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Abstract

Improving the quality of OCR transcriptions
is crucial for researchers working with digi-
tal archives, as OCR errors hinder readability
and downstream NLP tasks. While prior work
has focused on seq2seq neural machine trans-
lation and, more recently, prompt-based ap-
proaches with large language models (LLMs),
these methods rely solely on text, overlooking
the visual characteristics of source documents.
In this work, we explore the potential of vision-
language models (VLMs) for post-OCR correc-
tion to evaluate the impact of integrating visual
information. We conduct experiments on the
BLN600 dataset of 19th-century newspaper ar-
ticles, comparing Llama 3.2 Vision and Qwen
2.5 VL to their text-only LLM counterparts.
Our results show that VLMs significantly out-
perform LLMs, achieving approximately 90%
reduction in character and word error rates,
with the optimal setting being one that takes
as input both document image and prior noisy
OCR. This suggests that VLM-based post-OCR
correction can be a viable and effective ap-
proach for correcting back catalogues of poorly
OCR’ed historical documents and improving
the usability of digital archives.

1 Introduction

Digital archives are essential for preserving and
providing access to historical documents. Opti-
cal Character Recognition (OCR) technology is
used to convert scanned document images into
text, which is then stored in databases such as
Chronicling America1, Gale Primary Sources2, and
Trove3. These archives are invaluable resources for
researchers, facilitating large-scale text mining and
the exploration of cultural and historical records.

Historical documents present unique challenges
for OCR due to poor paper quality, fading, ink

1https://chroniclingamerica.loc.gov/
2https://www.gale.com/primary-sources
3https://trove.nla.gov.au/

spills, outdated typefaces, and complex layouts,
resulting in OCR errors (Holley, 2009). In turn,
this hinders text retrieval (Chiron et al., 2017a) and
negatively impacts NLP tasks (van Strien et al.,
2020). To address this, post-OCR correction has
become a critical task in refining noisy OCR output
and restoring it to its intended form.

Prior to the recent large language model (LLM)
revolution, state-of-the-art approaches framed post-
OCR correction as a seq2seq neural machine
translation task (Nguyen et al., 2021). More re-
cently, LLMs have been explored as a solution via
a prompt-based approach (Thomas et al., 2024;
Boros et al., 2024). While these methods have
demonstrated progress, they rely solely on text in-
put and lack crucial visual context from source
images. As a result, they can suffer from under-
correction, leaving OCR errors intact, or over-
correction, introducing new errors.

With the emergence of large vision-language
models (VLMs) (Yin et al., 2024), integrating vi-
sual information presents a promising direction for
improving post-OCR correction. By incorporating
both document images and OCR text, a multimodal
approach can leverage visual cues for a more ac-
curate and informed correction. While going back
to the document image might appear to be “cheat-
ing”, and no longer “post-OCR text correction”,
there is a distinction to be made between a process
that transcribes afresh from a document image vs
one that starts with a noisy transcription together
with the image and uses both to derive an improved
transcription. Each has distinct advantages and
disadvantages. The latter is still properly called
“post-OCR correction” and is what we pursue here.

Specifically, in this work, we explore the poten-
tial of VLMs for post-OCR correction and com-
pare their performance to text-only LLMs in both
prompting and supervised fine-tuning settings. We
conduct experiments on BLN600, an open-access
dataset of 19th-century British newspaper articles
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(Booth et al., 2024), which includes source im-
ages, OCR text and manually re-keyed human tran-
scriptions. To create paired training data, we align
OCR text sequences with corresponding image
patches by leveraging the ALTO XML schema4,
which encodes words with spatial coordinates and
is widely used in digital historical archives. Our
results demonstrate that VLMs with multimodal in-
put are more than twice as effective as LLMs with
text input only, reducing character and word error
rates by approximately 90%. This positions them
as a highly effective solution for enhancing digital
archives.

2 Related Work

OCR technology has improved significantly over
the years. Recent state-of-the-art systems such as
Tesseract (Smith, 2007), TrOCR (Li et al., 2023),
and PaddleOCR (Du et al., 2020) achieve strong
performance on general-purpose OCR tasks but
often struggle with the diverse challenges posed
by historical documents from different time peri-
ods. To address this, specialized OCR systems have
been developed. Transkribus (Kahle et al., 2017)
provides models trained on manuscript and print
archives, and EffOCR (Carlson et al., 2024) focuses
on sample-efficient OCR training. Despite these
advances, post-OCR correction remains a practi-
cal and cost-effective solution for improving the
OCR quality of large-scale archives without full
reprocessing of the original documents.

