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Abstract
Purpose – The aim of this work is to provide an overview of the current capabilities of Multimodal Large 
Language Models (MLLMs) for Handwritten Text Recognition (HTR), assessing their potential when compared 
to traditional task-specific, supervised models.
Design/methodology/approach – The approach is that of using a set of openly-available benchmarks to 
compare different LLMs with strong task-specific supervised baselines for the task of HTR.
Findings – The results show that LLMs currently show a strong performance on English texts, yet they 
demonstrate a weaker performance on languages other than English, and do not possess a significant capability 
for self-correction. Moreover, their comparison with Transkribus’s models highlight the fact that proprietary 
LLM models are the best performing, in particular on modern handwriting, while for historical documents the 
overall performance comparison between LLMs and Transkribus is not consistent.
Originality/value – The authors are not aware of a similar study relying on open benchmarks.
Keywords Large language models, Handwritten text recognition, Automatic text recognition
Paper type Research article

1. Introduction
In recent years, advancements in Generative AI models have begun to influence research in the 
Digital Humanities. The capabilities of Large Language Models (LLMs) manifest both in their 
ease of use for scholars, and in the wide range of applications that Generative AI can support 
within knowledge organization, such as the ability to classify, process and extract meaningful 
information from cultural data, support learning and teaching activities, facilitate collaborative 
annotation and enrichment of texts and assist in interpretative and critical analysis. All these 
aspects, which ultimately enhance data accessibility, are facilitated by the models’ capacity to 
handle and analyze vast amounts of information. As a result, it becomes possible to carry out 
large-scale analyses in an unprecedented manner within the humanities, offering broader and 
faster insights thanks to the models’ computational speed. In this sense, the increasing interest 
in the application of Generative AI within the Digital Humanities is not directed toward 
replacing human-driven research, but rather toward serving as a support tool that can enhance 
scholarly inquiry.

Within this broader context, the paper aims to explore the applicability of LLMs in the field 
of Handwritten Text Recognition (HTR). Automated Text Recognition (ATR), which
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comprehends both HTR and Optical Character Recognition (OCR), has been proposed as a 
solution to manual transcriptions which require significant human effort and extensive time to 
process large quantities of data. However, unlike OCR, which is characterized by standardized 
printed fonts, HTR possesses numerous challenges from the variability of handwriting styles, 
historical calligraphic conventions and various page deterioration issues, such as ink marks, 
bleed-through and stains. For this reason, despite its potential, HTR has struggled to meet the 
same quality standards as OCR on printed texts. As a result, handwritten transcriptions are 
frequently overlooked during digitization processes (Str€obel, 2023, p. 46) and, consequently, 
they are not as often integrated in digital libraries (Terras, 2022, p. 181). The progressive 
improvement in HTR performance could enhance organization, accessibility and information 
retrieval within digitized collections, focusing on accessibility based on the documents’ 
contents, rather than archival descriptions (Colavizza et al., 2022, pp. 7–8). Moreover, 
integrating HTR into collections could shift the perception of cultural objects from being mere 
digital entities to valuable data, offering a starting point for further analysis (Nockels et al., 
2024, p. 150), visualizations and research opportunities based on handwritten material 
(Muehlberger et al., 2019, p. 956).

So far, machine learning models applied to HTR have relied on a supervised learning 
workflow requiring a significant amount of labelled data to train specialized models for 
peculiar handwriting styles. This dependency on large, high-quality annotated datasets poses a 
challenge, particularly for historical materials where such resources are often scarce. 
Additionally, traditional HTR methods struggle with adaptability, as models trained on 
specific scripts, languages or time periods frequently require retraining when applied to new 
data. The workflow itself is both time-consuming and error-prone due to the separation 
between layout analysis and text recognition, where mistakes in one stage can negatively 
impact the other. Moreover, many traditional approaches operate at different granularity levels 
without a deep understanding of semantic context, limiting their effectiveness in handling 
ambiguous handwriting or degraded documents. These limitations are also evident in widely 
used HTR platforms that rely on such models including Transkribus [1], one of the most 
accessible and popular for this task, even among non-experts.

Considering these aspects and recent developments in deep learning related to Multimodal 
Large Language Models (MLLMs), this research primarily assesses their suitability for 
fulfilling the main goal of HTR: the application of general models to successfully recognize 
the content of modern and historical multilingual handwritten materials (Str€obel, 2023, p. 13), 
while diminishing costs and manual supervision. Specifically, the study aims at answering four 
research questions, providing insight into the current state of LLMs applied to HTR, with 
comparisons to Transkribus:

(1) What is the level of accuracy of MLLMs in transcribing multilingual handwritten 
text?

(2) Do proprietary models and small open-source models perform similarly?

(3) Can MLLMs autocorrect and improve their previous predictions?

(4) How do the results produced by MLLMs compare to those of the models available on 
Transkribus?

The first research question aims to evaluate if adapting MLLMs to HTR, using a workflow 
based on users’ interaction with natural language, surpasses the traditional approach focused 
on developing ad hoc models. The comparison between proprietary and open models aims to 
determine if a viable free small-scale open-source alternative can achieve comparable 
accuracy and reduce costs. The capability of post-correction is introduced both to assess if the 
model is capable of “reasoning” on the previous results and to further reduce the manual effort 
needed. Furthermore, the comparison with Transkribus provides insight into how general 
models perform when compared to specialized ones published by one of the widest used HTR
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user-friendly platforms. This article is structured as follows: first, a brief overview of the 
literature and related applications of LLMs to HTR is presented. The methodology is then 
outlined, detailing the workflow, datasets, models, setup, prompt engineering and evaluation 
metrics. Finally, the results of both the zero-shot and self-correction tasks are discussed.

2. Related works
2.1 Supervised learning
HTR has traditionally relied on two main supervised approaches: training models from scratch 
or fine-tuning pre-existing architectures. However, these approaches required the use of two 
separate models: one for layout analysis and line segmentation, and another for the actual text 
recognition (AlKendi et al., 2024, pp. 4–5). This creates an error-prone pipeline in which 
mistakes made during the layout analysis step may go undetected and, if not manually 
corrected, are propagated through the subsequent recognition stages. Moreover, manual effort 
is required in image pre-processing (i.e. binarization and skewing), along with the creation of 
ground truth layout and textual annotations. The annotation granularity may vary depending 
on whether recognition is performed at the word, line, paragraph or page level.

In the case of historical documents, line-level recognition has been especially favored, due 
to complex layouts and limited training data. Early approaches relied on stochastic methods 
(Wuthrich et al., 2009), followed by Multidimensional Long Short-Term Memory-Recurrent 
Neural Networks (MLSTM-RNN) with Connectionist Temporal Classification (CTC) 
(Puigcerver, 2017; Voigtlaender et al., 2016), and more recently by Transformer-based 
models (Kang et al., 2020; Li et al., 2023, 2024; Str€obel et al., 2022a, b; Wick et al., 2021). In 
this context, various HTR toolkits have emerged, such as PyLaia [2] and Kraken [3], which 
serve as the foundational frameworks for the models employed by the user-friendly platforms 
Transkribus and eScriptorium [4], respectively.

A major shift occurred around 2016 with the introduction of attention mechanisms, which 
enabled the development of models capable of recognizing entire paragraphs (Bluche et al., 
2016) and full-pages (Carbonell et al., 2019; Chammas et al., 2018; Coquenet et al., 2021; 
Moysset et al., 2017; Tensmeyer and Wigington, 2019; Wigington et al., 2018; Yousef and 
Bishop, 2020). Further advancements have been achieved by implementing transformer-based 
architectures (Coquenet et al., 2023; Singh and Karayev, 2021). These approaches aimed to 
more closely replicate real-world scenarios, where full documents are processed without prior 
segmentation. The transition to end-to-end architectures marked a significant step toward 
reducing the dependency on large quantities of labelled data while increasing the flexibility 
and scalability of HTR systems.

2.2 New approaches in HTR using LLMs
Even though the HTR state-of-the-art models are pre-trained on a wide number of handwritten 
texts only, the ease of interaction with general purpose MLLMs raises the question of their 
applicability in the HTR field. By merging layout analysis and text recognition, MLLMs can 
be adapted to the task of HTR by providing a well-defined prompt and the raw image, 
contributing to a simpler and faster workflow. Textual and contextual understanding are not 
limited to the analysis of the text but through “cross-modal semantic understanding” where 
tables and illustrations play a key role for deciphering the content of a document (Liu et al., 
2024, p. 4). The most straightforward approach to apply MLLMs to HTR is by using a zero-
shot approach, as demonstrated in the following related works.

First, Li (2024) applied MLLMs in HTR task by comparing Gemini-pro-vision [5] model with 
“traditional models” based on CNN-BiLSTLM and TrOCR (Li et al., 2023). The comparison has 
been undertaken using publicly available datasets such as ICDAR (2014–2017) for English, 
French and German. While traditional methods achieved the best CER results, Gemini exhibited 
a performance gap between English and other languages, indicating a language bias.
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Moreover, Kim et al. (2025) focused on the comparison between Claude Sonnet 3.5 and 
GPT-4o against traditional OCR and HTR systems such as EasyOCR [6], Keras [7], 
PyTesseract [8] and TrOCR to process handwritten French tabular data. Using progressively 
complex prompts, they assessed performance at both the line and full-page levels. For full-
document recognition, Claude Sonnet 3.5 achieved the highest accuracy, surpassing traditional 
methods.

