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Abstract

As grammar books are increasingly used as
additional reference resources specifically for
very low-resource languages, a significant por-
tion comes from scans and relies on the quality
of the Optical Character Recognition (OCR)
tool. We focus here on a particular script used
in linguistics to transcribe sounds: the Interna-
tional Phonetic Alphabet (IPA). We consider
two data sources: actual grammar book PDFs
for two languages under documentation, Ja-
phug and Kagayanen, and a synthetically gener-
ated dataset based on Wiktionary. We compare
two neural OCR frameworks, Tesseract and
Calamari, and a recent large vision-language
model, Qwen2.5-VL-7B, all three in an off-the-
shelf setting and with fine-tuning. While their
zero-shot performance is relatively poor for IPA
characters in general due to character set mis-
match, fine-tuning with the synthetic dataset
leads to notable improvements.

1 Introduction

Grammar books have been used in Natural Lan-
guage Processing (NLP) as a main or additional
resource to gain high-quality knowledge about lan-
guages, especially when they are low-resource.
They have notably been used to improve large
language models for Machine Translation (Tanzer
et al., 2024; Hus and Anastasopoulos, 2024; Zhang
et al., 2024), or to extract examples with linguistic
annotations (or Interlinear Glossed Texts), such as
in the ODIN (Lewis and Xia, 2010) or IMT Vault
(Nordhoff and Krdmer, 2022) corpora.

However, most of such linguistic documents,
when digitised, are only available as scans and
need to go through an Optical Character Recog-
nition (OCR) tool. For example, the ODIN dataset
relied on the OCR of scanned PDFs of grammar
books to extract linguistic annotations. It was, how-
ever, noisy due to the poor quality of the original
scans, but also of the OCR tools, as noted in (Xia
et al., 2014) and (Nordhoff and Krimer, 2022).

ruugora smi ¢"w-tw-mu-Bhu-mu yu ¢i, <dian> c'w-tw-mumbjum-mu yu?

OCR nuzora smi chul—tul—mu—[ilw—nul nu ¢i,

<dian> c"w—tw—numbjurm-—nu gu?

EN Do you burn a fire, or do you get warm with an
electric [radiator]?

Figure 1: An example sentence from the Japhug gram-
mar book (Jacques, 2021), synthetically corrupted (top),
with the reference IPA transcription (middle) and En-
glish translation (bottom).

In this work, we focus on a specific script that of-
ten appears in linguistic contexts: the International
Phonetic Alphabet (IPA) (International Phonetic
Association, 1999). IPA characters, which are used
to transcribe speech by linguists, present specific
challenges graphically from their unique symbols,
as well as diacritics and similar characters. They
occur in grammar books to transcribe words or
sometimes to transcribe an oral language with no
fixed writing convention (as in Figure 1).

In this article, we study the OCR quality specifi-
cally for IPA characters when used in a linguistic
context. We focus on two realistic language sce-
narios where such characters are used in grammar
books: (i) for any language (e.g., in the phonology
chapter) and (ii) for a specific language transcribed
with an [PA-based writing system. We thus aim
at a first comprehensive study of OCR feasibility
with open-source models for such IPA characters,
in an effort to improve the digitisation of books
that have only been scanned. We compare two
neural OCR models, Tesseract (Smith, 2007) and
Calamari (Wick et al., 2020), and a Large Vision-
Language Model (LVLM), Qwen2.5-VL (Bai et al.,
2025). We release the code material for the train-
ing and evaluation datasets, alongside the trained
models, publicly.

"https://github.com/TUM-NLP/ocr-ipa.
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2 Related works

Few works performed OCR on IPA characters. The
first is (Ashby, 2017), which converted a scanned
English text written phonetically using IPA. The
author used a customised ABBY'Y FineReader 12
Professional, which is a paid proprietary model. In
this setting, the model only had a reduced set of
IPA characters to recognise (i.e., those occurring in
English). The more recent study on OCR for IPA
characters is from (Li and Hill, 2023), where a list
of words in Chinese characters was associated with
the pronunciation of their translation in Burmish
languages, using Transkribus.