Post-OCR correction methods can be broadly
classified into three types: manual, isolated-word,
and context-dependent (Nguyen et al., 2021). Man-
ual correction is highly accurate but incurs signif-
icant costs in time and labour. Isolated-word ap-
proaches correct each word independently, while
context-dependent approaches leverage surround-
ing text for more accurate corrections.

Various approaches have been explored for post-
OCR correction of historical texts across multiple
languages. ICDAR held competitions on post-OCR
correction in 2017 and 2019, providing parallel
corpora for several European languages (Chiron
et al., 2017b; Rigaud et al., 2019). Amrhein and
Clematide (2018) won the 2017 edition with an
ensemble of statistical and neural machine trans-
lation models. The 2019 edition was won by
Clova AI using a pre-trained multilingual BERT

4https://en.wikipedia.org/wiki/Analyzed_
Layout_and_Text_Object

(Beshirov et al., 2025), while Ramirez-Orta et al.
(2022) later achieved a new state-of-the-art perfor-
mance by combining corrections from character-
level models with a voting scheme. Fine-tuning pre-
trained encoder-decoder models has become preva-
lent in post-OCR correction, with models such
as BART and ByT5 proving effective across lan-
guages such as English, French, Sanskrit, Swedish,
and Dutch (Soper et al., 2021; Maheshwari et al.,
2022; Löfgren and Dannélls, 2024; Guan et al.,
2024; Debaene et al., 2025). Recent data-centric
studies demonstrate that post-OCR performance
can be improved by carefully constructing synthetic
data (Guan and Greene, 2024).

With the strong performance of LLMs across
NLP tasks and the increasing availability of open-
source models, recent work has explored their
potential for post-OCR correction, motivated by
promising results on historical records (Kim et al.,
2025) and handwritten documents (Crosilla et al.,
2025). Boros et al. (2024) evaluated fourteen
LLMs for post-correcting historical transcriptions
under zero-shot and few-shot prompting, finding
that performance remains limited without fine-
tuning. Manrique-Gomez et al. (2024) have applied
LLM-based pipelines to historical document collec-
tions, including GPT-4-based corrections for 19th-
century Latin American newspapers. Instruction-
tuned Llama models have also shown advantages
over fine-tuned seq2seq baselines such as BART
in low-data settings (Thomas et al., 2024). In addi-
tion, PleIAs released OCRonos5, a Llama 3 model
fine-tuned for correcting OCR errors.

Multimodal approaches to post-OCR correction
remain relatively underexplored but have shown
promising results, with recent work demonstrating
the potential of vision-language models for his-
torical document transcription (Greif et al., 2025;
Semnani et al., 2025). Studies have incorporated vi-
sual information from document images in different
ways, including glyph embeddings of OCR char-
acters (Chen and Zhou, 2023), combining TrOCR
with CharBERT for handwritten text correction
(Chen and Ströbel, 2024), and integrating CLIP
visual features with a ByT5 decoder for historical
German texts (Wu, 2023). These approaches con-
sistently outperform text-only baselines by leverag-
ing visual cues alongside textual context.

The rapid development of VLMs, following re-
leases such as GPT-4V and open-source systems

5https://huggingface.co/PleIAs/OCRonos
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like LLaVA, has further expanded opportunities
for multimodal document understanding (Yin et al.,
2024). In particular, some recent VLMs, such as
Qwen2.5 VL (Bai et al., 2025), not only perform
OCR but, as part of their grounding capability, pro-
vide bounding boxes for “objects”, including text
boxes and potentially individual words, within com-
plex page layouts. Nonetheless, although VLMs
exhibit emergent OCR capabilities, benchmarks
such as OCRBench show that they still struggle
with noisy or blurry text (Liu et al., 2024), suggest-
ing the need for methods that effectively combine
visual information with existing OCR transcrip-
tions.

3 Methodology

In this section, we outline our methodology for
image-informed post-OCR correction with VLMs.
We define the task and its motivation, followed by
an overview of data preparation, model selection,
and evaluation metrics.

3.1 Problem Formulation

Most off-the-shelf OCR systems are built for
general-purpose use and struggle with the various
issues posed by historical document image scans.
Traditional approaches to post-OCR correction rely
solely on OCR text as input, attempting to fix errors
without considering the visual factors that caused
them. Without structural or contextual cues from
the original image, these methods often fail, either
under-correcting, allowing errors to persist, or over-
correcting, introducing new mistakes. Additionally,
the evolution of language over time poses a chal-
lenge for models that are largely trained on modern
text. By incorporating the source image, we ad-
dress these issues by leveraging both textual and
visual features to inform corrections.