The paper closer to this research is the one by Humphries et al. (2024) which provides a 
comparison between different proprietary models Claude Sonnet 3.5, Gemini-1.5 Pro-002 and 
gpt-4o-06-08- 2024, along with a Transkribus PyLaia [9] model and “The Text Titan I” 
supermodel. The paper investigates the accuracy of LLM in HTR using a zero-shot approach, a 
self-correction approach, a correction using a different model and an LLM correction of 
Transkribus outputs. While the study presents a valid methodology and comparisons for 
assessing the applicability of LLMs in HTR research, two key limitations must be noted. First, 
it considers only English texts, which may introduce a shortcoming given that most LLM 
training data is in English. Consequently, the results cannot be regarded as representative of the 
models’ recognition capabilities, as no datasets in languages other than English were analyzed. 
Second, the study does not use public datasets, arguing that they fail to “simulate real-world 
conditions” and that LLMs may have been exposed to available HTR data during training, 
potentially leading to artificially low error rates (Humphries et al., 2024, p. 12). Although this 
concern is valid in principle, the study does not provide details on the prompts used or the 
results obtained. Furthermore, the test was conducted only on Gemini, with no additional 
evaluations on other models to substantiate this claim.

As for post-correction strategies, previous studies have demonstrated that LLMs are unable 
to correct their own prediction, sometimes providing worst answers than the initial ones 
(Stechly et al., 2023). This can be caused by the fact that LLMs are built to output the most 
probable token in a sequence, and “cannot properly judge the correctness of their reasoning” 
(Huang et al., 2024, p. 4). While in the OCR domain recent research has reported notable 
improvements through self-correction mechanisms (Bourne, 2025; Greif et al., 2025) similar 
attempts in the HTR field have not yielded comparable results (Humphries et al., 2024).

3. Methodology
3.1 Benchmark workflow
The main difference between the previous approaches and MLLMs lies in the user’s interaction 
and in the simplification of the workflow. In the supervised environment, human involvement is 
required not only in image pre-processing and annotation but also in the post-correction of 
layout detection before text recognition. MLLMs substantially reduce this complexity by 
accepting unannotated images, processing layout and text recognition at the same time. As a 
consequence, the creation of Ground Truth (GT) may not be needed for anything other than 
computing the accuracy of the model. Moreover, instructions are articulated using natural 
language, which facilitates the immediate interaction and task refinement from a user’s 
perspective. Overall, MLLM’s reduce manual supervision and processing time, while 
proposing a more approachable setting to non-expert users (see Figure 1).

The application of LLMs for the HTR task involves a different workflow than the one based 
on pre-processing, segmentation and text recognition. While preprocessing may be required in 
some cases where models require image resizing or corrections to orientation, segmentation is no 
longer necessary, nor are specific GT annotations related to both text and layout. In this research, 
o ensure a fair comparison, the same datasets, implementation strategies, hyperparameters and 
prompts are used across all models. Models are evaluated using the Transkribus platform, API 
access for proprietary models or local installation for open-source models. The study also 
investigates the potential of incorporating LLMs as a post-correction step in the workflow, to 
assess whether LLMs could detect and correct errors in their initial predictions and potentially 
improve accuracy. Finally, models’ predictions are evaluated using traditional metrics
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commonly found in literature, such as Character Error Rate (CER), Word Error Rate (WER) and 
Bag-of-Words Word Error Rate (BoW-WER), guaranteeing a comparable evaluation with 
previous studies that tested models’ performance on the same datasets.

3.2 Models
The benchmarking project was done using eight MLLMs: three proprietary models (GPT-4o 
[10], GPT-4o-mini [11] and Claude 3.5 Sonnet [12]) and five different small open-source 
models (MiniCPMV- 2 6 [13], Qwen2-vl- 7B [14], Pixtral12B [15], InternVL2-8B [16] and 
Phi-3-mini-instruct-128k [17]). They are characterized by multilingual support, along with 
implementation via API or local installation. They represent state-of-the-art multilingual 
proprietary and small open-source multimodal MLLMs as of October 2024.

The models already available on Transkribus are based on PyLaia and TrHTR [18]. 
The former involves a supervised approach to create a model from scratch or to fine-tune an 
existing model. Instead, “supermodels”, are built on the TrHTR Transformer architecture which 
leverages the one of TrOCR. These models, available only via paid subscription, have been pre-
trained on extensive datasets and are not intended for fine-tuning (Terras et al., 2025, p. 21).

In this application, the supermodel “The Text Titan I”, trained on 16th to 21st century 
multilingual material was chosen for the detection of English, German and French, reaching an 
average CER of 2.95%. On the other hand, since no supermodels are currently available for 
Italian, the PyLaia-based “Italian Handwriting M1” was used. This is a model released by the 
Transkribus team which recognizes handwriting from the 16th to the 19th century and 
achieves an average CER of 6.70%.

3.3 Datasets
The datasets selection has been undertaken considering their availability on the web, open-
source status, the full-page accessibility, the documentation provided in a related paper and the 
usage in literature [19]. The criteria were based on a table published by Cascianelli et al. (2022, 
p. 2), where the highly used benchmark datasets in literature are reported. However, in that 
table most of the mentioned datasets are suited only for line-level recognition. Considering this

Figure 1. Application of MLLMs in a zero-shot approach to handwritten text recognition from a user 
perspective
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as the primary source, the research for other page-level datasets was further expanded in 
literature, considering, when indicated, the already provided splitting to ensure our approach 
was comparable to previous methods (see Table 1).

3.3.1 An investigation of LLM pre-training using HTR datasets. The datasets mentioned are
benchmarks that have been repeatedly used to assess and compare the performance of different 
models. As mentioned, Humphries et al. (2024) argued that HTR benchmark datasets were not 
suitable for pursuing the task in an unbiased manner, as they may have been used during the 
pre-training of LLMs due to their availability on the web (Humphries et al., 2024, pp. 12-13). 
However, they did not provide comprehensive evidence to support this claim. To demonstrate 
if these datasets have been part of pre-training sets, a similar approach to the one presented by 
Chang et al. (2023) was followed, using a “name cloze” prompt, meaning a masked prompt 
which can effectively reveal if the material was completely memorized by the model. To run a 
similar test, 1% or, in the cases of small datasets, at least five pages per dataset were 
considered, creating sub-datasets (see Table 2), where, for each page, three random words with 
at least four characters were masked using [MASK].

Table 1. Basic information about the chosen handwritten text recognition datasets

Dataset Language Period
Validation
set (pages)

Validation
set

Available dataset
(URL) Paper

IAM English Modern 116 
(Aachen 
Split)

Provided IAM dataset 
(accessed 14/01/2025)

Marti and Bunke 
(1999, 2002)

RIMES French Modern 100 
(DVD1 
split)

Last 100 
images of 
training set

RIMES dataset 
(accessed 14/01/2025)

Augustin et al. 
(2006)

LAM Italian 18th
Century

171 10% of the
Training 
set

LAM dataset
(accessed 14/01/2025)

Cascianelli et al.
(2022)

Leopardi Italian 19th
Century

16 Provided Leopardi dataset
(accessed 14/01/2025)

Cascianelli et al.
(2021)

Bentham English 18th–19th
Century

50 Provided Bentham dataset
(accessed 14/01/2025)

S�anchez et al.
(2014)

READ2016 German 15th–19th
Century

50 Provided READ2016 dataset
(accessed 14/01/2025)

Sanchez et al.
(2016)

ICDAR2017 German,
French,
Italian

19th
Century

500 (Train
B, Batch 1)

Last 500
images of
training ser

ICDAR2017 dataset
(accessed 14/01/2025)

S�anchez et al.
(2017)

Source(s): Authors’ own work

Table 2. Number of pages included in each dataset to assess their potential use for pre-training

Dataset

Pages used 
for the 
evaluation

IAM 5
RIMES 18
Leopardi 5
LAM 12
Bentham 5
READ2016 5
ICDAR2017 50
Source(s): Authors’ own work
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Then, each of the chosen LLMs, was asked to complete the missing words using the 
following system prompt and user prompt inspired by Chang et al. (2023):

You’re an AI assistant specialized in filling masked words in a sentence. When a [MASK] token 
appears in the text, replace it with the most probable word, which has at least four characters. Consider 
the context carefully.

Text: {masked text} You’ve seen the passage in your training data. Replace each [MASK] with the 
most appropriate word, reply with ONLY ONE word even if you’re not totally certain. Provide ONLY 
the replacement words, separated by spaces, in order of appearance.

Considering a total of 100 pages analyzed across datasets and three words masked per each 
dataset, the total number of predicted words was set to 300.

The results reported in Table 3 show that the percentage of correct guesses over the masked 
words are minimal, which could suggest that they have not been used for pre-training LLMs. 
The case with the highest guesses is Claude Sonnet 3.5 which correctly guessed 15 out of 150 
words in the ICDAR dataset, 6 out of 54 words in the RIMES, 2 out of 36 words in LAM, 2 out 
of 15 words in Bentham and 2 out of 15 words in READ.

3.4 Experimental setup
The implementation approach differs between proprietary to open-source models: the first can 
be leveraged via API, while open-source models must be locally installed using libraries such 
as HuggingFace [20]’s Transformers [21] or VLLM [22]. For this project, an NVIDIA L40S 
GPU with 48 GB of GPU memory was used, which allowed it to run models up to 10–12 
billion parameters. When possible, the local installation was performed using Flash Attention 
[23] (Dao et al., 2022). Furthermore, the homogeneous adaptation of LLMs for the HTR task 
can be achieved by tuning the hyperparameters at the same value and maintaining the same 
prompt throughout the models. For this reason, the Temperature parameter, which adjusts the 
degree of randomness in the response, is set to zero (Humphries et al., 2024, p. 11). Whether 
the implementation via API supports directly the specification of Temperature, in the local 
installation the same results are achieved by setting the parameter “do sample” to False [24]. In 
this case, the model selects the token with the highest probability at each step, following a 
greedy decoding approach. In the local implementations, the hyperparameter called repetition 
penalty [25] is often added to address issues of redundancy and looping repetitions in the 
generated text. In this case, it was set to 1.2, as it has been demonstrated to achieve a “good 
balance between truthful generation and lack of repetition” when combined with greedy 
sampling (Keskar et al., 2019).

