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NOTATION

When using mathematical expressions in this thesis all variables, functions and argu-

ments are defined where they appear first. The following notation is used for specific

mathematical elements:

a,b,c,...
a,b,c,...
A/ B C,...
A B,C,...
AB,C,...
A/B,C,...

p, P(x), P(ylx)
X, V,H

N

1,7

f(z), f(x)
Ge, G

L(:)

d(-,-)
[a,b]
0,0

scalar

vector

matrix or tensor

univariate random variable

integer value for, e.g., counts, cardinalities or dimensionalities
set

the cardinality of set A

n

the i-th element in set S = {a(i)}i_l
the i-th element of vector a

the vector representation corresponding to element x
the label, prediction, pseudo-label

probabilities

vector space

the label space

an image, the image space

scalar function with scalar or vector argument

an encoder or decoder function

a loss function

a confidence estimate

a distance function

the concatenation of vectors a and b

a set of model parameters, the parameter space

a lexicon containing N strings IL = {lg,...,In}
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INTRODUCTION

For many centuries, handwritten documents have been an important medium to
carry and preserve information. The use of handwriting in literature, in letters and
in bureaucracy, resulted in the creation of a tremendous number of documents. To-
day, large scale document collections that are stored and preserved in archives and
libraries exist. A significant part of all the data stored in these physical document
collections is largely inaccessible. Without a digital copy of the documents, extract-
ing information is a cumbersome process. Simple problems such as the search for
a specific piece of information is almost infeasible and requires a large amount of
human involvement.

Digitizing document collections mainly involves two steps. First, a digital image of
the respective document is created through scanning. This preserves the document
contents and allows for long time storage but still, by itself, having a digital image
does not make the information more accessible. Extracting information usually im-
plies a transcription of the handwritten document or to a transfer of its content to
some form of structured data. Even though automatic recognition systems have been
extensively researched for many years, this process is still mostly done manually.

Recognizing handwriting is a challenging problem due to its variability and ambi-
guities that are, additionally, often affected by degradation. Recent systems achieve
impressive results when confronted with contemporary writing. Nonetheless, a se-
vere drop in performance can be perceived with respect to historic documents with
a more distinct style. This performance difference can be easily explained by the
nature of the applied models. Modern automatic recognition systems rely on neural
networks that are trained on sample data. This requires the collection of represen-
tative data that needs to be annotated manually, which is cumbersome process. For
many historic collections, the creation of a specific annotated training dataset is
required but is impossible to create due to its manual effort. Therefore, the use of
machine learning models for extracting information from these types of collections
is often unrealistic.

This thesis investigates a method that alleviates this problem by training ma-
chine learning models without the use of any manually annotated sample data. It
is shown that it is feasible to derive well performing models for two classical docu-
ment analysis problems, namely Word Spotting and Handwritten Text Recognition,
with no manually labeled data involved in the training process. At the core of this
works lays the concept of self-training which describes the process of learning from
pseudo-labels generated by an intermediate model. By proposing the use of an initial
model trained on synthetic data, all labels required for training the different models
are generated automatically. This thesis shows the applicability of that idea to the
respective document analysis tasks and evaluates several crucial considerations with
respect to the training scheme and synthetic data generation. Aspects of the different
contributions of this work have been previously published in several publications, as
described in the following section.



INTRODUCTION

1.1 CONTRIBUTIONS

This thesis and its related publications have made several contributions to the field
of document analysis. Overall, the main concern was the development of a training
paradigm that allows for training neural networks in an annotation-free manner,
which means without the need of manually annotated data. Therefore, this line of
research developed a self-training scheme for two classical tasks for handwritten
document analysis that both rely heavily on the use of neural networks. In order to
use self-training in an annotation-free manner, several core aspects need to be solved.
Additional to the general application of the self-training scheme, core contributions
were made with respect to synthetic data generation and confidence estimation for
an effective pseudo-label selection. A summary of this work and its main findings is
published in [WF24]. In the following, core contributions by the author that have
been previously published will be discussed in more detail.

