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Abstract

Historical cipher keys encode mappings
between plaintext elements and cipher
symbols and are characterized by com-
plex, heterogeneous handwritten layouts.
This paper establishes a baseline for doc-
ument layout analysis (DLA) of histor-
ical cipher keys using a newly anno-
tated dataset of 350 images from Euro-
pean archives dating from ca. 1300 to 1850
CE. We evaluate four YOLO-based ar-
chitectures under three conditions: train-
ing from scratch, cross-domain transfer
from models pre-trained on DocLayNet
and CATMuS in a class-agnostic setting,
and fine-tuning of these pre-trained mod-
els on cipher key data. Results show that
training from scratch is limited by data
scarcity and unstable convergence, while
direct transfer across DLA domains per-
forms poorly. In contrast, fine-tuning con-
sistently improves performance across all
architectures, demonstrating the feasibil-
ity of adapting existing DLA models to
cipher keys and supporting downstream
tasks such as key extraction and compar-
ative cryptographic analysis.

1 Introduction

A historical cipher key is a document that spec-
ifies the correspondence between plaintext ele-
ments and their encoded representations used in
a cipher system. Such keys were widely used in
diplomatic, military, and administrative contexts
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to enable the encryption and decryption of sen-
sitive correspondence. Unlike ciphertexts, which
consist mostly of encoded symbols with or with-
out cleartext, cipher keys typically combine ex-
planatory text, structured mappings, and graphical
elements, resulting in complex and highly variable
document layouts. Figure [T| shows two represen-
tative examples of historical cipher keys from Eu-
rope.

At a structural level, cipher keys most com-
monly contain one or more alphabets, which de-
fine the mapping between individual letters (or let-
ter combinations) and their corresponding cipher
symbols. In addition, many keys include nomen-
clature elements, which extend the alphabet by as-
signing codes to higher-level linguistic units such
as names, places, titles, syllables, or frequently
used words and phrases. These mappings are often
arranged in structured forms such as tables, lists,
or aligned rows and columns, but their exact vi-
sual realization varies across documents and time
periods (Megyesi et al., 2024)).

Cipher keys frequently exhibit heterogeneous
layouts that combine multiple organizational prin-
ciples within a single page.  Alphabet and
nomenclature sections may coexist with running
text, marginal annotations, figures, decorative ele-
ments, stamps, or watermarks. Furthermore, map-
pings can be arranged horizontally or vertically,
may involve one-to-one, one-to-many, or many-to-
one relationships, and are often written by hand
with limited visual consistency. This structural
and visual diversity distinguishes cipher keys from
both standard textual documents and more regular
tabular material.
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Figure 1: Examples of historical cipher keys from the Swedish National Archives.

record 4323, right: DECODE record 4329,

The automatic analysis of cipher keys therefore
poses challenges that go beyond traditional hand-
written text recognition. Before individual sym-
bols or mappings can be transcribed or interpreted,
semantically relevant regions of the page must first
be identified and localized. Document layout anal-
ysis (DLA) addresses this need by segmenting ci-
pher key pages into meaningful regions, making it
a crucial preprocessing step for downstream tasks
such as symbol recognition, key extraction, com-
parative cryptographic analysis, and assisted de-
cryption.

On a general level, DLA identifies regions of
interest, such as text blocks or figures, in docu-
ment images, which can then be processed fur-
ther, for example by applying handwritten text
recognition (HTR) to text lines, or by performing
structured information extraction from tables. In
the specific case of cipher keys, the regions de-
tected through DLA are directly tied to crypto-
graphic interpretation. For example, identifying
alphabet and nomenclature regions enables the ex-
traction of plaintext—cipher symbol pairs, which
can be used for decryption attempts or for com-
paring symbol inventories across different keys
and potentially related ciphertexts. Beyond in-
dividual documents, automatic region identifica-
tion also supports large-scale comparative studies,
such as analyses of nomenclatures across entire
collections (see e.g. Megyesi et al., 2024).

