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Abstract
Recent Swedish OCR efforts rely primarily on traditional OCR methods, including deep CNN-LSTM hybrid neural
networks and transformer-based models. Some approaches have also demonstrated the applicability of VLM-driven
OCR to historical material. However, to date, no studies have examined in depth the performance of VLM-based
OCR on historical Swedish sources. In this paper, we ask: How do transformers and VLMs differ in character- and
word-level recognition performance across typefaces, and what qualitative differences can be observed in their error
patterns? We show that fine-tuned versions of the Alibaba Cloud Qwen3-VL-8B-Instruct and Qwen3-VL-2B-Instruct,
combined with a simple repetition-trimming step, outperform conventional OCR systems. Remaining errors are
primarily attributable to challenges associated with the Blackletter typeface and formatting issues, such as missing or
extra line breaks, characters, and spaces. Even when characters are correctly recognized, formatting inconsistencies

can substantially increase transcription error rates.
Keywords: VLM, OCR, Historical newspapers
1. Introduction

Late Modern Swedish, the time period from late
18th century and 20th century, represents the fi-
nal stage before the eventual standardisation of
Swedish orthography. Similar to English (Baron,
2011), texts during this period are characterized
by lack of fully established spelling norms, com-
pounded by the absence of stable word lemmata,
and morphological descriptions (lexicons) (Borin
and Forsberg, 2011). In addition, older material
is characterized by mixture of typeface (Blacklet-
ter, Antiqua) and low quality of the print. Finally,
due to the changes in the language during this pe-
riod, the texts are heterogeneous. For example,
while some texts display a rich case system, others
do not, and there is a large variation between text
types, time periods, authors and scribes, as well
as within texts, requiring manual close-reading of
the material (Stymne et al., 2023).

Although digitized Swedish historical materials
for late modern Swedish exist, the limited avail-
ability of gold-standard training data continues to
constrain the development of accurate Optical Char-
acter Recognition (OCR) models, which extracts
the pure text from the material., leaving this period
comparatively low-resource.

Recent efforts of Swedish OCR rely on tradi-
tional OCR methods, including Deep CNN-LSTM
hybrid neural networks (Brandt Skelbye and Dan-
nélls, 2021) and transformers (Léfgren and Dan-
nélls, 2024). Although the approach of Léfgren and
Dannélls has shown remarkable improvements,
their model could not locate all instances of a word

in a text because of the limitations mentioned above,
leaving much room for improvement. Vision Lan-
guage Models (VLMs)-driven OCR, on the other
hand, have been proven to outperform traditional
text recognition models for numerous languages
(Bao et al., 2025; Kolavi et al., 2025; Kim et al.,
2025). However, to date, no studies have exam-
ined in depth the performance of VLM-driven OCR
on historical Swedish material.

To our knowledge, this is the first study that ex-
amines the similarities and differences between tra-
ditional OCR models and VLM-driven OCR when
tested on Swedish data. In this paper we ask: How
do transformers and VLMs differ in their charac-
ter and word recognition performance across type-
faces, and what qualitative differences can be ob-
served in their error patterns?

The novelty of our work is threefold: (1) we iden-
tify optimal configurations for adapting VLMs to
Swedish as a use case; (2) we provide a systematic
comparison of the CER and WER results achieved
by state-of-the-art VLMs; and (3) we explore which
fine-tuning approach is best suited to our specific
use case.

2. Related Work

Adesam et al. (2019) found that the percentage
of words found in Swedish dictionaries for modern
newspaper material was approximately 80%, and
Bouma and Adesam (2022) showed that there is
a strong linear correlation between percentage of
words found in dictionaries and a normalized word
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Type | Number of Segments
Text 16,791
Images 191
Lists 234
Total 17,216

Table 1: Division between “Text”, “Images” and
“Lists” in the dataset. Lists include tables.

error rate. This indicates that between 20-40% (de-
pending on time period) of the OCR output words
contain an error.

Dannélls et al. (2021) evaluated a two-OCR
engine on a set of manually transcribed news-
paper pages from 1818 to 2018. The two-OCR
approach combined ABBYY FineReader (propri-
etary) (ABBYY, 2023) and Tesseract (open-source)
(Smith, 2007) using a custom rule-based integra-
tion scheme and multiple period-specific word lists.
However, neither the combined OCR system nor
the incorporation of external word lists led to im-
provements in overall performance. In contrast,
the baseline Tesseract model, used without any
external word lists, outperformed all other system
configurations, achieving a Character Error Rate
(CER) of 11.86% and a Word Error Rate (WER) of
18.74%. Lofgren (2023) later demonstrated an im-
provement of the results for the same time-period
by fine-tuning a post-OCR correction model based
on the ByT5 byte-level Text-to-Text Transfer Trans-
former developed by Xue et al. (2022).

