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5

Abstract

In this thesis, two Deep Learning architectures are compared in a Handwritten Text Recognition (HTR)
task. The Transformer-based model constitutes a modern method to sequence-to-sequence learning
tasks, especially potent in Natural Language Processing tasks. The RNN-based model represents the
state-of-the-art; many impressive systems were built with RNNs at their core. The complete absence of
recurrence of the Transformer represents a paradigm shift from recurrence to attention mechanisms at the
core of sequence-to-sequence models. Thus, it is imperative to examine what role Transformers could
play in HTR. The focus is on maximizing the available lexical contextual information extraction. For that
purpose, two comparable systems were built — parameter counts were kept low, no language models
were used, and both systems feature the same visual CNN-based frontend. A series of experiments was
conducted, the results are based on evaluation and test curves, utilizing Character Error Rates (CER)
and Word Error Rates (WER). The results were evaluated on the IAM data set. The Transformer-based
model showed lower error rates (CER: 12.8%, WER: 31.6%) than the RNN-based model (CER: 18.6%,
WER: 49.7%). The difference between observed WER and expected WER was larger in the case of the
Transformer (27.1% lower) than the RNN-based model (13.9% lower). Thus, the results include direct
evidence that the Transformer-based model exploits the available context of the given line-strip images
more than the RNN-based model. Furthermore, it is shown that the Connectionist Temporal Classification
framework can be utilized in a composite loss function to decrease error rates quicker. Overall error
rates can be decreased by introducing weighing to the loss function following a curriculum function that
shifts training emphasis from the encoder to the decoder. This also shows smooth training curves. Mean
CER decreased to 9.1% and mean WER decreased to 25.9%. In summary, within the perimeters of the
experiments, the Transformer-based model achieves lower error rates, and shows better ability to make use
of the context available. Thus, contending with the Transformer to further the field of HTR, is imperative.
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1 Introduction

Handwritten Text Recognition (HTR) is the field of translating images of handwritten text, see Figure 1,
into digital text. Handwritten documents need to be scanned and ingested into a digital system. Not only
image quality matters, but also the scope of the image, whether the image contains a single character, a
line, or an entire page. Often, images also need to be preprocessed – documents might need to be cleaned,
corrected, segmented, et cetera. Then, the data needs to be actually translated into digital text. All of
these steps, especially the latter, pose significant challenges. Inherent human variability coupled with
ambiguities and vagueness of natural language leads to an enormous search-space.

Manually constructing a rule-based digital system that can handle all possible combinations of
handwritten strokes, language rules, and the disambiguation of meaning, is a tedious and eventually futile
effort. For that reason, HTR tasks are tackled as an Artificial Intelligence (AI) problem — systems are
trained on large data sets to automatically extract information without human involvement1. In recent years,
HTR has been framed as a Deep Learning task featuring advancements from Natural Language Processing
(NLP) and Computer Vision [1, 2, 3]. Complex systems with various extraction and classification layers,
and many hundreds of thousands of adjustable parameters are trained on large numbers of labelled
handwritten documents. From the data, Deep Learning models appear to learn patterns and knowledge by
extracting generalizations2. Thus, a trained system can be employed to process previously unseen data.
However, modern systems are not perfect. Generally, these are trained for a niche domain, e.g. a specific
language, symbol dictionary, or a set of historic documents. Furthermore, although models perform better
every year, results still leave much to be desired. AI is advancing rapidly. Consequently, new technologies
and models are developed at a fast pace. The expectation is that those might be applicable to HTR systems
as well. This thesis is about one such technology, the Transformer, and its potential contribution to HTR.

AI and HTR relate interestingly to one another. For one, HTR utilizes AI methods. However, HTR
reveals an open wound of the field of AI — the question of how to exploit available contextual information
maximally. Humans heavily dependent on context when making inferences about the natural world.
Understanding context appears imperative for any intelligent agent, whether digital or not. Especially
considering natural languages, underutilization of context poses problems at many levels. A sloppily
written letter closely resembling another will not result in a misclassification of the entire word — humans
can handle such mistakes with ease using the context of the word, the sentence, and more. Words may
encompass multiple meanings, but humans effortlessly disambiguate them. Also, sentences appear in
paragraphs and sections, written by writers with unique intentions, maybe during times of historic or
cultural significance. Thus, even more layers of context might be relevant. While reading handwritten
text, humans bind together contextual information and funnel the data through this intricate hierarchy of
context. In HTR, this implicit context hierarchy becomes prevalent at every step of the pipeline — from
processing pixels all the way up to understanding the meaning of sentences. For true intelligence, the field
demands simultaneously addressing the problem at all levels, utilizing the available data maximally.

Within AI, and by extension also HTR, one might observe a tendency towards optimizing only a
few performance metrics, and there are obvious, good reasons for that. However, it is imperative to be
aware that addressing the big questions in AI will require focusing on what truly constitutes an intelligent
system — dispensing of quick heuristics, potentially sacrificing performance for the sake of revealing
steps required for intelligence3. In this thesis, an attempt is made to strike a balance between performance
metrics and finding ways to tackle the problem of the context hierarchy. Specifically, the focus is on lexical
context extraction, translating line-strip images into digital text. Thus, two Deep Learning architectures
are compared — one based on well-established Recurrent Neural Networks, and one based on the more
novel Transformer architecture. The goal is to determine which is more suitable for an HTR task.

1 People still have to build the system, however, the details of the information extraction from the data is left to the AI model.
2 This is a simplified and rhetorical statement omitting what learning really entails here. See Section 2.1 for more information.
3 This does not suggest that humans do not use heuristics — we do — it merely suggests that some heuristics implemented

by system engineers depend on external knowledge to an extent that renders any argument of true intelligence untenable.
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Figure 1: An example of an image of handwritten text. The correct translation would be:
He has also had talks with. The example is taken from Marti and Bunke [4].

HTR was initially tackled by Hidden Markov Models, simple Neural Networks, and combinations of
the two. HTR was framed as a sequence matching problem. Quickly, that turned out to be insufficient
given the inappropriateness of the Markovian assumption for the task — each observation depends on
only the current state [5]. Moreover, Neural Networks were not yet powerful and specialized enough at
the time. With the advent of Recurrent Neural Networks (RNN), many advancements were made. RNNs
could extract patterns across character sequences, which enabled the encoding of contextual information
to a degree. Similarly, Convolutional Neural Networks (CNN) were used as a first guard to extract high
quality features from the messy handwritten data [6]. Thus, systems made of CNNs followed by RNNs
achieved impressive results for that time.

Using RNNs, HTR tasks were reframed as sequence-to-sequence problems — a sequence of images,
or segments thereof, needs to be mapped to a sequence of characters, for instance see [7, 8]. However,
training such a network proved to be difficult due to an alignment problem: given an image of a sentence,
and its known translation, how does one automatically align the correct characters over the input image?
The fact that the letter A appears in the image is not enough, the location is also relevant. Otherwise, the
system has little chance of learning the token properly. A solution to this problem was provided by the
Connectionist Temporal Classification (CTC) framework initially proposed by Graves et al. [9]. The CTC
framework provides a way to find all possible alignments of the label across the input image, and then
uses the system’s output probabilities to formulate a probability distribution across the alignments. This
is then used to calculate the mismatch for each example and hence provides a loss function to train the
network. CTC has shown to be vital in achieving good results in HTR tasks, see [10, 11] for examples.
The modern HTR landscape is mostly dominated by systems made of a CNN frontend and an RNN-based
model trained using a CTC stage, for instance see [12].

The Transformer architecture was developed by Vaswani et al. [13]. Initially, the Transformer was
created to solve NLP tasks such as Machine Translation, but it also spread to other fields. The Transformer
achieved remarkable results in tasks related to language comprehension and language generation, such as
BERT [14] and the GPT models [15, 16].

Previous models using RNNs showed improved results in combination with attention mechanism
[2]. Such mechanisms pose an alternative to modeling sequence data by the recurrent property of
RNNs. Transformers mark the end of a paradigm shift from recurrence to attention since they rely solely
on attention mechanisms in conjunction with simple feed-forward neural network layers. Recurrence
essentially operates on a proximity-based function given its sequential nature. Whereas attention, in
particular Self-Attention4, models relations between tokens in a provided sequence disregarding the order
they appear in5. Hence, those two mechanisms will be under scrutiny when comparing RNN-based
systems with Transformer-based ones. As part of this thesis, these mechanisms will be compared in
relation to their respective capacity to extract contextual information.

4 Self-Attention is the specific type of attention mechanism utilized in Transformers [13].
5 How these mechanics work will be subject to deeper examination in Section 2.1.2 and Section 2.2.3.
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1.1 Research Questions and Operationalization

Attention mechanisms allow for specific relational modelling between words or characters. Conceptually,
this appears to result in more dynamic modelling as opposed to the more rigid proximity-based modelling
of the RNNs. Hence, attention mechanisms seem to be useful for capturing context. However, the
proximity-based function of the RNNs were shown to be effective already. While Transformers are in
principle capable of simply emulating the proximity-based behavior, they will inherently prefer a more
complex web of relations between tokens. The question is whether this dynamic modelling property
actually results in better performance in an HTR task. And, furthermore, whether attention mechanisms
also result in better capturing of the provided context. Even if the Transformer is conceptually better
suited, this might not necessarily translate into better results. Consequently, testing is required to shed
light on this topic. This progressive case is encapsulated by Research Question 1, see RQ1 below.

The conservative case, captured by RQ2, is a defensive case: Although Transformers and their sole
reliance on attention mechanisms pose a potent method, immediately declaring them the new default
seems shallow, even if they exhibit better performance. Instead, it seems more appropriate to focus on
salvaging useful methods from what was once the default. This holds especially true given that the success
story of RNNs was not only the one of RNNs, but also the success story of CNN frontends and the CTC
framework. Therefore, the second part of this thesis is dedicated to integrating a CTC stage into the
Transformer-based system to test its effect in an HTR task. Again, the evaluation will touch on two main
points: first, whether there are any performance increases from the addition of the CTC framework, and if
so, whether those show better utilization of the available contextual information.

After questions RQ1 and RQ2 are answered, the focus will shift to experimenting with the established
results and systems to gain insight into how to further improve the model. The focus is on how to improve
the quality of the classification, for instance, by reducing variability. This case is captured in RQ3.

RQ1 In comparison to RNN-based models, are Transformer-based models better equipped to both
recognize handwritten text and to exploit the available contextual information maximally? This
question is tackled in Experiment I (Section 4).

RQ2 Can the CTC framework be leveraged in conjunction with a Transformer-based model to enhance
performance and contextual information extraction? See Experiment II for answers (Section 5).

RQ3 What can be done to refine the results further? And, how can the quality of the classification be
enhanced? This question is tackled in Experiment III and IV (Section 6 and Section 7).

To answer these research questions, two HTR models will be built; one is RNN-based and one is
Transformer-based. A focus point of the experiments is comparability, hence the models in question will
be kept as similar as possible. They both share the same CNN-based visual-frontend to extract high quality
features from the provided images. The dataset used to train them and the data preparation phase will also
be kept identical. The size as given by trainable parameter count is approximately matched. Experiments
will be conducted that share the same evaluation methodology across the architecture types.

By answering these questions, we contribute to the field of HTR and outline promising future
steps. Specifically, a contribution regarding the difference of contextual information extraction between
Recurrent Neural Networks and Transformers. This should further educate the field whether attention
mechanisms are also a promising approach to tackle HTR tasks. This thesis also attempts to marry older
established frameworks such as CTC with newer modern solutions such as Transformers.
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1.2 Outline of the Thesis

In Section 2, the theoretical background is explained, consisting of three parts:

Neural Networks and Deep Learning in Section 2.1
This section includes a brief introduction to the field in Section 2.1.1 which is followed by an explanation
of Recurrent Neural Networks and their current common architectures in 2.1.2. Finally, the topic is
concluded with a section on Convolutional Neural Networks in Section 2.1.3.

Natural Language Processing in Section 2.2
This section first elaborates on the aforementioned context problems in natural language in 2.2.1. Then,
the focus shifts to attention mechanisms in Section 2.2.2 and an additional section on Self-Attention in
Section 2.2.3. Lastly, the Transformer architecture is dissected and explained in Section 2.2.4.

Handwritten Text Recognition in Section 2.3
First, the context discussion is revisited through the lens of HTR in Section 2.3.1. What follows is a
brief history of the field in Section 2.3.2. The topic is concluded with an explanation of how the CTC
framework is used to derive a loss function for training a sequence-to-sequence model in Section 2.3.3.

In Section 3 the methods for the experiments are explained. The dataset and its preprocessing steps are
described from Section 3.1 to Section 3.3. Then the details of the proposed systems follow from Section
3.4 to Section 3.7. This general section is concluded with a description of the evaluation in Section 3.8.

The experiment sections follow: Experiment I in Section 4, Experiment II in Section 5, Experiment
III in Section 6 and Experiment IV in Section 7. Each of these is structured into a Setup section, a Results
section and a Discussion section. A final discussion and conclusion is provided in Section 8.
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2 Theoretical Background

To answer the research questions, Deep Learning models will be constructed and trained to tackle a
Handwritten Text Recognition (HTR) task. In this section, Deep Learning is explained followed by a
subsection on Natural Language Processing, and lastly, the focus shifts to the field of HTR. Note that all
three topics covered here are vast in their scopes — this section only deals with explanations relevant to
the methodology of the models and the task at hand.

2.1 Neural Networks and Deep Learning

This section provides a brief overview of Neural Networks and information regarding Deep Learning.
This includes basic concepts such as how supervised learning works. Special types of neural networks can
be connected to form specific types of networks. The ones explained here are Recurrent Neural Networks
(see Section 2.1.2) and Convolutional Neural Networks (see 2.1.3).

2.1.1 A brief Introduction to Deep Learning

In its basic form Machine Learning constitutes a method for a program to learn from data. Contrary to
that stands a traditional computer program that strictly follows rules provided by the programmer. In a
Machine Learning system, these rules are learned by the program itself. Usually, the programmer sets up
a model which is adjusted by an optimization algorithm that uses example data. This process is called
training. During training the algorithm uses the data to teach the model to learn patterns in the data.
Over time, a proper model can then extract overarching patterns from the example data which allows for
generalization. Once the model is trained it can be used in conjunction with previously unseen data to
compute a classification. This is called inference [6].

Many Machine Learning methods exist for various tasks. A popular one, and the one utilized in this
thesis, is a Neural Network. The building blocks of such are Multilayer Perceptrons which pose a simple
mathematical model that maps an input to an output. Many perceptrons can be used to form a network of
nodes and connections between them. The nodes receive input signals via their input connections. Those
connections have associated values, called weights. The nodes multiply the incoming signals with their
connections’ associated weights and compute the sum of the result. They then compute the output via
an activate function over the sum. There are many such functions. There are mainly two purposes to
those. First, they introduce non-linearity into the model. For instance, the sigmoid activation function
transforms the incoming linear signal into a non-linear output following a sigmoid curve. Second, the
function squeezes the output into a certain range. For instance, the hyperbolic tangent function’s output is
a number between −1 and 1. The output of such a node can then be sent as input to another node [6].

The aforementioned weights serve as the trainable parameters. They are optimized by a training
algorithm. This optimization process can take many forms. In a supervised learning process, the model is
exposed to example data and their correct labels. For instance, a Machine Learning classifier could be
used to learn how to identify types of dogs in pictures. During optimization, the model would be exposed
to many images of various dogs labelled with the correct type. Whenever the model predicts an incorrect
type the training algorithm adjusts the weights of the model such that the output results in a classification
that is closer to the true one. This is repeated for many examples, sometimes millions. After many training
epochs, the model’s weights become tuned enough to serve as an accurate classifier [6].

An untrained model will err in its classification. Some classifications will be farther from the target
than others. Thus, some mismatches need more correction than others. A heuristic for this magnitude
of required correction is given by loss functions. They produce a numerical representation, called loss,
of the mismatch between classification and correct label. The loss is then used in a process called
Back-propagation which adjusts the weights of the network accordingly. The optimization task of the
network during training is therefore to minimize the loss of the network.
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An example of a loss function is Cross Entropy loss (CE). Let x be the probability distribution of
the output, i.e. the classification, and let y be the label, i.e. the ground truth. The CE first calculates the
logarithm of each entry in x, then multiplies that by the corresponding entry of y. The sum of all products
are taken. Finally, the sum is multiplied by −1; loss functions are typically minimized, the Maximum
Likelihood Estimation which CE loss is based on, is negated. Thus, this function is also called Negative
Log Likelihood. The CE formula can be seen in Equation 1. The result is a single numerical value. The
lower this value, the smaller loss, i.e. the higher the accuracy of x, the classification.