Self-Training for Word Retrieval and Recognition

An initial publication considered the word spotting model TPP-PHOCNet and
showed that self-training is a viable option to train the respective neural network.
The TPP-PHOCNet is a well established neural network for attribute prediction that
was originally proposed in [SF'16] and can be applied to the problem of segmentation-
based word spotting. In [WF20], the author showed that a self-training approach can
be used to train the network without the need of manually annotated data. In case
of the TPP-PHOCNet, two main problems needed to be solved. First, self-training
relies on an initial model. As a first step, this initial model was derived by training on
a synthetic dataset from the literature. Furthermore, it was not obvious how to de-
rive pseudo-labels in the case of the attribute-based retrieval model. In [WF20], the
author showed that it is feasible to use lexicon-based recognition to predict pseudo-
labels that can be used as training targets of the TPP-PHOCNet. A further main
conclusion of the publication was that no accurate lexicon is required and the use
of the most common English words as an approximations already suffices to observe
significant performance improvements.

While the proof of applicability of self-training to the retrieval model was pub-
lished in [WF20], the author later adapted the same idea to a handwriting recognition
model. In [WF22b], a sequence-to-sequence based recognition model was trained fol-
lowing the principles of [WF20]. Similar findings were made and it was shown that
self-training significantly helps to adapt the respective model from synthetic to real
data. In contrast to the retrieval model, it was shown that self-training is feasible
without the inclusion of an external lexicon.

In both publications [WF20; WEF22b], the author was responsible for developing
the general training approach. All experiments and the evaluation of the respective
performances were conducted by the author of this thesis.

Confidence Estimation and its Integration to Self-Training

Finding a numerical estimate on how confident a neural network is in its prediction
is an open research question. In the context of self-training, finding such a confidence
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measure offers the potential to select less erroneous pseudo-labels. The author made
several contributions with regards to confidence estimations for document analysis
models in close relation to self-training.

In [WOF19], the idea of confidence estimation was first explored for a TPP-
PHOCNet in the context of word spotting. Several different confidence measures
were proposed and it was shown that they generally measure prediction quality. The
author was responsible for the implementation of the non-metaclassifier based confi-
dence measures, the experimental setup and the evaluation. The idea of confidence
estimation was later picked up and integrated in the self-training approaches for
pseudo-label selection. The author showed that including confidence-based selection
improves performances for word spotting and handwriting recognition in [WF20]
and [WF22b]. In both cases, the author developed the method on how to integrate
the confidence measures in the training scheme and conducted the experiments pro-
viding the empirical evidence of their effectiveness.

Synthetic Data Generation and its Language Implications

For the proposed self-training approach it is necessary to train an initial model. In
order to avoid the use of manually-annotated data, synthetic datasets offer a viable
solution. Several works in the literature show that training a model on synthetic data
and later fine-tuning on a small labeled dataset is a promising training strategy. In
[WF20] and [WF22b], the author showed that despite the comparably poor perfor-
mances, initial models solely trained on synthetic data can be used for self-training.
In the literature, the process of font-based synthetic data generation is not exten-
sively researched. Many works simply generate a large number of samples based on
a predefined lexicon or a collection of texts. Little consideration has been given to
the variability of visual or language properties. The common approach is typically
to aim for large scale datasets with as much variability as possible.

In this regard, the author made several contributions by investigating how visual
and language properties of a synthetic dataset influence performances. In [WBF20],
several experiments were conducted on generating synthetic data for the aforemen-
tioned word spotting model TPP-PHOCNet. The author concluded that the selec-
tion of the vocabulary underlying the synthesis pipeline heavily influences the final
model performance. Furthermore, a method to adapt the visual style of the syn-
thetic dataset to a target dataset was presented. Style adaptation was performed
by training a font and slant predictor network on synthetic data, which was then
used to predict a font and slant distribution for the target dataset. The assumption
was that fonts more frequently predicted were visually similar to the real data. The
derived distributions were then used to generated style-adapted synthetic datasets.

In [WF22b], experiments on synthetic data generation for handwriting recognition
were published. Here, mainly different language properties of synthetic datasets and
the implications on final recognition performances were investigated. The author
showed that training a model on synthetic data conducts a form of implicit language
modeling and that removing a natural word distribution affects performances.

For the mentioned publications, the author of this work was responsible for de-
signing the synthesis pipeline, designing the methods and conducting the respective
experiments.



INTRODUCTION

1.2 OUTLINE

This thesis is organized in six chapters, with the current chapter introducing the main
problem, the motivation and the contributions made by the author. The remaining
chapters are organized as follows:

Chapter 2 - Fundamentals

The models that are used to address the problems of word recognition and retrieval
are based on neural network architectures. This chapter introduces the fundamental
building blocks of modern neural architectures and how to optimize them. First, the
artificial neuron as the basic computing unit is introduced. This is followed by the
discussion of the most relevant building blocks of deep neural networks and how to
find a set of weights by training on sample data.