Many historical archives were digitized long ago,
and newer, more advanced OCR engines may pro-
duce higher-quality transcriptions. However, this is
often impractical as reprocessing entire collections
can be costly and time-consuming, and regener-
ates the transcription independently of the existing
archive, discarding the word level grounding meta-
data on which current search and display systems
rely. A particular issue is that providers of large-
scale digitized historical text archives have a sub-
stantial investment in user interface and search tech-
nology layered on top of their digitized archives.
This technology carries out search over the OCR’ed

text and exploits word level bounding box coordi-
nates, generated by the OCR engine during tran-
scription and linked with terms in the OCR text,
to display highlighted portions of the original doc-
ument image containing the search terms. This
search and display functionality is essential for giv-
ing historians direct access to primary sources and
for enabling human mitigation of noisy OCR, at
least for errors of commission.

While re-doing OCR starting from the source
image using a state-of-the-art VLM tuned for OCR
may produce high-quality transcription, the bound-
ing box information for each word is also needed
to support search and display. As indicated in the
previous section, VLM-based OCR systems are
beginning to include “grounding” or “localization”
information, but there is currently little evidence
of its accuracy. Furthermore, it is unlikely to be
directly compatible, in terms of format and coordi-
nate reference system, with existing provider sys-
tems and exploiting it would require a significant
integration effort that may prove financially infea-
sible.

An alternative, less disruptive and hence less
costly approach is to improve the quality of avail-
able OCR outputs at the sentence level, “inheriting”
the existing image grounding information from the
initial OCR process. This avoids major updates to
the existing structure of digital archives or existing
search methods. The process can be applied piece-
meal or globally across an archive and repeated
over time, ensuring continuous iterative improve-
ments in text accuracy.

Thus, it is worth exploring the potential of VLMs
not just to reprocess entire multimillion document
archives from scratch but to improve post-OCR
correction. Our specific proposals on how to do
this follow.

3.2 Data Preparation
BLN600 is an open-access dataset of 19th-century
newspaper texts derived from the British Library
Newspapers collection, which spans over 300 years
of UK newspaper publishing in the UK (Gale,
2025). The dataset provides OCR text and source
images for 600 articles alongside high-quality man-
ually re-keyed transcriptions (Booth et al., 2024),
comprising approximately 300K tokens and 1.7M
characters in both OCR and ground-truth text.

As we require a larger dataset for training, we
split BLN600 into smaller paired units of image
patch, OCR text and ground truth. OCR engines
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Figure 1: Data preparation pipeline for creating paired data of OCR text, ground truth and image patch

produce metadata for layout information and de-
tected characters or words, which we can leverage
for this task. While BLN600 offers only plain text
OCR and individual article images, Gale’s archives
provide structured OCR data along with full-page
source images. The structured OCR adheres to the
ALTO XML schema, encoding each word with its
spatial coordinates on the original image (Beals and
Bell, 2020). We obtain access to Gale’s text mining
drives through our institution. Our data prepara-
tion pipeline is described below and illustrated in
Figure 1.

Firstly, we prepare sequence pairs of OCR text
and ground truth. Since BLN600 is not aligned,
we segment the ground truth into sentences and
use a search algorithm to match each sentence with
the corresponding OCR text. Some manual effort
was required to ensure proper alignment. When
the OCR engine merges words across sentences,
we adjust by combining the corresponding ground
truth sentences. Next, we locate the OCR text se-
quence within the source XML file and extract all
associated word coordinates. These coordinates are
then used to compute a bounding box that encom-
passes the entire OCR text sequence. Finally, we
use this bounding box to crop the full page image,
generating an image patch that corresponds to a
sequence pair of OCR text and ground truth 6.

6Note that this method of computing a bounding box leads
to excess text from preceding and succeeding sequences be-
ing included in the bounding box. We explored a masking
strategy which trims these excess additions, but the impact on
performance was negative. Details are reported in Appendix
D

We prepare a dataset of 12,166 sequence pairs,
which is then split into training (70%), validation
(10%) and testing (20%) sets. Table 1 presents a
breakdown of the sets. Character error rate (CER)
and word error rate (WER) are metrics used to eval-
uate the performance of text recognition systems.
CER measures the proportion of characters that are
incorrect, while WER calculates errors at the word
level. Further details are provided in Section 3.4.