CE(y,x) = L(y,x) =−∑
i

yi · log(xi) (1)

The quality of the training outcome depends on the input data. The better the task that should be
learned is represented by the data, the easier it will be for the training algorithm to set the weights correctly.
Whilst data can be manually prepared to be a good representation, it is often better to let the model
also learn that representation by itself [6]. This means one can construct a model containing hierarchies
of sub-models — each sub-model taking the previous representation and formulate a new simplified
representation. Such a chained Representation Learning is particularly often used in an end-to-end training
context which means the model is trained as a whole, from one end to the other. This approach often
results in large, deep chains of many intermediate representations, hence the name Deep Learning.

When training a Deep Learning system the hope is that is performs well on data that was not in the
training set. During training, a number of examples are selected to let the model learn certain patterns
and structures. Learning really means generalization. If the model generalizes well, previously unseen
examples will be classified correctly. During training, an optimization problem is solved using the loss
function. This however only affects the training performance, i.e. the error during training will go down
over time. How well the model generalizes is not necessarily demonstrated by the train error. Therefore, a
second error, the test set error should be minimized as well. The test set error is measured on previously
unseen set of test data. A model that learns well shows a decrease in both train and test set error.

A model’s capacity describes how many functions it can model. If a model has low capacity, it might
not be enough to enable generalization — the model is under-fitted. Generally, the solution to that would
be to increase capacity by extending the model. In contrast, if a model keeps showing lower train errors
during training, but the test set errors increase, the model exhibits over-fitting. Here, the model’s capacity
is high enough so that it can store the given examples perfectly, which however, inhibits generalization.
Roughly speaking, this means that a model’s capacity needs to be small enough so that during training the
model is forced to find overarching patterns rather than specific details pertaining to individual examples.
This enables true learning — generalizing examples to patterns and formulating rules. Strategies that lead
to lowering test set errors while potentially neglecting train errors are called Regularization.

Two examples of Regularization are Dropout and Dataset Augmentation, both are used in later
experiments. Dropout randomly disables connections within a network, but only during training. This
forces the model to train sub-versions of its full network. These subnetworks change with each epoch.
This makes the network more effective since the model is forced to adapt a certain robustness for the given
examples. Dropout also reduces the opportunity to over-fit on specific examples as connections necessary
to memorize details might simply be missing due to dropout.

Similarly, Dataset Augmentation seeks to reduce the test set error by augmenting the training dataset
with examples that are based on the given examples but modified in certain ways. In an image dataset for
instance, images can be rotated, translated or even distorted to the point where the subject of the image
does not change — an upside-down cat is still a cat6. This increase in examples then inhibits over-fitting
on specific examples, since there might exist many versions of the same image each modified in some
way, which makes learning details pertaining to only one example much more difficult.

6 Although true in this case, this assumption does not necessarily hold in the context of an HTR task. For instance, an
upside-down p is a b. This detail on augmentation is later revisited in Section 3.2.1.
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2.1.2 From Recurrent Neural Networks to BiLSTMs

For many tasks, a regular multi-layer neural network lacks specialization. One such specialization is
processing sequence data. Many tasks involve sequential data. For instance, audio data like recorded
speech and music, text which is a sequence of letters and words, stock market price charts or any time
series data. Recurrent Neural Networks (RNNs) are specialized for such data. They are based on the
idea of sharing a network state with another part of the network. For a time series, that could mean the
output of an artificial neuron at time t = 1 can be an input to another one at t = 2, although that concept
generalizes to all sorts of sequence data. Such preservation of states over time enables learning across
longer sequences by introducing the concept of the past – effectively, a sequential memory. For the
remainder of this section, the focus is on time series data.

At each time step an artificial neuron in an RNN receives input from an example and contextual input
from the previous time step. Those two inputs are used to compute the output which serves also as input
to the next recurrent unit. A schematic of that can be seen in Figure 2. This way, network states are
propagated through the network. Via this mechanic patterns across time can be incorporated into the
learning process. However, this comes with an issue. The recurrent data from step t −1 combines all
previous states into a single one to be used at time t. That means that all previous states are represented
with a discount proportional to the time that has past. The state from t −1 is more emphasized than from
t − 2; the state from t − 2 is more prominent than t − 3; et cetera. This so-called Short-Term Memory
problem results in more recent recurrent steps being better remembered than steps farther in the past.

The Short-Term Memory problem is also related to the Vanishing or Exploding Gradient Problem.
When training such a network one uses a modified version of back-propagation called Back-Propagation-
Through-Time. At each time step the loss is computed, and the gradients are used to update the weights.
However, the farther back in time the gradients go, the higher the chance that they become vanishingly
small, or very large. That is because of the many multiplications that happen with the same values as
part of the gradient propagation process — small values continue to shrink, large values continue to
grow. Large values will skew the gradients dramatically, and small values will effectively halt learning all
together. Using activation functions that force output values into specific ranges alleviates this issue to a
degree — especially the exploding gradients. However, the vanishing gradient problem still persists.

A remedy is provided by gated RNNs, such as Gated Recurrent Units [17], or Long Short-Term
Memory (LSTM) units [18]. Both units use the concept of a gate which enables controlling the flow of
tensors7. Gates come with their own set of trainable weights, hence they are an integral part of a Deep
Learning system. In the context of HTR and the task at hand the rest will focus on LSTMs specifically.

Figure 2: A schematic example of how an RNN cell is unfolded over time. Modified from [6, p. 376].

7 Within the context of a Deep Learning system, a Tensor is a multidimensional array or vector. The term is mostly used in a
practical setting, i.e. during programming, when denoting data structures.



2 THEORETICAL BACKGROUND 14

Figure 3: An overview of how the gates within an LSTM cell are connected and calculated. The input is
denoted as xt and the output as ht . The context signal ct is provided from one cell to the next similarly to
the hidden state ht . There are three gates, the forget gate between ft and ct−1, the candidate gate between
it and gt , and finally the output gate between ot and the candidate gate. Modified from [6, p. 409].

LSTMs are a specialized form of RNNs. They were conceived with the focus on solving the short-term
memory issue whilst also addressing the Vanishing Gradient Problem. An overview of an LSTM cell can
be seen in Figure 3. The cell has an input xt and an output state ht , which also serves as input to the next
cell as ht+1. This constitutes the recurrent property as seen in the general RNN formula in Figure 2. In
addition to that, the LSTM cell also features a cell state input (ct−1) and output (ct). From the figure, one
can see that this cell state runs through the cells for each time step. Each cell is then comprised of three
gates that can modify this cell state.

The first gate, in line from left to right, is called the forget gate, regulated by f (t). Both input tensors,
xt and ht−1 are passed through two linear layers — F(xt)

t and F(ht−1)
t — their outputs are added, and finally

passed through a sigmoid activation function. This results in a value between 0 and 1, which is then used
to regulate the cell state using the Hadamard product, ⊙. The closer the value is to 0, the more should be
forgotten; the closer the value is to 1, the more should be remembered. See Equations 2 for the exact math.
Notice how Wi f and Wh f constitute two trainable set of weights together with their associated biases bi f

and bh f , i.e. subnetwork layers.

F(xt)
t =Wi f xt +bi f F(ht−1)

t =Wh f ht−1 +bh f ft = σ

(
F(xt)

t +F(ht−1)
t

)
(2)

The next gates control what new information is added to the cell state. It comprises two signals, it
and gt . Notice how both mirror ft . However, gt uses a tanh activation function which results in an output
range of −1 to 1. The input signal it is used to scale the candidate signal’s output gt using the Hadamard
product. This forms the second gate, the candidate gate. After that, it is merged with cell state ct via a
simple addition operation. This results in the updated values for ct , see Equation 5. Notice how Equations
3 and Equations 4 are describing the input signal and the candidate signal, respectively. Also, the weight
vectors Wii,Whi,Wig,Whg constitute trainable parameters of the cell, together with the associated biases.

I(xt)
t =Wii xt +bii I(ht−1)

t =Whi ht−1 +bhi it = σ

(
I(xt)
t + I(ht−1)

t

)
(3)

G(xt)
t =Wig xt +big G(ht−1)

t =Whg ht−1 +bhg gt = tanh
(

G(xt)
t +G(ht−1)

t

)
(4)

ct = ft ⊙ ct−1 + it ⊙gt (5)



2 THEORETICAL BACKGROUND 15

Finally, the output gate, regulated by ot , is used to compute the cell output ht . Once again ot is formed
similarly to the previous gates. The math is outlined in Equations 6. The result is then used in a Hadamard
operation together with the updated cell state ct from the previous gates. See the mathematical details
in Equation 7. The product constitutes ht and therefore the output of a cell. Note how ht is therefore a
combination of all inputs and gates.

O(xt)
t =Wio xt +bio O(ht−1)

t =Who ht−1 +bho ot = σ

(
O(xt)

t +O(ht−1)
t

)
(6)

ht = ot ⊙ tanh(ct) (7)

This concludes the inner workings of the LSTM cell. Otherwise, the cell follows largely the same
methodology as normal RNN cells. However, with a remedy for the vanishing and exploding gradient
problem, LSTM-based systems found wide applicability and proved useful for many tasks in many areas.

LSTMs can also be used in a bidirectional configuration (BiLSTM). A second layer of LSTM cells
is arranged which is trained on the input data in reverse. This is depicted in Figure 4. This results in
effectively two networks, trained on the same text, but from both directions. During inference, both
networks are consulted, and both networks produce a classification. For instance, the classification at
time t with input xt are hB

t and hF
t . The final classification can then be decided on using methods such as

averaging [19]. In modern BiLSTM-based systems however, this may be handled by another network
layer that compresses the double-sized output back to the original single-sized one, i.e. mapping both hB

t
and hF

t to ht for all time steps t. The specifics on how to vote on the best classification is therefore also
part of the learning process.

Figure 4: A schematic overview of an unfolded bidirectional LSTM network. Note how there are two
directions, the forward line from left to right, and the backwards line from right to left. Each cell has a
unique output that later needs to be combined. Modified from [6, p. 394].
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2.1.3 Convolutional Neural Networks

Another special type of neural network is a Convolution Neural Network (CNN). They find applicability
for data that can be meaningfully represented as a grid. Amongst others, the prime example of that are
images, which certainly constitute the input to a large portion of CNN-based systems. An image generally
takes the form of a two-dimensional grid of pixel values — one per channel, usually colors.

Generally, images are made up of hierarchies of depicted concepts. Imagine a photo of a cat. The cat
has a body with legs and a head. The head is made up of eyes, a snout and ears. Each of these concepts is
further made up of pixels and their arrangements. To identify an eye of that cat a specific pixel cluster is
highly relevant. The pixels within that cluster stand in a specific formation that forms the eye. However,
pixels pertaining to the legs of the cat are irrelevant to the eye cluster. Roughly speaking, pixel clusters
show high dependency between the pixel within the cluster, but there are rarely any dependencies between
clusters. Thus, images have this property of local relevance.

CNNs utilize the convolution operation. Convolution is a mathematical function that takes two other
functions and returns a function which serves as a means to explain how one of the input functions is
altered by the other one. The convolution (K ∗ I)(i, j) calculates the convolution between the kernel K and
the input image I at a position in I given by coordinates on the two-dimensional pixel grid. It is defined in
Equation 8 [6]. Note, the convolution operation is denoted by ∗.

(K ∗ I)(i, j) = ∑
m

∑
n

I(i−m, j−n)K(m,n) (8)

Constructing a neural network to find concepts in a picture comes with some problems. In a fully
connected layer, every input is connected to every output. As just explained however, especially in images,
not every output needs to know about the entire image. CNNs solve this via their sparse connectivity.
In a CNN layer, a matrix of trainable values, called a kernel, slides over the input image. At each step,
the kernel is convolved with the pixel values within the cutout of the input. The output values of the
convolutions are stored in a feature map [6]. See Figure 5 for a simplified example. The distance the
kernel is moved over the input is called the stride, e.g. at each step the kernel is moved by 2 pixels.
Padding can be used at the margins to avoid feature maps that are slightly smaller than the input [6].

Figure 5: An illustration of how convolution works on an input image. A mask slides over the input image.
At every step the pixels of the image that fall into the mask region are convolved with the Kernel and the
result is added to the Feature Map. The convolution operation is denoted by ∗.
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Figure 6: This figure shows two pooling examples. In case of the MaxPool function, the maximum of the
four values is selected, in case of the MeanPool function, the mean of the four numbers is selected.

Each value in the feature map is therefore only dependent on a cluster of pixels. This also means that
the values of the kernel are used many times on the same input. This parameter sharing feature reduces
the CNN’s storage requirements drastically when compared to a plain neural network which would need
to store unique individual connections for each pixel [6].

Kernels are usually substantially smaller than the input dimensions. During training, this forces the
kernel to be focused on specific features only, since there is simply not much freedom in such a limited
space. For that reason, usually multiple kernels are used per CNN layer. Each kernel then specializes on a
specific feature — recall the cat example, one kernel could be for eyes, one for legs, et cetera.

This learning of local features also enables constructing hierarchies of concepts when employing
multiple CNN layers. For instance, a first layer might find features such as edges, curves or corners. A
second layer finds circles, rectangles and other shapes. Another layer would find combinations of shapes
that constitute more complex concepts, and so on. This extraction process can be powerful, especially
when combined with other network types. Using CNN layers, one could first extract features. Then, a
simple fully connected layer could be trained on those features rather than the raw input. This is also
useful in situations where the input data is of low quality — for instance, in an HTR task, see Section 2.3.

A key mechanism to feature extraction are pooling operations. Assuming multiple layers of CNN, one
usually wants to extract higher and more abstract features farther down the pipeline. Between the CNN
layers it is useful to pool together parts of the intermediate feature maps to shrink down the representations.
There are many ways to achieve that. In Figure 6 two example methods are depicted: MaxPool and
MeanPool. The former takes the maximum of the selected area (a 2x2 grid); the latter takes the mean of
the selected area. The result is a pooled feature map shrunken down to a size four times less than that.
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2.2 Natural Language Processing

In the context of Natural Language Processing (NLP) a natural language is an existing human language
such as English. NLP therefore refers to digitally processing language. The field of NLP involves
computationally dealing with language data, mostly large amounts of data. It includes tasks such as
Language Translation, Speech Recognition and, of course, HTR. Tasks like those involve disciplines such
as Linguistics, Computer Science, and AI. Language data occurs as a sequence of letters, of words, of
sentences, et cetera, This means tasks involve sequence-modeling or sequence-to-sequence processing
models. Such models come with their own set of difficulties, however. In this section, the focus is on
outlining those difficulties, especially the ones regarding context. Then, the focus will shift to solutions to
NLP problems leading up to the Transformer architecture.

2.2.1 The significant Problem of Context and Heuristics

Traditional software consists of rules and facts provided by the programmer. For holistic and accurate
processing, the programmer thus needs to fully grasp the rules and facts that constitute the language.
This issue is at the heart of what makes NLP tasks challenging. Language is inherently messy, complex
and complicated. Syntax follows broad rules but comes with many exceptions; words often encompass
multiple meanings that give rise to ambiguity and vagueness; pragmatics and prosody add additional layers
of complexity that go beyond the written. Many of these issues can be alleviated by understanding the
context the language is embedded in. Humans infer the context seemingly effortlessly, while employing
traditional computational methods of processing and understanding language would result in sheer infinite
computational demands. What adds to the issue is that although humans have little difficulty understanding
natural language, articulation of the rules and concepts is demonstrably harder for us. It is for that reason
that Machine Learning methods became popular – systems learning and inferring the context from large
corpora by themselves would seem to solve this issue. Yet, it is still far from trivial.

In the case of language, context refers to the substrate that a piece of language is embedded in. Context
is therefore a hierarchy of many layers encapsulating implicit rules. Words are made of characters; they
follow morphological rules which may exist due to phonetic reasons. Words also appear in sentences
following syntax and their exceptions. Words and sentences convey meaning following semantics.
Sentences may be organized in paragraphs and sections. Those may appear in books, speech, et cetera.
Language may be embedded in a cultural context, it might carry intention of the writer, and the historic
baggage of when it was written. To fully understand the meaning of a piece of language, all these layers of
this implicit contextual hierarchy need to be addressed holistically — top-down and bottom-up rules need
to be integrated simultaneously. If this does not happen, predicting the true meaning might fail drastically.
Language mistakes certainly do not follow a linear scale — sometimes misclassifying many words does
not change the meaning much, sometimes getting one letter wrong results in the opposite meaning.