To our knowledge, this work is the first study of
OCR focusing on a broad range of IPA characters,
especially to enhance the conversion of grammar
book scans. We also focus on open-source mod-
els to better control the training step and ensure
reproducibility.

OCR for low-resource languages Identifying
IPA characters also shares similarities with the
OCR task for low-resource languages, as the data
and model coverage are scarce. The diacritics or
similar characters add another layer of complex-
ity, although the IPA is based on the Latin script.
Rijhwani et al. (2020, 2021) successfully rely on
post-correction to tackle the data scarcity for en-
dangered languages. More generally, Agarwal and
Anastasopoulos (2024) survey the OCR task for
low-resource languages and notably recommend
starting from an off-the-shelf system. We follow
this approach in this work.

3 Datasets

As we need the gold transcription to train and eval-
uate, we rely on two types of datasets in our work:
PDFs from actual grammar books and a syntheti-
cally generated dataset from the online dictionary
Wiktionary. We only use images generated from
the ground truth and not actual scans to control
the proportion of noise. Besides, in this work, we
assume that the PDF scans have already been pre-
processed and segmented to obtain lines (i.e., we
perform line-level OCR). General pipelines exist
to clean and process the original images upstream.

3.1 PDFs from actual grammar books

The first source of IPA data is from grammar books
of two low-resource languages.

Japhug Japhug is a Sino-Tibetan language spo-
ken in Southwestern China (ISO code: jya; Glot-
tolog: japh1234). The language has been exten-
sively described in its grammar book (Jacques,
2021), where the linguist chose to transcribe it us-
ing an [PA-based system, notably for phonologi-
cal purposes. For this resource, we hence focus
on the example sentences or words in Japhug that
illustrate the presented grammatical concepts (cf.
Figure 1). The publisher, Language Science Press,
releases the I&TEX source code of their books? with
a CC-BY licence. This allows us to obtain the true
transcription of the sentences or phrases, following
a similar extraction methodology to (Nordhoff and
Kréamer, 2022; Okabe et al., 2022). Long strings
are split into smaller chunks of 3 to 8 words, which
gives us 13k samples.

Kagayanen Similarly, from the same publisher,
we also consider the grammar book of Kagayanen®
(Pebley and Payne, 2024), an Austronesian lan-
guage spoken in the Philippines (cgc; kaga1256).
Here, no full example sentences are written in IPA,
but the transcriptions of some words are, espe-
cially in the Phonology section. The dataset is
thus smaller in size (834 samples).

We can now represent both uses of IPA in gram-
mar books: either for the transcription of the lan-
guage altogether (japhug) or for the pronunciation
of words (kagayanen).

3.2 Synthetic corpus from Wiktionary

Given the relatively small size of both datasets,
we also rely on a synthetic corpus using a second
resource: Wiktionary, a collaborative online dictio-
nary for many languages.* We use the data scraped
by Wikipron (Lee et al., 2020), which consists of
around four million IPA transcriptions of words
from the website for 307 languages (in 2025).> We
note here that neither Japhug nor Kagayanen are in
the Wikipron scrape. In Wiktionary, many words
feature a rather simplified (broad) or detailed (nar-
row) IPA transcription; we use both to increase
the final dataset size. Besides, we normalise the
data by notably removing stress markers, syllable
boundaries, and tone markers in this study.

2ht’cps: //github.com/langsci/295. We note that we
used the first (and now superseded) edition of the grammar
book, as it was the only available version.

3https://github.com/langsci/443.

*Wiktionary has both the CC-BY-SA and GFDL licences.

