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Abstract

Administrative processes remain largely paper-based, and handwritten form contents must be trans-
ferred into structured data. Where forms carry personal information, the proprietary cloud services
that lead published benchmarks are not suitable, so only on-premise models remain. Currently, no
public corpus supports this setting: handwriting datasets hold continuous prose, and form datasets
hold printed text. Therefore, a dataset of 291 German administrative forms, named Handwritten
German Administrative Forms (HGAF), was collected from 95 writers. Each writer completed three
layouts, A, B and C, with identical fields and identical synthetic contents. The visual structure there-
fore varies, while writer and content stay constant. The corpus carries no personal information and
can be released. Two approaches were implemented and scored per field: a specialist pipeline around
a fine-tuned line-level TrOCR model, and three open-weight vision-language models (VLM) applied
without fine-tuning. On layout A, the only layout used for fine-tuning, two zero-shot models reach
4.5% and 4.7% character error rate (CER), against 6.8% for the specialist pipeline. On layouts B and
C, the gap widens. No on-premise configuration transcribed more than 7.7% of forms without an error.
In this scenario, VLMs reached the best performance. Although they do not require fine-tuning, they
may still require configuration adjustments to fulfil the HTR task properly. We recommend prompt-
ing a general instruction-following model with a fixed output schema. This removes the extraction
stage and allows the system to be adapted to different form layouts with little effort.

Keywords: Handwriting dataset, Handwritten text recognition, Form understanding, Vision-language
models, TrOCR

1 Introduction

Even in today’s digital age, physical forms are
still common practice. Bitkom e.V. [7] reports
that 38% of German companies still handle about
half of their office and administrative processes on

paper, and a further 20% handle three quarters
or more. As companies move towards paperless
work, large quantities of physical documents car-
rying handwritten text can be expected to require
digitisation. This is a promising field of application



for optical character recognition (OCR) and hand-
written text recognition (HTR). The same holds
for historical administrative records, such as cen-
sus returns or civil registers [3]. Their digitisation
faces the same problem of extracting handwritten
text from a form.

Form recognition differs from sentence- or
paragraph-level recognition in two ways. First,
form contents are short and frequently arbitrary,
so they are poorly predicted from linguistic con-
text. Second, each value has to be associated with
the field it belongs to rather than merely tran-
scribed. Based on our literature review, the recog-
nition and extraction of handwritten text from
modern, non-English forms is an under-studied
field.

One simple solution would be to use commer-
cial multimodal large language models (MLLMs),
such as OpenAl’s ChatGPT or Google’s Gemini.
These models perform very well on handwrit-
ing benchmarks [12], with character error rates
below 2%, and are increasingly applied to hand-
written forms [33]. However, commercial models
require the data to be uploaded to third-party
servers. This may be undesirable for confidential-
ity reasons, or prohibited under data protection
regulations.

This work therefore studies which options an
organisation has to recognise and extract hand-
written form contents reliably on-premise, without
the documents leaving its own infrastructure. The
focus is on German administrative forms of iden-
tical layout and structure, filled out with different
contents and handwriting.

Two families of approaches are compared: a
classic HTR pipeline built around a fine-tuned
line-level! model, and vision-language models
(VLMs, a subclass of MLLMs) applied zero-shot.
They differ in two aspects. First, the position
of every field on a form is fixed by the layout.
The HTR pipeline exploits this and passes only
the handwritten fields to a small recogniser. A
VLM processes the whole page and reads the
printed labels and headers again on every form,
even though they are identical across documents.
Second, specialist HTR models typically require
fine-tuning on annotated in-domain data, whereas

! Line-level models recognise one line of text at a time. They
therefore expect input images that contain only one line of
text.

VLMs are intended to work without task-specific
training. The comparison therefore addresses a
practical question: is the effort of fine-tuning a
specialist pipeline still justified, or does a pre-
trained model used without adaptation reach the
same accuracy?

In practice, an organisation processes several
types of forms, and existing forms are revised over
time. HTR models are known to lose accuracy
on data that differs from their training distribu-
tion [18]. For this reason, both approaches are also
evaluated on two further layouts, without retrain-
ing the line-level model. In this work, a form layout
is considered one type of form, with a given set of
fields and a given visual structure.

A dataset of 291 forms filled in with real,
modern, mostly German handwriting was created
and named Handwritten German Administrative
Forms (HGAF) [24]. It consists of three different
layouts (see Fig. 1). The current state of the art
was then surveyed, and the relevant approaches,
models and processing steps were studied. On this
basis, a processing pipeline was implemented for
each model.

For handwritten German administrative forms
processed on-premise, this work addresses two
research questions (RQs):

® RQ1: On a known form layout, how does the
recognition accuracy of a fine-tuned line-level
HTR pipeline compare to that of zero-shot
VLMs?

® RQ2: Does this result hold on layouts that
contain the same fields in a different visual
structure?

The contributions of this work are the follow-
ing:

® HGAF, a dataset of 291 forms with modern,
mostly German handwriting across three dis-
tinct layouts that share an identical field set.
Each writer filled in all three layouts with the
same content, so writer and content are held
constant across layouts. Because the content is
synthetic, the forms contain no real personal
data. This allows the dataset to be published,
a property most handwriting corpora of admin-
istrative documents lack. The dataset supports:
(1) HTR research on short, discrete-field inputs,
in contrast to the line- and paragraph-level
focus of most existing corpora; (2) isolating the
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Fig. 1 The three form layouts, all for document ID 1: a layout A, b layout B, ¢ layout C. Full-page reproductions, together
with the instruction for completion, are given in Supplementary Information (Figs. S1-S4).

effect of the layout on the handwriting and its
recognition; and (3) structured field extraction
research on German handwritten forms.

® Evidence that a fine-tuned line-level pipeline
and a zero-shot vision-language model can reach
comparable transcription accuracy on short
texts after post-processing, but diverge sharply
on long texts and once the layout changes.

® Evidence that form layout can have an impact
on HTR performance for all evaluated models,
even whole-page models.

The remainder of this work is structured as fol-
lows. Sect. 2 presents the research this work builds
upon, Sect. 3 the datasets and models, Sect. 4
the implementation of the pipelines, Sect. 5 their
evaluation, and Sect. 6 the interpretation of the
results. Sect. 7 answers the research questions and
gives an outlook on future work.