3.4.1 Zero-shot. Approaching prompting in a benchmark task means trying to find the 
general yet effective prompt that correctly suits the demands and the output’s expected 
accuracy. To achieve this, the interaction with the model requires system and user prompt.

Table 3. Report of the correct masked predictions over the number of total masked words across datasets

Model
Correct words/ 
total masked words

Gpt-4o-2024-08-06 17/300
Claude-3-5-sonnet-20240620 27/300
Qwen2-VL-7B 2/300
MinicpmV-2 6 1/300
Pixtral-12B 1/300
InternVL2-8B 1/300
Phi-3-mini-128k-instruct 0/300
Source(s): Authors’ own work
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The system prompt guides the model’s responses by providing general instructions. 
By assigning the model a persona, following the “persona pattern” (White et al., 2023, 
p. 7), other than context-wise descriptions and steps to simplify the task, it learns to provide 
responses in a consistent manner. Moreover, the end of the system prompt generally is 
dedicated to specifying the customized output format [26]. For the benchmarking project, the 
chosen system prompt was:

You are an AI assistant specialized in transcribing handwritten text from images. Please follow these 
guidelines:

(1) Examine the image carefully and identify all handwritten text.

(2) Transcribe ONLY the handwritten text. Ignore any printed or machine-generated text 
in the image.

(3) Maintain the original structure of the handwritten text, including line breaks and 
paragraphs.

(4) Do not attempt to correct spelling or grammar in the handwritten text. Transcribe it 
exactly as written.

(5) Do not describe the image or its contents.

(6) Do not introduce or contextualize the transcription.

Remember, your goal is to provide an accurate transcription of ONLY the handwritten portions of the 
text, preserving its original form as much as possible.

This prompt has been created by assigning the role of specialized transcription assistant, 
following a clear structure and separating distinctly the steps to be considered by the model, 
other than using a direct tone. In this case, the repetition of certain instructions is fundamental, 
particularly when added at the end of the prompt, to specify what the model needs to pay 
specific attention to [27]. On the other hand, the user prompt represents the direct user-agent 
interaction and in this case, it was formulated as follows:

Please transcribe the handwritten text in this image as accurately as possible, respecting line breaks. 
Every response should start with ‘Transcription:’, followed only by the transcription.

This baseline prompt defines the task in a straightforward manner and has been proven effective 
and suitable for transcriptions across various datasets. The consistency of the output is 
determined by the guide added at the end of the input, which specifies how to initiate the output. 
This approach, combined with the guidelines provided in the system prompt, definitively 
eliminates polite introductions typically generated by the model at the beginning of the 
predicted text. Consequently, by assuming that outputs started always with the same pattern, the 
expression was then manually deleted. Specific output formatting is demonstrated to enhance 
significantly the performance of the models, for instance, the JSON format is recommended for 
increasing consistency [28]. In this case, however, the output format chosen was plaintext, 
because, unlike OpenAI models, not all the selected models have a JSON mode integrated and 
simply specifying the desired output format in the prompt, even with a pre-structured template, 
was not guaranteeing a uniform output.

3.4.2 LLMs post-correction. Post-OCR or HTR correction can be approached in different 
ways, from crowdsourcing to the automatic post-correction of previous predictions using 
LLMs (Bourne, 2025, p. 2). In this context, LLMs are tested for their ability to perform 
intrinsic self-correction, where the model autonomously adjusts its responses without external 
human feedback (Huang et al., 2024, p. 1), based on the assumption that verifying correctness 
is easier than generating text from scratch.
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The aim of this part of the project is to determine whether an increase in accuracy could be 
observed in the predicted text after LLM post-correction. The refinement task is carried out in 
three steps where the model is asked again to analyze both the original image and the output 
produced at time t–1, which means that in the first iteration the model examines the output of 
the zero-shot task. In each subsequent step a different user prompt is provided, specifying 
where the focus of the model is needed, whether in the orthography or spelling refinement or in 
the layout formatting or in both as the last prompt:

Review the original image and your previous transcription. Focus on correcting any spelling errors, 
punctuation mistakes, or missed words. Ensure the transcription accurately reflects the handwritten 
text. Every response should start with ‘Transcription:’, followed only by the transcription.

Examine the structure of the transcription. Are paragraphs and line breaks correctly represented? 
Adjust the layout to match the original handwritten text more closely. Every response should start with 
‘Transcription:’, followed only by the transcription.

Make a final pass over the transcription, comparing it closely with the original image. Make any last 
corrections or improvements to ensure the highest possible accuracy. Every response should start with 
‘Transcription:’, followed only by the transcription.

3.5 Evaluation
For an evaluation of the results, classic metrics borrowed from the Automatic Speech 
Recognition field such as Character Error Rate, Word Error Rate and Word Error Rate-Bag of 
Words are adopted, as they have been widely used in literature, previous benchmark 
assessments and in Transkribus to evaluate the accuracy of the predictions. These metrics 
provide a comprehensive evaluation by considering both the reading order, in the case of CER 
and WER, or not as in the case of WER-Bag of Words approach. This combination allows for 
the assessment of the transcription quality and the model’s ability to provide a prediction in 
which meaningful information can be extracted, even when an acceptable level of transcription 
is not reached. Before computing these metrics, the output length is normalized to the one of 
the GT, while line breaks, empty lines and all punctuation followed by a whitespace are 
removed. This ensures that whitespaces are the only separators between words, allowing long 
text blocks to be formatted correctly for evaluation, focusing purely on the content rather than 
any formatting discrepancies.

(1) Character Error Rate and Word Error Rate

Character Error Rate is the “inverted accuracy”, meaning that it represents the error rate at 
character level based on the Levenshtein distance (Levenshtein, 1965) This suggests that all 
the metrics that incorporate this aspect depend on the reading order. To calculate the CER, the 
following formula has been used:

CER ¼
I þ S þ D

N 
¼

I þ S þ D
C þ S þ D

where N is the total number of characters in the GT, C is the number of correct characters, I is 
the number of insertions, S of substitutions and D deletions required to transform the reference 
text into the provided GT (Neudecker et al., 2021, p. 2). To give an idea of what these 
percentages actually represent, a CER below 5% is considered very good, if it falls in a range 
between 5 and 10% is good (Muehlberger et al., 2019, p. 965), excellence is achieved with a 
CER below 2.5% (Hodel et al., 2021, p. 2).

On the contrary, the score below 90% of accuracy, meaning a CER above 10% is an 
indication of poor quality (Str€obel et al., 2022a, b, p. 1). Instead, Word Error Rate is the 
correspondent to CER but at word level, identifying the number of insertions, deletions and 
substitutions in the recognized words divided by the total number of words in GT. In this
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experiment, the WER and the derived WER-BoW computation is case insensitive, meaning 
that uppercase letters and lowercase letters are considered equal.

(2) Bag of Words – Word Error Rate

The previously introduced metrics are based on the reading order, meaning that, if a word is 
detected but not in the correct positioning, it will not be considered. To address these issues and 
consider the correctly detected words regardless of their order, which is particularly useful for 
information retrieval tasks, the WER-Bag of Words (WER-BoW) metric was introduced 
(Moysset et al., 2017; Pletschacher et al., 2015). In this case, WER-BoW is calculated 
considering the difference between the total number of words in the GT and the intersection of 
those present in both the GT and in the prediction, over the total number of words:

WER � BoW ¼ 
N � ðP \ NÞ

N 
where N is the total number of words in the GT and P the number of words in the prediction. 
Therefore, this value can be much lower than WER when the reading order between GT and 
prediction is different.

4. Analysis of results and discussion
Tables 4–10 present the zero-shot results, indicating that LLMs perform well in transcribing 
English handwritten text and modern handwriting, though their accuracy declines 
progressively in other languages. While proprietary models, particularly Claude Sonnet 3.5,

Table 4. IAM dataset results

Model CER WER WER BoW

The Text Titan I 9.13% 23.38% 17.88%
Gpt-4o-mini-2024-07-18 1.71% 3.34% 2.33%
Gpt-4o-2024-08-06 1.75% 3.59% 2.49%
Claude-3-5-sonnet-20240620 1.75% 3.55% 2.57%
MinicpmV-2 6 2.02% 3.23% 2.42%
Qwen2-VL-7B 2.30% 4.20% 2.43%
Pixtral-12B 2.92% 5.39% 3.54%
InternVL2-8B 25.15% 39.95% 33.05%
Phi-3-mini-128k-instruct 3.85% 6.40% 4.46%
Source(s): Authors’ own work

Table 5. RIMES dataset results

Model CER WER WER BoW

The Text Titan I 10.71% 20.76% 17.93%
Gpt-4o-mini-2024-07-18 3.22% 7.68% 6.29%
Gpt-4o-2024-08-06 1.69% 3.76% 3.30%
Claude-3-5-sonnet-20240620 1.63% 4% 3.36%
MinicpmV-2 6 7.98% 16.55% 15%
Qwen2-VL-7B 6.47% 12.62% 10.42%
Pixtral-12B 13.02% 23.55% 18.73%
InternVL2-8B 35.19% 66.53% 57.61%
Phi-3-mini-128k-instruct 23.58% 48.45% 43.60%
Source(s): Authors’ own work
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continue to yield the best results, open-source models like Qwen are narrowing the gap. 
However, it cannot be broadly stated that Transkribus models consistently outperform LLMs, 
as accuracy varies depending on the specific use case.

A clear disparity emerges between the recognition of modern and historical handwriting. 
In modern handwriting, LLMs surpass Transkribus, achieving excellent results with a CER 
below 5%. On IAM, GPT-4o-mini attains 1.71% CER and 3.34% WER, while on RIMES, 
GPT-4o reaches 1.69% CER and 3.66% WER, outperforming Transkribus’ supermodel.