Chapter 8 - Handwritten Document Analysis

Document analysis is a long-standing research field in the computer vision commu-
nity. In this chapter, the most significant works with respect to word recognition
and retrieval in handwritten documents is discussed. Additionally, relevant works
on data synthesis are reviewed as this is a major concern of the proposed method.

Chapter 4 - Self-Training

This chapter presents the proposed method for self-training of the retrieval and
recognition model. After a discussion of the background of the training method, the
respective models are described in detail. First the process of generating a suitable
synthetic dataset for training an initial model is described. Given the trained ini-
tial model, the chapter explains how self-training can be applied to increase model
performances and how to integrate a confidence-based selection of pseudo-labels.

Chapter 5 - Ezxperimental Fvaluation

In order to evaluate the proposed methods, empirical experiments are conducted
on several datasets. This chapter describes the evaluation procedure including the
benchmarks, protocols and metrics. The obtained results allow for various insights
in the different aspects of the proposed method. Furthermore, the annotation-free
performances for retrieval and recognition are compared with results from the liter-
ature.

Chapter 6 - Conclusions

The final chapter concludes with a summary of the main findings of this thesis and
a discussion of further research directions.
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Perceiving their environment, recognizing patterns and taking actions accordingly
are tasks which humans constantly perform. The entire recognition process from
raw data, such as a visual or an auditory signal, to a known category is mainly
performed subconsciously. While humans are excellent in solving diverse recognition
tasks, designing machines that are capable of reproducing or even exceeding human
perception poses a tremendously complex problem. The field of computer science
that is concerned with modeling this recognition process is called Pattern Recognition
[DHSO1, p. 1]. In this thesis, the tasks of interest are word recognition and retrieval.
Both constitute classical pattern recognition problems and are usually related to
image processing. While pattern recognition in general is not limited to specific
types of raw data, word recognition and retrieval can be categorized as Computer
Vision tasks, which refer to the problem of classifying and processing image contents.
Classical computer vision systems share common characteristics and may be broken
down into a shared processing pipeline [DHSO01, p. 2]. Figure 1 presents the essential
building blocks that can be identified in a traditional computer vision system.

First, a digital representation of the visual perception of the environment is nec-
essary. This step is called image acquisition and describes the process of mapping
a three-dimensional scene onto a two-dimensional digital image. In order to acquire
an image, a physical process, for example the reflection of light is observed by an
imaging system. The image is then formed by projecting the received radiation on
a two-dimensional plane such as a camera sensor. Finally, the continuous signal is
sampled and quantized to produce a digital image.

After acquiring the digital image, preprocessing is commonly performed. Due to
the acquisition process and the signal itself, the collected data usually contains a
lot of variance and noise that are irrelevant with respect to the designated task. For
example, considering the text recognition process for a word image, the color of the
text is likely to be irrelevant for recognizing characters. Therefore, binarizing text
images into fore- and background pixels is a commonly applied technique. In general,
the goal of preprocessing is to remove unwanted variance from data to benefit the
later processing steps. Common preprocessing techniques involve normalization, bi-
narization and filtering techniques [Szel0, p. 101]. Designing preprocessing pipelines
is vastly heuristic and their usefulness may only be proven empirically with respect
to a specific task.

Images constitute data of high dimensionality with a lot of information irrelevant
to a later classification task. Finding a numeric representation that is descriptive
with respect to the task at hand is referred to as feature extraction. Two principal
approaches are commonly disinguished, which are analytic and heuristic methods.
Analytical methods, such as Principal Component Analysis (PCA), optimize a de-
fined criterion; in this case maximizing the variance along each dimension of the
data [DHSO1, pp. 115-118]. On the contrary, heuristic features are based on human
design involving experience and intuition. Heuristic features share the same prob-
lem as preprocessing in the sense that their effectiveness can only be evaluated given
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Figure 1: General architecture of a classical computer vision system. As indicated, modern
convolutional neural networks combine multiple steps of the pipeline in a single
computational model.

the entire processing pipeline regarding the ultimate task. In computer vision, local
image features such as edges, texture, motion and image descriptors were popular
[Szel0, p. 333]. Local image descriptors, especially those which represent a small im-
age patch by gradient statistics, built the basis for the majority of computer vision
systems. Common descriptors that were also heavily explored for text recognition
are SIFT [Low04], HOG [DT05] or LBP [OPH94].