Given the relevance of layout analysis for such
downstream tasks, this work aims to establish a
baseline for document layout analysis of histor-
ical cipher keys. To this end, we compare the
performance of four YOLO-based architectures
(Redmon et al., 2016) under different training and
fine-tuning conditions, using a newly established
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dataset of historical cipher keys. Concretely, we
investigate the following questions:

1. How well do YOLO-based models perform
on cipher key DLA, when trained from
scratch on a comparatively small dataset?

2. How well do YOLO-based models, pre-
trained on other DLA domains, namely PDF
documents and medieval manuscripts, per-
form in identifying regions of interest in ci-
pher key images, in a class-agnostic setting?

3. Can the performance of models trained from
scratch be improved by fine-tuning pre-
trained models with the cipher key dataset?

4. Can the performance for cipher key-specific
classes, such as alphabet and nomenclature
key regions, be further improved by limiting
the training data?

2 Related Work

Historical cipher keys and their internal structure
have been studied primarily from a cryptological
and historical perspective. Large-scale analyses of
European cipher keys have shown that most keys
combine alphabet mappings with nomenclature
sections that encode higher-level linguistic units
such as names, places, titles, words, or phrases, of-
ten supplemented with nulls and special symbols
(Megyesi et al., 2024). These mappings are typi-
cally organized in tables, lists, or aligned rows and
columns, but exhibit substantial variation in lay-
out, orientation, and complexity across time pe-
riods and regions. Studies of key usage and in-
structional material further highlight that cipher
keys frequently include explanatory text and oper-
ational rules, which contributes to heterogeneous
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page layouts (Lang et al., 2025). From a com-
putational perspective, prior work has discussed
the challenges of automatically extracting struc-
tured mappings from cipher keys and emphasized
the need to first identify key components such as
alphabet and nomenclature regions (Tudor et al.,
2020). In addition, corpus-building efforts such as
the DECODE project have provided standardized
terminology and large collections of cipher keys
and ciphertexts, enabling systematic comparative
analysis (Megyesi et al., 2019). However, despite
this growing body of work, the automatic layout
analysis of cipher keys has received little attention,
motivating the present study.

2.1 Document Layout Analysis

A significant body of literature examines DLA
for various types of documents, ranging from
printed corporate forms, to ancient handwritten
documents. Binmakhashen and Mahmoud (2019)
present a summary of DLA works until ca. 2019.

Recent works explore various kinds of deep
learning approaches, such as the cross-attention-
based HookNet, proposed by [Wu et al. (2025).

Additionally, YOLO-based approaches have for
example been examined in the context of printed
documents (L1 et al., 2025)) and historical, Greek
dictionaries (loakeimidou et al., 2024).

Besides this, several HTR frameworks, such as
Loghi (van Koert et al., 2024} [Klut et al., 2023)
and Kraken (Kiessling, 2026), incorporate DLA
approaches into their pre-processing pipeline, to
identify textual regions which are then segmented
into individual lines.

We are not aware of any prior works that study
DLA for historical cipher keys.

2.2 DLA Datasets

Various DLA datasets have been presented in the
literature, both as stand-alone projects and in the
context of competitions. These datasets are often
focused on a single domain or are limited to im-
ages of a specific document type (file format, con-
tent, layout).

The two datasets that form the basis for some
of the pre-trained models used in this work are
DocLayNet (Pfitzmann et al., 2022), consisting of
PDF pages, i.e. contemporary digital material, and
CATMuS (Clérice et al., 2024), focusing on me-
dieval handwritten pages.

Other DLA datasets, which focus on a simi-
lar time frame, but different domain compared to

our work, are for example the HORAE dataset
(Boillet et al., 2019), containing images of prayer
books from the late Middle Ages, the DIVA-
HisDB (Simistira et al., 2016), a collection of
challenging medieval documents, and SAM (Zot-
tin et al., 2024), the ICDAR 2024 Competition on
Few-Shot and Many-Shot Layout Segmentation of
Ancient Manuscripts.

To the best of our knowledge, no prior dataset
for DLA of historical cipher keys exists.