5https: //github.com/CUNY-CL/wikipron/tree/
master/data/scrape (from early 2025).
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Synthetic sentence generation As Wiktionary
is a dictionary listing words, while grammar books
can also feature full sentences transcribed in the
IPA, we generate random combinations of words
from a given language to approximate sentences in
actual grammar books. We use the true distribution
of words per line in the Japhug grammar book to
sample realistic numbers of words. We also add
punctuation marks that are actually present in lin-
guistic grammar examples (but not in a word list),
such as commas, periods, or brackets. To do so, we
use probabilistic rules to reproduce grammar book
sentences, where each symbol has a fixed proba-
bility (e.g., 0.01 in most cases) to appear before
(D, between (-), or after (,) a unit. This step leads
to longer and more challenging images to process,
with around 1.1M pseudo-sentences.

Besides, we identified five different fonts that
support IPA symbols (Charis SIL, Doulos SIL, Gen-
tium, Andika, and Brill).> We increase the size of
the synthetic dataset by randomly applying one
typeface and one font style to words to diversify
the images. This increases the dataset size three-
fold. We denote this dataset synth, which contains
3.4M samples.

3.3 Dataset summary

Finally, for all three datasets, we corrupted the im-
ages using traditional techniques, such as rotation
(tilting), Gaussian noise injection, and contrast and
brightness adjustments. All images are rendered to
have a height of 70 px.

Due to their size, we mainly consider the japhug
and synth datasets in our experiments and di-
vide them into training, development, and test
sets based on a 90:5:5 split. As it is considerably
smaller, we only use the kagayanen set for eval-
uating the robustness of our models. Although
the synthetic dataset is significantly larger than the
japhug dataset, the latter contains actual and in-
domain (i.e., from a grammar book) samples for
our study.

Table 1 displays the number of samples
(Nsampies) and fonts (N o) for all three datasets:
japhug, kagayanen, and synth. Here, samples
correspond to words and sentences, as they both
occur in grammar books.

The actual font used in the grammar books is Charis SIL.

dataset train  data source  Nggmpies Nfonts
japhug v grammar 13k 1
kagayanen X grammar 834 1
synth v/ Wiktionary 3.4M 5

Table 1: General statistics of the three IPA datasets.

4 OCR-specific models

4.1 Base models and training

We compare two neural and open-source OCR
frameworks: Tesseract and Calamari.

Tesseract Tesseract is an open-source OCR
framework (Smith, 2007) recently used to carry out
OCR for low-resource languages (Ignat et al., 2022;
inter alia). We start from pre-trained LSTM-based
models’ that Tesseract 5 provides. We consider the
English- and Latin-based models, as they both fea-
ture a large degree of overlap in characters with the
IPA. Notably, the Latin model has a more extensive
support for diacritics. We denote them tess_eng
and tess_lat, respectively.

Calamari We choose Calamari, as Wick et al.
(2020) report better performance than Tesseract on
their benchmark. We start from the idiotikon
model, which we identified as the best pre-trained
variant of the model?® for IPA recognition. It was
originally trained to digitise a Swiss German dictio-
nary, the Schweizerisches Idiotikon, and supports a
larger codec including diacritics. We note that Cala-
mari natively supports GPU, which leads to faster
computation. We denote the base model cal_ipa.

Fine-tuning We then fine-tune all three base
models on either japhug for the monolingual gram-
mar book domain or synth for the synthetic multi-
lingual training dataset. We mainly use the default
hyperparameter setting. We mark models trained
on the japhug training dataset with a _Ja ending
and on the synth training dataset with _Sy. Ap-
pendix A presents more details for reproducibility.

4.2 Evaluation method

We evaluate our experiments with the usual char-
acter and word error rates (CER and WER, respec-
tively). Both are based on the number of edits
(insertions, deletions, or substitutions) needed be-
tween the reference and the prediction at their re-

7https: //github.com/tesseract-ocr/tessdata.
8https: //github.com/Calamari-OCR/calamari_
models.
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spective levels. For both frameworks, we will con-
sider the model with the lowest average CER and
WER on the japhug and synth test datasets as
best.