2 Related Work

2.1 Datasets and Evaluation Metrics

Regarding modern handwriting, defined in this
work as handwriting whose spellings and scripts
follow modern writing conventions, the most
widely used benchmark is JAM [31]. It consists of
English sentences copied from a text corpus and
provides line- and word-level ground truth for con-
tinuous prose. A second group of frequently used

(c)

datasets is historical, for example the Washington
and Parzival datasets [15] and the U-DIADS-TL
dataset [41]. These datasets target manuscripts
several centuries old, where the recognition chal-
lenge lies in archaic scripts, degraded material and
unfamiliar orthography.

Two properties of this landscape are relevant
to the present work. First, the modern bench-
marks consist predominantly of continuous prose.
Administrative forms, in contrast, consist of short,
isolated field entries whose content is frequently
arbitrary (postal codes, house numbers, email
addresses) and therefore poorly predicted from
linguistic context. Second, the field is strongly
English-centred. For German, the only modern
line- and word-level dataset of comparable size
known to us is the ScaDS.AI German Line- and
Word-Level Handwriting Dataset [8]. It provides
5,843 line images and 37,406 word images, seg-
mented from 775 pages on which the participants
transcribed excerpts of Wikipedia articles. Since
it consists of continuous prose, it does not contain
the short field entries of an administrative form.

Datasets of forms exist, but most of them con-
tain no handwriting. FUNSD [23] and its multilin-
gual extension XFUND [38], which includes Ger-
man, provide scanned forms of primarily printed
text. They are annotated with key-value pairs for
semantic entity recognition and relation extrac-
tion. Among datasets of genuinely handwritten



forms, NIST Special Database 19 [16] remains
the best known. Its handwriting sample form
comprises digits, isolated characters and a single
shared paragraph of running text. This limits its
usefulness for evaluating field-level transcription
of varied content. Another example is NAF [13],
where a variety of forms and other documents con-
taining both printed and handwritten text from
the 1800s and early 1900s are presented.

The dominant evaluation metric is the char-
acter error rate (CER), defined as the normalised
Levenshtein distance [27] between prediction and
reference at character level. Some works addition-
ally report accuracy as the proportion of images
transcribed without any error, as in Liu et al. [30].

2.2 Specialist Handwritten Text
Recognition: Line-Level Models

Traditional HTR models usually operate at line
level and require input images that contain only
one line of text. These models can therefore
rarely be applied on their own. They generally
require further steps alongside the recognition
itself, referred to in this work as a pipeline. In
general terms, such a pipeline consists of the fol-
lowing steps: (1) image acquisition, (2) image
pre-processing, (3) text detection and segmenta-
tion, (4) text recognition, and (5) post-processing
[1].

Common pre-processing techniques include
binarisation, noise removal, skew correction and
image normalisation [1], among other techniques
that manipulate the images. Segmentation divides
the original image or document into the crops
that the models require as input, for instance
into individual text lines for line-level models.
Common, simpler techniques are projection-based
approaches, such as those surveyed in Likforman-
Sulem et al. [29]. The HTR models themselves,
which are generally machine-learning-based, are
then applied to the pre-processed images. These
models usually have to be fine-tuned or adapted to
the domain they will work on [18]. Post-processing
may then be applied to improve the recognised
text. Common post-processing techniques include
error models, lexical approaches and context-
aware language models that verify and correct the
recognised text [32].

Both convolutional neural network (CNN) and
transformer architectures achieve strong perfor-
mance on standard benchmarks, although trans-
former models report better scores. Li et al. [28],
for instance, report a CER of 2.89% for their
large model on the TAM dataset. CNN architec-
tures reach between 4% and 5% CER on the same
dataset (as reported, for example, by Retsinas
et al. [34] and Yousef et al. [39]).

A line-level model is normally not deployed
as it comes. Fine-tuning it on the target domain
is the expected step, and comparatively little in-
domain data is needed for it. Aradillas Jaramillo
et al. [4] attain a CER of 5.3% on Washing-
ton with only 325 line images from the target
domain. Lauar and Laurent [26] adapt TrOCR
from English to Spanish in the same manner, by
fine-tuning it on synthetic images of printed text
in the target language.

2.3 Generalist Handwritten Text
Recognition: Vision-Language
Models

VLMs for OCR and document intelligence have
gained considerable traction as a line of research
in recent years. Liu et al. [30] present a benchmark
of such models across a range of document-related
tasks. On these tasks, VLMs match or exceed
the performance of the models previously used.
The tasks were, however, measured predominantly
on printed text and documents. For HTR, the
reported performance is considerably weaker: the
best model reaches 55.4% overall accuracy on the
TAM dataset, against 91.24% for their non-VLM
reference, AttentionHTR. [25].2 More recent work
reports a best CER of 1.71% for GPT-40-mini on
TAM, while open-weight models such as Qwen2-
VL-7B reach 2.30% [12]. The same study reports
that overall performance degrades for datasets in
other languages and for historical datasets, partic-
ularly for open-weight models. This indicates both
a visual and a textual bias of these models towards
modern English.

VLM approaches permit end-to-end process-
ing of the documents. The five steps described in
Sect. 2.2 are therefore not necessarily required as
separate stages.

2This accuracy is measured as the proportion of images
transcribed without any error.



VLMs pair a vision transformer (ViT) family
encoder [14] with a general-purpose, instruction-
tuned large language model as decoder. The
decoder receives the visual embeddings interleaved
with a natural-language prompt [5].

VLMs are not normally fine-tuned by the user.
For languages and scripts that are well repre-
sented in the training data, they are expected
to work zero-shot [12]. Adapting them is expen-
sive: Chung and Choi [11], for instance, use 60,000
synthetic word images to adapt one to a single low-
resource script. Adaptation is therefore usually
carried out once by the model provider, as in the
OCR-specialised models of Chen et al. [10], Wei
et al. [37]. These models are built on VLMs but
optimised for capturing fine-grained information
in dense images such as document text.

Pather et al. [33] excluded open-weight mod-
els from part of their evaluation because of poor
performance. The question of which on-premise,
open-weight models can nevertheless be used
therefore remains open.

2.4 Extraction of German
Handwritten Text from Forms

Research on German handwriting recognition con-
centrates almost entirely on historical material, as
in Hodel et al. [22], Strdbel et al. [35], Tikhonov
et al. [36]. To our knowledge, the ScaDS.AI Ger-
man Line- and Word-Level Handwriting Dataset
[8] is the only resource for modern German hand-
writing of comparable scale, and it consists of
continuous prose. Modern German handwriting
in short, structured fields is therefore represented
neither in the available literature nor in the avail-
able data.