3 Study Design

The following sections briefly outline the different
components of our study design, concluding with
a description of the conducted experiments.

3.1 Data

The experiments in this work are based on a col-
lection of 350 images of, predominantly handwrit-
ten, cipher keys from archives in Europe, sourced
from the DECODE database (Héder and Megyesi,
2022). The original documents are estimated to
have been created between ca. 1300 CE and ca.
1850 CE, with the bulk of the data originating
from ca. 1500 CE to 1700 CE. The keys are
constructed using various combinations of letters,
numbers and graphical symbols.

During the digitisation process, the cipher key
images were arranged as records, grouping docu-
ments that stem from the same book or collection.
Each record has been annotated with several meta-
data fields, e.g. pertaining to age and provenance,
as far as it could be established.

3.1.1 Data Annotation

All images were annotated manually by one an-
notator, with the support of several experts, when
uncertainties arose. The annotation scheme was
specifically designed for the use case of cipher
keys, and their application in downstream recog-
nition tasks and analyses. We follow the terminol-
ogy established by (Mikhalev et al., 2023)), result-
ing in the following cipher key-related regions, as
well as a number of more general DLA classes.

An annotation example is shown in

Alphabet Key Describes which alphabet ele-
ment, including double letters, belongs to which
alphabet code element(s). Note that this does not
have to be a one-to-one mapping, and some (or all)
alphabet elements may be represented by several
alphabet code elements.



Figure 2: Sample of a cipher key, annotated with an alphabet key region, containing key columns, at the
top, followed by four nomenclature key columns, containing key rows. Original image source: Swedish

National Archives, DECODE record 4180}

Nomenclature Key Describes which nomencla-
ture element belongs to which nomenclature code
element(s). A nomenclature element is anything
“larger” than an alphabet element, i.e. it can be a
syllable, a name, a function, a content word, as
well as a phrase.

Key Row Indicates a horizontal entry in a cipher
key, i.e. a combination of a plaintext element and
its corresponding code element, placed horizon-
tally next to each other. Any order of plaintext and
code is possible and mappings may appear in any
form (i.e. one-to-one, one-to-many, many-to-one,
many-to-many).

Key Column The vertical counterpart to key
rows, i.e. a combination of a plaintext element and
its corresponding code element, placed vertically
above/below each other. Apart from the orienta-
tion, key rows and key columns do not differ in
their structure.

Operational Element Groups various opera-
tional elements, such as nullities, nullifiers, dupli-
cation signs, and punctuation.

Text Any kind of textual area that does not fall
into one of the other categories. This can for
example be running text (paragraphs), headlines,
page numbers, or annotations (marginalia).

Figure Any kind of drawing, illustration or fig-
ure that is not explicitly of textual nature. This
may also include decorations and “doodles”.

Table Any kind of table that is not a form of ci-
pher key.

Stamp A short text, sometimes with a logo,
stamped onto the page, for example indicating
which archive indexed a given document.

Watermark Any form of watermark, either
physically applied during the paper production
process, or digitally added after the digitisation.

Page Indicates the borders of a page. This is pri-
marily intended to delineate the actual page con-
tent from noise, stemming from the digitisation
surface (e.g. table) and pages (or other artefacts) in
the background. Images, showing a page spread,
are annotated with two separate bounding boxes,
unless the content runs seamlessly across the bind-
ing.

Fragment Marks the rare case in which a given
image contains a page fragment, i.e. a piece of pa-
per, torn off from the current, or another, page.

Other A catch-all label for any content that can-
not be definitively assigned to any of the afore-
mentioned categories, primarily designed to ac-
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count for unforeseen annotation cases and to mark
areas that should be reviewed by an expert.

3.1.2 Data Splitting

The 350 images were split into 50 pages for testing
and 300 pages for 5-fold cross-validation, i.e. 60
images per validation fold. To reduce the risk of
data leakage and biases, the original record-level
grouping was maintained during the data splitting.
Images from any given record always belong to
the same subset and are never split across several.
Additionally, a number of individual images were
grouped into virtual records, as their metadata in-
dicated that they were created and/or used by the
same person(s). These virtual records were treated
the same as all other records, i.e. never split across
several subsets.