4.3 Experimental results

test set japhug synth
model CER WER CER WER
tess_eng 3394 89.82 36.44 100.95
tess_eng_Ja 2.56 1396 41.71 96.59
tess_eng_Sy 11.86 46.71 5.14  40.51
tess_lat 3246 90.69 34.02 97.70
tess_lat_Ja 242 13.85 43.08 101.07
tess_lat_Sy 10.82 3991 441 35.10
cal_ipa 5236 9447 57.12 102.87
cal_ipa_Ja 060 2.09 37.37 95.36
cal_ipa_Sy 141 628 0.20 2.45

Table 2: Comparison of the English-based, Latin-based
Tesseract, and Calamari models before and after fine-
tuning on japhug and synth.

Table 2 presents the results of the base Tesseract
and Calamari models and their fine-tuned versions
on the japhug and synth test datasets. First, we
observe that the three off-the-shelf performances
are rather poor, with notably high WER for both
the Japhug and synthetic datasets. The larger
character support of tess_lat seems to help only
slightly; the codec mismatch leads to errors for all
non-supported IPA characters. The base Calamari
model also lags behind, with similar or worse error
rates than the base Tesseract models (more than 18
points of difference for CER).

Fine-tuning drastically improves recognition per-
formance, as the IPA symbols are now supported.
Fine-tuning on the grammar book leads to the best
in-domain score, but prevents it from generalis-
ing well on other languages (i.e., synth). We see
this with the increase in CER on the synthetic cor-
pus across all models trained on japhug. On the
other hand, models trained on synth seem more ro-
bust, helped by the larger training data. Error rates
drop significantly compared to the baseline perfor-
mance for both datasets. Overall, the best model is
cal_ipa_Sy, with its better generalisation, reach-
ing less than 2 and 7 points of CER and WER,
respectively. We also tried oversampling complex
characters for both models in Appendix B.

5 LVLM: Qwen2.5-VL 7B
5.1 Model setting

As LVLMs emerge as a generalist tool to convert
images into text, we also consider one of the latest
models for the OCR task. We compared several
open- and closed-source LVLMs across reported
performance on two benchmarks, CC-OCR (Yang
et al., 2024) and OCRBench v2 (Fu et al., 2025),
specifically for the OCR task. Based on the perfor-
mance and model size, we chose the open-source
Qwen2.5-VL 7B (Bai et al., 2025) model. Ap-
pendix C details the model choice and the prompt.

Model fine-tuning As in the previous two mod-
els, the main challenge comes from the unseen IPA
characters. We expand the tokeniser vocabulary
of the model by adding all unique characters from
the training dataset and initialise their weights ran-
domly. We use a Quantised Low-Rank Adaptation
(QLoRA; Dettmers et al., 2023) to fine-tune the
model.

Dataset distillation As the synthetic dataset
proved to be more beneficial in terms of gen-
eralisation, we only focus on fine-tuning using
the synth dataset. Moreover, computational con-
straints meant that we could not fine-tune on the
same entire training dataset. Hence, given its
scale, we perform dataset distillation to reduce it,
while ensuring that all characters, especially rare
ones, are represented. The distillation leads to a
dataset around half the original size, with around
1.7M samples; we denote it dist_synth.

5.2 Results

Table 3 compares the results of the zero-shot
Qwen2.5-VL (gqwen_zs) with its fine-tuned version
on the distilled synth dataset (qwen_ft). We eval-
uate on two test sets: the same japhug as earlier
and a subset extracted from the distilled dataset.

test set japhug dist_synth
model CER WER CER WER
gwen_zs 28.36 84.41 3542 98.23
gwen_ft 2.89 1547 0.12 1.36

Table 3: Performance of the Qwen model before and
after fine-tuning on the distilled synth dataset.

As expected, we observe the same trend as be-
fore: the zero-shot performance is hindered by the
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character set mismatch, whereas fine-tuning on our
synthetic dataset proved to be effective, even when
distilled. For in-domain synthetic entries, the error
rate drops drastically, reaching less than 2 points
of error, while for Japhug, which is not part of the
fine-tuning dataset, the model also improves.

Although we cannot directly compare the nu-
merical results for Qwen with the previous two
OCR models due to dataset distillation and changed
splits, we observe similar error rates, especially
at the character level. We note that compared to
the previous models, the computational cost is sig-
nificantly higher for this model, as discussed in
Appendix D.