# sample # sequence µ CER µ WER
Total 600 12,166 0.0736 0.2404
Train 420 8,507 0.0709 0.2357
Val 60 1,280 0.0758 0.2397
Test 120 2,379 0.0822 0.2577

Table 1: BLN600 splits with mean CER/WER

This method for preparing data can be applied
to most corpora that follow digitisation standards
and provide spatial information for OCR output.
Word coordinates are commonly used for text high-
lighting, document navigation and other features in
digital archives. By leveraging existing metadata, a
multimodal approach to post-OCR correction can
generate corrections that are directly traceable to
corresponding regions in the source image, improv-
ing usability and facilitating potential integration
with existing tools in digital archives.

For our experiments, model evaluation requires
aligned OCR text, ground truth, images, and text
coordinates, but limited public datasets provide
all four. The ICDAR post-OCR corpus (Rigaud
et al., 2019) includes OCR text and ground truth
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but lacks images or coordinates, which our method
requires. In the NZZ black-letter dataset (Ströbel
and Clematide, 2019), the ground truth is derived
from a new OCR run and is, therefore, not aligned
with the original OCR text. A Dutch historical
newspaper dataset (Wilms et al., 2020), with 2,000
images and aligned original and manually corrected
OCR in ALTO format, most closely matches our re-
quirements, but access requires a signed agreement
that we did not have in place at the time of writing.
Therefore, we use BLN600 in this paper and leave
validation on other datasets to future work.

3.3 Model Selection
For our experiments, we use recent models from the
Llama 3 (Dubey et al., 2024) and Qwen 2.5 (Yang
et al., 2024) families, chosen for their open-access
availability and sufficiently long context windows.
These model families offer both VLMs and LLMs,
enabling direct comparison of text-only and mul-
timodal post-OCR correction. The VLMs (Llama
3.2V and Qwen 2.5 VL) extend their LLM counter-
parts (Llama 3.1 and Qwen 2.5) by incorporating
a pre-trained vision encoder for image processing.
As both VLMs are trained on general OCR-related
data, they may offer advantages for document tran-
scription tasks. We focus on medium-sized models
to balance computational cost and practical deploy-
ment, specifically Llama 3.1 8B, Llama 3.2V 11B,
Qwen 2.5 7B, and Qwen 2.5 VL 7B.

For text-only experiments, we use instruction-
tuned LLMs as baselines, as prior work (Thomas
et al., 2024) reports that these LLMs outperform
seq2seq models on the BLN600 dataset. As we
aim to evaluate the contribution of visual input
rather than to compare text-only architectures, we
do not include additional seq2seq baselines, such
as BART or ByT5, in this work.

3.4 Evaluation Metrics
To assess the effectiveness of our approach, we
focus on the percentage reduction in character er-
ror rate (CER) and word error rate (WER), which
quantifies the overall reduction of errors at both the
character and word levels. These metrics reflect the
improvement in OCR quality after correction.

CER and WER are computed at the corpus level
using Levenshtein distance, which counts the num-
ber of edits required to match OCR text to ground
truth through substitutions (replacing), deletions
(removing) and insertions (adding). We define a
general formula for the error rate as

ER =

∑n
i=1(Si +Di + Ii)∑n

i=1Ni
, (1)

where Si is the number of substitutions, Di is the
number of deletions, and Ii is the number of inser-
tions at either character or word level in sequence i.
Ni is the total number of characters or words in the
reference text and n is the total number of samples.

To measure relative improvement of error rates,
we define error rate reduction as

ERreduction =

(
1− ERcorrected

ERoriginal

)
× 100, (2)

where ERoriginal is the error rate of the original
OCR texts, and ERcorrected is the error rate of the
corrected texts. This reflects the percentage reduc-
tion in error rate, where a value of 0% indicates no
improvement, 100% represents a perfect correction,
and negative values indicate an increase in errors.

4 Experiments & Results

In this section, we detail our experimental setup
and findings, exploring the performance of VLMs
and LLMs in both prompting and supervised fine-
tuning settings.

4.1 Prompting

We use instruction-tuned models for prompting,
as they are trained to produce assistant-like re-
sponses. Following prior work (Boros et al., 2024),
we design a prompt that provides OCR text and
instructs the model to return the corrected transcrip-
tion rather than explanations or commentary. For
VLMs, the prompt additionally indicates that the
corresponding image is provided as input. To im-
prove consistency, we use a one-shot prompt that
includes an example OCR text and its corrected
version. The full prompt templates are provided in
Appendix A. We apply the prompt template to the
test samples and collect the generated corrections.
Results are reported in Table 2, averaged over five
runs to account for variability.