Instead, for the recognition of the English historical dataset, the results are balanced. While 
The Text Titan achieves the best outcome with 7.07% CER and 12.41% WER, LLMs are not

Table 6. LAM dataset results

Model CER WER WER BoW

Italian Handwriting M1 25.94% 45.77% 36.75%
Gpt-4o-mini-2024-07-18 37.86% 60.83% 52.25%
Gpt-4o-2024-08-06 33.53% 49.81% 42.53%
Claude-3-5-sonnet-20240620 20.55% 27.78% 24.57%
MinicpmV-2 6 41.55% 62.56% 61.05%
Qwen2-VL-7B 28.76% 42.46% 40.80%
Pixtral-12B 52.73% 64.40% 62.44%
InternVL2-8B 80.82% 94.22% 93.24%
Phi-3-mini-128k-instruct 64.78% 81.42% 80.12%
Source(s): Authors’ own work

Table 7. Leopardi dataset results

Model CER WER WER BoW

Italian Handwriting M1 37.23% 55.77% 47.34%
Gpt-4o-mini-2024-07-18 48.13% 67.82% 55.46%
Gpt-4o-2024-08-06 36.34% 51.67% 43.82%
Claude-3-5-sonnet-20240620 26.43% 35.08% 31.15%
MinicpmV-2 6 45.85% 65.73% 60.82%
Qwen2-VL-7B 37.07% 49.07% 43.91%
Pixtral-12B 59.54% 82.02% 68.50%
InternVL2-8B 83.43% 99.70% 97.11%
Phi-3-mini-128k-instruct 69.78% 85.06% 82.01%
Source(s): Authors’ own work

Table 8. Bentham dataset results

Model CER WER WER BoW

The Text Titan I 7.07% 12.41% 8.54%
Gpt-4o-mini-2024-07-18 9.48% 15.09% 13.16%
Gpt-4o-2024-08-06 16.62% 20.73% 18.89%
Claude-3-5-sonnet-20240620 10.97% 14.46% 12.24%
MinicpmV-2 6 11.76% 17.24% 13.91%
Qwen2-VL-7B 8.01% 12.94% 11%
Pixtral-12B 28.08% 38.25% 30.32%
InternVL2-8B 76.81% 95.92% 81.67%
Phi-3-mini-128k-instruct 32.03% 41.85% 38.73%
Source(s): Authors’ own work
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far behind. However, the Bentham dataset was used in the pre-training of existing Transkribus 
PyLaia models, consequently, it can be supposed that even supermodels could have been 
trained using this data (Muehlberger et al., 2019, p. 959). Moreover, the discrepancy between 
the models’ performance dealing with English historical and modern texts exhibits a language 
bias which mirrors the intrinsic one in LLMs caused by most of its training data being in 
English. Therefore, these models result in being biased not only from a linguistic aspect but 
also in relation to the characteristics of handwriting (Hodel, 2022, p. 169). The accuracy 
decline is even more pronounced for non-English datasets, where neither Transkribus models 
nor LLMs consistently outperform one another. For Italian, Claude Sonnet 3.5 delivers the best 
results on both the Leopardi and LAM datasets, yet the overall performance remains poor, with 
CER exceeding 20%. On LAM, Claude reaches 20.55% CER and 27.78% WER, while on 
Leopardi, it records 26.43% CER and 35.08% WER. In German and multilingual datasets, 
The Text Titan surpasses LLMs, achieving 40.63% CER and 64.28% WER on the READ2016 
dataset and 14.40% CER and 29.40% WER on ICDAR2017. Transkribus also struggles to 
produce satisfactory results, likely due to the challenges of difficult handwriting, conservation 
issues and the complexity of historical German lexicon.

The results derived from the LLMs’ post-correction, reported from Tables 11–17, demonstrate 
how these models cannot guarantee a substantial improvement of the first prediction. While small 
improvements in performance are observed in some cases, this behavior is not consistent. This 
means that the same model applied to different datasets does not always show the same 
performance: it may correct errors when applied to some datasets but worsen performance in 
others. When improvements do occur, they are generally insignificant and insufficient to shift the 
output from “unusable” (CER over 10%) to “good”. In fact, the best case of post-correction 
improvement was seen in GPT-4o applied to ICDAR2017 dataset noticing a decrease of 8% in

Table 9. READ dataset results

Model CER WER WER BoW

The Text Titan I 40.63% 64.28% 61.29%
Gpt-4o-mini-2024-07-18 78.51% 98.27% 95.77%
Gpt-4o-2024-08-06 80.20% 98.08% 95.46%
Claude-3-5-sonnet-20240620 71.17% 95.39% 92.01%
MinicpmV-2 6 81.33% 99.39% 98.84%
Qwen2-VL-7B 76.37% 97.91% 96.84%
Pixtral-12B 77.88% 99.48% 98.20%
InternVL2-8B 81.62% 99.76% 99.08%
Phi-3-mini-128k-instruct 92.32% 99.95% 99.71%
Source(s): Authors’ own work

Table 10. ICDAR2017 dataset results

Model CER WER WER BoW

The Text Titan I 14.40% 29.47% 24.69%
Gpt-4o-mini-2024-07-18 58.94% 82.08% 70.68%
Gpt-4o-2024-08-06 60.98% 76.64% 70.35%
Claude-3-5-sonnet-20240620 41.19% 60% 51.69%
MinicpmV-2 6 71.16% 92.95% 89.95%
Qwen2-VL-7B 58% 81.55% 72.53%
Pixtral-12B 71.88% 95.40% 82.05%
InternVL2-8B 81.82% 99.65% 97.80%
Phi-3-mini-128k-instruct 85.46% 97.40% 95.88%
Source(s): Authors’ own work
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Table 11. IAM dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 1.74% 2.86% 1.86%
Gpt-4o-2024-08-06 1.39% 3.46% 2.48%
Claude-3-5-sonnet-20240620 8.55% 10.28% 5.62%
MinicpmV-2 6 2.02% 3.27% 2.34%
Qwen2-VL-7B 5.06% 9% 3.60%
Pixtral-12B 10.03% 12.04% 6.94%
InternVL2-8B 24.74% 39.11% 32.82%
Phi-3-mini-128k-instruct 3.66% 7.09% 5.08%
Source(s): Authors’ own work

Table 12. RIMES dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 3.45% 8.02% 6.28%
Gpt-4o-2024-08-06 1.74% 4.17% 3.69%
Claude-3-5-sonnet-20240620 1.61% 4.17% 3.51%
MinicpmV-2 6 15.51% 19.59% 16.32%
Qwen2-VL-7B 10.23% 20.33% 15.44%
Pixtral-12B 16.92% 34.25% 29.15%
InternVL2-8B 35.05% 66.24% 57.94%
Phi-3-mini-128k-instruct 33.23% 59.57% 55.31%
Source(s): Authors’ own work

Table 13. LAM dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 37.92% 52.98% 44.77%
Gpt-4o-2024-08-06 36.56% 52.32% 46.71%
Claude-3-5-sonnet-20240620 20.08% 34.43% 24.56%
MinicpmV-2 6 43.62% 68.84% 61.59%
Qwen2-VL-7B 31.11% 52.11% 44.25%
Pixtral-12B 54.17% 79.25% 64.69%
InternVL2-8B 80.04% 98.41% 92.81%
Phi-3-mini-128k-instruct 73.77% 93.18% 90.09%
Source(s): Authors’ own work

Table 14. Leopardi dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 47.36% 67.99% 54.91%
Gpt-4o-2024-08-06 36.25% 52.46% 44.32%
Claude-3-5-sonnet-20240620 26% 34.20% 30.52%
MinicpmV-2 6 47.04% 65.87% 60.18%
Qwen2-VL-7B 40.08% 54.37% 46.96%
Pixtral-12B 56.89% 81.23% 68.82%
InternVL2-8B 83.27% 99.67% 98.89%
Phi-3-mini-128k-instruct 76.86% 91.95% 88.28%
Source(s): Authors’ own work
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CER and 4.7% in WER, but due to the high levels of error, these transcriptions remain unusable. 
Moreover, the models which demonstrated some capabilities of improvement are GPT models 
and Claude Sonnet 3.5 as also noted by Bourne (2025, p. 14). Instead, all the open-source models 
failed to show improvement and rather increased the error rates. From this second sub-task inside 
the benchmarking project, it can be concluded that, aligning with Humphries et al. (2024), LLMs 
post correction does not lead to substantial prediction improvements and cannot be considered as 
a valid substitute for manual post correction at this moment.

5. Conclusion and future developments
In conclusion, this paper has analyzed the task of HTR, proposing an initial exploration of the 
applicability of MLLMs in a multilingual HTR context using a snapshot of models available as

Table 15. Bentham dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 60.57% 82.50% 70.60%
Gpt-4o-2024-08-06 52.23% 72.16% 63.41%
Claude-3-5-sonnet-20240620 40.87% 59.41% 50.96%
MinicpmV-2 6 69.35% 92.47% 89.29%
Qwen2-VL-7B 60.57% 83.71% 73.56%
Pixtral-12B 72.32% 95.36% 82.31%
InternVL2-8B 80.78% 99.70% 97.58%
Phi-3-mini-128k-instruct 77.98% 97.63% 95.54%
Source(s): Authors’ own work

Table 16. READ2016 dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 78.22% 97.23% 95.69%
Gpt-4o-2024-08-06 77.42% 97.59% 94.19%
Claude-3-5-sonnet-20240620 71.08% 95.53% 92.17%
MinicpmV-2 6 80.74% 99.74% 99.24%
Qwen2-VL-7B 76.25% 97.77% 96.78%
Pixtral-12B 79% 99% 98.03%
InternVL2-8B 82.34% 99.89% 99.03%
Phi-3-mini-128k-instruct 82.31% 99.77% 99.42%
Source(s): Authors’ own work

Table 17. ICDAR2017 dataset results

Model CER WER WER BoW

Gpt-4o-mini-2024-07-18 78.22% 97.23% 95.69%
Gpt-4o-2024-08-06 77.42% 97.59% 94.19%
Claude-3-5-sonnet-20240620 71.08% 95.53% 92.17%
MinicpmV-2 6 80.74% 99.74% 99.24%
Qwen2-VL-7B 76.25% 97.77% 96.78%
Pixtral-12B 79% 99% 98.03%
InternVL2-8B 82.34% 99.89% 99.03%
Phi-3-mini-128k-instruct 82.31% 99.77% 99.42%
Source(s): Authors’ own work
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of October 2024. To assess this potential, the research conducted a benchmarking study that 
examined LLMs’ zero-shot capabilities from a user’s perspective, including hyperparameter 
choices and evaluation metrics. Additionally, LLMs were prompted to self-correct their 
primary output, evaluating whether post-correction could be feasible without manual 
intervention.