Work on extracting handwritten content from
forms already exists. Ambata et al. [2], for exam-
ple, recognise handwriting in a highly structured
form at character level. This suits their case,
because each field is completed in capital let-
ters, one letter per box. Grabowski [20] addresses
handwritten exams with a deep neural network
that performs detection and classification jointly.
It reaches an overall recognition rate of 88.28%
on real examination data. Two recent studies do
apply VLMs to handwritten forms. Grabowski
[21] evaluates large language models (LLMs) on
61 anonymised German examinations comprising
3,141 answer positions, reaching 98.4% accuracy

and reducing the false-negative rate to 0.58%
by supplying the reference solution as prompt
context. Pather et al. [33] benchmark seventeen
frontier and open-weight models on a handwritten
medical form. They report accuracies of around
85% and weighted F1 scores near 90% across dis-
crete fields, with the strongest results obtained by
proprietary models.

No publicly available resource provides com-
plete, filled-in modern administrative forms with
field-level ground truth for the transcription task.
None provides identical field content across sev-
eral layout variants, which would be required to
isolate the effect of the layout on the handwrit-
ing and its recognition. The present work differs
from the works discussed above in three respects.
The first is the recognition target. Ambata et al.
[2], Grabowski [20] operate on constrained entries
written into predefined cells, and Grabowski [21]
on answers that can be checked against a known
reference solution. The fields considered in this
work, in contrast, contain complete values of het-
erogeneous type, among them names, dates, mon-
etary amounts, email addresses, postal codes and
free-text comments, for which no closed answer
set exists. The second is the experimental factor.
None of those studies evaluates the effect of lay-
outs on HTR, whereas the present work holds field
content constant across three layouts to isolate
the effect of the layout on the handwriting and
its recognition. The third is the deployment con-
straint. The best-performing systems reported by
Pather et al. [33] are proprietary cloud services,
which are unavailable wherever personal data may
not leave the organisation. This work therefore
restricts itself to models that can be operated
on-premise. It additionally includes a fine-tuned
line-level specialist as a comparison condition,
rather than evaluating zero-shot models alone.

3 Datasets and Models
3.1 Datasets

Handwritten German Administrative
Forms (HGAF)

The datasets presented in Sect. 2.1 show a clear
gap. A dedicated dataset of German handwrit-
ten forms was therefore created. The goal was
to acquire real handwritten text that contains no
personal information and can therefore be shared.



Three layouts were created to test the effect
that different types of forms have on HTR. Layout
A is a simple form with big fields and enough space
for any type of handwriting. It was designed as
the easiest case. Layout B is a compact form in
tabular format with small fields, which forces the
user to write smaller. In layout C, the fields are
not clearly delimited, which leaves the decision of
where and how to fill them out to the user. The
three layouts are shown in Fig. 1.

The fields were kept identical across the three
layouts to allow a clear cross-layout compari-
son. They were chosen to cover a wide range of
contents: ten single-line text and number fields
covering the usual fields in administrative forms
(last name, first name, phone, email address, etc.),
one long free-text field (comment), one check-
box group (studies) and a signature, which is not
scored. Table 1 gives the complete list, with the
German label printed next to each field.

A set of 100 combinations of these fields was
generated synthetically. The majority of the con-
tents was generated with Faker®, using its German
data provider. Microsoft Copilot, prompted to
produce both German and international contents,
was also used.

Each participant received one instruction for
completion and one copy of each layout, all four
documents carrying the same document ID. A par-
ticipant with document ID 42, for example, filled
in three forms, one per layout, with the contents of
ID 42. This fixes the combination of writer, ground
truth and document ID for the whole dataset. The
collection was anonymous: no participant iden-
tifiers were recorded, and no mapping between
document ID and person exists. Three document
IDs were discarded because of errors in printing
or filling in. The HGAF dataset therefore con-
sists of 291 forms, 97 per layout, written by 95
participants, mostly university students. Two par-
ticipants each filled in two document IDs, one in
cursive and one in block letters.

The forms were split by document ID into
training (40%), validation (20%) and test data
(40%), consistently across all three layouts. The
three forms of a given document ID therefore
always fall into the same split. Table 2 gives the
resulting splits. The 40/20/40 split was preferred

Shttps://faker.readthedocs.io/en/master/

Table 1 Overview of the forms’ fields. The German
label is the text printed next to the field on all three
layouts. The stated type refers to the kind of content the
field predominantly contains; it does not imply that a
field consists exclusively of that character class. Every
field is scored except the signature.

Field Label on the form Type
Last name Name Text
First name Vorname Text
Monthly income  Monatliches Einkommen  Number
Birthday Geburtsdatum Number
Email E-Mail-Adresse Text
Phone Telefonnummer Number
Studies Studiengang Checkbox
Street Strafle Text
House number Hausnummer Number
Postal code PLZ Number
City Ort Text
Comment Kommentar Long text
Signature Unterschrift Signature

Table 2 Overview of the splits of the HGAF
dataset. Fields and lines are counted per layout;
the last column gives the number of layout A
text lines available for fine-tuning TrOCR.

Split % Doc. IDs Fields Lines
Training 40 39 468 467
Validation 20 19 228 226
Test 40 39 468 467

over the more typical 60/20/20 or 70/15/15 for
two reasons. First, a small training split is closer
to a real scenario, where annotating forms has a
cost that is kept to a minimum. Second, a large
test split allows better conclusions about the real
performance of the models.

ScaDS.AI German Line- and Word-Level
Handwriting Dataset

The ScaDS.AI German Line- and Word-Level
Handwriting Dataset [8] was used as pre-training
data for TrOCR. The base TrOCR model is fine-
tuned on IAM, an English dataset, whereas the
target domain of this work is German forms. The
model therefore has to be adapted to the target
language, as done in related work such as Lauar
and Laurent [26]. The line images were split by
page in an 80/20 ratio, resulting in 4,691 images
for training and 1,152 for validation. Since the
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final tests are performed on the HGAF dataset,
no test split was used for this dataset.

Its lines are continuous prose without printed
boxes or lines. The dataset therefore supplies the
target language, but not the visual characteristics
of a cropped form field.

3.2 Models and Training

Specialist line-level model

TrOCR [28] was selected as the line-level model,
in the variant trocr-base-handwritten. The
decisive factors were its excellent reported per-
formance on datasets such as TAM and the scale
of its pre-training, which should allow a language
adaptation as in Lauar and Laurent [26]. The
adaptation to the target domain was conducted in
two stages, similar to Aradillas Jaramillo et al. [4].
First, trocr-base-handwritten was pre-trained
on the ScaDS.AI dataset as source domain. This
stage provides the textual information, i.e. it
adapts the model to the German language. Sec-
ond, the model was fine-tuned on line images of
the layout A fields of the HGAF dataset as target
domain. This stage provides the visual informa-
tion, that is, how a cropped form field looks. This
approach should address both textual and visual
divergence, as presented in Garrido-Munoz and
Calvo-Zaragoza [18].