Model Type CERr (%) WERr (%)
Llama 3.1 8B LLM 14.71 40.21
Llama 3.2V 11B VLM 42.90 67.53
Qwen 2.5 7B LLM 9.88 33.40
Qwen 2.5 VL 7B VLM 45.34 64.58

Table 2: Model performance with prompting
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We note a significant reduction in WER across
the board, primarily due to the removal of excess
OCR artefacts, such as random symbols and punc-
tuation, rather than actual words. Therefore, reduc-
tion in CER better reflects the correction of mis-
recognized words. VLMs outperform LLMs, sug-
gesting that incorporating images aids in resolving
OCR errors. While LLMs sometimes produce rea-
sonable corrections, they deviate from the ground
truth by altering capitalisation, introducing spaces
and rephrasing text. VLMs perform better as the
image helps inform the correction. However, OCR
errors persist in their outputs, whereas LLMs al-
ways attempt a correction. VLMs are likely trained
on clean OCR data and require fine-tuning to better
adapt to specific image features and error patterns.

4.2 Fine-tuning
Using the sequence pairs in our train set, we create
a dataset for instruction-tuning LLMs and VLMs.
We format the samples such that the system prompt
informs the model of the task, the user provides
OCR text and the model generates the ground truth.
For VLMs, special tokens are added to indicate the
presence of image input. We perform parameter-
efficient fine-tuning using QLoRA (Dettmers et al.,
2023), which reduces memory usage through quan-
tization and by updating a low-rank decomposition
of the weight matrix instead of all model weights.
For LLMs, we focus on fine-tuning all linear lay-
ers. For VLMs, we fine-tune the attention layers in
both the vision encoder and language model, along
with the MLP layers in the language model. Since
Llama 3.2 uses cross-attention, we also fine-tune
these layers to improve alignment between modali-
ties. We access the pre-trained versions of models
through Hugging Face’s transformers library (Wolf
et al., 2020). All models are trained on a single
NVIDIA A100 GPU with 80GB memory. Full
training details are available in Appendix B. After
fine-tuning, we generate corrections for our test
set with sampling disabled for deterministic out-
puts. We aggregate results over five training and
evaluation runs and report performance in Table 3.

We observe a significant improvement in per-
formance over out-of-the-box models, with VLMs
outperforming LLMs. After fine-tuning, the mod-
els produce more accurate and stable outputs by
not only handling common misspellings but also
learning to recognize recurring error patterns in
the dataset. Furthermore, they can more effec-
tively handle period- and genre-specific linguis-

Model Type Input CERr WERr

Image Text (%) (%)
Llama 3.1 LLM ✗ ✓ 41.63 66.84
8B
Llama 3.2V VLM ✓ ✓ 92.03 91.40
11B ✓ ✗ 84.27 90.05

✗ ✓ 43.42 61.79
Qwen 2.5 LLM ✗ ✓ 43.78 65.79
7B
Qwen 2.5 VL VLM ✓ ✓ 89.27 90.28
7B ✓ ✗ 83.49 89.52

✗ ✓ - -

Table 3: Model performance after fine-tuning. Text-only
results for Qwen 2.5 VL were not obtainable.

tic features. However, LLMs still struggle with
highly incoherent or illegible text, often hallucinat-
ing and fabricating a plausible but incorrect correc-
tion. This highlights their lack of a strong ground-
ing mechanism to reliably handle noisy and unclear
inputs. Conversely, VLMs seem capable of local-
ising OCR text within the image and adapting to
visual features for improved text correction. We
also compare our approach with VLM-based re-
OCR using PaddleOCR-VL (Cui et al., 2025) in
Appendix C, where our larger reductions in CER
and WER show that leveraging both OCR text and
visual evidence is more effective than re-OCRing
images alone.

4.2.1 Fine-tuning strategies
We explore the effects of minimal fine-tuning strate-
gies with VLMs. Our original setup fine-tunes all
attention and MLP layers. To reduce the number of
trainable parameters, we apply the QLoRA adapter
selectively, fine-tuning only attention layers or both
attention and MLP layers. We also experiment with
freezing the vision encoder. The results in Table 4
show that minimal fine-tuning still performs well.
Ignoring MLP layers does not impact performance
much but freezing the vision encoder results in a
slight performance drop. Fine-tuning the vision
encoder improves the model’s ability to extract and
align visual features with text, enabling it to better
handle historical document images.

