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Abstract

The automatic transcription of encrypted
manuscripts is a challenge due to the dif-
ferent handwriting styles and the often in-
vented symbol alphabets. Many transcrip-
tion methods require annotated sources, in-
cluding symbol locations. However, most
existing transcriptions are provided at line
or page level, making it necessary to find
the bounding boxes of the transcribed sym-
bols in the image, a process referred to
as alignment. So, in this work, we de-
velop several alignment methods, and dis-
cuss their performance on encrypted doc-
uments with various symbol sets.

1 Introduction

Historical encrypted manuscripts often employ in-
vented alphabets for encryption. These alphabets
are usually composed of digits, Latin or Greek let-
ters, Zodiac or alchemical signs, invented symbols
and diacritics. Not surprisingly, the automatic gen-
eration of transcription of such documents is a chal-
lenge due to difficulties in dealing with many differ-
ent symbols and handwriting styles presented in a
few lines or pages. Despite the advances in the im-
age processing research field, current Handwritten
Text Recognition (HTR) techniques are based on
deep learning architectures, which require a con-
siderable amount of labelled data to train. Unluck-
ily, in the case of encrypted documents, the amount
of available transcriptions is insufficient and the
few existing transcriptions are provided at line or
page level, without any labelling of the area where
the symbol is located. Normally, in HTR, the
symbols in a document are typically labelled with
bounding boxes with respect to the coordinates of
its top left and bottom right points. The conse-
quence of the lack of information about the sym-
bols’ location is that only end-to-end segmentation-

free transcription methods can be employed, re-
stricting the use of other high-performing types of
recognition methods, such as symbol spotting and
symbol classification models.For this reason, it is
desirable to devote efforts in aligning the existing
transcriptions represented as text sequences to the
actual cipher symbols in the image, that is, lever-
age the information granted by the transcription,
such as the presence and order of symbols, and
obtain accurate bounding boxes, so that all type of
recognition methods can be applied.

In this work, we explore different methods for
aligning the transcriptions with symbol images, a
task referred as text-to-image alignment.

2 Previous Work

The alignment of graphical sources to their tran-
scriptions has been explored through various
means in the literature. The most common is the
idea of employing a text recognition model and
then finding the mapping between the ground truth
and the recognised text. The earliest instances of
this idea can be found in (Tomai et al., 2002; Ko-
rnfield et al., 2004), in which the authors segment
the page into words and then align the ground truth
using dynamic programming algorithms. Further
work combine Hidden Markov Models (HMMs)
with the Viterbi algorithm for the word image-
to-text alignment phase (Rothfeder et al., 2006;
Feng and Manmatha, 2006; Toselli et al., 2007;
Fischer et al., 2011), with the latter also deal-
ing with writing-transcript inconsistencies. Good
word segmentation is usually difficult to obtain,
so this family of techniques is usually combined
with some form of correction algorithm that pre-
vents catastrophic failure cases (De Gregorio et al.,
2022; De Gregorio et al., 2023).

In (Torras et al., 2021) an alignment method
is proposed where an attention-based Sequence-
to-Sequence model is trained to recognise symbol
lines from the Copiale (Knight et al., 2011) and



Borg (Aldarrab et al., 2018) ciphers. The highest
attention activations are used to locate the corre-
spondence between each symbol and its display
in the image. To account for possible transcrip-
tion mistakes, the Levenshtein algorithm is used
to find the minimum edit path between the ground
truth and the prediction of the model. The same
authors propose the use of Recurrent and Convo-
lutional Neural Network-based recognition archi-
tectures trained using the Connectionist Temporal
Classification (CTC) loss (Torras et al., 2023). The
alignment is found by forcing the known ground
truth sequence when decoding the output of the
model – for every slice of the input image, the cor-
responding transcription class is generated. Their
advantage over Sequence to Sequence models is
that they require much less data and compute time
to train and can recover from mistakes much more
reliably.

3 Connectionist Temporal Classification

In this work, we build from the foundation of CTC-
based alignment methods and attempt to find ways
of preventing its common failure cases. In this sec-
tion, we briefly introduce the CTC loss to describe
the improvements we propose.

CTC models (Graves et al., 2006) are a pop-
ular paradigm for sequence-learning. They have
the capability to process arbitrary length input and
output sequences, as long as the input sequence
is longer than the target. In addition, they do
not need alignment information during training.
Given an input sequence 𝑋 = (𝑥𝑖)𝑇𝑖=1 and a tar-
get sequence 𝐿 = (𝑙𝑖)𝑈𝑖=1, where each element of
the target sequence belongs to an alphabet 𝐴 of
length 𝑎, the CTC model predicts an output se-
quence 𝑌 = (𝑦 (𝑖) )𝑇

𝑖=1, where 𝑦 (𝑖) ∈ R𝑎+1 is a vec-
tor containing the probability for every symbol in
alphabet 𝐴′ = 𝐴 ∪ ∅ at time-step 𝑖. Symbol ∅ is
known as the ”blank” character. By selecting a
symbol for each time-step, one obtains a path 𝜋.
Since input sequences may differ (e.g. in speech or
handwriting there are varying speeds or character
widths), the CTC output should represent the same
target sequence despite different input sequences.