6 Analysis

6.1 Qualitative analysis

Table 4 shows one entry from japhug which was
wrongly transcribed by all three models.

ground truth turck"o+pzu
tess_lat_Sy twgckho t fzu
cal_ipa_0S tIIIGkhO-l-ﬁle
qwen_ft turck"olpzu

Table 4: Error analysis of a sample in the japhug dataset
from the best models of each family (‘to do the action
of drying in the sun’).

We see one of the main weaknesses of Tesser-
act, which is the superscript letters (‘h’ instead of
‘h>y " This is not the case for the other two mod-
els, which have no issue predicting the correct IPA
symbol, in general. We, however, see that the ‘+’
character, which is not part of the IPA per se, but
simply indicates that two units are to be added, has
been predicted wrongly by all three models. Cala-
mari, for instance, approximates using characters
it has seen more often, such as the ‘-’ (indicating
morpheme boundaries), and the ‘t’. Such an issue
would be impossible, had the output language been
known, as the ‘1’ sound doesn’t occur in such a
position in the Japhug grammar book. Appendix E
additionally reports the most missed IPA characters
for the three best models on the japhug test set.

6.2 Unseen dataset: kagayanen

Our final goal is to carry out OCR on actual scans
of grammar books, where the language and words
might be unknown to the model. Hence, we also
report the results of our three types of models on the

smaller kagayanen dataset in Table 5. We recall
that the Kagayanen language is not present in the
synth dataset and is not related to Japhug.

model CER (%) WER (%)
tess_lat_Ja 60.92 117.56
tess_lat_Sy 28.67 97.86
cal_ipa_Ja 40.39 96.63
cal_ipa_Sy 6.77 34.07
gwen_ft 8.65 39.65

Table 5: Performance on the unseen kagayanen dataset.

As before, training on the larger synthetic corpus
proves to be a better strategy overall, as it gener-
alises better than with the japhug dataset. The fine-
tuned Calamari models show better scores than the
Tesseract models. They also outperform Qwen by
around 2 points for CER and 6 points for WER.

7 Conclusion

We performed OCR for IPA characters in grammar
books for the first time, in an effort to improve the
digitisation of linguistic documents, notably in low-
resource languages. We study the capacity of two
neural OCR frameworks, Tesseract and Calamari,
and an alternative and state-of-the-art LVLM ap-
proach with Qwen2.5-VL. Models were evaluated
on two types of test sets: clean monolingual sam-
ples and synthetic multilingual pseudo-sentences.

Zero-shot performance was poor for all three
model types due to the character set mismatch dur-
ing pre-training and inference. This leads to sys-
tematic errors on the characters unique to the IPA,
where models predict the closest known charac-
ter instead. We then observe that fine-tuning on
IPA datasets proved to be effective; using an actual
grammar book as a training resource was not as
helpful as a synthetic but large and multilingual
dataset. We find that the best approach overall is
based on Calamari trained with large synthetic data.
While Qwen proved to be a competitive alternative
in terms of accuracy, it is mainly hindered by its
higher computational cost, at both the training and
inference steps.

Future work will handle not only actual scans,
but also standard texts together with IPA charac-
ters, as both co-occur in linguistic contexts (e.g.,
the phonology chapter or examples in a language
transcribed with the IPA).
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Limitations

The main limitation is the lack of real scans of
grammar books in our evaluation. We only relied
on clean PDFs that were artificially corrupted. This
synthetic situation is due to the scarcity of scans
with only IPA symbols and a verified reference.
Our evaluation protocol means that some scan arte-
facts, such as blur, skew, or ink-bleed, are absent.
Further efforts need to be made to curate such a
dataset, potentially with manual annotation.

Moreover, we only considered two language
grammar books in our study. As we needed
high-quality transcriptions alongside the PDFs, the
dataset choice was limited. We nonetheless ob-
serve that the improvement still holds for synthetic
sentences in a large number of languages.