Besides this, an attempt was made to balance
the cross-validation and test sets with respect to
age and combination of symbol sets. However,
due to the constraint of not splitting records, as
well as some uncertainty in the recorded meta-
data, a perfectly balanced split cannot be guaran-
teed. summarises the age and symbol set
distributions across the cross-validation and test
sets. Note that individual folds within the cross-
validation set were primarily balanced by the num-
ber of images, and a balanced distribution regard-
ing other metadata fields therefore cannot be guar-
anteed.

3.2 Model Selection

Four different versions of the deep neural network
architecture “YOLO” (stemming from the phrase
“You only look once”) (Redmon et al., 2016) were
selected for evaluation, primarily motivated by the
public availability of pre-trained DLA models.
Concretely, three different sizes (medium, large,
extra large) of the YOLO detection architecture,
version 11, and the extra large implementation
of the YOLO segmentation architecture, version
8, were chosen. Both the medium-sized detec-
tion (Brunello, 2025), and the segmentation model
(Yoann Schneider, 2024)) were pre-trained on Do-
cLayNet (Pfitzmann et al., 2022), adhering to the
dataset’s standard labels. The large and extra large
versions of YOLO v11 (Mattingly, 2025) were
pre-trained on CATMuS (Clérice et al., 2024), em-
ploying a subset of the SegmOnto (Gabay et al.,
2024)) vocabulary. summarises the classes,
covered by the two datasets, in comparison to ours.
Detailed descriptions of each class can be obtained

from the respective publications. However, even
without these, the names should provide sufficient
indications that these datasets differ in domain and
only marginally overlap with the tasks investigated
in this paper. We chose these pre-trained mod-
els despite these discrepancies because they are
closer to the domain of cipher keys than for exam-
ple YOLO models, pre-trained on the widely used
COCO dataset (Lin et al., 2014), which consists
of images of everyday scenes, containing for ex-
ample animals and kitchen utensils. Besides this,
smaller mismatches between domains and vocab-
ularies reflect the reality of developing models for
specialised collections, for which no perfectly fit-
ting pre-trained model exists.

In addition to the pre-trained versions of the
aforementioned models, we also evaluate the same
architectures when trained from scratch.
summarises the different models, pre-training con-
ditions and parameter sizes, and specifies the name
by which each of them will be referred to for the
remainder of this paper. Generally, names consist-
ing only of a version and size refer to the mod-
els trained from scratch, while those containing
a dataset name refer to their pre-trained, respec-
tively fine-tuned, counterparts.

3.3 Evaluation

Unless otherwise stated, all models are trained and
evaluated on all previously introduced classes, ex-
cept for “other”, which is excluded, due to its
volatile nature. Prediction performance is reported
as mean average precision, averaged over intersec-
tion over union thresholds, ranging from 50% to
95%, with a step-size of 5%. We use the standard
implementation provided by the Ultralytics frame-
work (Jocher et al., 2023b)). Where applicable, test
performances are summarised across the five fold-
based models and standard deviations are reported
in parentheses.

3.4 Experiments

Overall, we have constructed three major and two
minor experiments to investigate the aforemen-
tioned research questions. Following the descrip-
tion of the general experiment protocol, each ex-
periment is briefly introduced below.

3.4.1 General Experiment Protocol

All experiments are based on the Ultralytics
YOLO implementations (Jocher et al., 2023a;
Jocher and Qiu, 2024) and follow their default
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(b) A = alphabet, G = graphic signs, N = numeri-
cal; combinations of letters indicate combinations
of symbols sets, e.g. AGN = alphabet + graphic
signs + numerical symbols

Figure 3: Creation date estimate per record (a) and distribution of symbol sets (b)

Table 1: Annotation classes used by the respective dataset, sorted by their dataset-specific IDs.