It emerged that LLMs applied to HTR offer several advantages, including ease of 
implementation, improved user–model interaction, faster processing times and reduced costs. 
The differences in workflow, when compared to traditional approaches, could significantly 
alter how this task is adapted, potentially enabling a single general model to recognize various 
handwriting styles and languages. Such advancements could enhance HTR predictions and 
promote a wider adoption in digital libraries.

However, the results of this research show that the feasibility of using both proprietary 
and open-source LLMs for HTR is skewed towards the English language and mostly on 
modern handwriting documents, caused by the proportionally unbalanced datasets used 
during pre-training. Consequently, the performance on other languages and historical 
documents is consistently weaker, generally producing unusable results. The model which 
constantly demonstrated the best results overall is Claude Sonnet 3.5. While the accuracy is 
similar between proprietary and open-source models on modern handwriting and English 
materials, open-source model performance decreases significantly for historical documents 
in other languages. Moreover, MLLMs do not demonstrate a consistent and significant 
capability of autocorrection. In particular, it can be observed that post-corrections produced 
by open-source models reduced accuracy overall. As for the comparison with Transkribus’ 
models, it is not possible to generalize if the platform’s models outperform LLMs or vice 
versa. While LLMs achieved comparable results for English historical handwriting and 
outperformed Transkribus on modern handwriting and Italian datasets, Transkribus models 
showed better results on German and multilingual datasets.

Platforms like Transkribus and general LLMs will likely continue to coexist as tools 
supporting users’ activities, each being selected based on specific needs. LLMs are quicker, 
less expensive in terms of material preparation and adaptation and allow for iterative task 
adjustments through interaction with the API. However, they still require improvement in the 
recognition of historical handwritten documents in different languages. On the other hand, 
Transkribus offers a wide variety of tools, and the shift from highly specialized models to 
supermodels will likely lead to uniform improved performance on languages other than 
English. At the moment, for tasks requiring highly tailored solutions, Transkribus’ user 
interface and specialized models remain advantageous.

This study was intended as an analysis of the state of these models at the time of publishing. 
Its limitations include the choice of datasets, which was limited to available HTR datasets in a 
few languages and does not fully capture the models’ performance in multilingual contexts. 
The benchmarking approach provided a basis for comparison, but the baseline prompt lacked 
contextual elements that could have significantly improved the results. Furthermore, the 
analysis was limited to open-source models up to 12B parameters due to computational 
constraints.

Future improvements in both proprietary and open-source models will surely produce 
better results, especially given the rapid advancements in the field of multimodal LLMs. To 
ensure broader representability and generalizable outcomes, future research should involve 
diverse HTR datasets, including ideographic and non-Latin scripts. Additionally, exploring 
alternative prompt structures, such as contextual prompting, few-shot learning or 
incorporating fine-tuning, could further improve performance. Fine-tuning LLMs for 
HTR tasks could specialize these models to a comparable level to Transkribus. A next 
relevant step would be to investigate whether a comparison between specialized LLMs and 
Transkribus’ models would produce results consistent with the findings presented in 
this study.

JD
81,7

348

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025



About the authors
Giorgia Crosilla holds a BA in History of Art from the University of Udine and an MA in Digital 
Humanities and Digital Knowledge from the University of Bologna. Between 2023 and 2024, she 
collaborated with the Bibliotheca Hertziana on the development of a website for the digital edition of 
Heinrich W€olfflin’s works. Her Master’s thesis research focused on the application of Large Language 
Models (LLMs) to Handwritten Text Recognition (HTR).

Lukas Klic is the Head of Digital Humanities Research and Manager of Information Services & 
Digital Initiatives at I Tatti, the Harvard University Center for Italian Renaissance Studies. With a 
background in Art History, Library Science and Digital Humanities, his research focuses on digital tools 
that facilitate the accessibility and interpretation of cultural heritage, leveraging Linked Open Data (LOD) 
to allow for the cross-pollination of research data. At I Tatti he leads a number of projects involving LOD, 
computer vision, natural language processing, geospatial mapping and digital publishing. He is the 
Technical Architect of Pharos, the International Consortium of Photo Archives, a group of 14 North 
American and European art historical photo archives currently building an open and freely accessible 
digital research platform for the history of art. He was the co-principal investigator of the Samuel H Kress 
Foundation sponsored project The Drawings of the Florentine Painters that transformed and published 
Bernard Berenson’s work in a semantically enriched digital edition. He has worked in the library system 
of Harvard University for over 20 years in various capacities, and holds a Master’s of Library and 
Information Science from Simmons University and a Ph.D. in Computer Science from Ca’ Foscari 
University in Venice with a concentration in Digital Humanities.

Giovanni Colavizza is Full Professor in the Department of Communication at the Faculty of 
Humanities, University of Copenhagen and he is affiliated with the Department of Classical and Italian 
Philology and the Digital Humanities Advanced Research Centre in Bologna. He specialized in the 
intersection of artificial intelligence and the humanities. Colavizza completed his Ph.D. at EPFL in 
Lausanne, focusing on text mining and citation analysis of humanities scholarly publications. During this 
time, he co-founded Odoma developing customized AI solutions for the cultural and creative sectors. 
More recently, he established Mithril Minds, a company dedicated to generative AI solutions for legal 
compliance and administrative processes. Before joining the University of Bologna, he was part of the 
Research Engineering Group at The Alan Turing Institute and served as assistant professor at the 
University of Amsterdam’s Institute for Logic, Language and Computation (ILLC). His academic 
background spans computer science (BSc) and history and information studies (BA, MA).

Acknowledgments
We would like to thank I Tatti, The Harvard University Center for Italian Renaissance Studies for 
providing access to the servers, subscriptions and GPUs necessary for the execution of the project.

Notes
1. https://www.transkribus.org/ (accessed 29/01/2025).

2. https://github.com/jpuigcerver/PyLaia (accessed 05/01/2025).

3. https://github.com/mittagessen/kraken/tree/main (accessed 05/01/2025).

4. https://escriptorium.inria.fr/ (accessed 05/01/2025).

5. https://deepmind.google/technologies/gemini/pro/ (accessed 05/01/2025).

6. https://github.com/JaidedAI/EasyOCR (accessed 05/02/2025).

7. https://keras-ocr.readthedocs.io/en/latest/ (accessed 05/02/2025).

8. https://github.com/h/pytesseract (accessed 05/02/2025).

9. https://help.Transkribus.org/choosing-a model?hstc548127928.e0294bbb9dc7803f11d89 
8931d9f9177.1720904643552.1734642343038.1735152933219.28& hssc548127928.1415.17351 
52933219& hsfp51436914090 (accessed 29/01/2025).

10. https://openai.com/index/gpt-4/ (accessed 29/01/2025).

11. https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/ (accessed 29/01/2025).

12. https://www.anthropic.com/news/claude-3-5-sonnet (accessed 29/01/2025).

Journal of 
Documentation

349

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025

https://www.transkribus.org/
https://github.com/jpuigcerver/PyLaia
https://github.com/mittagessen/kraken/tree/main
https://escriptorium.inria.fr/
https://deepmind.google/technologies/gemini/pro/
https://github.com/JaidedAI/EasyOCR
https://keras-ocr.readthedocs.io/en/latest/
https://github.com/h/pytesseract
https://help.Transkribus.org/choosing-a%20model?hstc=48127928.e0294bbb9dc7803f11d898931d9f9177.1720904643552.1734642343038.1735152933219.28&%20hssc=48127928.1415.1735152933219&%20hsfp=1436914090
https://help.Transkribus.org/choosing-a%20model?hstc=48127928.e0294bbb9dc7803f11d898931d9f9177.1720904643552.1734642343038.1735152933219.28&%20hssc=48127928.1415.1735152933219&%20hsfp=1436914090
https://help.Transkribus.org/choosing-a%20model?hstc=48127928.e0294bbb9dc7803f11d898931d9f9177.1720904643552.1734642343038.1735152933219.28&%20hssc=48127928.1415.1735152933219&%20hsfp=1436914090
https://openai.com/index/gpt-4/(accessed
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
https://www.anthropic.com/news/claude-3-5-sonnet


13. https://huggingface.co/openbmb/MiniCPM-V-2_6 (accessed 29/01/2025).

14. https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct (accessed 29/01/2025).

15. https://mistral.ai/en/news/pixtral-12b (accessed 29/01/2025).

16. https://huggingface.co/OpenGVLab/InternVL2-8B (accessed 29/01/2025).

17. https://huggingface.co/microsoft/Phi-3-mini-128k-instruct (accessed 29/01/2025).

18. https://readcoop.eu/model/italian-general-model (accessed 29/01/2025).