For the synthetic fine-tuning dataset (‘synth’),
we relied on sentences made of randomly selected
words from Wiktionary in a given language. This
is due to the limited size of IPA-written sentences
in most languages. Here, we preferred to focus
on having a large number of languages represented
(although not grammatically correct due to random-
ness) to cover all IPA characters across language
families and data availability. This is also why
we did not consider using existing grapheme-to-
phoneme tools to massively convert sentences into
the IPA (for supported languages). In our case,
we have noisy sentences in terms of grammar, so
the quality issue would be in the interaction be-
tween words (separated by white spaces) rather
than within words (where errors could occur with
an automatic tool). We also favoured better con-
trol of the data augmentation step to reach a large
training dataset size.

Furthermore, in a real scenario, it is more likely
to have non-IPA characters co-occurring, as men-
tioned in the conclusion. As we also saw that punc-
tuation was already a challenge for the fine-tuned
models, research must continue on the degree of
specialisation for a more general use of the OCR
tool for grammar books.

Finally, all our models assume that the input
images have already been segmented into lines.
External tools or pipelines such as OCRopus® can
be used to carry out that step.
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A Reproducibility

We used the default settings when fine-tuning. For
the learning rate, we choose 0.0001 for Tesseract
and 0.001 for Calamari. We fine-tune the Tesseract
models by freezing the weights of the lower layers
specialised for general feature-extraction and by
training the task-specific upper layers only. All
experiments were run on a single NVIDIA H100,
except for the Tesseract models, which were on
CPUs.

B Oversampling difficult characters

We also experimented with a further data augmen-
tation strategy, where we oversampled characters in
japhug, which proved to be difficult for the models
trained on the synth dataset in the first evaluation
phase. Concretely, we compute the proportion of
errors for each character to find those which are
responsible for around 80% of the character errors.
We increase the synth training dataset with all the
words where these characters occur at least once.
This means that these samples are repeated twice in
the dataset and denote it synth_os. We note here
that the dataset varies depending on the considered
model: for Tesseract, which struggled more, the
dataset is larger (5.3M), whereas for Calamari, it is
smaller (4.4M). Models trained on this dataset are
marked with _0S.

model synth synth_os
CER WER CER WER
tess_eng 36.44 100.95 38.85 102.86
tess_eng_Sy 5.14  40.51 6.51 49.58
tess_eng_0S 519 4104 649 49.62
tess_lat 3402 97.70 3633 99.31
tess_lat_Sy 441 3510 583 44.20
tess_lat_0S 445 35,69 580 44.38
idiotikon 57.12 102.87 56.04 102.75
cal_ipa_Sy 0.20 2.45 0.18 2.21
cal_ipa_Sy_0S 0.19 2.30 0.16 1.97

Table 6: Comparison of the effect of oversampling diffi-
cult characters (_0S) on both training and testing for the
Tesseract and Calamari models.

Table 6 compares the prediction on the test
split of the synth and the more difficult synth_os
datasets. Oversampling has a limited impact: for
Tesseract, training on difficult characters has led
to very little improvement, if not worse error rates.

For Calamari, the model was already well-trained,
leading to negligible gains (less than 1 point). If
we compare the scores across the two test datasets,
we observe that the characters were actually diffi-
cult for the Tesseract model, whereas for Calamari,
there is no major difference in test performance.

C Details on Qwen2.5-VL 7B
C.1 Comparing LVLMs

OCRBench

model CC-OCR V2 (en) TR (en)
QOwen
Owen2.5-VL
72B 79.8 61.5 —
7B 77.8 56.3 68.8
3B 74.5 54.3 —
Owen2-VL
72B 68.7 47.8 —
7B — — 72.1
Closed-source LVLM
Gemini-1.5-Pro 73.0 51.9 61.2
GPT-40 66.6 46.5 61.2
Claude 3.5 Sonnet 62.7 45.2 62.2

Table 7: Benchmark performance of open- and closed-
source LVLMs reported on CC-OCR and OCRBench
v2 (English). TR stands for the text recognition task in
the latter benchmark. ‘—’ indicates an unreported score.
The best score overall is in bold, while the second best
is underlined.