Likewise, recent approaches to VLM-driven OCR
based on Vision—-Language Models (VLMs) ad-
dress character-level recognition tasks (Bai et al.,
2025; Gemma Team et al., 2025). Owing to their
generative nature, however, these models are
prone to over-generating characters when encoun-
tering unknown glyphs or visually ambiguous in-
put, a behavior commonly described as hallucina-
tion. Despite this limitation, VLMs have demon-
strated strong overall performance across a range
of benchmarks (Salla et al., 2025). Nevertheless,
a systematic evaluation of their applicability to his-
torical Swedish texts has not yet been conducted.

3. Data

Our dataset is the first half of the dataset prepared
by Dannélls et al. (2021), consisting of 174 news-
paper pages from a wide range of Swedish news-
papers published between 1818 and 1904. Each
page in the dataset was automatically divided into
paragraph-level segments of varying length, which
may be split due to changes in font or text size. A
selection of pages and segments used as input
is presented in the Appendix. The dataset com-
prises 17,216 segments, each with a correspond-
ing ground-truth text file. Together, the ground truth
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Figure 1: Combined visualization of number of seg-
ments and characters in newspaper pages from
1818 to 1904 according to our dataset.
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Figure 2: Typeface usage in newspapers over time
ranging from 1818 to 1904.

files contain 3,149,860 characters. Most segments
contain text, while a small fraction consists of im-
ages or lists (see Table 1).

Because segment size and length vary, the num-
ber of segments does not directly reflect the amount
of text per newspaper. There is a close relation-
ship though. This is illustrated in Figure 1, where
segments (left axis) and characters (right axis) are
compared. Segments typically correspond to sec-
tions or paragraphs, with more complex layouts
producing more segments. Despite variation in
segment length, the number of characters largely
follows the same trend. In addition, we provide
statistics about the division of typefaces throughout
the years in Figure 2.

A manual inspection of the 10% of the most erro-
neous segments revealed approximately 150 seg-
ments with medium to large errors or ground-truth
inconsistencies, ranging from cropped sentence be-
ginnings to complete mismatches between image
and text, or missing ground-truth text altogether.
Most issues were fixable; however, five segments
were deemed unfixable and were excluded from
the project.

The dataset was randomly split at the segment
level into 70% training, 15% validation, and 15%
test sets. Training was used for fine-tuning, valida-
tion for early stopping, and testing for final evalua-
tion. The test set includes 2,518 texts, 30 images,
and 35 lists, reflecting the overall dataset distribu-
tion.
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Model Parameters CER (%) WER (%)
Qwen2.5-VL-7B-Instruct 7B 3.73 13.99
Qwen3-VL-8B-Instruct 8B 4.54 15.83
Qwen2.5-Omni-7B 7B 5.11 15.15
Qwen2.5-VL-3B-Instruct 3B 6.06 20.42
Qwen3-VL-4B-Instruct 4B 8.14 23.12
Qwen2.5-Omni-3B 3B 8.17 21.81
Qwen3-VL-2B-Instruct 2B 13.42 26.76
Florence-2-large 0.8B 17.27 44.00

Table 2: List of the stock models which were con-
sidered for fine-tuning. The models are sorted from
lowest to highest CER.

4. Experiments and Results

All models selected for our experiments are open-
weights VLMs meeting the following criteria:

1. compatibility with the vLLM inference engine
(Kwon et al., 2023),

2. demonstrated community usage (measured by
HuggingFace downloads),

3. have at most 32B parameters, and

4. compatibility with the developers’ provided in-
ference templates without major modification.

In total we evaluated 50 open-weights VLMs. Ta-
ble 2 lists the CER and WER of the subset of mod-
els that were found to be strong enough relative to
their size to be considered for fine-tuning. Priority
was given to top-performing models within a given
size class, while larger models were excluded when
smaller counterparts achieved equal or better per-
formance. Models that were either too large, too
weak, or both were excluded from consideration.
After some experimentation, this left us with the
Qwen3-VL-8B-Instruct and Qwen3-VL-2B-Instruct,
see Table 3.

Fine-tuning hyperparameters were selected
based on prior findings (Hu et al., 2021) and pre-
liminary experiments. Both the LoRA rank and
scaling factor « were set to 16 for the Qwen3-VL-
8B-Instruct and to 8 for the Qwen3-VL-2B-Instruct.
A dropout rate of 0.1 was used for regularization,
with no weight decay. Suitable learning rates and
effective batch sizes were determined through ex-
ploratory runs on 5% and 20% subsets of the train-
ing data. Figure 3 and Figure 4 show the progress
of the fine-tuning on the validation set after each
epoch, which was done on a single Nvidia A100
80GB, using a batch size of 4.