For a classification task, a classifier then makes the final prediction based on the
given set of features. In order to derive a classifier, first the general structure is
selected a priori. Here, structure not only means the choice of the classifier method
itself but also its architecture, which also directly relates to the number of param-
eters of the model. Without knowledge of the data to be processed, a single best
choice for the type of classifier does not exist. This fact is referred to as the “No
Free Lunch” theorem [Wol96]. Therefore, choosing and designing a suitable classifier
needs to be performed by a human expert and is usually optimized by empirical eval-
uations on test data. Over the years, a large number of methods were established for
varying classification tasks. Typical examples are Support Vector Machines (SVMs),
Random Forests, Bayes classifiers or Artificial Neural Networks. Given a parameter-
ized classifier, solving the classification task boils down to finding an optimal set of
parameters. This can be done by exploiting sample data which consist of representa-
tive data points with respective annotations. Based on this training set, algorithms
exist for all kinds of classifiers that try to find an optimal set of parameters. This
process is called supervised training. While a majority of the success of machine
learning techniques can be explained by learning from sample data, it also poses
a tremendous drawback. Annotations for sample data need to be created manually
and, especially for complex tasks, samples are required in a large quantity. In this
thesis, it is shown that the paradigm of supervised learning can be extended to
learning from unlabeled data, thereby reducing the annotation effort to a minimum.
As annotation effort is one of the most limiting factors in the application of a com-
puter vision system based on machine learning, partially removing the necessity of
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supervison has been of high interest. For a detailed discussion of various supervision
schemes, see Section 2.3.2.

Looking at modern computer vision systems shows that the field is mainly domi-
nated by neural network such as Convolutional Neural Networks (CNNs) and trans-
former networks. This holds also true for document analysis tasks to an extent such
that neural networks are almost exclusively the one classifier type that is applied.
Even though this contradicts the “No Free Lunch” theorem at first sight, it can
be explained by the end-to-end structure of neural networks for vision applications.
CNNs and transformer networks allow the steps of preprocessing, feature extraction
and classification to be integrated in a single model that may be optimized with
respect to annotated sample data. As discussed earlier, preprocessing and feature
design include a high amount of human involvement. In this regard, neural networks
have an inherent advantage by integrating the aforementioned steps into a single
model in addition to the availability of efficient optimization algorithms. Nonethe-
less, learning potential preprocessing steps and descriptive feature representation
also results in larger annotated datasets that are required to train the given model.

In the following chapters, the essential components of neural networks will be dis-
cussed in more detail, as they are the foundation of the models in this work. After
the introduction of the perceptron as the basic computing unit of an artificial neural
network in Section 2.1, the building blocks of modern deep neural network archi-
tectures, especially CNNs and Recurrent Neural Networks (RNNs) are introduced
in Section 2.2. Section 2.3 discusses standard techniques on how to optimize the
parameters of a neural network in a fully supervised setting. Finally, Section 2.3.2
discusses alternative learning settings to the fully supervised paradigm, in which the
self-training method presented in this work also positions itself.

2.1 ARTIFICIAL NEURAL NETWORKS

Artificial Neural Networks (ANNs) are nowadays the dominant model for all kinds
of pattern recognition applications. In general, they consist of a high number of
simplistic units that are connected in large networks. This concept is loosely inspired
by the structure of biological neural networks and the functionality of the human
brain [Kon05]. Today, neural networks have evolved from their biological counterpart,
but can rather be considered a powerful mathematical framework that allows for end-
to-end machine learning. This chapter introduces the fundamental components of an
ANN and the structure of the most basic network. The basic computing unit that lies
at the core of any neural network is the so-called perceptron. ANNs are implemented
by the connection of multiple perceptrons in combination with non-linear activation
functions.

2.1.1  Perceptron

The idea of an artificial neuron as a computing unit was first proposed in [MP43]. In
its simplest form, this neuron has n binary input signals xg, z1, ..., x, and computes
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Figure 2: The structure of an artificial neuron with n inputs z, weights w, a bias b and an
activation function ¢.

a binary output. The neuron itself implements a function f that computes the sum
of all inputs and compares the result against a threshold 7:

0, otherwise.

f(xo,xl,...,xn) = (1)
Already this simplistic structure shows the power of neurons as function approxima-
tors. By choosing different values for 7, different distinct binary functions can be
realized. Consider, for example, a neuron with only two binary inputs zg and x7.
With 7 = 1 the neuron realizes the logical OR, while setting 7 = 2 implements the
logical AND.

