 0.042 0.25/0.15
L3 0.034 0.003 0.113 0.078 0.35/0.21
L4 0.043 0.044 0.147 0.120 0.45/0.27

Table 7: WER and CER across noise levels for FR
and DE.

The corrupted files are used consistently for both
NER and NEL to ensure fair and comparable evalu-
ation across settings. Predictions on the corrupted
data are obtained using fine-tuned XLM-RoBERTa
models for NER and NEL (Section 4.1). The final
joint predictions are publicly available’.

10.2. Prompting

In this section, we present the prompts used for
ICL with Gemma 27B, corresponding to the results
reported in Section 5.

"gitlab/reference-free

NER

You are an expert Named Entity
— Recognition evaluation assistant.

Instructions:

1. You are given a predicted entity (or

— entities) for some OCR text.

2. Evaluate the predictions against the

— correct entity categories (B-pers,

— I-pers, B-loc, I-loc, B-org, I-org,

— B-org, I-org, B-prod, I-prod, 0) per
— token.

3. Compute the overall F1 score for the

— prediction.
Return ONLY wvalid JSON in the format:

{{ "f1l": float between 0 and 1 }}
Examples (for illustration):
**Input**: "Sentence": "le département

— des finances est autorisé :"
"Predicted_entities (per token, in

N order)”: [”O“, ”O”, UOH, ”O”r ”O”r
N “O“/ uou}
**Qutput**: {{"f1l": 0.0}}

Now process the following:
"Sentence": {sentence}
"Predicted_entities (per token, in
— order)": {pred_entities}

NEL

You are an expert Named Entity Linking
— evaluation assistant.

Instructions:

1. You are given a predicted entity (or
— entities) for some OCR text.

2. Compare the predicted Wikidata ID(s)
— with the correct Wikidata ID(s)

< Dbased on the entity name and its

— context.

3. Compute the overall F1 score for the
— prediction.

Return ONLY wvalid JSON in the format:
{{ "f1": float between 0 and 1 }}
Examples (for illustration):
"NOUVELLES

la Société
est accrue"
(per token, in

**Input**: "Sentence":
— SUISSES - En 1887

< suisse du Grutli s '
"Predicted_entities

AN order)": ["_m, n_m, ow_wm, HQ7826II,

N IIQ7826VI, II_II, II_II/ IIQ683672H,

— "Q683672", "Q683672", "Q683672", "_",
nwoon noon non

- — I —

**Qutput**: {{"f1l": 0.5}}

Now process the following:
"Sentence": {sentence}
"Predicted_entities (per token, in
— order)": {pred_entities}
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