Table 7 compares recent LVLMs on two bench-
marks for OCR: CC-OCR (Yang et al., 2024) and
OCRBench v2 (Fu et al., 2025). CC-OCR reports
separate scores for four tasks: multi-scene OCR,
multilingual OCR, document parsing, and key in-
formation extraction. The overall score comes from
the averaged results over all four tasks. We report
the overall and text recognition (TR) scores for
English on OCRBench v2. The overall value is
the average of the scores on the eight tasks of the
benchmark. All scores are retrieved from the two
benchmark articles and (Bai et al., 2025).

Qwen2.5-VL outperformed closed-source mod-
els such as Gemini-1.5-Pro (Gemini Team et al.,
2023), GPT-40 (OpenAl et al., 2024), or Claude-
3.5-Sonnet. Among the Qwen family, we chose
its 7B version, as it offers a compromise between
performance and computational cost. We note that
the 72B is notably better than the smaller versions
of the model.

C.2 Data structure for Qwen
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{
"image": image_path,
"conversations": [
{
"from": "human",
"value": "<image>
Please output only the text
content from the image
without any additional
descriptions or formatting
The text is IPA.",
}s
{"from": "gpt", "value":
normalised_ground_truth_text
I,
}

Figure 2: Image and text JSON structure used for Qwen.
The conversation template uses the image file path and
the ground truth.

Figure 2 presents how we structured the image,
text, and prompt for Qwen.

C.3 Dataset distillation methodology

All words in the synth dataset are assigned a com-
plexity score based on their character variety, X,
and ratio of diacritics, ¢, as defined in Equation (1)
for a word w. We give more weight to diacritics,
as they are crucial and more difficult to identify.

score(w) = 0.4 - x(w) +0.6-5(w) (1)

To cover the entire set of characters, we keep all
words containing rare characters (i.e., appearing
less than 100 times in the training dataset) and the

most complex words based on the computed score.

C.4 Hyperparameters for fine-tuning

per_device_train_batch_size 32
learning_rate 10-°

optimiser adamw_bnb_8bit
lora_rank 64
lora_alpha 64

lora_dropout 0.05

Table 8: Hyperparameters to fine-tune Qwen.

Table 8 lists the hyperparameters used to fine-

tune Qwen with QLoRA.

D Computational cost

For an actual deployment in real life, another factor
to take into account besides the output accuracy is
the computational cost of the models, both for fine-
tuning and inference. Table 9 reports the average
inference time for the best fine-tuned variants of
the three frameworks.

Tesseract 26 images/sec
Calamari 63 images/sec
Qwen2.5-VL-7B  0.65 images/sec

Table 9: Inference time for the three models.

On our test datasets, the best OCR approach for
IPA in terms of inference is again the fine-tuned
Calamari model. Despite the sometimes better per-
formance achieved by Qwen2.5, the significantly
higher computational load required by the larger
number of parameters hinders its realistic use.

E Difficult characters

Table 10 reports frequently missed characters for
the best models of Tesseract, Calamari, and Qwen
on the japhug dataset. The main challenges seem
to come from visually close characters (or combi-
nations) and diacritics.

character count % of total top misrecognition
w (U+026F) 225 27.3% u (U+0075)

b (U+02BO) 214 26.0% h (U+0068)

n (U+006E) 186 22.6% m (U+006D)
“(U+0301) 32 27.6% i (U+00ED)

a (U+0061) 17 14.7% a (U+0251)

. (U+002E) 13 11.2% (N/A)

a (U+0061) 248 82.7% a (U+0251)

g (U+0067) 10 3.3% g (U+0261)

w (U+026F) 7 2.3% u (U+00FA)

Table 10: Difficult characters for each model and their
error frequency on the japhug test dataset. Top: Tesser-
act; middle: Calamari; bottom: Qwen.
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