The aforementioned general structure of the artifical neuron persevered. In [Ros58],
Frank Rosenblatt extended the neuron by the addition of weights to each input and
a general bias. Additionally, Minsky and Papert generalized the model to use real
values in [MP69] resulting in the basic structure of the general perceptron. Figure 2
visualizes the perceptron with inputs x € RP=, weights w € RP» a bias b € R, an
activation function ¢ : R — R and the output y € R. The perceptron essentially
computes a weighted sum over its inputs which is then the input to a non-linear
activation function:

f(x) = o(wrx+b). (2)
The updated perceptron as presented in [MP69] allows for the realization of complex
functions and can, for example, naturally implement a simple binary classification
task. Given two classes y € 0, 1 and using the step function as the activation function
®(+), the perceptron may classify an input vector x:

1, if wix+b>0
y(x) = (3)

0, otherwise.

As shown in [MP69] the capabilities of the model are still extremely limited, as it is
not able to solve problems that are not linearly separable, like the XOR.

2.1.2  Multilayer Perceptron

The main goal of a neural network is to approximate an unknown function f*. This
function can, for example, represent a classification problem where a numerical fea-
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Figure 3: A multilayer perceptron with an input layer, two hidden layers and an output
layer. Green connections represent weights and the orange connections biases.

ture representation x has to be mapped to an output class y with y = f*(z,6). Here,
0 represents the set of weights corresponding to a perceptron that are optimized
based on sample data. As discussed in Section 2.1.1, the capabilities of a single per-
ceptron as function approximator are quite limited. Nonetheless, connecting multiple
perceptrons in a layerwise fashion has been shown to yield a powerful model.

Figure 3 shows a simple network architecture that uses perceptrons as basic build-
ing blocks [GBC16, pp. 164 - 167]. Each set of neurons can be considered to imple-
ment a basic function f. In the given example, three such basic functions, f(1), f(2)
and f (3), are realized by 5, 5 and 4 neurons, respectively. For a given input x that is
fed into the network by the input layer, the overall output is computed by compos-
ing the three basic functions as y = f) (f2)(f()(x))). Each of the basic functions
can be considered a layer of the network and the number of layers is called depth.
The last layer of the network is the output layer with, in the case of a classification
network, each neuron corresponding to a specific class. All layers between the input
and output layer are considered hidden layers, as during training only samples for
the relation of input and output are provided. In this simple architecture, all neu-
rons from one layer are connected to all neurons of the next layer. Therefore, the
considered network is a fully-connected feedforward network [Kon05]. It especially
means that in contrast to recurrent networks no feedback connections exist [GBC16,
p. 164]. The information flow of the network is unidirectional and each layer only
has access to the outputs of the previous layer.

At each layer, the individual neurons compute a weighted sum over their inputs
as described in Equation 2. Therefore, every connection in the network is associated
with a trainable weight leading to a high number of parameters for fully-connected
architectures. In order to benefit from multiple layers of perceptrons to approximate
complex functions, non-linear activation functions are necessary. Without the intro-
duced nonlinearity, the function implemented by the network could be reduced to
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a multiplication of the input vector x and a single large weight matrix W. Given a
suitable non-linear activation function, this is not the case and the model is able to
approximate highly complex functions.

Interestingly, the Multi Layer Perceptron (MLP) is already an incredibly power-
ful model. In [HSW89], it has been shown that an MLP with only one hidden layer
and the output layer containing weights is capable of approximating any real-valued
multivariate function. This proof is known as the “Universal Approximation Theo-
rem” [HSW89] and shows the potential of neural networks which are built from high
numbers of simple neurons. While the MLP is theoretically capable of approximating
any function, in practice other architectures are combined with fully-connected parts.
This is mainly due to the fact that the approximation of a complex function usually
coincides with a high number of required neurons. By introducing more neurons, the
number of parameters is drastically increased especially for high dimensional data.

2.1.3 Activation Functions

As discussed in Section 2.1.1, each neuron of an ANN applies an activation function
to the weighted sum of its inputs. In order to build complex network architectures,
it is essential for these functions to be non-linear. This chapter discusses the most
common choices for activation functions that can be found in state-of-the-art archi-
tectures.