19. Other available and open-source datasets can be found in the HTR-United platform, an aggregator of 
HTR datasets https://htr-united.github.io/catalog.html (accessed 29/01/2025) and as part of the 
project AI4Culture https://ai4culture.eu/resources?page50&aiCategories5IMAGE_TO_TEXT& 
type5undefined&resourceType5all (accessed 29/01/2025).

20. https://huggingface.co/ (accessed 29/01/2025)

21. https://huggingface.co/docs/transformers/index (accessed 29/01/2025)

22. https://docs.vllm.ai/en/latest/ (accessed 29/01/2025)

23. https://huggingface.co/docs/text-generation-inference/conceptual/flash_attention (accessed 29/01/2025)

24. https://huggingface.co/docs/transformers/generation_strategies (accessed 29/01/2025)

25. https://huggingface.co/docs/transformers/main_classes/text_generation#transformers.Generation 
Config.repetition_penalty (accessed 29/01/2025)

26. https://promptengineering.org/system-prompts-in-large-language-models/ (accessed 29/01/2025).

27. https://huggingface.co/docs/transformers/main/tasks/prompting (accessed 29/01/2025)

28. https://platform.openai.com/docs/guides/structured-outputs (accessed 29/01/2025).

References
AlKendi, W., Gechter, F., Heyberger, L. and Guyeux, C. (2024), “Advancements and challenges in 

handwritten text recognition: a comprehensive survey”, Journal of Imaging, Vol. 10 No. 1, p. 18, 
available at: https://doi.org/10.3390/jimaging10010018 (accessed 14 January 2025).

Augustin, E., Carr�e, M., Grosicki, E., Brodin, J., Geoffrois, E. and Prêteux, F. (2006), “RIMES 
evaluation campaign for handwritten mail processing”, available at: https:// 
www.semanticscholar.org/paper/RIMES-evaluation-campaign-for-handwritten-mail-Augustin-
Carr%C3%A9/1a08e3055dd76c307f5f2993d54465dd407ad1ab (accessed 14 January 2025).

Bluche, T., Louradour, J. and Messina, R. (2016), “Scan, attend and read: end-to-end handwritten 
paragraph recognition with MDLSTM attention”, available at: https://doi.org/10.48550/ 
arXiv.1604.03286 (accessed 14 January 2025).

Bourne, J. (2025), “CLOCR-C: context leveraging OCR correction with pre-trained language models”, 
available at: http://arxiv.org/abs/2408.17428 (accessed 23 January 2025).

Carbonell, M., Mas, J., Villegas, M., Fornes, A. and Llados, J. (2019), “End-to-end handwritten text 
detection and transcription in full pages”, 2019 International Conference on Document Analysis 
and Recognition Workshops (ICDARW), presented at the 2019 International Conference on 
Document Analysis and Recognition Workshops (ICDARW), IEEE, Sydney, Australia, pp. 29-34, 
available at: https://doi.org/10.1109/ICDARW.2019.40077 (accessed 14 January 2025).

Cascianelli, S., Cornia, M., Baraldi, L., Piazzi, M.L., Schiuma, R. and Cucchiara, R., (2021), “Learning to 
read L’infinito: handwritten text recognition with synthetic training data”, in Tsapatsoulis, N., 
Panayides, A., Theocharides, T., Lanitis, A., Pattichis, C. and Vento, M. (Eds) Computer Analysis of 
Images and Patterns. CAIP 2021. Lecture Notes in Computer Science, Vol. 13053, Springer, Cham, 
pp.340-350, available at: https://doi.org/10.1007/978-3-030-89131-2_31 (accessed 19 July 2024).

Cascianelli, S., Pippi, V., Maarand, M., Cornia, M., Baraldi, L., Kermorvant, C. and Cucchiara, R. 
(2022), “The LAM dataset: a novel benchmark for line-level handwritten text recognition”, 2022 
26th International Conference on Pattern Recognition (ICPR), Montreal, QC, Canada, 2022,

JD
81,7

350

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025

https://huggingface.co/openbmb/MiniCPM-V-2_6
https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct
https://mistral.ai/en/news/pixtral-12b(accessed
https://huggingface.co/OpenGVLab/InternVL2-8B
https://huggingface.co/microsoft/Phi-3-mini-128k-instruct(accessed
https://readcoop.eu/model/italian-general-model
https://htr-united.github.io/catalog.html
https://ai4culture.eu/resources?page=0&aiCategories=IMAGE_TO_TEXT&type=undefined&resourceType=all
https://ai4culture.eu/resources?page=0&aiCategories=IMAGE_TO_TEXT&type=undefined&resourceType=all
https://huggingface.co/
https://huggingface.co/docs/transformers/index
https://docs.vllm.ai/en/latest/
https://huggingface.co/docs/text-generation-inference/conceptual/flash_attention
https://huggingface.co/docs/transformers/generation_strategies
https://huggingface.co/docs/transformers/main_classes/text_generation#transformers
https://huggingface.co/docs/transformers/main_classes/text_generation#transformers
https://promptengineering.org/system-prompts-in-large-language-models/
https://huggingface.co/docs/transformers/main/tasks/prompting
https://platform.openai.com/docs/guides/structured-outputs
https://doi.org/10.3390/jimaging10010018
https://www.semanticscholar.org/paper/RIMES-evaluation-campaign-for-handwritten-mail-Augustin-Carr%C3%A9/1a08e3055dd76c307f5f2993d54465dd407ad1ab
https://www.semanticscholar.org/paper/RIMES-evaluation-campaign-for-handwritten-mail-Augustin-Carr%C3%A9/1a08e3055dd76c307f5f2993d54465dd407ad1ab
https://www.semanticscholar.org/paper/RIMES-evaluation-campaign-for-handwritten-mail-Augustin-Carr%C3%A9/1a08e3055dd76c307f5f2993d54465dd407ad1ab
https://doi.org/10.48550/arXiv.1604.03286
https://doi.org/10.48550/arXiv.1604.03286
http://arxiv.org/abs/2408.17428
https://doi.org/10.1109/ICDARW.2019.40077
https://doi.org/10.1007/978-3-030-89131-2_31


pp. 1506-1513, available at: https://doi.org/10.1109/ICPR56361.2022.9956189 (accessed 1 
July 2024).

Chammas, E., Mokbel, C. and Likforman-Sulem, L. (2018), “Handwriting recognition of historical 
documents with few labeled data”, 2018 13th IAPR International Workshop on Document 
Analysis Systems (DAS), presented at the 2018 13th IAPR International Workshop on Document 
Analysis Systems (DAS), IEEE, Vienna, pp. 43-48, available at: https://doi.org/10.1109/ 
DAS.2018.15 (accessed 14 January 2025).

Chang, K.K., Cramer, M., Soni, S. and Bamman, D. (2023), “Speak, memory: an archaeology of books 
known to ChatGPT/GPT- 4”, pp. 7312-7327, doi: 10.18653/v1/2023.emnlp-main.453, available 
at: http://arxiv.org/abs/2305.00118 (accessed 24 November 2024).

Colavizza, G., Blanke, T., Jeurgens, C. and Noordegraaf, J. (2022), “Archives and AI: an overview of 
current debates and future perspectives”, Journal on Computing and Cultural Heritage, Vol. 15 
No. 1, pp. 1-15, ISSN: 1556-4673, 1556-4711, doi: 10.1145/3479010, available at: (accessed 19 
October. 2024).

Coquenet, D., Chatelain, C. and Paquet, T. (2021), “End-to-end handwritten paragraph text recognition 
using a vertical attention network”, Vol. 45 No. 1, pp. 508-524, available at: https://doi.org/ 
10.1109/TPAMI.2022.3144899 (accessed 14 January 2025).

Coquenet, D., Chatelain, C. and Paquet, T. (2023), “DAN: a segmentation-free document attention 
network for handwritten document recognition”, IEEE Transactions on Pattern Analysis and 
Machine Intelligence, Presented at the IEEE Transactions on Pattern Analysis and Machine 
Intelligence, Vol. 45 No. 7, pp. 8227-8243, available at: https://doi.org/10.1109/ 
TPAMI.2023.3235826 (accessed 14 January 2025).

Dao, T., Fu, D.Y., Ermon, S., Rudra, A. and R�e, C. (2022), “FlashAttention: fast and memory-efficient 
exact attention with IO-awareness”, doi: 10.48550/arXiv.2205.14135, available at: http:// 
arxiv.org/abs/2205.14135 (accessed 20 January 2025).

Greif, G., Griesshaber, N. and Greif, R. (2025), “Multimodal LLMs for OCR, OCR post-correction, 
and named entity recognition in historical documents”, available at: https://arxiv.org/pdf/ 
2504.00414 (accessed 16 June 2025).

Hodel, T. (2022), “Chapter 6: supervised and unsupervised: approaches to machine learning for textual 
entities”, in Jaillant, L. (Ed.), Archives, Access and Artificial Intelligence: Working with Born-
Digital and Digitized Archival Collections, Bielefeld University Press, pp. 157-178, available at: 
https://www.degruyter.com/document/doi/10.1515/9783839455845-007/html? 
srsltid5AfmBOoouPpD7dLJ1A–y_bgMw1c5g5HfG2xzljR8eRcFpC0GfpVUM3t9 (accessed 
24 December 2024).

Hodel, T., Schoch, D., Schneider, C. and Purcell, J. (2021), “General models for handwritten text 
recognition: feasibility and state-of-the art. German kurrent as an example”, Journal of Open 
Humanities Data, Vol. 7, p. 13, doi: 10.5334/johd.46 (accessed 21 October 2024).

Huang, J., Chen, X., Mishra, S., Zheng, H.S., Yu, A.W., Song, X. and Zhou, D. (2024), “Large 
language models cannot self-correct reasoning yet”, available at: https://arxiv.org/abs/ 
2310.01798 (accessed 21 October 2024).