The hyperparameters were: batch size 8, learn-
ing rate 7.5e-6, warm-up ratio 0.1, weight decay
0.01, and early stopping with patience 3.

Generalist vision-language models

Three VLMs were selected.
Qwen3-VL-8B-Instruct [5] represents the
most generalist case: a general instruction-
following VLM with no specialisation towards
document transcription. chandra-ocr-2* and
DeepSeek-0CR-2 [37] are both OCR-specialised,
but take opposite approaches to encoding a page.
Chandra encodes the full page at high token
cost, comparable to Qwen, whereas DeepSeek
compresses it into a few hundred vision tokens,
substantially reducing the compute required per
page on local hardware. The three models thus
cover both general instruction-following models
(Qwen) and OCR-specialised models (Chandra

4https://huggingface.co/datalab-to/chandra-ocr-2

and DeepSeek). Within the specialised models,
two contrasting page-encoding strategies are cov-
ered. In the remainder of this work, they are
referred to as Qwen, Chandra and DeepSeek.
The three models were evaluated zero-shot.
This follows from the similarity in script between
English and German and from the amount of data
that fine-tuning such models requires [11]. Here,
zero-shot denotes the absence of fine-tuning or
gradient-based adaptation to the HGAF dataset,
as well as the absence of training data exam-
ples in the prompt. It does not, however, denote
the absence of configuration for a specific layout:
prompts, output formats and extraction strategies
were adjusted on the validation split of each lay-
out. Table 3 summarises the four models and the
configuration each of them requires.

4 Implementation

The objective of the implementation is to extract
the handwritten contents of each field in a struc-
tured format, such as a table or a JSON file, so
that the information can be digitised and anal-
ysed. The implementation was designed to be
form-agnostic: the field schema is user-defined and
not hard-coded. All parameters of the pipelines,
such as pre- and post-processing methods and
prompts, were configured on validation data only.
The test split was evaluated once, in a single pass,
for all model variants. Fig. 2 compares the step
sequence of each implementation.

4.1 The Fine-Tuned Specialist
Pipeline

The specialist condition is a staged pipeline. It
localises each form field, prepares the result-
ing crop for recognition, applies the fine-tuned
TrOCR model [28], and corrects the transcription
against field-level constraints. Table 4 presents the
method used in each stage, and Tables S1 and S3
in Supplementary Information give the parame-
ter values. Decoding is greedy throughout, so no
reported result depends on beam search.

Known limitations of the line-level pipeline

TrOCR was fine-tuned on line crops of layout
A, extracted with the first three stages of this
same pipeline. Both the visual characteristics of
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Table 3 The four models compared. Extractor denotes whether the field values have to be recovered from the model
output by a separate rule-based stage; for TrOCR the values come directly from the segments, and Qwen is prompted to
emit them as JSON. Checkbozes denotes whether the model itself reports the marked option; in the specialist pipeline

they are classified by a rule instead.

processing

TrOCR Qwen Chandra DeepSeek

Type Line-level Instruction VLM OCR VLM OCR VLM

Input Field crop  Full page Full page Full page

Adaptation  Fine-tuned Zero-shot Zero-shot Zero-shot

Prompt — Own ocr markdown

Output Plain text JSON HTML Grounded Markdown

Extractor No No Yes Yes

Checkboxes No Yes Yes Yes
TrOCR implementation
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Fig. 2 Comparison of the TrOCR implementation (top) and the VLM implementation (bottom).

layout A and the artefacts generated by the pre-
processing may therefore be induced in the model.
Moreover, the methods used in the different stages
of the pipeline are relatively simplistic, which
could impact its performance negatively.

4.2 The Zero-Shot Generalist
Baselines

For the VLMSs, no pre-processing, segmentation or
post-processing was applied. The scanned page is
submitted as it is, and the field values are recov-
ered from the model output afterwards. As with
TrOCR, decoding is greedy throughout.

Prompting
For instruction VLMs, such as Qwen, the user

has to write a prompt that explains the task
and the expected output; this can be any task

related to interpreting images. OCR-specific mod-
els such as Chandra and DeepSeek, in contrast,
were developed for the specific task of transcribing
documents. Instead of requiring the user to write
a prompt, they provide a selection of prompts
that specify the task (i.e. transcribing the docu-
ment and its structure to HTML). The user can,
however, provide a custom prompt that differs
from this selection. For a more symmetric compar-
ison, the Qwen prompt was also tried for Chandra
and DeepSeek. The outputs of these models, how-
ever, were either empty or did not transcribe
the handwritten text at all. The implementation
therefore had to be asymmetric between the two
types of models. Qwen received a custom prompt
that defines the HTR task and states which fields
are to be extracted from the forms. Chandra
and DeepSeek received one of their predefined
prompts, with no information about the forms



Table 4 Stages of the fine-tuned specialist pipeline.

Stage

Method

Page pre-processing

Field segmentation

Segment pre-processing

Recognition

Skew correction from the minimum-area bounding rectangle of the dominant ink
contour of the binarised page.

User-defined handwritten text fields on a reference page, projected onto every
other page by homography from ORB (oriented FAST and rotated BRIEF) key-
points fitted under random sample consensus (RANSAC).

Removal of the printed lines by morphological opening with elongated structuring
elements, inpainting of the mask, cropping of the empty white space. For multi-line
fields only: row-wise ink profile, candidate lines as local maxima by topographic
prominence, merged when the valley between them is too shallow.

TrOCR fine-tuned on the training split of layout A, applied to each segment

containing text.
Checkbox classification

Post-processing
tions.

Comparison of the ink ratio across the sibling boxes of a group.

Field-specific correction rules, such as letter-digit error models and lexical correc-

themselves. The prompts used are reproduced in
Supplementary Information (Sect. S5).

Field extractor

Qwen was prompted to produce JSON, which
pairs values with fields directly. Chandra and
DeepSeek produced transcriptions of the whole
page in HTML and Markdown, respectively.
Besides the handwritten text, these transcriptions
contain headings, field labels and other structural
elements of the forms. These two models there-
fore required an extractor, which pairs the fields
with their values in the raw output. The extrac-
tor searches for the field labels in the raw output
(e.g. Name or Vorname) and extracts their val-
ues based on a set of rules. Qwen thus receives
information about the form in its prompt, whereas
Chandra and DeepSeek receive it in the extractor.