When considering a complex topic such as language in the scope of Artificial Intelligence and
the research thereof, it is important to realize when shortcuts are being taken. Shortcuts are often
employed as a means to achieve higher performance quickly. While such goals are certainly desirable
in specific circumstances, it also distracts from a more general goal in AI — building systems that
exhibit intelligence. For example, in Section 2.1.2 a bidirectional configuration of LSTMs was discussed.
Generally, performance rises when employing both forward and backward passes on text. However, if the
LSTM is the answer to gaining human-like language understanding, then why is the backwards pass even
necessary? Humans certainly do not learn language like that, a forward pass is all we need8. Another
example is employing a pre-existing vocabulary to mold an imprecise classification into words that were
not learned by the system itself. This way, classifications can only ever be existing words. This omits the

8 To clarify, humans do use heuristics; human cognition almost certainly does not just parse words one by one from left to
right. This example only points to the weakness of using the backwards pass as a heuristic analogue to human cognition — the
addition of parsing words from right to left would be ridiculous as an explanation for human language learning.
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possibility for predicting words that were not in the provided vocabulary. Again, humans do not need
that. In fact, language and its constant evolution would not occur with such shortcuts in place. Heuristics
choices like these are everywhere in NLP systems. Heuristics are either a strength or a weakness.

2.2.2 Attention Mechanism

Around 2015, most of the state-of-the-art in Machine Translation were RNN-based Encoder-Decoder
models. Such models take a source sentence and encode it into a context vector which is then fed into a
decoder. The decoder then produces the translated sentence word by word using the context vector as
input. Such systems were then mainly trained in an end-to-end fashion, i.e. as a whole, which necessitates
fixed tensor sizes. However, limiting the context vector to a fixed size results in a bottleneck. If the source
sentence gets too long, the encoder is forced to cramp all the information into the same space as it would
need for a shorter sentence. Results of such systems were thus as expected: performance was good up
until a certain sentence length, and then performance starts to decrease as the bottleneck limits throughput.

A remedy was provided by Bahdanau et al. [20] and their attention mechanisms. The idea of attention
is to focus on relevant parts of data while ignoring parts that are irrelevant. Imagine being required to
translate a very long sentence into a different language. If you were asked to memorize the entire sentence
first, you would struggle to produce an accurate translation similar to the aforementioned. However, if
you had the freedom to translate as you wished, you would translate the sentence bit by bit. You would
decide on what to pay attention to during translation and ignore the rest. Similarly, attention mechanisms
allow the decoder to selectively pay attention to parts of the encoded input. This alleviates the pressure on
the encoder to compress all needed information into one context vector.

This was achieved by encoding the source sentence into a vector sequence rather than a single vector.
The decoder can then choose a subset of this sequence to generate the translation. This choosing is itself
part of the training process — attention is learned as part of the complete system. In RNNs, generally
speaking, information is propagated from cell to cell. This means that there is an implicit sequential
dependency between neighboring cells — the closer two cells are the more correlated their output will be.
Depending on the use case this can be an advantage or a disadvantage. In the case of NLP, it appears to be
both, depending on the situation — words immediately next to one another are not necessarily dependent
on one another, though in many cases they are. In contrast, the attention mechanism allows for more
precise modeling of such dependencies in the input sequence.

Attention mechanisms found applicability in tasks involving natural language, but also other fields
such as computer vision [21]. Different methods for the attention mechanisms were tested as well as
different ways to calculate the attention scores. Attention comes roughly in three categories: Global and
Local Attention [22], Soft and Hard Attention [21], and the Self-Attention mechanism [23]. The focus
moving forward will be on Self-Attention since it is critical to the Transformer architecture.

2.2.3 The Self-Attention mechanism

In NLP tasks, tokens9 are generally mapped into an embedding space. Such embeddings represent the
tokens as vectors of numerical values. This enables computational processing which requires numerical
values. It also enables capturing meaning of the words such that distance measures between embeddings
can be interpreted. For instance, the words King and Queen are very different in their morphological make-
up, but are similar in their meaning. In fact, they only really differ along an implicit gender dimension.
Embeddings seek to capture such implicit dimensions such that they become useful in a mathematical
sense — for instance, the Levenshtein distance between those two words is high; but, a distance measure
between their high-dimensional embedding representation should be low. In order words, they should
cluster together in their embedding space.

9 Tokens refer to the individual bits that make up a sequence. Thus, what a token exactly is might change depending on the
context of the sequence in question. In this thesis, tokens refer to either characters or words.
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Self-attention operates only within one given sequence, hence self [23]. Its broad goal is to encapsulate
contextual information that is not guided by proximity. Consider the following sentence:

Joseph can be annoying, but he is a great friend.

Following only proximity, the word friend will have the largest relation to its neighboring word
great which is reasonable because, as an adjective, it modulates friend. However, the context behind
who friend refers to, i.e. Joseph, would entail a strong relation to the other end of the sentence. Thus,
in this example, proximity as a guide to encapsulate context fails dramatically. Consider another example:

Draft of the thesis

The word draft is loaded with meaning: a current of air, obligatory military participation, or a
document. However, when actually using the word, this collection of meanings necessarily needs to
collapse into a single one10. And clearly, people immediately understand the specific type of draft that
is meant here. The context allows us to collapse draft into a precise definition modulated by the word
thesis. Self-attention enables that by using the dot-product as a measure of meaningful similarity.

The dot-product is defined as the sum of the point-wise multiplications of two vectors’ entries. The
result is a single number that can be interpreted as follows: If two vectors are pointing in the same
direction, the dot-product is 1. If they are perpendicular to one another, the dot-product is 0. In order
words, the closer the two vectors are in their direction, the closer the value is to 1. Considering words
mapped to an embedding space, the dot-product can then be used to find related words. For instance,
King and Queen should roughly be in the same high-dimensional neighborhood in the embedding space.
Taking the dot-product of the two should therefore result in a value close to 1. Thus, the dot-product can
serve as a means to determine relatedness of two words.

Consider the Draft example once more. The goal is to take the original loaded vector and filter it
down to a more light version relevant for this specific phrase. Self-attention weighs each vector in the
phrase with the word Draft and then uses those weights to create a new vector. Let the four words be
labelled v1 to v4, respectively. The four weights, one for each word, are calculated using the dot-product,
see Equation 9. These weights are also referred to as attention scores.

w11 = v1 · v1 w12 = v1 · v2 w13 = v1 · v3 w14 = v1 · v4 (9)

The new vector y1 for v1 is the sum of the weights times the original word vectors, see in Equation 10.

y1 = w11v1 +w12v2 +w13v3 +w14v4 (10)

Given that w12 and w13 will be relatively small, y1 will be mostly a combination of v1, the original
vector, and v4 from thesis. This does not mute the other meanings of Draft, but it emphasizes the
relevant one. The outcome, y1, is therefore a specific version of v1, which is relevant to the given context11.
This process is repeated for each word in the given sequence until all original values v are converted into y.

Self-attention comes with interesting properties. First, proximity as a potential context marker is
removed — the dot-product instead uses relatedness from the embedding space. Second, the order of the
given tokens in the phrase is not respected due to the commutative property of the sum. Third, it is length
independent. No matter the length of the input is, the output length will be the same — the math does
not change. Recall the aforementioned example of Joseph. Regardless of how long the input sentence
is, the Self-Attention process should ensure an emphasis on the relation between Joseph and friend,
regardless of proximity or order. Recall the bottleneck issue resulting from a fixed size vector requirement

10 Proverbial: If a word can mean anything, it means nothing.
11 Note that generally, the weights w would really be the normalized attention scores, so they sum to 1. The result is similar to

the weighted average.
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— it is not an issue when using Self-Attention. And fourth, relevant for Machine Learning, there are no
trainable parameters. The weights here refer to the dot-product and not a set of parameters adjusted by an
optimization algorithm. This begs the question of how one can use it in a Deep Learning system.

2.2.4 The Transformer

The Transformer is an influential Deep Learning architecture introduced by Vaswani et al. [13]. It
established a significant milestone in sequence-to-sequence learning mainly due to the omission of
recurrence. The main building blocks consist of Multi-Head Self-Attention modules which come with
independent heads for the input signals. This allows for parallelization of the training process, and
therefore it leads to faster training. However, conceptually, the point of interest is that it solely relies
on Self-Attention in conjunction with some regular feed-forward Neural Network layers. Prior to the
introduction of the Transformer the state-of-the-art in NLP tasks was primarily in RNNs combined with
attention mechanisms. It therefore marks the end of a paradigm shift from recurrence to attention.

The building blocks of the Transformer are the Scaled Dot-Product Attention (SDPA) module and the
Multi-Head Attention (MHA) module. Their schematics can be seen in Figure 7a and Figure 7b.

The SPDA module is conceptually close to the logic outlined in Section 2.2.3. There are some
differences, however. First, the Transformer borrows database keywords to name the inputs. The attention
scores are computed by multiplying a set of queries Q, and a set of keys K. Queries refer to what should
be attended to and keys refer to what the current sequence is — in the metaphorical database. Later, once
queries and keys are combined, the values V , are needed to compute the contextualized output12. Second,
Transformers are usually large and come with many layers of attention, which means the exploding and
vanishing gradient problem might occur. For that reason, vectors are scaled down by the square root of the
vector length. Third, the SoftMax function is applied to make the tensor values sum to 1. Lastly, masking
may be applied to the combined queries and keys. This step is optional and further explained later.

The MHA module introduces two attributes. First, it wraps the SDPA into a Deep Learning module13.
The MHA module first feeds the incoming values, keys and query streams into fully-connected neural
network layers. The output vectors of these are fed into the SDPA. At the end, the result is also again
passed through a fourth linear layer. Second, it introduces the notion of multi-heads. The assumption here
is that multiple layers of attention learning might be beneficial given the vast network of relations even
simple sentences can have between their words. Thus, the input is split into multiple heads h, the SDPA is
performed, and later, the heads are concatenated back together14. This step also enables parallelization
between the heads, since their computation is independent of one another. The MHA module is the core
building block for the Transformer architecture with the Self-Attention mechanism at its heart.

The entire Transformer architecture is depicted in Figure 8. It consists of an encoder and a decoder.
Both parts consist of multiple stacked submodules. Note how the output of the entire chain of encoder
modules serves as input to all decoder modules, not only the first one.

After the embedding step, the input is enriched with positional clues. In Section 2.2.3 it was explained
that Self-Attention lacks the encoding of order of the input series. While this can be an advantage —
dispensing of proximity as main heuristic — order within a natural sentence still carries meaning in
certain circumstances. The positional encoding works as follows. Imagine a token has been mapped to the
embedding vector [a, b, c]. The positional encoding module now adds positional clues to this vector
depending on where the token is located in the input sequence. This results in [a+p1, b+p2, c+p3].
During training the network learns what parts of the vector constitute the actual token, and what part
signifies the position. This happens due to the many repetitions of the network being exposed to the same
tokens in different context. Thus, it learns to separate [a, b, c] from [p1, p2, p3]15.

12 This is an analogy and serves only to refer to the input signals without confusion.
13 The SDPA has no trainable parameters on its own.
14 The number of heads h is a hyperparameter of the model’s training process.
15 The positional encoding values are not part of the training process, they are static values. For details see [13].
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(a) Scaled Dot-Product Attention (b) Multi-Head Attention

Figure 7: Depicted are the two building modules of the Transformer. The attention scores are computed
by multiplying a set of queries Q, and a set of keys K. Queries refer to what should be attended to and
keys refer to what the current sequence is. Once queries and keys are combined, the values V , are used to
compute the output. The variable h refers to the number of attention heads. Images are taken from [13].

The rest of the architecture is straightforward. Enriched embedded inputs are routed through the
MHA module, the output is summed with the original input16 and then normalized. This bifurcation of
the signal is done to avoid vanishing and exploding gradients which may exist due to the architecture
often consisting of many layers of encoder or decoder modules. In the case of the decoder module, a
second MHA layer follows with an Add & Normalize step. Note that this second MHA module takes the
values and keys from the Encoder output. Thus, here is where the encoded input is decoded. Lastly, both
modules end in a position-wise Feed-Forward network followed by an Add & Normalize step. Details on
this feed-forward layer can be found in [13] or in Section 3.6.4; it means two linear transformations are
applied with an activation function in between. Note how the only real neural network modules used in
the entire architecture are simple feed-forward layers. The complexity comes from the interplay between
the various subcomponents and the attention mechanisms rather than the underlying trainable parameters.

In the first MHA module in the decoder module the input is masked. Masking is employed to prohibit
looking at future tokens during training. For instance, at position t = 4 the decoder should only be able to
access the previous tokens in the sequence t = 0,1,2,3 together with the encoder states. Thus, tokens that
occur at t > 4 are masked, i.e. set to −∞. This forces the network to only consider past classifications.
During inference, the model is therefore conditioned to only working with what was previously established.
This also works in tandem with the fact that output embeddings are fed into the model with an offset of 1.
Roughly speaking, this means that at any given moment, the decoder is only allowed to look at the past,
then predict a new token, append that token to the list of classifications17, and continue until it is done.

Since their introduction, the Transformer architecture is used for various tasks. They find most
application indeed in NLP tasks, but also Computer Vision tasks. They are also set to replace many
RNN-based systems. Especially as pretrained models Transformers seem to shine for many tasks in
fields like Machine Translation, Time Series classification, Name Entity Recognition, and more. Popular
pretrained models BERT [14], the GPT models [15, 16], and others.

16 Refer to Figure 8 for the exact data flow; a written description may be more confusing.
17 Once appended, tokens in that list are immutable, i.e. later classifications cannot alter the already predicted tokens.
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Figure 8: A sketch of the Transformer architecture as originally given by Vaswani et al. [13].
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2.3 Handwritten Text Recognition

The goal of Handwritten Text Recognition (HTR) is to transcribe documents containing handwritten text
into digital text. This can happen online, while writing, or offline, as a finished document [24]. HTR
finds wide application in areas such as historic document transcription, medical form transcription and
transcription of modern documents. Usually, the problem is approached by a combination of methods
from fields such as Natural Language Processing, Computer Vision and Language Modeling [25]. This
section will explain how the issue of context is amplified by handwriting. Then, a summary of the history
of HTR is provided. Finally, the Connectionist Temporal Classification (CTC) framework is explained.

2.3.1 The significant Problem of Context in Handwritten Text Recognition

In Section 2.2 the challenges of NLP tasks were explained referring to context as a multi-layer problem
that needs to be addressed holistically. Handwritten text poses additional challenges to this already
significant issue. When processing digital text, the same characters are always the identical. The letter A
used in one word is indubitably the same letter as used in another word. However, in handwritten text,
this becomes more problematic. Firstly, there is inherent variability in writing styles between writers
influenced by their cultural, educational and even artistic background. Letters come in all shapes and
forms: thick and thin lines, slanted characters, additional ornaments like loops and circles, et cetera. See
Figure 12 for some mild examples. The handwritten letter A can take on many shapes and forms, so even
if it means the same, a system cannot rely on the letter always being the same.

Secondly, characters have no clear boundaries. They can overlap and frequently do so. Thirdly,
humans are not perfect, their characters might simply resemble another character closer than the intended
one. The human reader can use the context, the environment, of the letter to infer its intended meaning.
For an example, see Figure 9. The letter in the middle might be an H, or it might be an A. Reading the
vertical word THE a human reader will see the character resemble more the former, while reading the
horizontal word CAT the letter now morphs into the latter.

Handwritten characters and their boundaries can be hard to identify, but it does not stop there. Words
and sentences are not guaranteed to be written in a straight horizontal lines. Sentence can stretch over
multiple lines, and even pages. The same holds for paragraphs and sections. Especially when considering
historic documents, even more issue become apparent. Documents might have missing or destroyed parts.
The writers might use unknown styles, fonts and languages. These additional challenges exemplify the
need to incorporate context at all levels – only then can the more challenging HTR tasks be achieved.

Figure 9: This is an example of how context can help a reader to disambiguate a sloppily written character.
The middle letter may be an A or an H. Depending on which word to read, either THE or CAT, a human
reader can effortlessly disambiguate the middle letter.
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2.3.2 The History of Handwritten Text Recognition in a nutshell

HTR was originally posed as a sequence matching problem. The input sequence resulting from a feature
extraction process is aligned with the output text characters. Hidden Markov Models were employed,
also as neural network hybrids [26, 27]. However, given the Markovian assumption that each observation
depends on only the current state, they were deemed to miss contextual information [5]. Modern HTR
methods involve either one or a combination of systems based on Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), nearest neighbor search or attention mechanisms [28].