Humphries, M., Leddy, L.C., Downton, Q., Legace, M., McConnell, J., Murray, I. and Spence, E. 
(2024), “Unlocking the archives: using Large Language Models to transcribe handwritten 
historical documents”, available at: http://arxiv.org/abs/2411.03340 (accessed 7
November 2024).

Kang, L., Riba, P., Rusi~nol, M., Forn�es, A. and Villegas, M. (2020), “Pay attention to what you read: 
non-recurrent handwritten text-line recognition”, available at: https://doi.org/10.48550/ 
arXiv.2005.13044 (accessed 14 January 2025).

Keskar, N.S., McCann, B., Varshney, L.R., Xiong, C. and Socher, R. (2019), “CTRL: a conditional 
transformer language model for controllable generation”, available at: http://arxiv.org/abs/ 
1909.05858 (accessed 18 January 2025).

Kim, S., Baudru, J., Ryckbosch, W., Bersini, H. and Ginis, V. (2025), “Early evidence of how LLMs 
outperform traditional systems on OCR/HTR tasks for historical records”, available at: http:// 
arxiv.org/abs/2501.11623 (accessed 5 February 2025).

Journal of 
Documentation

351

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025

https://doi.org/10.1109/ICPR56361.2022.9956189
https://doi.org/10.1109/DAS.2018.15
https://doi.org/10.1109/DAS.2018.15
https://doi.org/10.18653/v1/2023.emnlp-main.453
http://arxiv.org/abs/2305.00118
https://doi.org/10.1145/3479010
https://doi.org/10.1109/TPAMI.2022.3144899
https://doi.org/10.1109/TPAMI.2022.3144899
https://doi.org/10.1109/TPAMI.2023.3235826
https://doi.org/10.1109/TPAMI.2023.3235826
https://doi.org/10.48550/arXiv.2205.14135
http://arxiv.org/abs/2205.14135
http://arxiv.org/abs/2205.14135
https://arxiv.org/pdf/2504.00414
https://arxiv.org/pdf/2504.00414
https://www.degruyter.com/document/doi/10.1515/9783839455845-007/html?srsltid=AfmBOoouPpD7dLJ1A--y_bgMw1c5g5HfG2xzljR8eRcFpC0GfpVUM3t9
https://www.degruyter.com/document/doi/10.1515/9783839455845-007/html?srsltid=AfmBOoouPpD7dLJ1A--y_bgMw1c5g5HfG2xzljR8eRcFpC0GfpVUM3t9
https://doi.org/10.5334/johd.46
https://arxiv.org/abs/2310.01798
https://arxiv.org/abs/2310.01798
http://arxiv.org/abs/2411.03340
https://doi.org/10.48550/arXiv.2005.13044
https://doi.org/10.48550/arXiv.2005.13044
http://arxiv.org/abs/1909.05858
http://arxiv.org/abs/1909.05858
http://arxiv.org/abs/2501.11623
http://arxiv.org/abs/2501.11623


Levenshtein, V. (1965), “Binary codes capable of correcting deletions, insertions, and reversals”, Soviet 
Physics Doklady, Vol. 10, pp. 707-710, available at: https://www.semanticscholar.org/paper/ 
Binary-codes-capable-of-correcting-deletions%2C-and-Levenshtein%20/ 
b2f8876482c97e804bb50a5e2433881ae3 (accessed 23 January 2025).

Li, L. (2024), “Handwriting recognition in historical documents with multimodal LLM”, available at: 
http://arxiv.org/abs/2410.24034 (accessed 24 November 2024).

Li, M., Lv, T., Chen, J., Cui, L., Lu, Y., Florencio, D., Zhang, C., Li, Z. and Wei, F., (2023), “TrOCR: 
transformer-based optical character recognition with pre- trained models”, Proceedings of the 
AAAI Conference on Artificial Intelligence, Vol. 37 No. 11, pp. 13094-13102, doi: 10.1609/ 
aaai.v37i11.26538, available at: https://ojs.aaai.org/index.php/AAAI/article/view/26538 
(accessed 27 December 2024).

Li, Y., Chen, D., Tang, T. and Shen, X. (2024), “HTR-VT: handwritten text recognition with vision 
transformer”, Vol. 158, 110967, available at: https://doi.org/10.1016/j.patcog.2024.110967 
(accessed 14 January 2025).

Liu, J., Ma, X., Wang, L. and Pei, L. (2024), “How can generative artificial intelligence techniques 
facilitate intelligent research into ancient books?”, Journal on Computing and Cultural Heritage, 
Vol. 17 No. 4, pp. 1-57, available at: https://doi.org/10.1145/3690391 (accessed 8
December 2024).

Marti, U.-V. and Bunke, H. (1999), “A full English sentence database for off-line handwriting 
recognition”, Proceedings of the Fifth International Conference on Document Analysis and 
Recognition. ICDAR ’99 (Cat. No.PR00318), pp. 705-708, doi: 10.1109/icdar.1999.791885, 
available at: https://ieeexplore.ieee.org/document/791885/?arnumber5791885 (accessed 14 
January 2025).

Marti, U.-V. and Bunke, H. (2002), “The IAM-database: an English sentence database for offline 
handwriting recognition”, International Journal on Document Analysis and Recognition, Vol. 5 
No. 1, pp. 39-46, available at: https://doi.org/10.1007/s100320200071 (accessed 14 January 2025).

Moysset, B., Kermorvant, C. and Wolf, C. (2017), “Full-page text recognition: learning where to start 
and when to stop”, pp. 871-876, doi: 10.1109/icdar.2017.147, available at: http://arxiv.org/abs/ 
1704.08628 (accessed 19 October 2024).

Muehlberger, G., Seaward, L., Terras, M., Ares Oliveira, S., Bosch, V., Bryan, M., Colutto, S., D�ejean, 
H., Diem, M., Fiel, S., Gatos, B., Greinoecker, A., Gr€uning, T., Hackl, G., Haukkovaara, V., 
Heyer, G., Hirvonen, L., Hodel, T., Jokinen, M., Kahle, P., Kallio, M., Kaplan, F., Kleber, F., 
Labahn, R., Lang, E.M., Laube, S., Leifert, G., Louloudis, G.McNicholl, R., Meunier, J.-L., 
Michael, J., M€uhlbauer, E., Philipp, N., Pratikakis, I., P�erez, J.P., Putz, H., Retsinas, G., Romero, 
V., Sablatnig, R., S�anchez, J.A., Schofield, P., Sfikas, G., Sieber, C., P�erez, J.P., Stamatopoulos, 
N., Strauß, T., Terbul, T., Toselli, A.H., Ulreich, B., Villegas, M., Vidal, E., Walcher, J., 
Weidemann, M. and Wurster, H. (2019), “Transforming scholarship in the archives through 
handwritten text recognition”, Journal of Documentation, Vol. 75 No. 5, pp. 954-976, ISSN: 
0022-0418, doi: 10.1108/JD-07-2018-0114.

Neudecker, C., Baierer, K., Gerber, M., Clausner, C., Antonacopoulos, A. and Pletschacher, S. (2021), 
“A survey of OCR evaluation tools and metrics”, The 6th International Workshop on Historical 
Document Imaging and Processing, ACM, Lausanne, pp. 13-18, available at: https://dl.acm.org/ 
DOI/10.1145/3476887.3476888 (accessed 9 September 2024).

Nockels, J., Gooding, P. and Terras, M. (2024), “The implications of handwritten text recognition for 
accessing the past at scale”, Journal of Documentation, Vol. 80 No. 7, pp. 148-167, available at: 
https://doi.org/10.1108/JD-09-2023-0183 (accessed 2 October 2024).

Pletschacher, S., Clausner, C. and Antonacopoulos, A. (2015), “Europeana newspapers OCR workflow 
evaluation”, Proceedings of the 3rd International Workshop on Historical Document Imaging 
and Processing, ACM, Gammarth, pp. 39-46, available at: https://dl.acm.org/doi/10.1145/ 
2809544.2809554 (accessed 23 January 2025).

Puigcerver, J. (2017), “Are multidimensional recurrent layers really necessary for handwritten text 
recognition?”, 2017 14th IAPR International Conference on Document Analysis and Recognition 
(ICDAR), Vol. 01, presented at the 2017 14th IAPR International Conference on Document

JD
81,7

352

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025

https://www.semanticscholar.org/paper/Binary-codes-capable-of-correcting-deletions%2C-and-Levenshtein%20/b2f8876482c97e804bb50a5e2433881ae3
https://www.semanticscholar.org/paper/Binary-codes-capable-of-correcting-deletions%2C-and-Levenshtein%20/b2f8876482c97e804bb50a5e2433881ae3
https://www.semanticscholar.org/paper/Binary-codes-capable-of-correcting-deletions%2C-and-Levenshtein%20/b2f8876482c97e804bb50a5e2433881ae3
http://arxiv.org/abs/2410.24034
https://doi.org/10.1609/aaai.v37i11.26538
https://doi.org/10.1609/aaai.v37i11.26538
https://ojs.aaai.org/index.php/AAAI/article/view/26538
https://doi.org/10.1016/j.patcog.2024.110967
https://doi.org/10.1145/3690391
https://doi.org/10.1109/icdar.1999.791885
https://ieeexplore.ieee.org/document/791885/?arnumber=791885
https://DOI.org/10.1007/s100320200071
https://doi.org/10.1109/icdar.2017.147
http://arxiv.org/abs/1704.08628
http://arxiv.org/abs/1704.08628
https://doi.org/10.1108/JD-07-2018-0114
https://dl.acm.org/DOI/10.1145/3476887.3476888
https://dl.acm.org/DOI/10.1145/3476887.3476888
https://doi.org/10.1108/JD-09-2023-0183
https://dl.acm.org/DOI/10.1145/2809544.2809554
https://dl.acm.org/DOI/10.1145/2809544.2809554


Analysis and Recognition (ICDAR), pp. 67-72, available at: https://doi.org/10.1109/ 
ICDAR.2017.20 (accessed 14 January 2025).