Dataset Classes

Cipher Keys

Alphabet Key, Nomenclature Key, Figure, Table, Text, Stamp, Watermark,
Other, Key Row, Key Column, Page, Fragment, Operational Element

DocLayNet (Pfitz-
mann et al., 2022

Caption, Footnote, Formula, List-Item, Page-footer, Page-header, Picture,
Section-header, Table, Text, Title

" CATMuS (Clérice
et al., 2024)

parameters for learning rate, optimiser selection,
etc., including the use of RandAugment (Cubuk et
al., 2020) for augmentations. Modifications to the
standard protocol were made regarding the batch
size (8), to adapt to available GPUs (NVIDIA
Tesla T4, NVIDIA Tesla A40). Training was ter-
minated with a patience of 50 epochs, or when the
wall time exceeded four hours, whichever condi-
tion was reached first. We follow the pre-trained
models’ defaults regarding input image sizes, i.e.
640px for 111 and 11x-based models, 1024px for
8x, and 1280px for 11m. Due to memory con-
straints, evaluations are limited to 200 detections
per image.

3.4.2 Experiment 1: Training Models from
Scratch

In a first instance, each of the selected models is
trained from scratch, using each of the five cross-
validation folds, i.e. yielding five distinct check-
points. Each model is evaluated on the test set and

MarginTextZone, DefaultLine, MainZone, RunningTitleZone, Numbering-
Zone, QuireMarksZone, HeadingLine, DropCapitalZone, StampZone, Graph-
icZone, InterlinearLine, DigitizationArtefactZone, DropCapitalLine, Damage-
Zone, MusicLine, TitlePageZone, SealZone, MusicZone

the averaged performance is reported.

3.4.3 Experiment 2: Class-agnostic
Evaluation of Pre-trained Models

Each of the four pre-trained models is evaluated
on the test set, while disregarding class labels, i.e.
assuming all detected and ground truth regions are
of the same class. Class labels are discarded in
this step, as the pre-trained models employ vocab-
ularies that are distinctly different from that in our
data and no meaningful mapping across all rele-
vant categories could be established. As reference,
we also evaluate the models from the previous ex-
periment, i.e. those trained from scratch, under the
same class-agnostic conditions.

3.4.4 Experiment 3: Fine-tuning of
Pre-Trained Models

The four pre-trained models from[experiment I|are

fine-tuned on the cross-validation data, following
the aforementioned protocol. The obtained mod-



Table 2: Summary of models, considered in this work.

Name Data Foundation Architecture | Param Count
YOLOIl1Im Cipher Keys

doclaynet-11m DocLayNet YOLO11m 20M
cipher-11m DocLayNet — Cipher Keys

YOLO111 Cipher Keys

catmus-111 CATMuS YOLOL111 25M
cipher-111 CATMuS — Cipher Keys

YOLO11x Cipher Keys

catmus-11x CATMuS YOLO11x 56M
cipher-11x CATMuS — Cipher Keys

YOLOB8x-seg Cipher Keys

doclaynet-8x-seg | DocLayNet YOLOS8x-seg 71IM
cipher-8x-seg DocLayNet — Cipher Keys

els are evaluated both in the class-based setting,
for comparison with the results from the initial ex-
periment, and in a class-agnostic fashion, in rela-

tion to |experiment 2

3.4.5 Experiment 4: Cipher Key-specific
Modifications

The impact of the following modifications is ex-
amined, to determine whether a closer focus on
selected classes can improve the prediction perfor-
mance for these regions of interest:

1. limiting the fine-tuning to alphabet and
nomenclature regions;

2. limiting the fine-tuning to classes of imme-
diate relevance to cipher keys analysis, i.e.
alphabet and nomenclature keys, cipher key
rows and columns, operational elements, as
well as the general page extent;

The outlined modifications are applied both to
the cross-validation sets, and during evaluation, to
the test set.

Table 3: Prediction performance across the four
models, trained from scratch.