The CTC defines a mapping from paths to target
sequences B. For some path 𝜋, B removes con-
secutive repeated symbols and then deletes every
blank symbol. We denote as B−1(𝐿) the set of fea-
sible paths, all paths that map to target sequence
𝐿. To obtain the probability of a target sequence

𝐿, we must marginalize over all feasible paths

𝑝(𝐿 |𝑋) =
∑︁

𝜋∈B−1 (𝐿)

𝑝(𝜋 |𝑋) (1)

where the probability of path 𝜋 is simply the prod-
uct of probabilities for the selected symbol at every
time-step. The loss function is taken as the nega-
tive log-probability of the target path

𝐿𝑐𝑡𝑐 = − log 𝑝(𝐿 |𝑋). (2)

4 Methods

For text-to-image alignment of symbols, we test
three different methods, based on the CTC model.

Method 1: Maximum entropy regularization
The CTC loss function has been modified with
the goal of discouraging peaky distributions, as
proposed by Liu et al. (2018) and using the imple-
mentation given in the same paper. A new reg-
ularization term is introduced, which encourages
exploration when decoding by maximizing the en-
tropy of the set of feasible paths and as a result
distributes the probabilities over multiple align-
ments, avoiding the convergence into a single fea-
sible path. This way the CTC decoding process is
improved, as it requires for the probabilities of mul-
tiple feasible paths to be summed. The parameter
𝛽 controls the importance of this term.

Given a target path 𝐿 and an input sequence 𝑋 ,
the new loss function reads

𝐿𝑒𝑛𝑡𝑐𝑡𝑐 = 𝐿𝑐𝑡𝑐 − 𝛽𝐻 (𝑝(𝜋 |𝐿, 𝑋)) (3)

where 𝐻 (𝑝(𝜋 |𝐿, 𝑋)) is the entropy of the set of
feasible paths. The entropy of feasible paths is
given by the Shannon entropy

𝐻 (𝑝(𝜋 |𝐿, 𝑋)) = −
∑︁

𝜋∈B−1 (𝐿)

𝑝(𝜋 |𝐿, 𝑋) log 𝑝(𝜋 |𝐿, 𝑋)

(4)

Method 2: Define anchors based on single
model confidence
By leveraging the reduced overconfidence in incor-
rect outputs of Method 1, it is possible to identify
high confidence alignments directly through the
CTC output probabilities. These high confidence
alignments are referred to as anchors, and are used
to further subdivide the image and repeat predic-
tions on the low confidence segments while keep-
ing the anchored alignment intact. An example of
the process is illustrated in Figure 1.
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Figure 1: Top image: initial alignment of a Copiale string (blue vertical bars) outputted by the 𝛽 = 0.1
regularized model, and selected anchors based on single model-confidence (blue regions). Bottom image:
final alignment after reprediction of non-anchored alignments (green regions). The changed alignments
are marked in red.

The determination of the threshold for what con-
stitutes a high confidence alignment is performed
automatically through Otsu’s method (Otsu, 1979),
which identifies the optimal cutoff point between
two classes by minimizing the intraclass variance.
Then, for the high confidence class, the anchor
threshold is taken by substracting 1.5 standard de-
viations from the median.

A final filter is performed on the alignments that
have been classified as high confidence, only leav-
ing as anchors those for which their direct neigh-
bours are also high confidence. The reason for this
is that the confidence outputted by the CTC is still
high for the first incorrect alignment, but falls off
for the following ones.

Method 3: Define anchors based on multiple
model agreement
By training two separate models and compar-
ing their decoded outputs, it is possible to select
anchors based on similarity of both alignments.
Alignments were selected as anchors when their
Intersection over Union (IoU) was over a 0.95
threshold. The separately trained models included
the original unregularized model, the regularized
model presented in Method 1 and a version of the
regularized model trained on horizontally inverted
images (H.Flipped model).

5 Experiments

Given the three methods described above, we carry
out experiments with various symbols sets.

5.1 Datasets and Metrics
The models have been evaluated in two different
datasets. Annotations include the 1-dimensional

bounding boxes of every symbol present in the im-
age as ground-truth. a) Copiale: Training dataset
of 253747 images of line fragments from the Copi-
ale cipher, extracted from a dataset of 648 lines of
text. Validation dataset of 126 images of full lines,
and test dataset containing 139 images of full lines.
b) Borg: Training dataset of 2868 images of line
fragments from the Borg cipher, extracted from
178 lines of text. Validation dataset composed of
22 images of full lines, and test dataset containing
49 images of full lines. Line fragments used for
training are a form of data augmentation and may
include overlap between several images.