RNN-based systems can partly extract linguistic context, though language modeling methods can
improve performance by e.g. constraining the output probabilities [29]. Word embeddings can be used to
map words into a semantic subspace and apply nearest neighbor search or other similar methods. Kang
et al. [28] note that as an important disadvantage many language models rely on predefined lexicons which
renders the recognition of out-of-vocabulary words impossible. This again shows the heuristic choices
that are taken at many steps — to achieve high performance over authentic intelligent behavior.

Advancements in Deep Learning increased performance [28]. The sequential property of text and
language has been addressed by RNNs [30], especially BiLSTMs. See Section 2.1.2 for details. The
inherent constraints of languages can be leveraged to boost the optical recognition of characters and words
via statistical language models and neural networks [29, 31]. Attention mechanisms were introduced to
alleviate alignment of characters and words by learning what to pay attention to [32]. See Section 2.2.2
for detail on attention mechanisms.

When predicting characters over (pseudo-)time, the output represents a grid of character hypotheses.
The best path across this grid needs to be found, e.g. via linguistic resources such as dictionaries [33]. For
RNN-based systems the Connectionist Temporal Classification (CTC) framework is often used [10]. CTC-
based systems form a conditional probability distribution over the target sequence. The most probable
output can then be selected from that distribution. Thus, precise alignment is unnecessary [9]. Decoding
strategies, such as beam search variations and language models can boost performance. CTC-based
systems are limited in that the alignments of the input and output pairs are strictly monotonic, and the
output length is bound to the length of the input [34]. Details on CTC follow in Section 2.3.3.

Initially, CTC methods were applied to the pixel grid directly. This results in all sorts of issues since
pixel values are not representative of the shape they might make up. In fact, even the more basic difficulties
of HTR, such as slanted characters, posed a challenge. In addition, manual selection of features from the
input image was sometimes done, but that still limited RNN-CTC models [5]. The solution was provided
by Convolutional Neural Networks (CNN). They were used for the visual feature extraction while RNNs
enable sequence prediction. This improved end-to-end HTR drastically [7, 24]. Usually provided in the
form of encoder-decoder architectures, such systems pose an alternative to the previous. The encoder
takes the role of feature extraction of the input images, while the decoder is responsible for handling the
output sequence trained on text corpora, token by token. By decoupling the feature extraction from the
sequence decoder these models feature more flexibility, unbounded output sizes, and still suit the temporal
properties of text [34, 35]. The decoupling also enables including attention mechanisms between encoder
and decoder [20]. Via these mechanisms the model needs not to rely on mapping images to output tokens,
but can learn language relations between the parts of the architecture [34]. Thus, the network can learn
more specific patterns.

It was therefore clear that the RNN-based models need high quality input to achieve good performance.
Many successes in HTR were achieved in conjunction with CTC as a good framework to tackle the
sequential alignment issue for training. Especially, Multi-Dimensional Long Short-term Memory networks
(MDLSTM) as sequence decoders showed impressive results [36]. However, they come with a high
computational cost which led to the use of BiLSTM that are often applied to language modeling. BiLSTM
models, like CNN-BiLSTM, perform similarly to MDLSTMs, albeit slightly less well [37, 24].

Bluche et al. [2] built an end-to-end attention-based system that does not rely on text paragraph
segmentation. Sueiras et al. [8] built an HTR attention-based sequence-to-sequence model which requires
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tuning of their sliding windows over the input images. Without the use of any language model, Michael
et al. [34] achieved competitive results. Sueiras et al. [8] and Kang et al. [28] built encoder-decoder
networks to transcribe words together with a lexicon containing the words in the training set. Similarly,
but trained on character sequences, Poulos and Valle [38] experimented with the attention mechanism’s
activation functions to find differences in the aligning between images and labels. These examples show
remarkable results for HTR using attention-based encoder-decoder systems. Some researchers believe it
will become the new state-of-the-art [39].

The mentioned RNN-based methods inherently lend themselves to modeling language and sequence
data. However, recognition is still improved by the addition of post-processing steps integrating language
models. This suggests that although conceptually appropriate, architectures involving RNNs are limited
regarding their language modeling capabilities. Motivated by that and the high complexity of recurrent
systems, the inherent need for RNNs has been questioned. Replacing the recurrent layers partly by
convolutional layers results in easier-to-train models. The performance of these approaches suffers
compared to recurrence-only layers, yet results of such recurrence-free methods are still noteworthy
[30, 40, 41]. Further development led to systems based on CNNs or attention devices only [38]. Although
not without its criticism [42] such methods are competitive to encoder-decoder networks [40, 41].

Vaswani et al. [13] proposed the Transformer with a complete reliance on attention mechanisms.
See Section 2.2.4 for more details. Naturally, systems are proposed to include Transformers in HTR,
specifically to model structures of language from the training data. Kang et al. [25] constructed an HTR
system — for the first time, they claim — inspired by Transformers which also achieved remarkable
results. For both optical and textual stages they adopted multi-head attention layers in order to recognize
characters at the right step and to model language structures in the decoder. Synthetic data is used for
pre-training. They achieve state-of-the-art performance, especially in few-shot learning situations after
pre-training. Transformer-based architectures therefore constitute the latest in the series of HTR methods.

2.3.3 Connectionist Temporal Classification framework for Loss computation

HTR is a sequence-to-sequence problem. Fundamentally, that means that an input sequence, i.e. many
columns of vertical pixel vectors forming an image, need to be translated into a sequence of ASCII
characters. Clearly, there will be more pixel columns than translated characters — the input sequence
length will be smaller than the output length. Observe Figure 10; ideally, a system would output the
character sequence Life given the input image. However, since it is unknown how many characters there
are in the image, a fixed length needs to be applied to accommodate a reasonable number of them. Thus, a
working system would output a fixed-length sequence containing the most probable tokens for a slice of
the input image. See the figure’s bottom row for an example of that.

Figure 10: An example of an output that correctly matches the classifications to the location of the input
characters. At each output position a token is predicted. Note how that also entails predicting parts of a
character that visually do not resemble the real token — e.g. at the end of the e character.
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Figure 11: An example of how the CTC framework is used to reframe an output grid (left), to a more
constraint graph (right) that allows finding all possible alignments over the output grid. Paths can be
formed starting at the top left, and following the arrows. Those arrows are constraint in their direction.

The question arises how to train such a model. This poses a non-trivial issue. Although, assuming a
supervised learning setup, the label of the image is known during training, the location of the individual
tokens is certainly unknown. Moreover, it cannot be generalized given the variability of handwritten text.
The Connectionst Temporal Classification (CTC) framework offers a solution to this problem.

Assume the output of an RNN-based system is a two-dimensional grid — probability distributions
over the vocabulary across (pseudo-)time. Thus, at each location the system predicts the likelihood of each
possible character to occur. An alignment is an expansion of the label that stretches across this hypothesis
grid of the network’s output, see Figure 10 for the alignment LLiiffeeeeee. Given such an alignment, a
system can be trained, e.g. via Cross Entropy Loss for each alignment position.

CTC enables finding all possible alignments over this hypothesis grid by reframing the grid. See
Figure 11. On the left, a simple hypothesis grid is presented. It stretches across nine positions, each
with a probability per character in the alphabet. First, rows of the original grid pertaining to characters
not in the label are discarded. Second, in HTR an assumption is that characters strictly preserve the
order of characters from input to output18. That means, the grid can be re-ordered such that the grid
characters follow the label characters. Third, alignments pose a problem when dealing with intended
double characters. As per this example, consider the label book. When finding alignments, repeated
characters are expected as part of the process. Hence, when actually collapsing the output in order to
obtain a usable classification, intended double characters such as the oo are lost. CTC solves this by
introducing a new blank character to the alphabet, denoted ¤. The character’s sole purpose is to deal with
intended double characters by being inserting between them, thus o¤o in this case. Given that the network
should learn that it denotes a separation between characters, it also needs to be possible for the network to
predict this token between all characters in the output sequence19. Applying these three restrictions and
assumptions, the original grid on the left becomes the one on the right.

Equipped with this reframed grid, all possible alignments can be found. Observe Figure 11 once again.
First, note that within this grid the sequence flow is strictly monotonically going from the top left to the
bottom right. The flow can never go up due to the aforementioned assumption of order20. For the blank
token, top left at position 1, only another blank token or the token b may follow. At the same position, b

18 In other sequence-to-sequence problems this might not be the case.
19 There are other methods of dealing with this issue such as introducing special characters per double-token occurrence.
20 This assumption also restricts for what tasks CTC can be useful. Thus, it is both an advantage and a disadvantage.



2 THEORETICAL BACKGROUND 28

can only be followed up by another b, a blank, or o, but nothing else. Filling out this grid with all possible
sequences shows therefore all possible alignments.

Given the output probabilities, some of these alignments will be more likely to occur in the grid. This
means, the alignments themselves form a probability distribution. To arrive at a loss function, CTC uses
this whole distribution of all possible alignments to calculate how likely each character classification at
each position is to occur, given the provided label and its possible alignments. These probabilities for each
alignment are computed using the so-called Forward-Backward algorithm which is outlined by Graves
et al. [9]. The result of that is then used to calculate the gradients to train the network in question.

In this thesis, the CTC framework is used to train the encoder in a Transformer-based system for
an HTR task. In later experiments the CTC loss is part of a composite loss function. The results and
discussions of how well CTC can be leveraged in this context is explained in Section 5 and later sections.
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3 Methods

To answer the research questions, a series of experiments were conducted. The general methodology of
those is described in this section. Note that the specifics pertaining to individual experiments are described
in Sections 4 to 7. Concepts and technologies explained in Section 2 are referenced here.

The goal of this project is to compare two different Deep Learning architectures in an HTR task. Details
on Deep Learning can be found in Section 2.1. The task is to accurately transcribe handwritten text from
line-strip images into ASCII text, see details in Section 2.3. A Deep Learning pipeline was constructed
which enables various configurations including the choice of the underlying model. These model are
trained in a supervised fashion and in an end-to-end fashion. Most of the pipeline remains unchanged
throughout the later experiments; only specific variables are changed. Thus, potential differences in
performance can be attributed to those variables which allows for evaluation of the impact of the variables.

The dataset is described first in Section 3.1 to explain the line-strip images and their labels. In Section
3.2 and 3.3 the preprocessing steps are explained. The following sections (3.4 to 3.7) deal with the used
models and their implementation details. Lastly, the evaluation methods are described in Section 3.8.

The implementation of the methodology was written in the programming language Python using
various modules and packages, most notably the OpenCV library [43] and the PyTorch framework [44].

3.1 Dataset

The dataset that was used is IAM [4] which contains over 13,000 line-strips of unconstrained handwritten
English text from about 400 writers. The text is written in full sentences, though each image only contains
one line of handwriting — sentences are cut. A difficulty of this dataset lies in its variety of writers of the
handwritten content. Each writer has a different style of writing which results in vast difference in written
letters and words, hence increasing the difficulty of the recognition task, see Section 2.3 for details. It is
worth pointing out that the dataset also includes erroneously labelled line-strips that are marked as such.
These examples were excluded, so all further numbers are regarding the correctly labelled data only.

According to Marti and Bunke [4] this dataset lends itself well to tasks that make use of linguistic
understanding that surpasses the lexicon level. This is because the knowledge could be inferred from the
corpus that the dataset is based on. The labels that the images are paired with are stored in a file. Each
line-strip image is paired with one a string of characters representing the translation of that image. The
string contains the letters in ASCII encoding as conventionally used, but space characters are replaced by
the ASCII pipe symbol: |. Three examples of line-strip images and their labels can be seen in Figure 12.

(a) nominating|any|more|Labour|life|Peers

(b) Prime|Minister|after|Prime|Minister|speaks|out

(c) is|a|highly|skilled|manipulator|of|contemporary

Figure 12: Three examples from the IAM database. The labels are provided in the captions. Note how |
denotes a space. Also note how length of label does not translate to length of line-strip image.
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3.1.1 Data Split

There are a total of 11,340 examples in the IAM dataset. For later validation and test purposes, the dataset
was split into three distinct sets: a training set, an evaluation set, and a test set. The training set is used to
train the model. The test set contains examples that were not in the training set to assess the performance
on previously unseen examples. The evaluation set is a small subset of the test set to assess how well the
model is performing after each epoch. Additionally, to validate the model on all available data, k-fold
validation was used with a k = 5. That number was chosen for fairly arbitrary reasons: it is a prime factor
of 11,340, not too large, and not too small; it falls within the normal range of k’s chosen in k-fold cross
validation steps. This means that the entire dataset is split into 5 partitions. In 5 different runs, each with
an independently trained model, a different partition is declared the test and evaluation set. That means
each partition contained 11340/5 = 2268 examples.

For training purposes a mini batch size had to be chosen. Through testing and, again, arbitrary
choosing, a mini batch size of 42 was chosen. Thus, the training set consists of 9,072 examples which are
split into 216 mini batches of size 42. The evaluation set contains one mini batch, so 42 examples. The
test set contains 2226 examples in 53 mini batches.

3.2 Preprocessing of Images

Before the examples and their labels were processed by the Machine Learning systems, they were
processed in a few ways. This preprocessing is explained in this subsection. Before any other preprocessing
happened, all images were resized21 to a height of 64 pixels keeping the aspect ratio and therefore a
variable width. Afterwards, the dataset was augmented using various methods to generate variations of
the input images. An explanation of that follows now.

3.2.1 Augmentation

For comparison reasons, the sizes of the Deep Learning models were approximately matched. However,
given the overall complexity of BiLSTMs, Transformers and a Gated-Convolutional frontend, the models
were still fairly large — about 400,000 trainable weights. That means that with only 9,000 training
examples the risk of over-fitting is high. A possible regularization method is dataset augmentation.

During training, each example and each variation thereof was used once per epoch. For each example
one out of seven random augmentations was chosen. Most of these augmentations had their own element
of randomness which further increases training set. What follows is a breakdown of the methods.

1. Image Morphing
Image Morphing was adopted from Bulacu et al. [45]. It works by displacing the pixels of an
image. This displacement is done randomly and later smoothed by a Gaussian convolutional
kernel. The image pixels are rescaled using an average amplitude. The authors pose an analogy to
drawing an image on a rubbersheet and then stretching and contracting it at various places. This
results in a variety of transforms for each image, and thus constituting a potent augmentation
method. An example can be seen in Figure 13b.

Image morphing is characterized by the average pixel displacement A and the smoothing radius σ.
After testing, it was found that leaving A at a constant value of 1, and varying σ achieved the best
results for this project. The displacement radius σ was sampled uniformly from the set {6,7,8,9}
for each example. Those values were found to produce the best results as they are not distorting
the original image too much, but still provide a noticeable change.

It produces 4 different augmentations, one for each value of σ. Note, that the true number of unique
outputs is larger given the randomness involved in creating the displacement field. However,

21 Resizing was performed using bilinear interpolation from Bradski [43].
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this should only account for slight variations, and it constitutes a net positive for the sake of
regularization in any case, thus details on the precise count are omitted going forwards.

2., 3. Left and Right Shearing

These augmentation options refer to horizontal shearing operations. Shearing an image means
gradually increasing the horizontal pixel offset when moving vertically over the image, starting
at the bottom. A rough analogy is given by italic fonts, which can be compared to a right shear.
Both left and right shears were used. Examples can be seen in Figure 13c and Figure 13d.

The method was implemented using wrap perspective functions via a transformation matrix M
using tools provided by Bradski [43]. This matrix M, as seen in Equation 11, is simply the identity
matrix with the added shear variable s. This variable is either positive, for left shears, or negative,
for right shears. Further, the amplitude of this variable determines the magnitude of the shear.
The amplitude was uniformly sampled from the set {0.1, 0.2, 0.3, 0.4, 0.5}. These two methods
combined produce 10 different augmentations.

M =

 1 s 0
0 1 0
0 0 1

 (11)

4., 5. Shearing and Image Morphing

These two augmentation options are compound operations. First, a shear is selected, either left or
right, then, the sheared image is transformed by the aforementioned Image Morphing operation.
The methods are the same — including variable sampling — as described above. Examples can be
seen in Figure 13e and Figure 13f. These operations combined produce 40 different augmentations,
which come from 10 different shears and 4 different image morph transforms per sheared image.

6 Thickening

This method results in images with lines that are thicker than the original. This operation can be
roughly compared to bold font. An example can be seen in Figure 13g.