Model | mAP50-95
YOLOIIm | 0.1921 (£0.11)
YOLOI11 | 0.1050 (£ 0.14)
YOLO11x | 0.1388 (+ 0.13)

YOLO8x-seg | 0.2046 (& 0.02)

4 Results and Discussion

4.1 Experiment 1: Training Models From
Scratch

summarises the performance of the four
architectures, trained from scratch. All models ex-
hibit low prediction performances, with mAPs be-
low 0.21. As indicated by the comparably high
standard deviations, all three YOLO11 architec-
tures displayed stability issues during training,
with about one third of the configurations failing
to converge. Despite outperforming all other mod-
els in this experiment, and exhibiting much more
stable training behaviour, the performances of the
YOLOS8 models remain low. Both observations,
i.e. unstable training and low overall performance,
can be explained by the limited amount of training
data, which is insufficient to train the examined
DLA models from scratch.

4.2 Experiment 2: Class-agnostic Evaluation
of Pre-trained Models

The results for the pre-trained models, shown in
Table 4] indicate that neither of the two DLA do-
mains are directly transferable to cipher key re-
gions. However, the two CATMuS-based models
slightly outperform the ones pre-trained on Do-
cLayNet, which may stem from some overlap in
appearance between the medieval documents and
the cipher key images, some of which also origi-
nate from the Middle Ages.

The models, trained from scratch, consistently
outperform the pre-trained models, demonstrating
some adaptation to the cipher key domain, despite
the overall low class-based performance, as dis-



cussed in the previous section.

Table 4: Class-agnostic prediction performance of
pre-trained models and their counterparts, trained
from scratch.

Model mAP50-95
doclaynet-11m 0.0672
catmus-111 0.0705
catmus-11x 0.0822
doclaynet-8x-seg 0.0499
YOLOI11m 0.3881 (£ 0.21)
YOLO111 0.1654 (£ 0.22)
YOLOI11x 0.2147 (£ 0.19)
YOLOS8x-seg | 0.3987 (+ 0.01)

4.3 Experiment 3: Fine-tuning of Pre-trained
Models

Table 5| and [Table 6 summarise the prediction

performances of the fine-tuned models. As can
be seen when comparing the results with those
from the two previous experiments, all fine-tuned
models consistently outperform their counterparts
by considerable margins, across both evaluation
modalities. These results highlight the efficacy
of fine-tuning and the resulting successful do-
main transfer, both from PDFs and medieval
manuscripts. In contrast to the models, trained
from scratch, the fine-tuning process yields stable
results across all five folds, with no further conver-
gence issues being observed.

Considering the class-level performances, it can
be summarised that nomenclature keys and key
rows consistently achieve higher prediction per-
formances (mAP50-95 of 0.53-0.66, respectively
0.57-0.65) than their counterparts, alphabet keys
and key columns (mAP50-95 of 0.36-0.41, respec-
tively 0.42-0.55). A straightforward explanation
for this can be found in the imbalanced distribu-
tion within the two pairs, with the former appear-
ing four to six times more frequently than the re-
spective latter classes.

Regarding classes with low mAP scores, fig-
ures and operational elements stand out, with per-
formances below 0.02. Overall, these results can
be explained by the low number of occurrences.
However, for the latter class, its high level of vi-
sual variation may be a contributing factor. These
variations stem from the underlying annotation
scheme. Operational elements summarise sev-
eral sub-categories, such as nullities and duplica-

tion signs, which may appear in several different
forms, for example in the shape of tables, i.e. sim-
ilar to alphabet/nomenclature keys, or as running
text. In order to properly handle these diversities,
a different approach will have to be found, such
as explicitly defining and using the respective sub-
categories. However, a closer investigation of this
is beyond the scope of this work.

Table 5: Prediction performance of fine-tuned
models, summarised across all classes.

Model | mAP50-95
cipher-11m | 0.4114 (£ 0.03)
cipher-111 | 0.4031 (& 0.05)
cipher-11x | 0.4102 (£ 0.04)

cipher-8x-seg | 0.3757 (£ 0.01)

Table 6: Class-agnostic prediction performance of
fine-tuned models.