Sanchez, J.A., Romero, V., Toselli, A.H. and Vidal, E. (2016), “ICFHR2016 competition on 
handwritten text recognition on the READ dataset”, 2016 15th International Conference on 
Frontiers in Handwriting Recognition (ICFHR), IEEE, Shenzhen, pp. 630-635, available at: 
https://ieeexplore.ieee.org/document/7814136/ (accessed 27 August 2024).

S�anchez, J.A., Romero, V., Toselli, A.H. and Vidal, E. (2014), “ICFHR2014 competition on 
handwritten text recognition on transcriptorium datasets (HTRtS)”, in 2014 14th International 
Conference on Frontiers in Handwriting Recognition, pp. 785-790, available at: https:// 
ieeexplore.ieee.org/document/6981116 (accessed 2 September 2024).

S�anchez, J.A., Romero, V., Toselli, A.H., Villegas, M. and Vidal, E. (2017), “ICDAR2017 competition 
on handwritten text recognition on the READ dataset”, 2017 14th IAPR International 
Conference on Document Analysis and Recognition (ICDAR), Vol. 01, IEEE, Kyoto,
pp. 1383-1388, ISSN: 2379-2140, doi: 10.1109/icdar.2017.226, available at: https:// 
ieeexplore.ieee.org/document/8270157 (accessed 22 October 2024).

Singh, S.S. and Karayev, S. (2021), “Full page handwriting recognition via image to sequence 
extraction”, in Llad�os, J., Lopresti, D. and Uchida, S. (Eds), Document Analysis and Recognition 
– ICDAR 2021, Springer International Publishing, Cham, pp. 55-69, available at: https://doi.org/ 
10.1007/978-3-030-86334-0_4 (accessed 14 January 2025).

Stechly, K., Marquez, M. and Kambhampati, S. (2023), “GPT-4 doesn’t know it’s wrong: an analysis of 
iterative prompting for reasoning problems”, available at: http://arxiv.org/abs/2310.12397 
(accessed 5 January 2025).

Str€obel, P.B. (2023), “Flexible techniques for automatic text recognition of historical documents”, PhD 
dissertation, University of Zurich, available at: https://core.ac.uk/outputs/574072779/?source52 
(accessed 15 January 2025).

Str€obel, P.B., Clematide, S., Volk, M. and Hodel, T. (2022a), “Transformer-based HTR for historical 
documents”, available at: https://doi.org/10.48550/arXiv.2203.11008 (accessed 14 January 2025).

Str€obel, P.B., Volk, M., Clematide, S., Schwitter, R., Hodel, T. and Schoch, D. (2022b), “Evaluation of 
HTR models without ground truth material”, in Calzolari, N., B�echet, F., Blache, P., Choukri, K., 
Cieri, C., Declerck, T., Goggi, S., Isahara, H., Maegaard, B., Mariani, J., Mazo, H., Odijk, J. and 
Piperidis, S. (Eds), Proceedings of the Thirteenth Language Resources and Evaluation 
Conference, European Language Resources Association, Marseille, pp. 4395-4404, available at: 
https://aclanthology.org/2022.lrec-1.467 (accessed 29 June 2024).

Tensmeyer, C. and Wigington, C. (2019), “Training full-page handwritten text recognition models 
without annotated line breaks”, 2019 International Conference on Document Analysis and 
Recognition (ICDAR), presented at the 2019 International Conference on Document Analysis 
and Recognition (ICDAR), pp. 1-8, available at: https://doi.org/10.1109/ICDAR.2019.00011 
(accessed 14 January 2025).

Terras, M. (2022), “Chapter 7: inviting AI into the archives: the reception of handwritten recognition 
technology into historical manuscript transcription”, in Jaillant, L. (Ed.), Archives, Access and 
Artificial Intelligence: Working with Born-Digital and Digitized Archival Collections, Bielefeld 
University Press, pp. 179-204, available at: https://www.degruyter.com/document/DOI/10.1515/ 
9783839455845-008/html (accessed 23 December 2024).

Terras, M., Anzinger, B., Gooding, P., M€uhlberger, G., Nockels, J., Romein, C.A., Stauder, A. and 
Stauder, F. (2025), “The artificial intelligence cooperative: READ-COOP, Transkribus, and the 
benefits of shared community infrastructure for automated text recognition [version 1; peer 
review: awaiting peer review]”, Open Research Europe, Vol. 5 No. 16, p. 16, available at: https:// 
doi.org/10.12688/openreseurope.18747.1 (accessed 31 January 2025).

Voigtlaender, P., Doetsch, P. and Ney, H. (2016), “Handwriting recognition with large multidimensional 
long short-term memory recurrent neural networks”, 2016 15th International Conference on 
Frontiers in Handwriting Recognition (ICFHR), Presented at the 2016 15th International 
Conference on Frontiers in Handwriting Recognition (ICFHR), IEEE, Shenzhen, pp. 228-233, 
available at: https://doi.org/10.1109/ICFHR.2016.0052 (accessed 14 January 2025).

Journal of 
Documentation

353

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025

https://doi.org/10.1109/ICDAR.2017.20
https://doi.org/10.1109/ICDAR.2017.20
https://ieeexplore.ieee.org/document/7814136/
https://ieeexplore.ieee.org/document/6981116
https://ieeexplore.ieee.org/document/6981116
https://doi.org/10.1109/icdar.2017.226
https://ieeexplore.ieee.org/document/8270157
https://ieeexplore.ieee.org/document/8270157
https://doi.org/10.1007/978-3-030-86334-0_4
https://doi.org/10.1007/978-3-030-86334-0_4
http://arxiv.org/abs/2310.12397
https://core.ac.uk/outputs/574072779/?source=2
https://doi.org/10.48550/arXiv.2203.11008
https://aclanthology.org/2022.lrec-1.467
https://doi.org/10.1109/ICDAR.2019.00011
https://www.degruyter.com/document/DOI/10.1515/9783839455845-008/html
https://www.degruyter.com/document/DOI/10.1515/9783839455845-008/html
https://doi.org/10.12688/openreseurope.18747.1
https://doi.org/10.12688/openreseurope.18747.1
https://doi.org/10.1109/ICFHR.2016.0052


White, J., Fu, Q., Hays, S., Sandborn, M., Olea, C., Gilbert, H., Elnashar, A., Spencer-Smith, J. and 
Schmidt, D.C. (2023), “A prompt pattern catalog to enhance prompt engineering with 
ChatGPT”, available at: http://arxiv.org/abs/2302.11382 (accessed 9 October 2024).

Wick, C., Jochen, Z. and Tobias, G. (2021), “Transformer for handwritten text recognition using 
bidirectional post-decoding”, in Llad�os, J., Lopresti, D. and Uchida, S. (Eds), Document 
Analysis and Recognition – ICDAR 2021, Springer International Publishing, Cham, pp. 112-
126, doi: 10.1007/978-3-030-86334-0_8.

Wigington, C., Tensmeyer, C., Davis, B., Barrett, W., Price, B. and Cohen, S. (2018), “Start, follow, 
read: end-to-end full-page handwriting recognition”, in Ferrari, V., Hebert, M., Sminchisescu, C. 
and Weiss, Y. (Eds), Computer Vision – ECCV 2018, Lecture Notes in Computer Science, 
Springer International Publishing, Cham, Vol. 11210, pp. 372-388, doi: 10.1007/978-3-030-
01231-1_23.

Wuthrich, M., Liwicki, M., Fischer, A., Inderm€uhle, E., Bunke, H., Viehhauser, G. and Stolz, M. 
(2009), “Language model integration for the recognition of handwritten medieval documents”, 
In Proceedings of the 2009 10th International Conference on Document Analysis and 
Recognition, pp. 211-215, available at: https://doi.org/10.1109/ICDAR.2009.17 (accessed 14 
January 2025).

Yousef, M. and Bishop, T.E. (2020), “OrigamiNet: weakly-supervised, segmentation-free, one-step, 
full page text recognition by learning to unfold”, in 2020 IEEE/CVF Conference on Computer 
Vision and Pattern Recognition (CVPR), pp. 14698-14707, available at: https://doi.org/10.1109/ 
CVPR42600.2020.01472 (accessed 14 January 2025).

Corresponding author
Giorgia Crosilla can be contacted at: giorgia.crosilla@studio.unibo.it, colavizza@hum.ku.dk

For instructions on how to order reprints of this article, please visit our website:
www.emeraldgrouppublishing.com/licensing/reprints.htm
Or contact us for further details: permissions@emeraldinsight.com

JD
81,7

354

Downloaded from http://www.emerald.com/jd/article-pdf/81/7/334/10070996/jd-03-2025-0082en.pdf by Consortium Luxembourg user on 11 December 2025

http://arxiv.org/abs/2302.11382
https://doi.org/10.1007/978-3-030-86334-0_8
https://doi.org/10.1007/978-3-030-01231-1_23
https://doi.org/10.1007/978-3-030-01231-1_23
https://doi.org/10.1109/ICDAR.2009.17
https://doi.org/10.1109/CVPR42600.2020.01472
https://doi.org/10.1109/CVPR42600.2020.01472
mailto:giorgia.crosilla@studio.unibo.it
mailto:colavizza@hum.ku.dk

	Benchmarking large language models for handwritten text recognition
	Introduction
	Related works
	Supervised learning
	New approaches in HTR using LLMs

	Methodology
	Benchmark workflow
	Models
	Datasets
	An investigation of LLM pre-training using HTR datasets

	Experimental setup
	Zero-shot
	LLMs post-correction


	Analysis of results and discussion
	Conclusion and future developments
	About the authors
	Acknowledgments
	Notes
	References