Known limitations of the generalist
condition

Prompt and extractor were selected on validation
data. The condition is therefore zero-shot with
respect to the model weights, but not with respect
to the system configuration. The extractor logic
necessarily differs across models, so a difference
between conditions may originate in the extractor
as well as in the recognition. This is a common
issue in document-level HTR [19].

4.3 Metrics and Evaluation

The main metric is CER, the standard metric in
HTR [19]. When a group of fields is measured, for
example one form or a group of forms, the edit
distances of the individual fields are summed and
divided by the summed length of the correspond-
ing references. The reported value is therefore the
share of all transcribed characters in the group
that are wrong.

Since the forms consist of fields, a field-level
metric is additionally adopted: the field error
rate (FER), i.e. the proportion of fields whose
prediction does not exactly match the ground
truth.

Checkbox fields are classified rather than tran-
scribed, so a character-level error rate is not
meaningful for them. They are scored by checkbox
accuracy (CA), i.e. the proportion of groups for
which the selected option matches the reference
option.

The perfect form rate (PFR) is the propor-
tion of forms in which all scored fields, text and
checkboxes alike, exactly match the ground truth.
It is the strictest of the reported metrics and the
closest to the deployment question, since a form
containing any error has to be corrected by hand,
regardless of how small the error is.

RQL1 is answered on the test split of layout
A, the layout on which the specialist pipeline
was fine-tuned. RQ2 is answered by repeating the
same evaluation on the test splits of layouts B



and C. Cross-layout degradation is also measured.
For a metric m and a target layout L € {B,CY},
it is defined as (my — ma)/ma, so positive val-
ues denote worse performance than on layout A.
Layout A was chosen as the common reference
because, by design, it is the least demanding of
the three layouts.

4.4 Reproducibility

All experiments were run on a single NVIDIA
RTX A6000 GPU with 48 GB of memory. Random
seed 42 was fixed for all operations involving sam-
pling, including the assignment of document IDs
to splits.

5 Results

In the comparisons of this section, TrOCR is
reported after post-processing, and the VLMs are
reported on their raw outputs.

Gemini 2.5 Flash appears in the tables and
figures of this section in italics, marked with 7.
As a cloud model, it falls outside the on-premise
comparison. It serves only as a commercial refer-
ence for what could be achievable without data
protection constraints.

5.1 Layout A Performance

Layout A was the layout used to fine-tune TrOCR.
Nevertheless, the two best models on this layout
are the VLMs Chandra and Qwen, which lie close
to each other on all metrics (Table 5). The fine-
tuned TrOCR pipeline follows at roughly 1.5 times
their CER, and DeepSeek is last on every met-
ric. CA is the only metric on which the specialist
matches the two leading VLMs. Of the four com-
pared models, only Qwen and Chandra transcribe
any form without a single field error. Fig. 3 gives
the per-form CER distributions.

Broken down by field type (Table 6), the gap
between the specialist and the two leading VLMs
is not uniform. On text fields, the three are close,
with TrOCR even slightly ahead in CER. On
numeric fields, TrOCR falls behind both. The
long-text field, which in these forms is only com-
ment, separates them most clearly: by CER, it is
the worst field type for TrOCR and the best for
Qwen and Chandra. By CER, DeepSeek is last on
all three field types.
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Table 5 Overall CER, FER, CA and PFR
(all in %) for all models, TrOCR after post-
processing of its structured fields and the VLMs
on the raw outputs. For CER and FER lower is
better; for CA and PFR higher is better. Best
performance per layout in bold. t: commercial
reference, not part of the comparison and
excluded from the bold marking.

Layout Model CER FER CA PFR
TrOCR 6.8 354 100 0.0
Qwen 4.7 275 100 7.7
A Chandra 4.5 27.0 100 7.7
DeepSeek  16.1 57.1 28.2 0.0
Geminit 2.7 156 100 25.6
TrOCR 12.1 485 71.8 0.0
Qwen 7.2 373 100 2.6
B Chandra 7.2 35.2 949 2.6
DeepSeek  20.7 64.6 7.7 0.0
Geminit 4.1 19.6 100 20.5
TrOCR 15.4 53.8 48.7 0.0
Qwen 6.5 36.8 100 5.1
C Chandra 5.8 33.3 100 7.7
DeepSeek  26.1 63.4 12.8 0.0
Geminit 8.3 21.0 100 10.3

5.2 Cross-Layout Performance

On layouts B and C, Qwen and Chandra remain
the two best models, with Chandra ahead on FER
on both layouts and on CER on layout C. TrOCR
degrades considerably, and DeepSeek remains last
(Table 5). The PFR of Qwen drops on both lay-
outs, that of Chandra only on layout B. TrOCR
and DeepSeek still transcribe no form without
errors. CA separates the models most sharply.
Qwen keeps a perfect score on all three layouts,
and Chandra drops only slightly on layout B.
TrOCR falls from a perfect score on layout A to
roughly half on layout C, and DeepSeek remains
far behind on both.

Cross-layout degradation, defined in Sect. 4.3,
is shown in Fig. 4. For CER, the models fall
into two groups. Qwen and Chandra degrade
more on layout B than on layout C, whereas
TrOCR and DeepSeek show the opposite order-
ing. Within the second group, the magnitudes
differ sharply. DeepSeek’s relative degradation is
of the same order as that of the other VLMs, while
TrOCR more than doubles its CER on layout C,
the largest degradation observed. For FER, this
grouping does not hold. Apart from Gemini, only
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Fig. 3 CER distribution for models across layouts. 1 of 585 form-—model points lies above 70% and is not drawn (DeepSeek,
layout C). {: commercial reference, not part of the comparison.

Table 6 Performance per field type across layouts. Best performance per layout in bold, for each field type and metric. {:
commercial reference, not part of the comparison and excluded from the bold marking.