4.2.2 Varying training data
Large generative models can effectively adapt to
downstream tasks with a limited amount of high-
quality fine-tuning data, as most knowledge is ac-
quired during pre-training (Zhou et al., 2023). To
investigate this, we partition the original training
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Model Strategy Freeze Vision # Params CERr (%) WERr (%)
Llama 3.2V 11B attention + MLP ✗ 29.5M 92.03 91.40

✓ 26.2M 79.35 84.18
attention ✗ 11.8M 90.06 90.71

✓ 8.5M 73.28 80.77
Qwen 2.5 VL 7B attention + MLP ✗ 25.7M 89.27 90.28

✓ 20.2M 80.54 85.02
attention ✗ 7M 86.57 87.31

✓ 5M 75.09 80.92

Table 4: Comparison of QLoRA fine-tuning strategies

Model Window Size Avg Seq Length Avg Image Size CERr (%) WERr (%)
Llama 3.2V 11B 1 115 tokens 723 x 121px 92.03 91.40

3 241 tokens 749 x 285px 90.59 91.08
6 409 tokens 751 x 502px 87.89 88.60
9 553 tokens 751 x 688px 86.74 88.07

Llama 3.1 8B 1 115 tokens — 41.63 66.84
3 241 tokens — 28.66 53.70
6 409 tokens — 27.89 51.84
9 553 tokens — 23.74 45.30

Table 5: Model performance with varying input size

set in Table 1 into six subsets of 70 samples each
and incrementally re-train our models, incorporat-
ing sequences from additional subsets. As shown
in Figure 2, the performance gains are minimal and
our approach remains effective with limited data.

Figure 2: CER reduction versus training data size

Since our models perform well with minimal
training data, we explore the effects of increasing
input size without expanding the dataset. While
most post-OCR correction approaches operate at
the line level, LLMs and VLMs support large con-
text windows, enabling evaluation on larger inputs.
To increase the input context, we merge sequences
into fixed-size groups of 3, 6, and 9. A window size
of 1 corresponds to the original dataset. For each
merged sequence, we generate a larger image patch
using our data preparation pipeline. Due to the col-

umn layout of newspapers, merging sequences in-
creases the height of image patches rather than their
width. We fine-tune Llama 3.1 8B and Llama 3.2V
11B on these expanded inputs. As shown in Table 5,
LLM performance declines as sequence length in-
creases, whereas VLMs remain more robust. This
finding shows text-only models are prone to com-
pounding errors, where early mistakes propagate
through the sequence. In contrast, VLMs produce
corrections that remain aligned with the source im-
age and localize and correct errors more reliably.

5 Discussion

To better understand the performance gap between
LLMs and VLMs in post-OCR correction, we anal-
yse the corrections produced by Llama 3.1 8B and
Llama 3.2V 11B. For each test sample, we com-
pute the CER reduction and plot it against the initial
CER in Figure 3, where a higher initial CER in-
dicates more challenging corrections. The results
show that LLMs often further degrade OCR out-
puts, even for “easy” samples, and when improve-
ments occur, they are typically minor. In contrast,
VLMs rarely degrade outputs and consistently han-
dle “harder” samples more effectively, with the
additional visual input enabling corrections that are
substantially closer to the ground truth.

Beyond overall performance, we examine how
well our models correct different types of OCR
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Figure 3: CER reduction versus initial CER

errors, categorized using Levenshtein distance op-
erations as substitutions, deletions and insertions.
To measure this, we count the total occurrences of
each type at the character level and determine the
percentage that were correctly fixed by Llama 3.1
8B and Llama 3.2V 11B. The results in Figure 4
reveal distinct patterns. Deletions are the easiest
errors to correct, likely because OCR engines often
produce excess artifacts such as punctuation errors
or random symbols that both models can readily
remove. LLMs perform reasonably well on substi-
tutions, but struggle significantly with insertions,
where missing characters or words need to be re-
stored. This typically arises when the OCR engine
fails to transcribe text due to severe fading or poor
image quality. In such cases, LLMs often insert
a synonym or semantically similar word, preserv-
ing meaning, but failing to match the ground truth.
VLMs exhibit greater robustness across all error
types, but insertions remain the most challenging
category, even when the source image is highly
degraded, as visual information can be ambiguous.

In Figure 5, we present selected examples of cor-
rections made by Llama 3.1 8B and Llama 3.2V
11B that illustrate common occurrences. Exam-
ple 1 highlights a scenario where the source im-
age is noisy, leading to poor OCR output. In this
case, the LLM hallucinates an inaccurate correc-
tion based on the portions it can recognize, whereas
the VLM accurately restores the text. Example 2
demonstrates an OCR engine error where text from

Figure 4: Correction rate on different error types

a neighbouring article has mistakenly been tran-
scribed, introducing unintended words. While the
VLM can localize the OCR text and remove the
additional word, the LLM is unable to identify and
correct this error. Example 3 showcases a limita-
tion of VLMs, where a folded page causes a visual
distortion in the source image, resulting in a mis-
take during the correction process. These examples
showcase the benefits of VLMs for post-OCR cor-
rection while also indicating that there is still room
for further improvement.