To evaluate the models’ performance, we use the
Average Intersection over Union (AIoU) metric and
the Hits@X metric. AIoU quantifies the average
overlap of the predicted bounding boxes with the
ground truth, with 1 being ideal and 0 being worst.
The Hits@X metric indicates the percentage of
bounding boxes that have achieved an IoU greater
than X%.

5.2 Results of Method 1

The first goal was to determine the optimal value
for the regularization parameter 𝛽. Values 0.05,
0.1 and 0.2 were tested, and the results for the best
value is shown in Table 1. The best performing
value depends on the dataset: 0.1 for Copiale, and
0.05 for Borg.

While the overall performance of the model has
been reduced with the exception of the Borg dataset
when 𝛽 = 0.05, by looking at the distribution of
output confidences we have observed that a re-
duction in high confidence alignments has been
achieved, as desired.



Table 1: Results for all tested methods. Regularized columns always show results for the best 𝛽 parameter
on each dataset, 0.1 for Copiale and 0.05 for Borg.

Method 1 Method 2 Method 3

Unreg. Regularized Unreg. Reg. Unreg. + Reg. Reg. + H.Flip.

Copiale

AioU 0.807 0.763 0.826 0.794 0.813 0.780
Hits@25 0.972 0.935 0.994 0.976 0.976 0.953
Hits@50 0.952 0.911 0.973 0.951 0.954 0.925
Hits@75 0.763 0.695 0.785 0.722 0.780 0.720

Borg

AioU 0.545 0.559 0.645 0.654 0.552 0.559
Hits@25 0.786 0.748 0.960 0.893 0.780 0.755
Hits@50 0.685 0.681 0.788 0.797 0.683 0.678
Hits@75 0.284 0.394 0.340 0.429 0.305 0.389

5.3 Results of Method 2
The described method has been applied to both
datasets, yielding results shown in Table 1. There
is a significant performance uplift when compared
to Method 1 for the Borg dataset, while in the Copi-
ale dataset it achieves similar performance. The
usage of the regularized model over the unregular-
ized one does not have a clear impact. For instance,
in the case of the Borg dataset it increases the rate
of accurate alignments at the same time it reduces
the number of rough alignments, causing the aver-
age IoU to stay within a 1% range of each other.
Usually, it is desirable to maximize the number
of perfect alignments even at the cost of reducing
the quality of other alignments. This is because in
case the model predictions are manually corrected,
perfect alignments do not need intervention and so
it results in a workload reduction. In the Copiale
dataset, however, the overall performance is better
with the unregularized model. This seems to indi-
cate that the regularized model is better for smaller
datasets with few labelled data.

5.4 Results of Method 3
Method 3 outperforms the baseline and Method 1
in the Copiale dataset when using the agreement
between the unregularized and regularized models,
as shown in Table 1. However, Method 2 is still
the best-performing one in both datasets. Using
the model trained on horizontally flipped images
does not seem to provide a significant advantage.

One of the main challenges that have been ob-
served when using the agreement between the reg-
ularized and unregularized models, is the fact that
both models tend to produce the same mistakes,
marking the incorrect predictions as anchors. As

they have been trained using the same data and have
a very similar architecture, this situation is not un-
common. In the case of the agreement between
the regularized and the H.Flipped model, it is hard
to obtain any anchor at all, since the regularized
model tends to produce mistakes at the end of the
image, while the H.Flipped model produces them
at the start, leaving no region where both models
agree. The performance of this method might be
improved if a different architecture can be used in
the aggregation process.

6 Discussion and Conclusions

In this paper, we have explored different methods
to improve the accuracy of handwritten text-to-
image alignment of symbols to known transcrip-
tions using CTC models. We presented a regular-
ized model based on maximum entropy of feasible
paths, and two methods making use of the concept
of anchors: high confidence alignments that re-
main fixed during subsequent predictions. The ef-
fectiveness of each method depends on the dataset,
but Method 2 achieves the best results in general,
with similar performance as the original model for
the Copiale dataset, and a significantly improved
alignment for the Borg dataset. Method 1 accom-
plishes its goal of reducing high confidence out-
puts, but does not improve performance by itself
in the Copiale dataset. However, the regularized
model can be a useful tool when used in conjunc-
tion with other methods. Although Method 3 is
an improvement over single-model predictions, the
similarity in the predictions of the aggregated mod-
els leads to a lack of capacity to detect anchors and
correct errors. Further work will include experi-
ments on encrypted sources with various alphabets.
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