The method was implemented using an erosion function. Erosion iteratively ’removes’ pixel
from a shape in an image. Thus, the object in the foreground will slowly shrink in size. The
foreground in such a case is defined by the color white. Therefore, in the case of the line-strip
images, the white parts will be eroded away, leaving the black parts — the handwritten text —
more pronounced. Thus, seemingly paradoxically at first, erosion is used to thicken the lines.

For the purposes of the erosion function a 2x2 kernel, consisting of only ones, is applied in
iterations. The magnitude of the operation is defined by the number of iterations, i.e. how often
erosion is applied. The number of iterations is uniformly sampled from the set {1,2,3}. The
thickening augmentation produces 3 different transformations.

7 Thinning

This method works identically as the Thickening operation, with the one exception that instead
of erosion, dilation is used. Dilation is the reverse process of erosion — pixels are iteratively
added to the foreground, the white shapes. Thus, the black handwritten text shrinks in shape. An
example can be seen in Figure 13h.

In this case however, only one augmentation is created as anything thinner than the output after
one iteration becomes quickly too thin. Some text in the IAM dataset was written by writers with
an already thin line width. Making those lines even thinner results in various issues such as line
breaks, vanishing features, etc.
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(a) The original line-strip image.

(b) Image morphing with average pixel displacement A = 1 and a smoothing radius σ = 8.

(c) An example of a left shear augmentation.

(d) An example of a right shear augmentation.

(e) An example of a left shear in combination with image morphing.

(f) An example of a right shear in combination with image morphing.

(g) An example of a thickening augmentation.

(h) An example of a thinning augmentation.

Figure 13: An overview of the various augmentation methods used to increase the example count of the
IAM dataset as part of a regularization technique.
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Overall, this means there are 4+ 10+ 40+ 3+ 1 = 58 different augmentations possible. This in
turn means that during the training phase, the model could get exposed to up to 9,072 · 58 = 526,176
(quasi-)unique images22. Note, augmentations were uniformly sampled out of the seven possible methods,
not out of the 58 possible augmentations. Thus, each method had an equal chance to be chosen each
epoch per example. The random variables within each method were again uniformly sampled from, but
given their unequal numbers of variables per method, the total sampling space is not uniform.

The augmentations and their parameters were chosen after extensive testing. One can see that
combinations of methods, like Shearing and Image Morphing, were also tested. However, some
combinations, e.g. thickening and shearing did not result in better performance overall. Many of
those combinations, and also parameter values, eventually were left out. The current set of augmentations
prevailed as a good balance between enough images and not too complicated transforms. Note however,
this is certainly not an exact science and should be regarded as bias in this project’s setup.

Lastly, note that some augmentations that are classically associated with images, especially in a
convolutional frontend context, were completely omitted as they are incompatible with the natural task
of HTR. Those include rotation, mirroring, extreme translations, color transforms and other distortions.
To illustrate this, imagine a video of car driving to the left, turning, then driving to the right. Analyzing
this video frame by frame, the car never stops being a car. A car detection task can therefore make use of
mirroring and rotation augmentations as the concept of the car is contained within the shape of the car
itself. That does not hold for letters and words. Rotating and mirroring letters can change their meaning,
or make them meaningless. Take the letter P for instance. Mirrored horizontally it becomes a lower-case
b, mirror vertically it becomes meaningless; and, if both transforms would be applied, it becomes the letter
d. The meaning of the letter is not contained by only the shape of the letter, but also by its orientation.

3.2.2 Image Preparation

All images had to be prepared to the match the input requirements of the systems. Thus, after an
augmentation was performed, the images were resized, the values were adjusted, and padding was added.
Those steps and their details are described now.

– Resizing

The system accepts a specific input shape. The example images however come in variable heights and
widths. Therefore, they need to be resized. Resizing needs to happen without distorting the images —
the overall shape of the lines should be conserved, no squeezing or stretching should occur. The best
way to achieve that is by resizing all images to a fixed height and proportionally scaling23 the width
with it. This preserves the aspect ratio of the images. Resizing all images to a fixed height of 64 pixels
yields a mean width of 955 pixels. The mean however is not relevant since an input shape needed to be
chosen that allows for all images. Hence, the maximum adjusted width of 2235 pixels is used.

– Pixel Value Adjustment

Each pixel of a given line-strip image comprises three values, one for each color channel24. Each of
those values falls within the range of 0 (absence) and 255 (presence). Although such values are possible
to process by the Machine Learning systems, the values here are redefined to fit on a range from -1 and
1. This redefinition enables a clearer distinction between the absence of information (0) and emphasizes
the contrast between blank background (-1) and dark handwritten lines (1).

22 Although augmentations certainly help, this set of (quasi-)unique images is not the same as an equivalently sized set of
unique examples — augmentation reduces the risk of overfitting, but it does not solve it.

23 Again, this is performed via bilinear interpolation using the implementation of Bradski [43].
24 Although the images include three color channels they appear to be grayscale only. Thus, an extra preprocessing step to

summarize those three channels into one is possible, however, for the sake of compatibility in this project the extraction of
relevant information such as this is left to the visual frontend of the system.
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Figure 14: An example of how an input image is resized and padded.

– Padding and Extra Padding

Images were padded to fit within the newly selected shape 64x2235. For instance, if an image is of size
64x1000 after the resizing step, the remaining 1235 width pixels are artificially added to image in the
form of zero values for each color channel. The padding is added to the right margin of the resized
image. See Figure 14 for an example.

After adjusting the pixel values in the previous step, the value 0 does not appear frequently anymore
in the image data, especially not in large chunks. When padding the images with 0 it carries with it a
rather explicit encoding of the end of a line.

This explicit association with the end of a line creates the issue that some images only have little or no
padding. In such cases, the systems will not stop producing characters as now this wall of padding is
expected. To circumvent that, extra padding is added to extend this explicit coding to all images. An
extra 50 pixels of 0 values are appended to each image. This results in a final shape of 64x2285 pixels.

An example of how the resizing and padding looks like can be seen in Figure 14. The final shape of
the input tensor for the image examples is therefore (42,3,64,2285). In words: one mini batch includes
42 images, each with 3 color channels, 64 height pixels and 2285 width pixels.

3.3 Preprocessing of Labels

As shown in Section 3.1, the labels included in the dataset are strings of text which represent the correct
translation of the line-strip images of handwritten text. The labels do not include whitespace characters
but rather denote the space between words with the pipe symbol |.

To prepare label data for the Deep Learning system, characters and symbols needed to be replaced
by a numerical representation since the system cannot deal with anything else. For that purpose, each
symbol needs to be replaced by a number. This can be done by encoding the text using a dictionary that
contains each symbol and its numerical value. Before that, the role of special characters needed to be
examined. The space character is already a special character provided by the dataset that explicit encodes
white-spaces and therefore the boundary between words. For the purposes of this project three additional
special characters will be included.

– A start-of-line token is inserted at the start of the string. This token should make explicit the beginning
of a new line-strip. If correctly learned, the systems will associate this symbol with the start of a line.
During inference simply giving this symbol to the system explicitly denotes the need for a translation
to start. This is important for the Transformer-based model as it predicts tokens one-by-one using the
start-of-line token as a signal to start. This symbol is C.

– Similarly, the end-of-line is also explicitly encoded by a symbol — $. This provides a marker for when
to stop inferring new symbols. The system should learn that this symbol is associated with the trailing
padding. Thus, the start-of-line and end-of-line token make explicit the boundaries of the text.
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– During inference, the system might output repeated characters as it recognizes the same token across
multiple time steps due to the sequence-to-sequence alignment problem. See Section 2.3.3 for details.
During a post-processing stage repeated characters are thus removed, see Section 3.7.2 for specifics.
However, that leaves the issue of how to deal with actually repeated characters, e.g. in the word book.
Following the explanation of the CTC framework, see Section 2.3.3, this is handled by a blank token,
¤. It is inserted between repeated characters to make explicit that the repetition is intentional. For
example, the word book would be encoded as bo¤ok25.

The dictionary was constructed using all symbols that appeared in the dataset plus the aforementioned
special characters – 82 symbols in total. Lower-case letters, 26 symbols, and upper case letters, another
26 symbols, were added separately, as well as all digits, 10 symbols. The remaining symbols were special
characters including the ones above, and others provided in the labels, e.g. +, & and ?.

Each symbol in the dictionary was assigned a number from 0 to 81. Each label, after adding the
aforementioned special characters, was encoded into a series of numbers using this dictionary. In the
post-processing step, this same dictionary was used to decode the output back into ASCII text.

Lastly, the encoded labels had to be padded. Labels come in different lengths, for obvious reasons.
However, within the Deep Learning system, one gains several advantages when data structures are identical
in length. These reasons are pure implementation details, however. It would not affect the system’s
outcome as a whole if this is handled differently. Thus, this step is included for completeness’ sake.
The labels were padded by appending zeros26 to the end of the encoded series of numbers. They were
appended until the total length of the label was 100. This obviously mirrors the shape of the output — the
system is allowed to output up to 100 characters per given line-strip.

Examples of those three steps are provided now. Notice how the example label in (1) becomes (2) after
adding the special characters. It then gets encoded using the dictionary and becomes (3). Lastly, padding
is added so the final encoded label is in (4). The final shape of the input tensor for the example labels is
therefore (42,100). In words: one minibatch includes 42 labels, each with 100 encoded characters.

(1) nominating|any|more|Labour|life|Peers

(2) Cnominating|any|more|Labour|life|Pe¤ers$

(3) 1, 17, 18, 16, 12, 17, 4, 23, 12, 17, 10, 3, 4, 17, 28, 3, 16, 18, 21, 8, 3,
41, 4, 5, 18, 24, 21, 3, 15, 12, 9, 8, 3, 45, 8, 0, 8, 21, 22, 2

(4) 1, 17, 18, 16, 12, 17, 4, 23, 12, 17, 10, 3, 4, 17, 28, 3, 16, 18, 21, 8, 3,
41, 4, 5, 18, 24, 21, 3, 15, 12, 9, 8, 3, 45, 8, 0, 8, 21, 22, 2, 0, 0, 0,
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0,
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0,
0, 0, 0, 0, 0, 0, 0

25 Note that the CTC method also inserts blank tokens between each token for the sake of an intermediate representation to
find all alignments. This is handled by the CTC loss computation as provided by Paszke et al. [44], however. See details in
Section 2.3.3

26 One might wonder if the value of 0 matters here since it really stands for the blank token ¤. During the CTC loss calculation
however, the true lengths of the labels are provided, and the system only uses the label contents up to the original length. The
remaining tokens, i.e. zeroes, are simply omitted. In the case of the Label Smoothing loss, the system will simply learn that the
blank token not only denotes spaces between tokens, but white space in a broader sense. Regardless, testing revealed that there
are no disadvantages using zeroes as padding.
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3.4 Gated-Convolutional Visual Frontend

This section and the following lay out the details of the Deep Learning systems used in the later
experiments. Following the focus on comparability, the systems have the same input examples. Therefore,
both systems need a visual front-end that can encode the image data of the line-strips. This visual front-end
is identical in both cases and is therefore described separately first. The resulting latent space from this
visual frontend serves as input for both systems later.

The frontend encodes the images into a compressed representation. During training, it learns features
of those and represents those in a latent space. Both models feature the same visual frontend27 in their
architecture to eliminate the influence of the CNN from what might account for later differences.

The frontend was inspired by Bluche and Messina [37]. Fundamentally, the frontend is made up of a
number of two-dimensional convolutional layers, see Section 2.1.3 for an explanation of Convolutional
Neural Networks. They also appear in a gated version in the architecture. A comprehensive architecture
overview can be seen in Figure 15. Here, blocks denote either a function or a network layer. Arrows
depict the flow of the tensors. The details of the layers and functions are described below, following the
flow of Figure 15. As explained in Section 3.2.2, the images are represented as four-dimensional tensors
of shape (42,3,64,2285) and thus serve as input to the front-end.

Convolutional Layer 1 This layer has 3 input channels and 4 output channels. The kernel size is
(2,2) and with a stride of (1,1). No padding is applied. The output is passed through a hyperbolic
tangent activation function, tanh. Those are also used later, but omitted in the description. The resulting
output tensor is of shape (42,4,63,2284).

Convolutional Layer 2 This layer has 4 input channels and 8 output channels. The kernel size is
(3,3), the stride is (1,1). No padding is applied. The output shape is (42,8,61,2282).

Convolutional Layer 3 This layer has 8 input channels and 16 output channels. The kernel size is
(2,3) and with a stride of (2,3). The padding is 1. The output shape is (42,16,31,761).

Gated-Convolutional Layer 1 This layer has 16 input channels and 16 output channels. The kernel
size is (3,3) and the stride is (1,1). The padding is 1. The output shape is (42,16,31,761).

Convolutional Layer 4 This layer has 16 input channels and 32 output channels. The kernel size is
(3,3) and the stride is (1,1). The padding is 1. The output shape is (42,32,31,761).

Gated-Convolutional Layer 2 This layer has 32 input channels and 32 output channels. The kernel
size is (3,3) and the stride is (1,1). The padding is 1. The output shape is (42,32,31,761).

Convolutional Layer 5 This layer has 32 input channels and 64 output channels. The kernel size is
(2,3) and the stride is (2,3). The padding is 1. The output shape is (42,64,16,254).

Gated-Convolutional Layer 3 This layer has 64 input channels and 64 output channels. The kernel
size is (3,3) and the stride is (1,1). The padding is 1. The output shape is (42,64,16,254).

Convolutional Layer 6 This layer has 64 input channels and 64 output channels. The kernel size is
(3,3) and the stride is (1,1). The padding is 1. The output shape is (42,64,16,254).

MaxPool & Flatten This pool layer has a kernel size of (16,1) and a stride of (16,1). This reduces
the tensor to (42,64,1,254). After flatten in the third dimension, the tensor becomes (42,64,254).

Linear The tensor passes through a translation layer that compresses the third dimension from 254 into
100. The last two dimensions are then swapped, resulting in a final output tensor shape of (42,100,64).

27 Although both systems have an identically constructed frontend, the systems are trained independently in an end-to-end
fashion. Thus, the weights of the visual front-end may indeed be very different in both cases.
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Figure 15: A sketch of the Visual Frontend architecture.

Figure 16: A sketch of the 2D Gated-Convolutional Layer architecture.
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3.4.1 Gated-Convolutional Layer

The inner architecture of the 2D Gated-Convolutional layer are depicted in Figure 16. Similarly to before,
the flow is denoted by arrows. A description of the individual layers and functions follows now. Note that
each gated layer comes with different settings outlined in the above overall details.

Convolutional Layer 1 This layer copies the given settings. The output shape does not change.

Convolutional Layer 2 This layer copies the given settings. The output shape does not change.

Leaky ReLU The output of Convolutional Layer 1 is split and passed through a Leaky Rectified
Linear Unit activation function, Leaky ReLU.

Sigmoid Activation The output of Convolutional Layer 2 is passed through Sigmoid activation.

Multiply & Batch Norm The output of the Leaky ReLU and the output of the sigmoid are multiplied.
The output is passed through a 2D Batch Normalization function.

3.5 LSTM-based Model

The BiLSTM-based model poses the first of the two models that are being compared. This model is
inspired by Bluche and Messina [37] and others. The most relevant part of this model is constituted by
bidirectional LSTM cells which are described in more detail in Section 2.1.2. The entire architecture of
this model is sketched out in Figure 17. Arrows denote the direction of the tensor flow; shapes represent
network layers or specific functions. What follows is a detailed description of those components.

Visual Front-End This part is the previously outlined Visual Frontend with its convolutional layers.

BiLSTM 1 The input shape to this layer is (42,100,64). The layer’s input feature size is therefore set
to 64. The hidden size, which is the output size of this layer is set to 82 which is the size of the dictionary
used for encoding the example labels. See Section 3.3 for details. Since this LSTM layer is bidirectional
the actual output size will be 82 ·2 = 164. The output tensor shape is therefore (64,100,164).

Linear 1 This layer has an input size of 164 and compresses it to 82. The output shape is (64,100,82).
The output is passed through a tanh activation function.

BiLSTM 2 This layer’s input and output size is 82. The output shape is (64,100,164).

Linear 2 This layer takes the input size 164 and compresses it to the dictionary size, 82. The output is
passed through a Log Softmax activation function. The output shape is therefore (64,100,82).

Figure 17: A sketch of the BiLSTM-based model.
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Note that there is basically no difference in architecture and tensor flow between training and inference.
During inference, images serve as input as described, the tensors are pushed through the model, and the
output at the other end is a grid of character hypotheses which can be used to compute a classification.
During training, this classification is judged against the correct label. The resulting loss is used to adjust
the model’s weights during back-propagation. Thus, the only difference between an inference step and a
training step is the loss calculation and the back-propagation28.