CER (%) FER (%)
Layout Model Number Text Long text Number Text Long text
TrOCR 5.3 5.9 9.0 26.2  33.9 89.7
Qwen 3.9 6.7 2.7 22.1  32.3 30.8
A Chandra 3.6 6.7 2.5 19.5 34.4 28.2
DeepSeek 11,5 19.2 15.9 44.1  65.1 82.1
Geminit 2.3 3.6 2.0 12.3  16.4 28.2
TrOCR 9.3 114 15.1 40.0  46.7 100.0
Qwen 7.1 11.1 2.5 26.7 48.7 33.3
B Chandra 5.4 11.9 2.6 28.7 43.6 25.6
DeepSeek 20.3 28.3 11.6 56.9 70.8 71.8
Gemini® 4.7 5.7 1.7 174  22.6 15.4
TrOCR 18.1 12.1 17.3 48.7  49.7 100.0
Qwen 6.2 8.6 4.2 28.7 421 51.3
C Chandra 4.6 8.7 3.1 25.6 38.5 46.2
DeepSeek 15.4 424 14.1 50.8 718 84.6
Gemini' 2.9 4.3 2.3 15.4  23.1 38.5

TrOCR degrades more on layout C than on layout 5.3 Error Type Decomposition
B. DeepSeek shows the smallest relative degrada- Eatraction errors for OCR VLMs

tion of the four models on both layouts, and its

FER on layout C is lower than on layout B. Chandra and DeepSeek require an extractor to iso-
late the fields and their values from the raw model
output. As a result, handwriting may be recog-
nised correctly by the model but still be counted
as an error if the extraction process fails to assign
the text to the correct field.
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Fig. 4 Cross-layout degradation by model, relative to layout A: a CER, b FER. Positive values mean worse performance
than on layout A. : commercial reference, not part of the comparison.

<|ref|>text<|/ref|><|det|>[[113, 480, 598,
529]1<|/det|>

Studiengang: IM WIN BWL Kunst

xOooo

Fig. 5 DeepSeek’s output for the studies field of form C-
14, using a symbol for marked checkboxes that does not
occur in the validation data, so that the extractor does not
recover the selected option. A correctly extracted case is
shown in Supplementary Information, Fig. S5b.

No extraction errors were detected for Chan-
dra. For DeepSeek, 15 were identified: one on
layout A, ten on layout B (a quarter of its test
split) and four on layout C. Five of them concern
the studies field and are caused by the symbol used
to mark a checkbox (Fig. 5). One form had all its
values wrapped in curly braces (e.g. {John}). In
the majority of the remaining cases, fields that the
model had not recognised received other parts of
the document as their value instead of an empty
string. An example of an extractor error is form
A-60: DeepSeek transcribed the comment field
correctly, but the extractor did not assign it to the
field (Fig. 6).

Unexpected outputs by DeepSeek

Separately from the extraction errors, DeepSeek
produced outputs that are recognition failures
rather than extraction failures. Fig. 7 shows a
degenerate repetition in the comment field of form
A-78. Fig. S6 in Supplementary Information adds
a repeated placeholder in the email field of form
C-12 and a sequence of non-Latin characters in
the monthly income field of form C-81.
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Comment — CER = 1.000

GT:
Pred:

Alles Bestens!!!

(2)

<|ref|>text<|/ref|><|det|>[[400, 833, 690,
880]1<|/det|>
Alles Besten III.

(b)
Fig. 6 Form A-60, where the comment field was recog-
nised by DeepSeek but not assigned to the field by the
extractor: a the comment field with empty prediction, b
excerpt of the raw output for that field.

Comment — CER = 0.925
G4 AWV~ Sesne rise //,/,, e

-(/) VT ey s

GT: Ich hatte gerne eine Kopie des Vertrages
Pred: E. G. 4. 4. 4. 4. 4. 4. 4. 4. 4. 4. 4. 4,

Fig. 7 Unexpected output by DeepSeek: a degenerate rep-
etition in the comment field of form A-78. Two further
examples are given in Supplementary Information, Fig. S6.

Field localisation in the specialist pipeline

The segments for TrOCR’s pipeline were defined
as the space to the right of each field label.
Layout C, however, has no boxes or lines that con-
strain where the fields are filled out. CER can
therefore also depend on how well such a rigid,
template-matching field localisation works on a
layout whose fields have no delimiting boxes or



Phone — CER = 0.947
— =y

e exempe

GT:  +49 (0) 1309 440008
Pred: reexumpi.l4

Fig. 8 A field where TrOCR’s localisation failed because
of layout C’s unconstrained fields: the phone field of form
C-36. Two further examples are given in Supplementary
Information, Fig. S7.

Last name
-, 3 T a[
lowdn  Sawmwarlss  Saumncstn
ground truth: Ramdn Sanmartin
% TrOCR (CER ©.80): Ramon Saaten Seonanath
x Qwen (CER 0.73): n Sammatin Sammatin
x Chandra (CER 8.20): Ramon Samanti
x DeepSeek (CER 1.07): Kannon Sampath Sampath
<+ Gemini (CER 0.00): Ramdn Sanmartin

Fig. 9 Struck-out text in the last name field of form A-90.
The first name field of the same form is shown in Supple-
mentary Information, Fig. S8.

lines. Fig. 8 shows an example of a poorly cropped
field, and Fig. S7 in Supplementary Information
shows two more. Similar failures happened less
often on layout B, where some participants wrote
outside the provided fields.

Forms with struck-out text

Some participants corrected themselves while fill-
ing out the forms. Fig. 9 and Fig. S8 in Supplemen-
tary Information show form A-90. No on-premise
model transcribes the two affected fields perfectly,
but Chandra omits the struck-out part, while the
other three transcribe it as content.

5.4 Post-Processing

Post-processing was defined for TrOCR, based on
the errors observed on the validation data of lay-
out A. These rules, however, can also be applied
to the VLMs. Table S4 in Supplementary Infor-
mation compares raw and post-processed results.
At the aggregate level, post-processing improves
every model on every layout, with consistently
larger gains on FER than on CER.

At field level, however, post-processing also
broke correctly recognised values. In form A-67,
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TrOCR predicted the correct city Schwarzenberg,
which the lexicon corrector changed to Schwarzen-
bek. In form A-90, the street Alameda Anasta-
sio Arino was recognised as Alameda Anastasio
Arino. Tt was then changed to Alameda Anasta-
sio Aring, matching the common German street
suffix -ring.

5.5 Commercial Reference

As a reference for the performance achievable
without data protection constraints, the test splits
were also processed by Gemini 2.5 Flash. The
model was used through its free web interface,
without API calls or a similar implementation.
Its results are reported in the rows marked with
1 in Tables 5 and 6, and in Figs. 3 and 4. It is
not part of the comparison in Sects. 5.1 and fol-
lowing, since the on-premise requirement excludes
cloud services. Gemini achieves the lowest CER
and FER and the highest PFR on all three layouts,
and it matches the perfect CA of Qwen. Broken
down by field type, it is ahead of every compared
model on all three field types and all three lay-
outs. The only exception is the long-text field on
layout A, where its FER equals that of Chandra.