6 Conclusion

In this work, we demonstrate the potential of vision-
language models (VLMs) to improve the process
of post-OCR correction by integrating the source
image alongside OCR text. By comparing Llama
3.2 Vision and Qwen 2.5 VL to their LLM coun-
terparts, we show that a multimodal approach is
superior, achieving an approximately 90% reduc-
tion in character and word error rates. Optimal
results are obtained when the VLMs are given both
patches of the original document image and cor-
responding noisy OCR text as inputs, demonstrat-
ing substantive contributions from both modalities.
Our results further indicate that VLMs perform
well with limited training data and surpass LLMs
on larger OCR text sequences. Our pipeline for
data preparation can work effectively within exist-
ing digital archive infrastructures, re-using existing
word-image bounding box information for search
and display purposes, enabling continuous enhance-
ments in OCR quality over time. These findings
suggest that VLM-based post-OCR correction is
a robust and effective solution for improving the
usability of digital archives, while preserving their
existing metadata.
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Example 1 - LLM hallucinates correction

OCR Text: -Wh’eilarreaed r the
aoeiised sah, ’t i have’been out of
jucildiotioti.;
LLM: While I was in the accused’s house,
I have been out of my mind.
VLM: When arrested the accused said, "I
have been out of jurisdiction.
Ground Truth: When arrested the accused
said, "I have been out of jurisdiction.

Example 2 - VLM removes extraneous text

OCR Text: " Really, gentlemen, the court
is being turned into a liver chamber of
horrors."
LLM: "Really, gentlemen, the court is
being turned into a liver chamber of
horrors."
VLM: "Really, gentlemen, the court is
being turned into a chamber of horrors."
Ground Truth: "Really, gentleman, the
court is being turned into a chamber of
horrors."

Example 3 - VLM misreads distorted text

OCR Text: This apostrophe „rodueed a
plofound effect, bothi upon the prisoner
arc;t the audi- ence.
LLM: This apostrophe produced a profound
effect, both upon the prisoner and the
audience.
VLM: This apostrophe produced a profound
effect, both upon the prisoner arid the
audience.
Ground Truth: This apostrophe produced a
profound effect, both upon the prisoner
and the audience.

Figure 5: Examples of model corrections

Limitations

Our experiments are limited to the BLN600 dataset,
which contains printed newspaper articles written
in English from the 19th century. Since large gener-
ative models are predominantly trained in English
and newspaper text follows a relatively structured
format, adapting our approach to low-resource lan-
guages, different time periods or more complex
documents may require further adjustments. The
creation of paired training data depends on the ac-
curacy of word coordinates generated by OCR en-
gines, which is sufficient in our case but may be
unreliable for highly degraded texts, necessitating
alternative alignment strategies. In addition, our

approach assumes the availability of aligned image-
text data, which may not be present in some legacy
corpora where only plain text has been preserved.
We focus on medium-sized models to ensure prac-
ticality for institutions with limited computational
resources but larger models could further enhance
performance. Finally, we do not provide a quan-
titative cost comparison between our solution and
full re-OCR, because a fair comparison would need
to account for several factors, including compu-
tational requirements, integration effort, and the
cost of adapting existing systems to a new format.
These factors cannot be reliably quantified in an
initial study whose motivation is to establish the
technical viability and benefits of a multimodal
post-OCR correction approach. Further work is
needed to carry out a quantitative cost-benefit com-
parison between full re-OCR of an existing digital
archive, with attendant costs and performance is-
sues arising from recomputing word-level image
grounding data, and our lighter-weight approach of
multimodal post-OCR correction, which reuses ex-
isting word-level grounding metadata in correcting
the OCR text, allowing current archive infrastruc-
ture to remain largely unchanged, though at the
cost of corrected text being grounded at the image
patch level, rather than word level.

Reproducibility

BLN600 is made publicly available by Booth et al.
(2024) under the CC BY-NC-ND 4.0 license. The
source code is available at https://github.com/Shef-
AIRE/vlms_post-ocr_correction. The image patch
dataset and fine-tuned models will be released on
Hugging Face at https://huggingface.co/pykale.
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A Prompt Templates

User: I will provide you with OCR output. Please fix
the errors in the provided text. Return only the corrected
text. Do not include any additional commentary or ex-
planations. If you understand, please reply with OK.