3.6 Transformer-based Model

The Transformer-based model poses the second of the two models that are being compared. The model is
inspired by Kang et al. [25], see Section 2.3.2 for some more details. The model includes an encoder part
and a decoder part. The images serve as input to the encoder, while the preprocessed labels are the input
to the decoder. Note that part of the encoder is used as input to the decoder. The overall architecture can
be seen in Figure 18. Arrows denote tensor flow direction; shapes stand for network layers and functions.
The following is an explanation of first, the encoder, and second, the decoder.

Visual Front-End This part is the previously outlined Visual Frontend with its convolutional parts.

Layer Norm This layer normalizes the tensor over the mini batches. It is implemented using the
module provided by Paszke et al. [44] which follows the methodology of Ba et al. [46]. All subsequent
mentions of Layer Norm follow the same implementation.

Positional Encoding This module takes the input tensor and enriches it with positional clues which
are pre-computed value mixtures of sinus and cosine functions29. Essentially, this provides clues about
where in the current context a token is located. For more details see Section 2.2.4.

Dropout This layer randomly sets some input nodes in the network to 0 during training. This serves
as regularization technique. See Section 2.1 for details.

Encoder Layers This component is made up of two layers. The input tensor is the input to the first
layer, and the output of the first layer is input to the second. The output of the second is the output of the
entire encoder layers (green box in Figure 18). The details of those layers are explained in Section 3.6.1.

Dropout This layer has the same function as the previous one.

Linear During the previous steps the shape of the tensor does not change being (42,100,64) from the
Visual Front-End. This layer serves as translation from 64 features to 82, which is the dictionary size.
The resulting shape is therefore (42,100,82). The output is finally passed through a Log Softmax layer.
This constitutes the output of the encoder.

The encoder effectively has two outputs, first the output after all components have been applied up to
the last Log Softmax, and, a second output after the Encoder Layers (green box) are finished. This latter
output serves as input to the decoder. The decoder is now explained.

Target Embedding The preprocessed labels serve as input to the decoder. Thus, they are first
converted into vectors of 64 dimensions. This is done using an embedding layer. See Section 2.2.3 for
more details on embeddings. Note that the input here is not a list of words as would be usually the case
with embedding layer, rather it is a list of characters. The embedding therefore learns to represent the
characters as vectors following their contextual environment. Following the original paper [13], the
tensor values of the output of this layer are scaled by a factor of

√
64 = 8.

28 The Transformer-based model’s differences between inference and training are more significant, thus it is worth pointing
out that the BiLSTM-based model does not feature such differences.

29 This is not part of the training process, those values are static.
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Figure 18: An overview of the complete transformer-based architecture.

Positional Encoding This module works identically to the one in the encoder.

Dropout This module works identically to the ones in the encoder.

Decoder Layers The output of the previous component is masked, see Section 2.2.4 for why and
how. The masked tensor together with the original one serve as part of the input to the decoder layers.
The other input comes from the encoder, specifically the output of the Encoder Layers. There are three
Decoder layers. The original tensor is the input to the first layer, and the output of the first layer is input
to the second, and again, the second layers output is input for the third layer. The masked tensor and the
original encoder layer input however serve as identical input to all layers. The details of those layers are
explained in Section 3.6.2.

Dropout This layer has the same function as the previous one.

Linear During the previous steps the shape of the tensor does not change being (42,100,64) coming
from the embedding layer. This linear layer serves as translation from 64 features to 82, i.e. the
dictionary size. The resulting shape is therefore (42,100,82). The output is passed through a Log
Softmax function. This constitutes the output of the decoder and therefore the entire system.

3.6.1 Encoder Layer

The encoder layer represents the core module of the encoder. See Figure 19 for a depiction of its modules
and tensor flows. Note that this layer is used twice, one directly after the other. The Encoder Layer output
is used as Encoder Layer input to the next layer. Thus, the input of the second layer is not the same as the
input of the first layer.

Layer Norm First, the input is normalized using the Layer Norm function. For details see the above
Layer Norm description.

Multi-Head Attention The normalized tensors then serve as input for the Multi-Head Attention
module, see Section 3.6.3 for details. Note that all three inputs, for keys, values, and queries are identical.
The output of the attention module is added together with the original encoder layer input.

Layer Norm Once more, the output is normalized using the Layer Norm.
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Figure 19: An overview of the Encoder Layer architecture.

Position-wise Feedforward The normalized tensors go through the Position-wise Feedforward
module. See Subsection 3.6.4 for details. Lastly, the output is added to the original input before the
second Layer Norm. The result is the output tensor of this layer.

3.6.2 Decoder Layer

The Decoder Layer module is structured similarly to the Encoder Layer module, a detailed description is
therefore omitted. The main difference is that it chains two Multi-Head Attention modules in a row before
the Position-wise Feed-forward module. The second attention module takes the encoded image data. The
precise flow can be seen in Figure 20. Note that this layer is used thrice, chained one after the other. The
Decoder Layer Output is used as Decoder Layer Input to the next layer. However, the masked tensor as
well as the encoded image data, are copied to each individual layer, i.e. they are identical in values.

3.6.3 Multi-head Attention Module

This module encapsulates the attention mechanism of the Transformer architecture. It is based on the
Vaswani et al. [13] which is described in more detail in Section 2.2.4. The architecture overview can be
seen in Figure 21.

Linear Layers The three inputs all go through their own linear layers. Since the inputs are the same,
the layers are also identical. The output shape of each layer is (42,100,64).

Head Splitting The tensor is split into multiple heads. The number of heads is 2. That means the
tensors are reshaped from the previous dimension into (42,2,100,32), i.e. the last dimension is split
into up into an extra dimension.

Dot-Product Attention The split tensors are then directed into the Dot-Product Attention module
together with the applied optional mask. The keys are transposed, from (42,2,100,32) to (42,2,32,100).

Figure 20: An overview of the Decoder Layer architecture.
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Figure 21: An overview of the Multi-Head Attention architecture.

Then, they are multiplied with the queries which results in a tensor of shape (42,2,100,100). In addition,
the output is scaled by dividing the tensor’s values by the square root of 64, so 8. The scaled result is
masked if a mask is provided. If not, the masking step is simply skipped. The potentially masked tensor
is then pushed through a Softmax layer. Finally, the result is multiplied with the values. This output
shape is (42,2,100,32). This constitutes the output of the Dot-product attention module.

Head Combination The two heads are combined again in a reversed process of the former splitting.
The output shape is (42,100,64) once again and thus also the final output of the Multi-Head Attention
module.

3.6.4 Position-wise Feedforward

This module is composed of two linear layers, two dropout layers and one Rectified Linear Unit. Figure 22
illustrates how those parts interact. This module is based on Vaswani et al. [13]. The linear layers expand
the input, then apply the ReLU activation function, and finally compress it down again. This is called
Forward Expansion.

Figure 22: An overview of the Position-wise Feedforward module.
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3.7 Implementation Details

Here, the implementation details pertaining to both architectures are explained. For comparison reasons the
two models have been made as similar as possible. Obviously, given the drastic differences conceptually
between the two architectures this was only possible to a certain degree. A list of similarities follows.

– Both models were trained from scratch. No language models were used. Both models received the
same examples and the same labels.

– Roughly speaking, the more trainable parameters a model has, the larger the capacity for learning30.
Therefore, the parameter count was approximately matched for the two models. The BiLSTM-based
model had 410,812 parameters. The Transformer-based model had 375,528 parameters. Both of
these numbers include the same Gated-Convolutional Visual Frontend which alone features 177,768
parameters. The frontend is trained as part of the end-to-end process of the whole. The actual values of
the weights per model therefore differ substantially.

– Both models had a dropout probability of 10% for their Dropout layers. This served as regularization
method, see Section 2.1 for more details.

– During training both models had the same learning rate and learning rate schedule. The learning rate
started at 0.001, and decayed every 4 epochs according to 0.001 ·0.98s where s is the current learning
rate slate that changes every 4 epochs. For instance, the first four epochs will have a learning rate of
0.001, the next four a learning rate of 0.001 ·0.981 = 0.00098, the next four 0.001 ·0.982 = 0.0009604,
et cetera.

3.7.1 Training versus Inference

As previously noted in Section 3.5, the BiLSTM-based model structure does not change when switching
from training to inference. In fact, during training an inference step is performed followed by a training
step. During regular inference, the training step is simply omitted, i.e. no adjusting of the model takes
place. That is not the case for the Transformer-based model. During training the example line-strips are
fed to the encoder input, and the corresponding labels are fed to the input of the decoder. The output of
the encoder and decoder are then subject to the loss function. Note how therefore the labels are not only
used to compute the loss but also serve as input.

During inference, obviously no label is provided. Thus, the input of the decoder needs to be computed
first, token by token. The start-of-line token is used to signal to the decoder that a new classification will
be made. It is then combined with the encoded line-strip image from the encoder. The model then predicts
the next token. This token is combined with the start-of-line token, and those two then serve as input for
the decoder. This repeats until the maximum token count, 100, is reached, and the next image can be
translated.

This also means that the model needs to be trained in such a way that the next token should be
predicted. Thus, during training the label input to the decoders are shifted to the right by one token.
Furthermore, the use of the mask on the labels prevents the model take into account the future of the label
— only the past should matter when predicting a label.

3.7.2 Loss Calculation and Post-processing

The output of both models is a three-dimensional tensor of shape (42,100,82). The first dimension
denotes the mini batch size. The second one is the maximum length of predicted tokens. The third gives
the likelihood of each token. That means that per line-strip, the output is defined as a two-dimensional
hypothesis grid: at each position a probability distribution of the potential tokens is given.

30 This also increases the risk of over-fitting.
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The actual classification is computed by simply taking the best path of the hypothesis grid. This
means, at every location along the 100 possible tokens, take the one that is most likely. This compresses
the tensor from (100,82) to (100), i.e. 100 tokens.

In a process resembling the reverse of the one outlined in Section 3.3, the tokens are converted into
ASCII text. First, the padding is removed, then, the numbers are translated into characters using the same
previously defined dictionary. Lastly, the special characters are removed, except for the | character as it
was also used in the original dataset.

The two loss functions used in the following experiments are: Label Smoothing (LS) Loss and CTC
Loss. They both take this hypothesis grid to compute the loss. An explanation of CTC loss can be found
in Section 2.3.3; the implementation is provided by Paszke et al. [44], a technical description is omitted
here. An explanation of the implementation of LS loss follows. It was based on [47] and [48], though it
might vary in its details.

Label Smoothing loss is a combination of two parts: Cross Entropy Loss (CE) as given in Section
2.1 in Equation 1 and an additional smoothed term. This term is given by the average of the sum of
likelihoods in y multiplied by the smoothing factor s. In Equation 12 one can see the details. Note that y
denotes the output from the model, and l the label. The constant G is the grid dimension, i.e. 100, since
there are 100 potential tokens to predict. The constant T is the number of tokens that could be predicted,
i.e. 82. The term ygt therefore iterates over all position in the tensor per given example in the mini batch.
Throughout all experiments in this thesis s was set to 0.1.

LS = (1− s) CE(l,y)+ s · 1
G

G

∑
g=0

T

∑
t=0

ygt (12)

Label Smoothing results in a loss that is less punishing of mistakes. This is achieved by slightly de-
emphasizing the CE loss, and instead adding the mean sum of all likelihoods. This means that if the output
would become confident, i.e. less likely for all tokens except one per grid position, the additional term
would inhibit a strong rewarding of the training algorithm. This is useful here, since some handwritten
characters are not always clear-cut classification cases. For instance, the lowercase letter d has an o-shape
within it. If the model predicts an o, punishing it too harsh seems inadequate as it is not too far off. Label
Smoothing thus poses a Regularization method, see 2.1, by toning down the Cross Entropy Loss.
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3.8 Evaluation

For every output, the loss is calculated. Then, the hypothesis grid is decoded into ASCII text. Using that
predicted text and the label, the Character Error Rate and the Word Error Rate are calculated. These three
values serve as evaluation basis.

3.8.1 Error Rates

The Character Error Rate (CER) is based on the Levenshtein distance, or edit distance. This distance
is used when needing to calculate the difference between two given strings of text. It is defined by the
minimum number of edits which can be insertions, substitutions or deletions. For instance, let a label be
a|cat, and let the model’s classification be a|ct. The distance between those is 1, because inserting one
a into the second string results in the first string. The resulting distance is then divided by the total amount
of characters. In this example, there are 5 characters, and the distance is 1, hence the CER is 1/5 = 0.2.
Thus, this can be interpreted as: 20% of the classification is erroneous.

The Word Error Rate (WER) follows the same principle but instead of using characters it is calculated
at the word level. For instance, let the label be a|cat|in|a|tree and let the predicted text be
a|cat|n|tree. There are 5 words in the label, but only 4 words in the classification. Also, one of
the words (n) is incorrect. Thus, the edit distance at the word level is 2. Similarly to before, the length of
the label is 5 (5 words), so the WER is 2/5 = 0.4. Or, interpreted: 40% of the classification is erroneous31.

3.8.2 Data aggregation and Plotting

For each classification, the loss, the CER, and the WER, are calculated. These three values are then
aggregated per mini batch and per epoch. The mean is used for aggregation. Note that k-fold validation
with k = 5 was used, thus, the mean CER, the mean WER, and the mean loss were recorded for each fold,
for each epoch, for each mini batch.

Across folds and across batches, the means of the mean CER, the mean WER, and the mean loss were
calculated. To also measure the spread, the minimum and maximum values of each aggregation were
recorded. Thus, per epoch, a mean CER, a mean WER, a mean loss, and their respective minima and
maxima were recorded.

In the experimental process there are three phases. First, the model is trained epoch by epoch using a
large portion of the dataset. Second, the model is evaluated after each epoch with a small subset of the
dataset that was not in the training set32. Third, for the last 10 epochs of training, the model is tested
on a larger set of examples, which it also has never seen before. From those last 10 epochs, the best
performing result — according to the lowest mean — is recorded. Thus, it is important to note that the test
results are the most relevant when evaluating the model’s performance — it is done on a never-seen-before
large dataset, which mimic real-world use. The evaluation data is useful to visualize the progress during
training. Thus, in the upcoming results, the evaluation plots and the test results are depicted.

The plots for the training and the evaluation are line plots showing their progress over time. The
shaded area shows the spread, from minimum to maximum. The plots showing the test results are bar
plots as they only need to depict single values per run. These plots are used in the following experimental
sessions.

31 The WER is more punishing, because a single error in a word renders the whole word erroneous. One can therefore expect
the WER to be always at least as high as the CER.

32 The dataset split details including set sizes is provided in Section 3.1.1
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4 Experiment I: RNN vs. Transformer

This experiment attempts to answer RQ1 as defined in Section 1.1: In comparison to RNN-based models,
are Transformer-based models better equipped to both recognize handwritten text and to exploit the
available contextual information maximally?

4.1 Setup

To answer the question, two systems were built according to the specifications in Section 3. The question
demands an experimental setup in which the only variable is the type of model: RNN or Transformer.
All other variables should be equalized as much as possible. Most of that is already handled in the
methodology, however the choice of loss function is still open. Important to note here: the Transformer-
based architecture in Figure 18 includes layers for the Encoder Output. However, this output is utilized in
later experiments only since they are only relevant for the inclusion of an encoder loss function. Therefore,
layers right before that are not part of this current experiment; they are simply omitted.

BiLSTMs are commonly trained with CTC loss, while Transformers are commonly trained with Label
Smoothing (LS) loss. One of those loss functions, however, might just be better suited for an HTR task.
Thus, in principle, four experimental runs should be conducted following a 2x2 experimental design: 2
levels for the loss, 2 levels for the architecture. This enables controlling for the effect of the type of loss
function on the architecture as well.

This setup quickly turns untenable, however. The RNN-based system coupled with LS loss learns at a
pace many times slower than with CTC loss. There is a reason why the CTC framework is considered a
leap forward. In contrast, the Transformer-based system coupled with CTC loss does not generalize at all;
the way the Transformer needs to be trained33 does not suit the alignment distribution calculation of CTC
loss. Therefore, only the results of the conditions RNN+CTC and Transformer+LS are examined.

4.2 Results

During training, the evaluation curves were recorded. The results can be seen in Figure 23. Both curves
decline along increasing epochs. This shows the learning process. They start off with a high error rate,
and then they start to generalize. Up until approximately epoch 100 the mean error rates of both models
are similar, then they start to diverge. In this period, they also both show rapid improvements as the
lines both quickly fall from a height of over 0.7 to approximately 0.25. Over the next 200 epochs, the
Transformer+LS line finds a lower low than the RNN+CTC line.