6 Discussion

6.1 Dataset and Evaluation
Discussion

Four properties of the dataset limit what the num-
bers can support. First, the fields are independent
of each other. As an example, the combination
of street, house number, city and postal code is
not necessarily a real address. The cross-field val-
idation that a deployed system would perform on
authentic data is therefore closed here by con-
struction. The post-processing evaluated in this
work is thus weaker than what the same architec-
ture would allow. Second, the test split contains
39 document IDs, amounting to 468 scored fields
per layout. This is enough to separate models that
differ by several percentage points of CER, but
not to rank models that differ by a few tenths.
Third, the forms are modern, clean and scanned
under controlled conditions, so degraded docu-
ments and photographed input are absent. The
forms also consist of one page only, so multi-
page forms are not evaluated within this scope.



Fourth, two participants each filled in two docu-
ment IDs, one in cursive and one in block letters.
Since the collection was anonymous and no map-
ping between document ID and participant exists,
writer-disjoint splits cannot be guaranteed for
these four document IDs. With at most two of 95
writers affected, the effect on the results is likely
small.

6.2 Layout A Discussion

The specialist pipeline showed acceptable per-
formance only on layout A. This was the lay-
out used to fine-tune both the model and the
whole pipeline, including its post-processing. Two
VLMs, however, performed better on layout A
than this pipeline: Qwen and Chandra. It is worth
noting how asymmetric the comparison was. The
specialist TrOCR, saw 467 line images of exactly
this layout, cropped by exactly the pipeline that
was later used at inference. Its output was cor-
rected, on every field except comment, by rules
derived from its own errors on this layout. The two
VLMs, in contrast, received no gradient update at
all, saw no training samples in their prompt and
had their output left uncorrected. Besides fine-
tuning, the asymmetry also concerns the stage
at which the pipelines receive information about
the form. For TrOCR, the fields, their types and
their bounding boxes are used to segment the indi-
vidual handwritten text lines. Qwen receives the
expected fields and types in the prompt; Chan-
dra and DeepSeek receive them in the extractor.
DeepSeek, on the other hand, appears to be poorly
suited to handwriting, since its performance was
subpar even on the simplest layout. In its case, this
cannot be attributed to the Markdown extractor,
since extraction errors on layout A were negligible.

Since our TrOCR model was fine-tuned pri-
marily on short, structured handwritten lines from
the HGAF dataset, it performs well on the short
text fields, where the three models are practically
tied. This result, however, is partly owed to the
post-processing. The lexicon and format correc-
tions act mostly on these fields, and without them,
the CER of TrOCR on text fields lies above that of
both VLMs. On numeric fields, the VLMs remain
ahead even after TrOCR’s post-processing, and on
the long-text field, TrOCR performs clearly worse.
This could be attributed to the comment field con-
tributing far fewer lines to the training data than

14

the ten single-line fields together. Most likely, how-
ever, it is because comment is the only field whose
crops depend on the automatic line segmentation.
Its FER on this field is therefore a combination
of recognition difficulty, segmentation errors and
training imbalance. We believe that another fac-
tor hampering the performance of this pipeline
is the simplistic approaches taken in some of its
steps. Improving the removal of the printed lines
(for example, with a stroke-reconstruction step
as in Bai and Huo [6], Yu and Jain [40]) or the
line segmentation of multi-line fields would pro-
vide cleaner images for TrOCR, or for any other
line-level model.

For Chandra and DeepSeek, key-value pairs
can only be recovered from the raw output with
a good extractor. This is a difficult task, since
the same type of form can yield different out-
put structures, as shown in Fig. 10. Although
not specialised in OCR,, the more generalist Qwen
achieved results comparable to Chandra, with the
advantage of not requiring such an extractor, since
the output format was induced in the prompt.

A-76

a3 Allgemeines Formular zur Datenerfassung

Allgemeines Formular zur Datenerfassung Name

S Blfmel
Name [Wiek | e

Vormame

Vorname [Diether |

(a) (b)
Fig. 10 Chandra’s HTML output for the first two fields
of two forms of layout A, rendered: a form A-3, where the
fields to complete are returned as input elements (<input>);
b form A-76, where the same fields are returned as ordinary
paragraphs (<p>).

Marie-Louise

6.3 Cross-Layout Performance
Discussion

In terms of cross-layout performance, all four mod-
els performed better on the simplest layout (A)
and worse on layouts B and C. For TrOCR, whose
model and pipeline were developed on layout A,
this degradation measures its generalisation to
unseen layouts. For the VLMs, which were not
trained on any of the three layouts, it measures
how sensitive they are to the visual structure of
the form.

For TrOCR’s pipeline, an important bottle-
neck is the localisation of the segments with



handwriting, not the recognition itself. Layout C
has no boxes or lines for its fields, which leaves
the participants free to choose where to write. If a
participant wrote below the label instead of next
to it, the crop passed to TrOCR contained the
wrong region or no ink at all, as shown in Fig. 8 for
form C-36. This is consistent with layout C being
the hardest layout for TrOCR. A second factor
for the degradation is that TrOCR was fine-tuned
on crops of layout A, extracted with the same
pipeline stages that were then used for the final
tests. This biases the model towards these pre-
processing techniques and towards the artefacts
they generate on the images, which are specific to
the box geometry of layout A. This corresponds to
the visual divergence described by Garrido-Munoz
and Calvo-Zaragoza [18], with the difference that
here it is introduced by the pipeline itself and
not by the source material. The post-processing,
on the other hand, was also derived from layout
A, but improves TrOCR by a comparable mar-
gin on all three layouts. The degradation therefore
cannot be attributed to it.

For the VLMs, the difficulty is harder to pin-
point. Both Qwen and Chandra degrade more on
layout B than on layout C, although layout C
offers the least visual guidance of the three. Lay-
out B is the compact tabular arrangement, so
two explanations are possible. Either the tabu-
lar structure imposes a reading order that the
model resolves incorrectly, or the smaller cells sim-
ply place more ink closer together and increase
the confusion between neighbouring fields. Distin-
guishing them would require a fourth layout that
is tabular but generously spaced, which the HGAF
dataset does not contain.