Model | mAP50-95
cipher-11m | 0.5884 (£ 0.02)
cipher-111 | 0.5157 (£ 0.03)
cipher-11x | 0.5440 (+ 0.02)
cipher-8x-seg | 0.5500 (% 0.02)

Table 7: Prediction performance (mAP50-95)
for the models, fine-tuned only on alphabet and
nomenclature key regions (limited), and their
counterparts, trained on all regions, with the eval-
uation limited to alphabet and nomenclature key
regions (original).

Model | Limited |  Original

cipher-11m | 0.4851 (£ 0.02) |0.4849 (£ 0.02)
cipher-111 | 0.4095 (£ 0.06) | 0.4704 (£ 0.05)
cipher-11x | 0.4095 (£ 0.04) | 0.4611 (£ 0.03)

cipher-8x-seg | 0.5525 (& 0.03) | 0.5385 (& 0.02)

4.4 Experiment 4: Cipher Key-specific
Modifications

The following subsections briefly summarise the
results and analyses for several smaller experi-
ments, all pertaining to cipher key-specific mod-
ifications, i.e. disregarding classes that are not of
relevance to (parts of) the cipher key analysis, such
as watermarks and stamps.



4.4.1 Limiting Fine-tuning to Alphabet and
Nomenclature Key Regions

presents the performance differences be-
tween models, trained only on alphabet and

nomenclature key regions, and those trained on
all available labels. Both original cipher-111 and
cipher-11x architectures considerably outperform
their limited counterparts. For the two mod-
els, based on DocLayNet (cipher-11m and cipher-
8x-seg), limiting the training data did improve
the overall performance, albeit by a very modest
margin. Given that other classes in the dataset
are also of relevance for downstream analyses,
the performance gain is not large enough to jus-
tify the limited training approach. It may, how-
ever, be of interest as part of a pipeline that
approaches the segmentation hierarchically, i.e.
identifying alphabet/nomenclature regions before
applying a secondary model for the subsegmenta-
tion of rows/columns.

4.4.2 Limiting Fine-tuning to Cipher
Key-relevant Classes

summarises the performance differences
between models, trained only on the classes “al-
phabet key” and “nomenclature key”, “key row”
and “key column”, “operational element” and
“page”, and their counterparts trained on all la-
bels but evaluated only on the selected class-
subset. The prediction performances differ only
marginally, which can likely be explained by the
fact that the selected classes, with the exception of
operational elements, are well-represented in this
focused cipher key dataset, and are therefore ex-
pected to perform well, regardless. While the ex-
cluded classes may not have immediately obvious
downstream use cases, their presence clearly does
not hinder the training. It is therefore not neces-
sary to exclude them, and they can be maintained
to allow for a more complete view of the data in
subsequent processing steps.

5 Qualitative Analysis

In order to complement the extensive quantita-
tive analyses of the previous sections, we present
a brief qualitative analysis of the DLA results.
All presented annotations were obtained from the
best-performing checkpoint of experiment 3.
Figures [ and [5] exemplify two typical failure
cases, in which the DLA models identify non-
textual artefacts as regions of interest. This gen-

Table 8: Prediction performance (mAP50-95) for
the models, fine-tuned only on the classes alpha-
bet and nomenclature keys, cipher key rows and
columns, operational elements and page (limited)
and their counterparts, trained on all regions, with
the evaluation limited to the same classes (origi-
nal).

Model | Limited |  Original
cipher-11m | 0.4492 (& 0.02) [ 0.4537 (& 0.01)
cipher-111 | 0.4589 (& 0.03) [0.4497 (& 0.03)
cipher-11x | 0.4540 (& 0.01) |0.4617 (& 0.02)

cipher-8x-seg | 0.4857 (£ 0.01) | 0.4834 (£ 0.01)

erally pertains to blank areas, page edges, or parts
of the digitisation surface (e.g. table surface) that
are included in the document image. While the lat-
ter two can be easily removed by cropping the im-
age, the former requires adaptations during model
training, e.g. by including more diverse samples of
watermarks.