The variability of the RNN+CTC is lower than the other, however. The line itself also seems to become
flatter quicker. Up until epoch 200, both systems show high spikes upwards in their shaded areas34. They
also correspondingly push the mean upwards. These evaluation curves are made using one mini batch
of examples only (42 examples), thus it is expected that a singular value in the set can skew the results.
Towards the end, the spikes subside. The shaded areas of the lines overlap the entire run.

The Word Error Rate (WER) shows similar patterns. They are depicted in the right plot in Figure 23.
There are some immediately visible differences, however. First, the lines do not overlap in the visible
part of the chart. They rapidly separate. The spikes are also visible here and correspond to the spikes in
the CER plot — albeit, here more pronounced. The Transformer+LC lines finds a lower low than the
RNN+CTC line. In fact, the difference between the lines seems amplified.

Regarding variability, the Transformer+LS data still show a larger spread between the minima and
maxima overall. However, the difference in mean WER is large enough so that after approximately epoch

33 The Transformer is trained with a shifted decoder input signal, so that at inference it can predict one token at a time whilst
only looking at the past.

34 Note that no smoothing was applied to the curves. This decision was made to not hide qualitative difference between
models and their training.
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Figure 23: The evaluation results of Experiment I: the Character Error Rates are on the left; the Word
Error Rates are on the right. The lines represent the mean error rate of the evaluation dataset per epoch.
The shaded area shows the range defined by minima and maxima of the same data.

Figure 24: The test results of Experiment I: the Character Error Rates are on top; the Word Error Rates
are at the bottom. Each bar represents the mean across all mean error rates of each mini batch in the
test dataset. The error bars show the range defined by minima and maxima of the same data. The test
performance was evaluated for the last 10 epochs for each condition, the best of those 10 is depicted.
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175, even the two shaded areas stop overlapping. Towards the end of the training, one can see a visible
gap between the two shaded areas. Note that this is not visible in the CER plot.

The test results are depicted in Figure 24. They mirror the evaluation results of Figure 23. In the left
graph, one can see that the mean CER of the Transformer+LS condition is lower than of the RNN+CTC
one. This time however, the variability bars are also not overlapping. Still, the RNN+CTC bar shows less
variability than the other one.

Finally, turning to the WER bars at the bottom of Figure 24, one can see that here too the results
mimic the ones of the right plot in Figure 23. The Transformer+CTC mean WER is lower than the other
one. The variability bars are not overlapping, and, it seems that the cleft between the two bars is larger
than the one of the evaluation plot.

4.3 Discussion

From the results, it becomes immediately clear that the Transformer-based model achieves better values
across the board. Especially, the test results show a clear difference between the two models. Given that
the error bars are not even overlapping, the differences in mean can be called significant.

To counter this conclusion, a valid question to ask is whether the RNN-based model was not hampered
by the restrictive design choices. One can see that the curve becomes flat after only being halfway through
the training. This suggests that the RNN-based model simply had no more capacity to learn. This is
certainly true. Increasing the number of BiLSTM layers, or node count, might result in better performance.
However, the objective of this thesis is not to find the best performing model. It is to gather understanding
of which architecture might be better suited for the task. Recall Section 3.7. The number of parameters is
larger for the RNN-based model. Indeed, the performance of the RNN-based model can become better by
increasing the number of parameters, but that also holds for the Transformer-based model. Thus, in terms
of parameter count the comparison is fair, if not even slightly in favor of the RNN-based model.

Similarly, one can argue that it is the specific arrangement of the layers inside the RNN-based
model that leads to worse performance — if those same layers would be rearranged one would see the
performance increasing. While this might be true, during the course of the experiments many constellations
of layers were tried. The choice was taken in accordance with those findings, and arrangements that are
typically found in the literature for high-performing systems. Though indeed, there might be a specific
constellation that results in better performance — it is impossible to test all combinations, such is the
nature of a complex system. Although, a too specific constellation might classify as over-fitting if it is
matched too well to the given dataset. The approach taken seems like a fair balance.

While the CER provides a measure of accuracy at the character-level, the WER is applied at the
word-level. This means, in terms of a context hierarchy, the WER operates at a higher level. To achieve
high performance here, a system needs to extract more contextual information compared to the character
level. From the results it is clear that the WER numbers are indeed higher than the CER numbers.
Logically, this makes sense as explained in Section 3.8.1 — one character mistake in a word renders the
entire word as erroneous. A higher WER as compared to CER is expected. However, if the WER is lower
than expected this would mean the system is able to extract additional information in order to compensate
for the mere character mistakes. Thus, it means it exploits information beyond the simple character level.
Whilst the difference between the two CER mean values is fairly small, the difference between the two
WER mean values is large. In order to demonstrate what that means, consider the following.

To gain understanding of how well the systems make use of the contextual information available, the
CER can be used as basis to estimate the WER assuming all absence of deeper context learning. Assume
words are simply sequences of characters where each character is independent of the others.35 Given that,
one can naively derive the WER from the CER by multiplying the expected probabilities. For instance,

35It should be emphasized that this assumption certainly does not hold for real words. Humans derive a great deal of meaning
from the context and use that to correct for mistakes. See Section 2.2.1 and Section 2.3.1 for a broad discussion on context.
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a system with a CER of 0.1, is expected to have a WER of approximately 1− (1−0.1)4 = 0.344 for a
word 4 characters in length.36 Rather than estimating 4 as the word length, the mean word length in the
IAM dataset is used — 4.17 words. Equipped with this logic the results can be analyzed as follows.

The test mean CER of the RNN-based system is 0.1864. Thus, the expected mean WER is about

1− (1−0.1864)4.17 = 0.5769.

The actual observed mean WER from the trained RNN-based system is 0.4968 — or, 13.9% lower37.
Thus, the RNN-based system is able to utilize the provided information beyond the character level as
shown by the drop in observed WER as compared to expected WER by 13.9%. In contrast, the test mean
CER of the Transformer-based system is 0.1276, so, the expected WER is approximately

1− (1−0.1276)4.17 = 0.4340.

The actual observed WER is however 0.3162 — or, a 27.1% drop38. Roughly speaking, these drops can
be used as a measure of how well the system learns the context of the words. At face value it becomes
immediately clear that the difference between expected WER and observed WER is significantly higher,
almost by a factor of 2, for the Transformer-based system when comparing it to the RNN-based system.

The quality of the results, as a measure of variability, appears to be better in case of the RNN-based
system. Both the shaded areas in the evaluation plots in Figure 23 and the error bars in Figure 24 appear to
be smaller. There is more spikiness in the curves up until epoch 200 for the RNN-based results, however.
Disregarding that however, one can conclude that in this experiment, the RNN-based model produced
more consistent results compared to the Transformer-based one. It will therefore be part of the objective
moving forward to focus on improving the consistency of the Transformer-based model’s classifications.

In conclusion: The Transformer-based model appears to be better equipped for this HTR task.
It produces lower mean error rates while featuring a similar setup and parameter count as the
RNN counterpart. In addition, it exhibits an improved ability to exploit the available contextual
information at the word-level when compared to the RNN-based model.

This conclusion also sheds light on the fundamental difference between the two models. RNNs model
the data as a function of proximity. Data points closer together along the temporal axis are more impactful
to one another. They certainly have the ability to extract patterns across longer time frames, especially in
the case of LSTMs, but the fundamental proclivity to prioritize proximity might not be appropriate enough
for tasks involving natural language. As outline in Section 2.2 proximity can be a powerful heuristic
in language. For instance, a sentence is for the most part a collection of related concepts. However, it
appears that careful and dynamic modelling of relations between words and concepts is more appropriate.

Another conceptual angle to this could be the following. RNNs model relations between tokens based
on proximity — they can learn patterns over time. This pattern extraction is however the only mechanism
they feature. In contrast, Transformers perform two actions that are mostly independent. First, they use
the dot-product as a means to find similarities between word embeddings. Depending on the quality
of the embeddings this poses a promising way to solve the similarity problem of text39. This is then
further utilized to disambiguate overloaded embeddings: Recall the example of the word Draft in Section
2.2.3. RNNs have no clear path to limit the scope of the embedding in relation to the surrounding context.
Second, using this more specific embedding, the Self-Attention mechanism allows for dynamic modeling
of the relations between words. It is important to note, that this might also include proximity, but it does
not have to. Thus, Transformers appear to have a more appropriate range of tools at their disposal.

36Note how error rate need to be converted into accuracy, i.e. accuracy = 1−ER, and then back to the error rate.
37Calculated as 1−0.4968/0.5769 = 0.139
38Calculated as 1−0.3162/0.4340 = 0.271
39I.e. how to numerically represent differences between concepts captured by text
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Following the rationale outlined in Section 1, simply declaring Transformers to be superior to all
previous models seems too shallow. It was shown they indeed perform better under the presented
circumstances. However, previous systems’ successes were not only due to RNNs but also other methods,
in particular the Connectionist Temporal Classification (CTC) framework. Utilizing the alignment
calculation appears to be a natural way forward, even if RNNs will fade in favor of Transformers. The
following experiment will therefore focus on the incorporation of CTC into the current pipeline. Recall
that simply using CTC loss for the Transformer-based system is not an option. Thus, an approach will
be taken inspired by Karita et al. [49] who utilized the CTC framework for the encoder part of their
architecture in a Speech Recognition task.
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5 Experiment II: CTC loss at the encoder

This experiment attempts to answer RQ2 as defined in Section 1.1: Can the CTC framework be leveraged
in conjunction with a Transformer-based model to enhance performance and contextual information
extraction?

5.1 Setup

This experiment is similar to the previous one, with two exceptions. First, the RNN-based model is left
out, the focus is on only the Transformer-based one. Second, a composite loss function is created that
combines the output of both encoder and decoder. Thus, the layers responsible for mapping the encoder
layer outputs to the encoder output, see Figure 18, are included in this experiment.

This experiment serves to test whether the CTC framework can be incorporated into the Transformer-
based model in this HTR task. As noted in Section 4, CTC loss cannot be used at the decoder output. Thus,
that leaves three conditions for this experiment: using CTC loss on the encoder output in conjunction
with LS loss at the decoder (CTC+LS), using LS loss on both outputs (LS+LS), and only using LS loss
at the decoder which simply is the result of the previous experiment (Baseline I). Analyzing these three
conditions should provide enough insight to see whether CTC has any influence.

The new loss L is calculated as follows. The two losses of the encoder output and the decoder output
are simply added. See Equation 13. Note that Ldecoder naturally refers to the output of the entire system.
Thus, calculating the loss and using it during back-propagation also trains the encoder part. The addition
of Lencoder merely emphasizes the training of the encoder, but does not fully encapsulate it.

L = L encoder +L decoder (13)

5.2 Results

The evaluation results of the three conditions are in Figure 25. On the left, one can see the mean Character
Error Rates (CER) over the epochs. On the right, one can see the mean Word Error Rates (WER).

In the left plot in Figure 25, all three lines decrease with increasing epoch count. This shows that all
three models train over time. The CTC+LS condition is lower than the others during the entire training.
The condition LS+LS starts off being lower than Baseline I but is overtaken by it at approximately epoch
100. The line of Baseline I then continues to decline and flatten, almost touching the blue CTC+LS one.
Both red and blue lines also flatten quickly after about 100 epochs. These properties appear to be mirrored
for the mean WER curves in Figure 25. The gaps are a bit more pronounced between the conditions.

Regarding variability, from the evaluation, no noteworthy characteristics are observed. The shaded
areas depicting the spread between examples. They appear to be about equal in size. The high spikes
subside for the conditions CTC+LS and Baseline I after about 100 epochs. However, condition LS+LS
shows high spikes approximately up until 250 epochs. These spikes are mirror in the mean WER plot.

The test results for both mean CER and mean WER are shown in Figure 26. At the top, the mean CER
values are depicted. The lowest values are from the condition CTC+LS, closely followed by the condition
Baseline I. Lastly, condition LS+LS features the highest error rates. Like for the evaluation plots, the test
WER plots mirror these results as well. Observe in the bottom plot how the values are proportional to the
ones in the CER plot.

However, the variability of the condition LS+LS seems notably lower than the other two, in both
CER and WER plots. The variability of condition CTC+LS also appears slightly smaller than condition
Baseline I which features the largest spread.
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Figure 25: The evaluation results of Experiment II: the Character Error Rates are on the left; the Word
Error Rates are on the right. The lines represent the mean error rate of the evaluation dataset per epoch.
The shaded area shows the range defined by minima and maxima of the same data.

Figure 26: The test results of Experiment II: the Character Error Rates are on top; the Word Error Rates
are at the bottom. Each bar represents the mean across all mean error rates of each mini batch in the
test dataset. The error bars show the range defined by minima and maxima of the same data. The test
performance was evaluated for the last 10 epochs for each condition, the best of those 10 is depicted.
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5.3 Discussion

Following the results, it is immediately clear that the inclusion of the CTC framework has a positive effect.
The values in the CTC condition are clearly lower than the other ones. This is visible both during training
and during the final test. Also, during training the slope at which the CTC condition decrease in error
rates is remarkably faster than the other two. This suggests that CTC does not just result in lower error
rates, but it also speeds up the training process.

The condition LS+LS shows that CTC actually provides an advantage that really stems from CTC
itself. Due to the way CTC is added to the overall loss, one could make the argument that the improved
results come from the additional training exposure — the encoder is simply trained twice, hence the rate
of learning is implicitly adjusted. While this is true to an extent, the condition LS+LS offers the control
case: In this condition, the encoder is also trained twice, and it results in worse error rates, in fact, it shows
a consistently worse result during training.

Although CTC adds value, the question is how relevant it is. Looking at the CER test results in
Figure 26, it is not obvious that CTC provides a significant advantage. The mean value is slightly lower,
and the variability too. However, consider the spikes during training. The line of the CTC condition
appears to be smoother overall when compared to the other two, albeit less prominent in the baseline
case. It is the combination between the slightly lower values, the pace at which it speeds up learning
and smoother training curve that appears to make this condition superior to the others for this specific
experiment.

Whether CTC also enables better contextual information extraction is more difficult to answer. The
expected mean WER values fall in line with the observed ones. Although results are better, there seems to
be no other way of judging if the model predicts whole words better than without the CTC framework.

In conclusion: The use of a composite loss function that incorporates CTC loss at the encoder of
the Transformer-based model demonstrates lower error rates and smooth evaluation curves.
Apart from those gains, it is however not obvious the extraction of contextual information is
enhanced as well.

Using CTC’s alignment calculation at the encoder side is beneficial to the system as a whole. This
suggests that the alignment distribution helps this Transformer-based model similarly to the RNN-based
one. The issue of aligning a sequence of tokens with the output of a neural network with a sequence
as input seems to be not solved by the Transformer architecture either. This suggests, that although
RNN-based systems in HTR tasks might become obsolete, the CTC stage still provides value since the
alignment problem is otherwise not solved. However, this begs future research.

The coming experiments will focus on improving the results of the Transformer-based model using
CTC at the encoder side. There are many options to go for. The focus will first be on weighing the
losses, i.e. emphasizing one over the other. The reason is that before, in this current experiment the two
losses were almost arbitrarily added together. This might result in suboptimal proportions during training.
Introducing a weight to the composite loss will proportionally scale one down and one up, and vice versa.
This allows for a scanning of the spectrum to see at which proportions the model performs best. Thus, the
hope is that performance will see an improvement once again.
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6 Experiment III: Weighted composite loss

This experiment attempts to answer RQ3 as defined in Section 1.1: What can be done to refine the results
further? And, how can the quality of the classifications be enhanced?

6.1 Setup

Following the promising results of Experiment II, further capacity for improvement will be tested.
The previous loss calculation is augmented by a coefficient α that weighs the two individual losses
proportionally. This effectively introduces a bias. With large values of α the decoder loss is emphasized
while the encoder loss is de-emphasized; and, vice versa. This enables more tuning, and therefore more
capacity for improvement. See Equation 14 for the new composite loss function.

L = (1−α) L encoder +α L decoder (14)

To test whether weighing of the losses impacts performance, a new experiment is devised. Once again,
the setup of the system is similar to the ones before, with exception to the aforementioned loss function.
The experimental conditions are given by a range of static α values. This shows whether the introduction
of α has any importance to begin with, i.e. if the difference between the evaluation and test outcomes are
noteworthy enough. The values of α to be tested are [0.1,0.25,0.5,0.75,0.9]. Those values represent a
stepwise shift from emphasizing the encoder and de-emphasized the decoder, to the other way around.
There is no specific reason behind choosing these exact values other than that they represent the spectrum
sufficiently40. Technically, the run for α = 0.5 is unnecessary since it mimics Experiment II by cutting
the losses of both encoder and decoder equally. For completeness’s sake, it is run again and included here.