VLMs occasionally produce repetitive outputs
that loop until the maximum token limit is reached,
a rare but significant source of errors. To mitigate
this, a repetition-trimming function was developed
to detect and remove repeated sequences at the
end of generated text. It starts backwards from the
very end of the generated text, and checks if there
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Figure 3: CER and WER achieved by each epoch
on the validation set during the fine-tuning of the
Qwen3-VL-8B-Instruct. Epoch 0 is the stock model.
The vertical bars indicate where the learning rate
was lowered.
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Figure 4: CER and WER achieved by each epoch
on the validation set during the fine-tuning of the
Qwen3-VL-2B-Instruct. Epoch 0 is the stock model.
The vertical bars indicate where the learning rate
was lowered.

is a repeating string of length i € 1, ..., I, where I
is a parameter called the maximum string length.
The function also uses a parameter that sets a mini-
mum number of characters that the whole repeating
sequence has to contain in order to be detected.
This ensures that no false positives are detected.
Both parameters were set to 300 for all models,
as these values performed well on validation runs
during fine-tuning.

5. Analysis

5.1.

Table 3 shows the performance of our VLM based
OCR systems, and the corresponding performance
of Abbyy FineReader ran by Dannélls et al. (2021)
and Tesseract 5.5.1 as a reference point. The stock
Qwen3-VL-8B-Instruct in combination with the repe-
tition trimmer outperforms the 2021 FineReader by
47.8%. Table 4 shows how the CER of the VLMs
compare with and without the use of the repetition
trimmer.

We further examined the performance of the dif-
ferent models by typeface, Table 5, showing all the
models perform better on texts written in Antiqua.

Quantitative Analysis

195



Model CER WER Precision Recall F-score
Qwen3-VL-8B-Instruct (FT) 1.930 8.108 92180 92.046 0.9211

Qwen3-VL-2B-Instruct (FT) 2.707 10.695  89.232  89.039 0.8914
Qwen3-VL-8B-Instruct (St)  3.198 12.453 88.388 87.349 0.8787
Qwen3-VL-2B-Instruct (St)  5.989 18.304  83.142  80.935 0.8202
FineReader (2021) 6.123 19.888  80.213  81.886 0.8104
Tesseract 5.5.1 7.089 21.882 78.195 80.161 0.7917

Table 3: The performance metrics achieved on the
test set by our VLM based OCR systems (VLM +
repetition trimmer) as well as the traditional OCR
engines Abbyy FineReader and Tesseract 5.5.1.
CER, WER, Precision and Recall are in percent.
The fine-tuned models are labeled “(FT)” and the
stock models are labeled “(St)”.

CER (%) Reduction
Model wo.T. | w.T. | Abs. | Prop. (%) | N. Seg.
Qwen3-VL-8B-Instruct (FT)  3.565 1.930 1.635 45.863 4
Qwen3-VL-2B-Instruct (FT) ~ 4.649 2.707 1.942 41.772 4
Qwen3-VL-8B-Instruct (St) 4.539 3.198 1.341 29.544 4
Qwen3-VL-2B-Instruct (St)  13.419 5.989 7.430 55.369 23

Table 4: Comparison between CER achieved by
the models without trimmer and the whole VLM +
Repetition Trimmer systems, as well as the absolute
(“Abs.”) and proportional (“Prop.”) reduction in
CER. The last column indicates how many of the
2581 segments in the testset that were affected by
the repetition trimmer.

5.2. Qualitative Analysis

To assess the weaknesses of the fine-tuned Qwen3-
VL-8B-Instruct model, the 30 segments with the
highest CER are shown in Table 6. The results
show a wide range of text types among high-error
cases, with text quality classified as either “Good”

Model Typeface CER (%) WER (%)
Blackletter 3.332 14.726
Qwen3-VL-8B-Instruct (FT) | Antiqua 1.292 5.010
Both 1.847 8.158
Total 1.930 8.108
Blackletter 4.646 19.373
Qwen3-VL-2B-Instruct (FT) | Antiqua 1.802 6.355
Both 2.673 11.735
Total 2.707 10.695
Blackletter 4.955 20.836
Qwen3-VL-8B-Instruct (St) | Antiqua 2.381 8.375
Both 3.157 13.052
Total 3.198 12.453
Blackletter 8.562 28.820
Qwen3-VL-2B-Instruct (St) | Antiqua 4.691 13.145
Both 6.278 19.210
Total 5.989 18.304
Blackletter ~ 10.254 35.274
FineReader (2021) Antiqua 4127 12.231
Both 6.280 21.598
Total 6.123 19.888
Blackletter  11.242 40.060
Tesseract 5.5.1 Antiqua 5.033 12.475
Both 7.417 25.175
Total 7.089 21.882

Table 5: Performance of different models by type-
face. Fine-tuned “(FT)”, stock models “(St)”. “Both”
refers to both Blackletter and Antiqua segments,
“Total” reports performance on the full test set.