Assistant: OK

User: __RO BBERY AT A BARONET’S. V

Assistant: ROBBERY AT A BARONETS.

User: {OCR}

Figure 6: One-shot prompt for LLMs

User: I will provide you with OCR output and source
image. Please fix the errors in the provided text. Return
only the corrected text. Do not include any additional
commentary or explanations. If you understand, please
reply with OK.

Assistant: OK

User: __RO BBERY AT A BARONET’S. V

Assistant: ROBBERY AT A BARONETS.

User: {IMG} + {OCR}

Figure 7: One-shot prompt for VLMs

B Training Details

<|im_start|>system
You are a helpful assistant, designed to
correct errors in OCR text. Users will
provide OCR text, you will generate a
correction.<|im_end|>

<|im_start|>user
__RO BBERY AT A BARONET’S. v<|im_end|>

<|im_start|>assistant
ROBBERY AT A BARONETS.<|im_end|>

Figure 8: Fine-tuning data for LLMs

<|im_start|>system
You are a helpful assistant, designed to
correct errors in OCR text. Users will
provide OCR text and source image, you will
generate a correction.<|im_end|>

<|im_start|>user
<|vision_start|><|image_pad|><|vision_end|>
__RO BBERY AT A BARONET’S. v<|im_end|>

<|im_start|>assistant
ROBBERY AT A BARONETS.<|im_end|>

Figure 9: Fine-tuning data for VLMs

We structure our dataset samples as conversations,
where the user provides OCR text and the model
generates the ground truth. As different models
separate messages with distinct tokens, we make
use of Hugging Face’s chat templating feature. Fig-
ures 8 and 9 present the same sample, formatted for
Qwen models, which use the popular ChatML for-
mat, where <|im_start|>role marks the begin-
ning of a message and <|im_end|> denotes the end.
Note that the VLM template includes additional
tokens, <|vision_start|>, <|image_pad|> and
<|vision_end|>, to indicate the presence of im-
age input to the model. Table 6 summarizes the key
hyperparameters for fine-tuning LLMs and VLMs.

LLM
LoRA Alpha 16
LoRA Rank 16
LoRA Dropout 0.05
Training Epochs 1
Batch Size 8
Learning Rate 2e-4
Max Sequence Length 1024

VLM
LoRA Alpha 16
LoRA Rank 8
LoRA Dropout 0.05
Training Epochs 1
Batch Size 32
Learning Rate 2e-4
Max Sequence Length 1024

Table 6: Training hyperparameters

C Comparison with VLM-based OCR
method

Table 7 compares different uses of VLMs to high-
light the advantage of multimodal post-OCR correc-
tion. As a baseline, we include PaddleOCRVL (Cui
et al., 2025), a recent VLM-based OCR system that
transcribes images directly using its official pre-
trained model. Our models achieve substantially
larger reductions in CER and WER, demonstrating
that combining visual information with existing
OCR text is an effective strategy for improving
transcription quality in historical documents.

D Masking image patches

Due to the column layout of newspapers, the im-
age patch for a given sequence often contains ex-
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Model CERr (%) WERr (%)
Llama 3.2V 11B 92.03 91.40
Qwen 2.5 VL 7B 89.27 90.28
PaddleOCR-VL 52.32 71.97

Table 7: Model performance comparison with VLM-
based OCR method

cess text from preceding and succeeding sequences.
This additional text may affect the model’s ability
to accurately localize the relevant OCR text, po-
tentially impacting performance. To explore this,
we apply a masking strategy to remove the excess
text from image patches. As we have the coordi-
nates for each word in the OCR text sequence, we
simply filter out content outside of these bounding
boxes, effectively masking regions that do not cor-
respond with words in a given sequence, as shown
in Figure 10. This ensures that the model only pro-
cesses image information directly associated with
the given OCR text. However, masking causes a
slight performance decrease, as shown in Table
8. The model receives an OCR sentence and an
image patch including that sentence and perhaps
surrounding words, but outputs only the corrected
OCR sentence. Removing this surrounding visual
information reduces the performance, indicating
that local context, such as neighbouring words and
document structure, benefits post-OCR correction.
For highly noisy OCR with inaccurate word coor-

dinates, masking may also remove the actual text.

Figure 10: Image before (top) & after (bottom) masking

Model Image CERr (%) WERr (%)
Llama 3.2V 11B original 92.03 91.40

masked 87.19 89.05
Qwen 2.5 VL 7B original 89.27 90.28

masked 86.16 87.67

Table 8: Model performance after masking images
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