6.2 Results

Figure 27 depicts both mean CER and mean WER during training. On the left, the CER is depicted.
From looking at the lines, one can see that with increasing values of α, the mean CER curves are shifted
downwards. At least that holds for α ≤ 0.75. The last two runs for α = 0.75 and α = 0.9 seem to overlap
after about 100 epochs.

On the right, the WER is depicted. Note, that here it appears that the line for α = 0.9 is slightly lower
than the one for α = 0.75. Otherwise, the chart follows the trends of the CER plot.

The variability is higher for small values of α, and lower for high values of α. However, there are
more spikes the higher α, and consequently the lower the variability — with the exception for α = 0.9
which is smoother than the previous α = 0.75. This is also mirrored in the mean WER plot to the right of
Figure 27. Here, the spikes are even more pronounced.

The test plots are in Figure 28. Notice how the picture does not change much. The error rates, both
for CER and WER, are decreasing with higher levels of α until they seem to plateau after α = 0.75. The
variability also decreases with higher numbers of α until α = 0.75. In terms of mean test CER, α = 0.75
has both the lowest number, and the smallest spread. However, the results for α = 0.9 show a slightly
higher CER, but also slightly lower WER. Also, it has lower lows and higher highs compared to α = 0.75.

6.3 Discussion

From the results, it appears obvious that the model with α = [0.1,0.25,0.5] are undesirable. Their error
rates are too high, and their spread is too wide. The choice within the selected values of α therefore falls
on either α = 0.75 or α = 0.9. This is not an easy decision, however.

40 Extreme values α = 0 and α = 1 were omitted, since, in the first case, it would simply reproduce Experiment I (no encoder
training), and, in the second case, it would simply result in no (usable) output (no decoder training).
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Figure 27: The evaluation results of Experiment III: the Character Error Rates are on the left; the Word
Error Rates are on the right. The lines represent the mean error rate of the evaluation dataset per epoch.
The shaded area shows the range defined by minima and maxima of the same data.

Figure 28: The test results of Experiment III: the Character Error Rates are on top; the Word Error Rates
are at the bottom. Each bar represents the mean across all mean error rates of each mini batch in the
test dataset. The error bars show the range defined by minima and maxima of the same data. The test
performance was evaluated for the last 10 epochs for each condition, the best of those 10 is depicted.
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At first glance, one can see that α = 0.75 appears to be the most consistent run with the lowest mean
CER. In contrast, the model with α = 0.9 has a wider spread, and a slightly higher mean CER. Upon
further examination however, one will notice that although the test spread is higher, during training there
are fewer spikes compared to α = 0.75. Also, the CER is higher indeed, but the WER is lower. This
suggests that α = 0.9 is slightly better able to extract contextual information than the α = 0.75 model.
However, when observing the curve during training, one can also see that the α = 0.75 model seems to
learn quicker until about epoch 100 at which point the curve seems to merge with the α = 0.9 model.
Thus, it appears there is no clear winner.

In conclusion: In an HTR task the Transformer-based model achieves better results for higher
α values, specifically for α ≥ 0.75. If one needs to prioritize consistency of the classifications
α = 0.75 should be chosen. If one wants to optimize for a smooth training curve and a lower
WER, α = 0.9 appears to be more appropriate.

Given the unclear choice between α = 0.75 and α = 0.9 the question arises if there is a way to
combine the best of both. A simple, yet effective, way to include multiple stages for a hyperparameter
like α is to include it as a dynamic variable instead of a static one. Clearly, CTC has a positive effect
overall on the Transformer-based model. However, it might be more effective during early stages of the
training phase due to first rapidly constructing internal representations of the alignments in the encoder.
The later stages during training could then be shifting more towards the decoder side to fine tune the
results. Roughly speaking, this could mimic first focusing on properly extracting high quality features and
learning their possible alignments, and then using those learned patterns to fine tune the remaining system.

Starting with a high value for α and gradually stepping it down towards a low value might result
in better, more consistent values. The results show however that there is a general tendency towards
higher values of α, thus still operating the majority of the training time under an α ≥ 0.75 schedule seems
appropriate. This hypothesis will be tested in a last experiment.
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7 Experiment IV: Curriculum Weighing

This experiment attempts to continue to provide answers to RQ3 as defined in Section 1.1: What can be
done to refine the results further? And, how can the quality of the classifications be enhanced?

7.1 Setup

To further investigate how to improve performance and quality of the Transformer-based model, a
hypothesis was posed in Section 6.3: Starting with a high value for α and gradually stepping it down
towards a low value results in better performance, more consistent values. This hypothesis is tested here.

The value of α can be regulated by a curriculum: α decreases by 0.1 every specific number of epochs
— the step size. This effectively converts α into a dynamic value. The curriculum gradually shifts values
of α over the course of the training period. Note that α always starts off at 1.0 and then decreases over
time eventually bottoming at 0.1. This results in a warm-up phase for the encoder where the decoder loss
is fully disabled, then, gradually, the balance shifts towards the decoder loss. Depending on the step size,
α can decline quicker or slower.

This experiment tests three conditions to see how a curriculum affects the results. The conditions are
different values for the step size. The values chosen are 5, 10, and 15. The previous experiment showed
that there should be a tendency towards lower values of α, because the overall training emphasis should be
on the decoder side. Thus, the majority of the training time, α will be set to 0.1. The curriculum for each
condition can be seen in Figure 29. Note how, depending on the step size, the CTC-warm-up phase is
regulated. For a step size of 10, the warm-up phase lasts for 90 epochs, and the refinement phase (α = 0.1)
lasts for 210 epochs.

7.2 Results

The evaluation results are depicted in Figure 30. The mean CER values are on the left. All three conditions
exhibit roughly similar curves, especially towards the end of the epochs. However, the condition 10 results
in a line that is lower than the others, while 5 and 15 seems to overlap after about 150 epochs. Condition
5 initially declines faster than the others, but is overtaken by condition 10 after about 90 epochs.

The mean WER curves on the right of Figure 30 show similar results. Condition 10 has the lowest
mean curve, followed by condition 15 and 5. In contrast to the CER plot, condition 5 and 15 are not
overlapping — 15 gets closer to 10 instead.

Condition 10 shows the most consistent results, its variability is lowest amongst all three. Both
condition 10 and 5 exhibit a smooth learning curve, almost no spikes are visible. In contrast, condition 15
shows many more spikes during the first half, then spikes subside. It is to note that condition 15 shows the
lowest lows in the second half by a fairly large margin which is especially visible in the WER plot.

Figure 29: A graph showing the curriculum for α depending on the chosen step size.
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Figure 30: The evaluation results of Experiment IV: the Character Error Rates are on the left; the Word
Error Rates are on the right. The lines represent the mean error rate of the evaluation dataset per epoch.
The shaded area shows the range defined by minima and maxima of the same data.

Figure 31: The test results of Experiment IV: the Character Error Rates are on top; the Word Error Rates
are at the bottom. Each bar represents the mean across all mean error rates of each mini batch in the
test dataset. The error bars show the range defined by minima and maxima of the same data. The test
performance was evaluated for the last 10 epochs for each condition, the best of those 10 is depicted.
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The test results, see Figure 31, are straightforward. Condition 10 shows the lowest mean for both CER
and WER. Conditions 5 and 15 appear roughly similar, with condition 5 showing a slightly lower CER.
All three conditions across both CER and WER show roughly the same variability. The differences that
were visible during training do not appear here.

7.3 Discussion

From the results it is clear that introducing a curriculum for α affects performance and quality of the
results during training. Especially visible for a step size of 10, the training curve is remarkably smooth
and shows good test performance. Thus, depending on the step size, the hypothesis appears to hold some
truth: Starting with a high value for α and gradually stepping it down towards a low value results in lower
error rates and more consistent values compared to the previous experiments.

The curriculum for α also appears to be a good solution for the spikes. Warming up the encoder, i.e.
emphasizing the CTC loss initially results in less variability. This could be due to forcing the model to
first solve the alignment problem across the input images, and only later refining the decoding stage.

In conclusion: In an HTR task the Transformer-based model shows better, more consistent
results if α is dynamically regulated by a curriculum that slowly shifts emphasis from the CTC
stage at the encoder to the LS stage at the decoder. Specifically, a step size of 10 showed good
and smooth results both during training and testing. Thus, it appears that dynamically training
a Transformer-based HTR system using CTC loss reduces variability while also showing lower
error rates compared to non-dynamic training.

The question arises, why a more dynamic training approach such as the current one would result in
better performance as well as smoother training curves. It seems that starting with a slightly pre-trained
encoder benefits performance, as compared to simply training it as part of the whole. The only real
disadvantage appears to be a slower training progression during the first 100 epochs, roughly speaking.
Still, given that the number of epochs was held constant across all experiments, it seems remarkable that
although the decoder loss was inhibited compared to previous runs, it still eventually decreases error rates.
An explanation might be that the Transformer really benefits from high-quality encoded input. Thus,
focusing all training efforts to first extract information out of the pixel space, and also storing some initial
alignments between extracted letters, appears beneficial. Daringly, one could draw an analogy to human
language acquisition where children first learn syllables, then practice those before forming words.
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8 General Discussion

Here, the results are summarized and compared across experiments. Then, the conclusions of those are
repeated. Finally, a discussion is provided including potential flaws and future research suggestions.

8.1 Summary & Conclusions

The goal of this thesis was to examine how well Transformer-based models perform in an HTR task,
compared to traditional RNN-based models. The Transformer poses a potentially potent new technology,
hence experimenting with it is necessary. For that purpose, two systems, each based on the respective
architecture, were developed and then tested in a series of experiments. First, the Transformer-based model
was compared to a comparable RNN-based version. Later experiments then utilized the well-established
CTC framework to further optimize recognition error rates. The focus was on how well the models could
exploit the lexical contextual information, which is deemed a key factor to more intelligent behavior.
Therefore, a contribution to the field of Artificial Intelligence is provided as well.

The best results of each of the four experiments of the Transformer-based model are depicted in
Figure 32 and Figure 33. They show the progress made across experiments. In the evaluation plots, one
can see that each iteration notably improved recognition. Especially the last experiment’s WER results
seem to make a push downwards, hinting at better contextual information extraction. The progress in
quality of the results, as defined by smoothness of the curves or variability during training, also progresses
remarkably across the experiments — Experiment IV results show a smooth evaluation curve only lacking
in initial speed compared to the others. The steady decline of the error rates is also clearly visible in the
test plots. The major findings relating to the research questions (see Section 1) follows:

RQ1 In comparison to RNN-based models, are Transformer-based models better equipped to both
recognize handwritten text and to exploit the available contextual information maximally?
The Transformer-based model appears to be better equipped for this HTR task. It produces lower
mean error rates under similar conditions as the RNN counterpart. In addition, it exhibits better
ability to exploit the available contextual information at the word-level, compared to the other.

RQ2 Can the CTC framework be leveraged in conjunction with a Transformer-based model to
enhance performance and contextual information extraction?
The use of a composite loss function that incorporates CTC loss at the encoder of the Transformer-
based model demonstrates lower error rates and smooth evaluation curves. Apart from those gains,
it is however not obvious the extraction of contextual information is enhanced as well.

RQ3 What can be done to refine the results further? And, how can the quality of the classifications
be enhanced?
Introducing weighing to the composite loss function shows improvements if the weight leans
towards the decoder loss. Results get better and more consistent if this weight is dynamically
regulated such that it slowly shifts emphasis from the encoder to the decoder during training.

Within the perimeter of the experiments, it indeed appears that a Transformer-based models offer potential.
The experiments have shown that such models can achieve better results than a comparable RNN-based
one. They have also shown that established methods like the CTC framework can still be salvaged,
and even lead to performance increases. Furthermore, they revealed that there are more options for
further improvements. Thus, it appears that the Transformer’s Self-Attention mechanism might indeed
be potentially superior to a recurrence-based approach when it comes to exploiting available lexical
contextual information. Obviously, the results presented here only hold for the given setup. Potential
issues with that are discussed in the next section. However, if the results also generalize to more systems,
the field of HTR could see a shift towards Transformers over RNNs in the near future.
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Figure 32: The main evaluation results of all experiments: the Character Error Rates are on the left; the
Word Error Rates are on the right. The lines represent the mean error rate of the evaluation dataset per
epoch. The shaded area shows the range defined by minima and maxima of the same data.

Figure 33: The main test results of all experiments: the Character Error Rates are on top; the Word Error
Rates are at the bottom. Each bar represents the mean across all mean error rates of each mini batch in the
test dataset. The error bars show the range defined by minima and maxima of the same data. The test
performance was evaluated for the last 10 epochs for each condition, the best of those 10 is depicted.
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8.2 General Discussion

The presented setup came with shortcomings. First is the potential for over-fitting by the experimental
progression itself. Over the course of the experiments, different variations have been tried that subsequently
improved the results. However, given the specifics of the IAM dataset, those improvements might not
generalize to other datasets as well. Granted, the test methodology in conjunction with k-fold validation
does indicate that the models are able to generalize fairly well. Still, the dataset used is small compared to
what usually is used — a collection of different databases, such as IAM. To mitigate over-fitting, three
Regularization methods have been employed: lowering the models’ capacity via reducing parameter count,
dropout during training, and dataset augmentation. Given those, and the promising test results, there
seems to be enough potential to go forward with larger models to see if the results continue to hold.

Second, the last two experiments introduced a new hyperparameter α and a curriculum for it. That
increase in human involvement is not exactly in line with the general goal of Artificial Intelligence —
creating intelligent systems. The variables governing the curriculum in conjunction with α itself needed
a lot of testing and fine-tuning in order to produce better results. Even though they eventually did,
such measures should better be part of the learning process itself for an intelligent system. This can be
mitigated by reducing the number of hyperparameters necessary to constitute the curriculum, for instance,
an exponential curve instead of a step function could reduce the number of variables.

Third, when comparing the results to the state-of-the-art one will quickly find lower error rates in other
studies. However, the setup presented here is also remarkably special in its own rights: the number of
parameters is substantially lower than other state-of-the-art models. For instance, the Transformer-based
model by Kang et al. [25] which was used as inspiration for our model comes with 100 million weights
whereas our model has only roughly 400,000 weights. Also, no explicit heuristics were used whereas many
other systems make extensive use of shortcuts, for instance language models with predefined dictionaries
to restrict classification outcomes to only existing words. Thus, although error rates presented here are not
competitive with the state-of-the-art, there is a lot of room to grow — increasing capacity, using more
training data, and utilizing linguistic heuristics. In Section 1, an argument was made in favor of balance
between low error rates and true intelligent behavior. We believe the findings regarding the contextual
extraction benefits of Transformers over RNNs is worth the higher error rates in this setup.

This thesis offers a basis for many further studies. It was shown that Transformer-based HTR systems
are certainly potent enough to seriously consider for HTR applications. Especially in combination with
the CTC framework, the models shine. Here, a few promising options for further research are proposed.

First, the step function is a rather crude way of shifting the balance within the composite loss. Instead,
different methods could be employed such as smooth exponential curves that gradually shift α. In contrast,
one could also experiment with even less linear curriculums that for instance, emphasize the encoder
warm-up phase longer, before rapidly shifting to the decoder. If the warm-up of the encoder is imperative,
the intermediate values of α might be superfluous, and simply pre-training the encoder might also work.
How exactly the CTC stage can be leveraged at the encoder is therefore worth investigating.

The Self-Attention mechanisms inside the Transformer-based model use the dot-product to calculate
attention scores. There are however alternatives to derive those. The dot-product has been shown to be
one of the best [13], but this might not hold in an HTR context. Thus, further tuning the inner workings of
the attention mechanisms might result in better results. From the above critique, one can also find other
suggestions for improvement, and future research. How do the presented models fare with more training
data, especially if that data introduces substantially different examples? Given that language models are a
prominent tool in the literature, how would an inclusion of those affect the performance? Also, how could
language models with utilized during the CTC stage which is now at the encoder instead of the decoder?

In this thesis, a contribution to the field of HTR was made in the form of merging novel technologies
with the well-established. The focus on the balance between performance and intelligence enabled
observing direct evidence of contextual extraction advantages using attention-based methods over the
former recurrence-based state-of-the-art — something to pay attention to.
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