Type Typeface AQuality N. Seg.
Ordinary Blackletter Bad 10
List Antiqua Good 6
Ordinary Blackletter ~ Good 6
Ordinary Antiqua Good 3
Table Antiqua Good 2
Sideways table  Antiqua Good 2

List Blackletter  Good 1

Table 6: Manual classification of the 30 seg-
ments with the worst performance using fine-tuned
Qwen3-VL-8B-Instruct. “Ordinary” refers to a nor-
mal text.

or “Bad” based on visual degradation, and “Ordi-
nary” referring to non-list, non-table text with minor
layout variation. Both traditional OCR engines and
VLMs perform worse on segments written in Black-
letter than on those written in Antiqua. Several
factors may explain this. First, Blackletter is an
older typeface and is therefore likely underrepre-
sented in training data. Second, Blackletter ap-
pears more frequently in earlier newspapers, which
are often in poorer physical condition; however,
poor performance is observed for both good- and
bad-quality Blackletter segments, suggesting that
degradation alone is not the primary cause. Third,
older typefaces often reflect outdated spelling con-
ventions, which may hinder recognition. Fourth,
several Blackletter characters have visually similar
forms, increasing transcription ambiguity.

Certain segments consistently produce high error
rates across multiple models, contributing dispro-
portionately to overall error. These cases show that
even when characters are correctly recognized, text
formatting can significantly hinder accurate tran-
scription. Minor formatting differences—such as
the use of ellipses instead of individual punctua-
tion marks—are negligible for human readers but
substantially affect CER and WER.

6. Conclusions

The VLM-based OCR models evaluated in this
study outperform traditional OCR engines. Fine-
tuned versions of the Qwen3-VL-8B-Instruct, and
Qwen3-VL-2B-Instruct, combined with a simple
repetition-trimming step, surpass conventional sys-
tems, with Qwen3-VL-8B-Instruct achieving 68.5%
fewer errors than ABBYY FineReader, while remain-
ing errors are mainly due to Blackletter typefaces
and formatting inconsistencies.

Future work will focus on deploying VLM-based
OCR systems in real-world digitization pipelines.
Further gains may be achieved by combining the
complementary strengths of different models.
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7. Limitations

The scope of this paper is focused on 19th century
newspapers, with material ranging from 1818 to
1904. This likely means that the performance of
the fine-tuned models are poor on newspaper ma-
terial much older than that. One of the reasons for
the exclusion of 20th century newspapers is that
copyright law still applies to most of them (the ones
newer than 100 years). Since Swedish spelling and
popular typefaces have remained mostly the same
during the 20th century, performance might still end
up being satisfactory on that material. Either way,
this might not be very important since traditional
OCR engines perform well on modern texts, at a
much lower computational cost. The very most re-
cent material will likely not be in need of digitization
at all, since the material was already digital from
the start.

8. Availability of Models and Code

The fine-tuned VLMs developed in this project are
publicly and freely available on Hugging Face'-2.
Some of the developed code and the dataset parti-
tioning are available on GitHub?®.
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Figure 8: A segment from a page in Géteborgs
Handels- och Sjéfartstidning, 12th of November
1888 (Kungl. Biblioteket, 1888).
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Figure 9: A segment from a page in Falkdpings
Tidning, 23rd of June 1865 (Kungl. Biblioteket,
1865).
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Verkligheter. dr underbarare in dikten.

I en forfallen gammal preftgdrd i Lei-
cefteribive bade i mera dn 40 Qv ftatt et
par pordlindvajer — ide Tynnerligen beun-
brade eller uppifattade af egaren — Dhwilfa
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wirde o) fag mera ut fom ett pordling:
magajin dn ett gammalt drewdrdigt prefthus
pd landet.

Figure 6: An excerpt from Hallandsposten, 25th
of February 1891 (Kungl. Biblioteket, 1891), with  Figure 10: A segment from a page in Hvad Nytt,
added markings to separate segments. 14th of June 1889 (Kungl. Biblioteket, 1889).
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