Finally, shows a successful example
of DLA. While minor artefacts remain, alphabet
and nomenclature regions, as well as the contained
key columns, respectively rows, are generally cor-
rectly identified and delineated.

1

Figure 4: Example for edge artefacts mistakenly
being identified as regions of interest.

Figure 5: Example of overexpression of water-
mark regions (red) in empty areas.

6 Conclusion

In this work, we have studied four YOLO-based
models in order to establish a baseline for DLA of
cipher keys. We have demonstrated that:

1. a small dataset of 240 training images (per


sec:exp3-results

1ol A & SI7] :
11771 £7a oo B4 |22 YA K B

Y :
; 72 - 3 2 2 8 B 1
o M 1A | =y e oz 2 (e | s hs e N6 6% 27 || 7= | o2 | &7 97 | 92 Nrer. |[ 1o | |10
ipfefe 1os-|| 99| 95 yoa-|es-f 7ol 75| e |63 fss- )| o5 || a0 28 || o5 || 2. 2519 || 28 3 18 8 /lw
ol 1p-ll || =g | 1 Lot zall 2o | 24 94|52 o2 || & . 7| 89| 84| 99 1 (|14 ]
110.]l o3 oo sjeofl 60 s o 4 fon wa = 10,
@ ) £ T S P
e 77. i R =
(X2 rx =
i 3 \3'_‘[., 4 /
Pt e el SO0 8 7 200 £9
2L A%¢ e
"./ — . qj L ‘/Il e s Y — Ly “
ofct e A ! #7 Lz e e Alo widila cn - Gror.
. — | 000 > ,'? SR = = - veves |
— 707 Sk fo y
D Y [ ni Loy g0 7 =
e = 2 oS P P14 7 DR 2
e ety ol e -2 G Rt - - &
L S S sk — %
£ =l 4| 5104, Tl _lan L PR T
3 4 et Y SRS . el s
N sandl YT O 207 - L2 sk
7] i el sl 3 PIOR g & 2348
) et Q] 1} Nt N
o et Gt —= 7 .
ool it 2p: = ” < 7300
o e a 2 :
gre— 5500 i e L Lrpoot)
Regrem, Jlapolik. T 1904 Winzens Nep- Fung = Fia Txtc-.u:us Smpesat — | EOT |Poridecienss - . —[nbog
: - 3 ; | | i I

Figure 6: Sample output of the best-performing model from Ground truth shown in

fold) is not sufficient to train the selected ar-
chitectures from scratch.

2. models, pre-trained on other DLA domains,
are not directly applicable to our dataset, even
when used in a class-agnostic fashion.

3. considerable improvements can be obtained
by fine-tuning pre-trained DLA models,
adapting them to the cipher key domain. Im-
provements are obtained consistently, across
all pre-trained configurations, despite a small
training set, and a considerable domain
gap, between the pre-training and fine-tuning
datasets.

4. the two examined training modifications did
not yield sufficiently large or consistent im-
provements. Overall, neither of them can
therefore be recommended for implementa-
tion.

Overall, the evaluated models only achieved a
moderate mean average precision on our newly
introduced cipher key dataset. Besides the small
amount of data, the difference in performance,
compared to state-of-the-art DLA models, can also
be explained by the kinds of information that we
are looking to extract from cipher key images. In
contrast to conventional DLA, which focuses on
physical aspects of the layout, our cipher key an-
notation scheme requires a certain level of seman-
tic analysis.

Even though the presented work is limited to
YOLO-based models, it presents a first baseline
for DLA of cipher keys. Future work should ex-
pand these investigations to other model architec-
tures. In addition to this, an extension of the anno-
tations, to more images, either genuine or through
the creation of synthetic samples, may be of inter-
est. As an alternative to increasing the dataset size,
few-shot approaches could be explored.

Data Availability

Due to image copyright constraints, the dataset
cannot be shared publicly at the time of writing.
All trained models are available in the following
repository: 10.5281/zenodo.19911174.
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