The per-form distributions in Fig. 3 add a sec-
ond dimension to the comparison. The advantage
of Qwen and Chandra lies not only in their average
error, but also in their consistency across forms.
The longer upper tails of TrOCR and DeepSeek
correspond to individual forms on which they fail
far more than on the rest. This is consistent with
the failure modes identified in the error analysis:
wrongly localised fields for TrOCR (Fig. 8) and
degenerate outputs for DeepSeek (Fig. 7). For a
deployed system, these outliers matter as much
as the average, since every such form has to be
reviewed manually.
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6.4 General Performance Factors
and Implications

Checkboxes

On layout A, DeepSeek is the only model with
poor performance. Its raw output before extrac-
tion shows two causes. Partly, the model failed to
recognise marked checkboxes. Partly, the extrac-
tor failed to recognise marked checkboxes that the
model had recognised correctly. On layouts B and
C, the CA of TrOCR’s pipeline drops as well,
which is likely because its parameters were fitted
to layout A.

Struck-out text

Corrections made by the writer are a known dif-
ficulty for recognition systems [9]. As shown in
Fig. 9, no model transcribes the name fields of
A-90 perfectly. Chandra, however, ignores the
struck-out part, while the other models transcribe
it as content. A page-level model that has learned
document conventions can treat a deletion as such.

Language bias

Neither Qwen nor Chandra presented difficul-
ties with German texts. This is consistent with
Crosilla et al. [12], who report the strongest degra-
dation for languages and scripts far from modern
English. For DeepSeek, this data does not allow us
to state whether this is a language bias or a gen-
eral weakness, since its performance is also poor
on numeric fields, where language priors play no
role.

Implications for the implementation

The decisive difference between the two condi-
tions is not only the accuracy but also the effort
required per new form design. For every new lay-
out, the specialist pipeline needs the definition of
the segments with handwritten text and of the
checkbox regions, and a check that line removal
and line segmentation behave correctly on the new
geometry. Judging by the results on layouts B
and C, it also needs a new fine-tuning. Its post-
processing narrows the gap to the VLMs, but
does not close it, even though the VLMs were
evaluated without any correction of their output.
Chandra needs a new extractor per layout, since
its HTML structure varies even within one lay-
out. Qwen needs neither: the output schema is



fixed in the prompt, the returned JSON pairs val-
ues with fields directly, and no form of any layout
failed to parse. Together with the best or second-
best score on every metric and a perfect CA on all
three layouts, this makes Qwen the recommended
default of the implementation when several form
designs have to be supported. DeepSeek, on the
other hand, cannot be recommended for this task.
Its recognition quality, its output stability and its
checkbox handling all fall short, and it produced
the largest number of extraction errors.

Comparison with a commercial model

No open-weight model surpassed Gemini’s perfor-
mance on the HGAF dataset. This is in accor-
dance with similar HTR benchmarks [12]. Gemini
also required no extraction, since the same prompt
as for Qwen could be used. Like Chandra, it is
able to handle struck-out text. In the absence of
data protection restrictions, a commercial model
may therefore be preferable on accuracy grounds:
within the evaluated configurations, Gemini 2.5
Flash achieved the strongest results, with an equal
or better performance on every metric. The web-
interface evaluation, however, does not offer the
reproducibility or deployment control of the local
pipelines.

7 Conclusion

This work compared a fine-tuned line-level HTR
pipeline with three zero-shot vision-language mod-
els on handwritten German administrative forms,
under the constraint that every model has to run
on-premise. To make the comparison possible, the
HGAF dataset was created. It consists of 291
forms, filled in by 95 writers across three lay-
outs that share an identical field inventory and
identical synthetic contents. In addition, a pro-
cessing pipeline was implemented that integrates
both conditions.

Regarding RQ1, the two leading VLMs, Qwen
and Chandra, outperformed the specialist pipeline
on layout A, the same layout the specialist was
fine-tuned on. The comparison was asymmetric
in the specialist’s favour: in addition to the fine-
tuning, its outputs were also post-processed. The
performance gap is not uniform across the field
types. On short text fields the three pipelines are
practically tied, and on numeric fields the spe-
cialist is close behind. The specialist falls clearly
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behind in the multi-line comment field. Therefore,
the results indicate that a fine-tuned line-level
pipeline remains competitive on short text and
numeric fields, despite being outperformed overall
by the strongest VLMs.

Regarding RQ2, the result holds in its ordering
but not in its magnitude. Transcription accuracy
degraded for every model on the two more complex
layouts, while the ranking of the models remained
unchanged. The specialist degraded most, the two
leading VLMSs noticeably less. Form layout there-
fore affects recognition accuracy across all four
systems. Which layout properties drive the effect
remains open, especially for VLMs.

Two findings concern deployment rather than
accuracy. First, no configuration evaluated here
is sufficient for unsupervised digitisation of these
forms. The best PFR of the on-premise models
was 7.7%, and two of the four models did not tran-
scribe a single form without an error. Any of these
systems reduces manual transcription effort, but
none removes the need for a human review step.
Second, an OCR-specialised VLM does not solve
key information extraction on its own. It tran-
scribes the whole document, so the field values
still have to be recovered from its output. This
required an extractor that had to be adjusted for
each of the three layouts, even though the fields
were identical between them. Qwen was the excep-
tion: inducing the output schema in the prompt
made the extractor unnecessary, and no form of
any layout failed to parse.

Several directions follow from this work. (1)
The first concerns benchmarking. Neither of the
two vision-language OCR benchmarks consulted
in this work [17, 30] contains a handwritten form
task. The reported strength of these models on
document understanding therefore does not trans-
late into evidence for field-level transcription of
handwriting. Including such a task would close
this gap. (2) The second concerns the layout fac-
tor itself. Three layouts are enough to establish
that layout matters for form HTR tasks, but
not enough to determine the role of the differ-
ent layout properties. (3) A third direction is
the identification of erroneously transcribed fields.
Adding confidence scores, or flagging recognised
contents based on pattern matching, could make
these models easier and more efficient to deploy.
This would reduce the effort for the person who



checks and corrects the model outputs. (4) Finally,
the specialist condition was implemented with
deliberately simple pre-processing. Repeating this
comparison with a learned line segmenter and a
less destructive line removal would show whether
the gap measured here is a property of line-level
HTR or of the stages built around it.

Supplementary information. A document
called Supplementary Information accompanies
this article. It contains full-page reproductions of
the three layouts and of the instruction for com-
pletion (Figs. S1-S4), the parameter values of the
specialist pipeline (Table S1), the post-processing
rules and thresholds together with the raw and
post-processed results of every model (Tables S2—
S4), the complete set of qualitative error examples
(Figs. S5-S8), and the prompts passed to the three
vision-language models (Sect. S5).
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