Early approaches attempted to model the thresholding characteristic of a step
function, as inspired by the biological example. Furthermore, differentiable functions
were of desire as many optimization algorithms are based on computing gradients.
One function that fulfills these criteria is the sigmoid function that was historically
a popular choice as a non-linear activation function [R0j96]. The sigmoid functions
maps its input to the range of [0,1], intersects the y-axis at a value of y = 0.5,
converges to zero for x — —oo and converges to one for z — oo, see Figure 4, top
left. Mathematically, the sigmoid and its derivative are defined by

1 e T

= Ttev ¢/(CU) = U/(l') = (

¢(z) = o() (4o

(4)

One drawback of the sigmoid function is that it is not zero-centered. This is con-
sidered to be unfavorable for gradient-based optimization algorithms [Roj96]. To
overcome this property, a scaled and translated version of the sigmoid can be used.
The resulting hyperbolic tangent maps an input to the dynamic range of [—1,1],
while maintaining most of the properties of the classical sigmoid, see Figure 4, top
middle. The tanh function is defined as

1—e™®
Tres )

¢/ (z) = tanh’(z) = 1 — tanh?(z)). (6)

¢(x) = tanh(z) = 2(o(x) — 1) =

While sigmoid and tanh activations have been historically popular, they are rarely
used today. Both functions have a problematic characteristic with respect to gradient-
based optimization. Computing the gradient of the network with respect to a given
goal function results in the multiplication of the derivatives of the activation func-
tions at each layer. As the derivatives of the sigmoid and tanh function, as defined

10
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Figure 4: Common activation functions (top row) and their respective derivatives (botton
row).

in Equation 6 (see Figure 4 bottom row), do not exceed a value of one, the gradient
diminishes for deeper network architecture. Therefore, weights are barely updated
which leads to a poor optimization behavior. This problem is known in the literature
as the “Vanishing Gradient” problem [GBC16, p. 290].

The popularity and success of neural networks in recent years can be explained to
some extent by solving the “Vanishing Gradient” problem which allows for larger ar-
chitectures that contain a high number of hidden layers. In this regard, the proposal
of the Rectified Linear Unit (ReLU) as an activation function can be considered a
major breakthrough [GBB11]. As depicted in Figure 4, top right, the ReLU realizes
a non-linear thresholding behavior by mapping its input to zero for all values smaller
than zero and computing the identity for all values larger than zero:

1, if <0

7
0, ifr > 0. ()

¢(x) = f(x) = max(0,x) ¢ (z) = {

A closer look at the derivative (Figure 4, bottom right) shows that the derivatives
of the ReLLU is either zero or one. Therefore, multiplying the derivatives per layer
does not lead to an incremental scaling of the gradients. Additionally, the ReLLU is
computationally simple as it does not require the evaluation of exponential functions,
as is the case for sigmoid and tanh activation functions.

Several variants of the ReLLU have been proposed that address certain disadvan-
tages of the classical ReLU. Due to the ReLU having a gradient of zero for negative
inputs, certain neurons may never be activated. For example, this can happen if,
during training, one of the neurons ends up with negative weights. With ReLLU acti-

11



FUNDAMENTALS

vations in the previous layer, the input of the ReLU is always negative and its gra-
dient zero. Therefore, the neuron won’t activate and its weights won’t be updated.
In the literature, this characteristic is known as “dead neurons” [GBC16, p. 238].
Dead neurons can be avoided by using a LeakyReLLU which does not map negative
values to zero, but rather scales them by a small factor A [MHN+13]. The gradient
of the LeakyReLU is, therefore, not zero for negative inputs and weights may still
be updated. The Parametric ReLU follows the same idea but defines the slope A as
a learnable parameter [He+15a]. All previously described variants of the ReLU are
not differentiable at zero. The Exponential Linear Unit (ELU) solves this by using
a scaled exponential function for negative values [CUH16]. While all these variants
of the ReLLU have been shown to be empirically beneficial for certain applications,
performance differences are comparably small [Li+18]. Therefore, the classic ReLU
is by far the most used and most popular activation function due to its simplicity.

The aforementioned activation functions only consider individual neurons. When
applying a neural network to a classification task, the output layer usually relies on a
different activation function. Commonly, each neuron of the output layer corresponds
to a class. For classification, the network shall activate the neuron corresponding to
a specific class and shall output zero for all other neurons. In order to enforce this
characteristic, the softmaz activation function has become common practice [Bis06,
p. 198]. With z; being the linear activations of the neurons of the output layer, the
softmax computes the activation ¢(x); of each neuron i based on the relation of the
individual activations to the sum of all output activations:

et
#(x); = softmax(x); = Zle o (8)

An interesting characteristic of the softmax function is that it maps its input to the
range of (0,1) and the sum over all outputs equals one:

Zsoftmax(x)i =1. (9)

Due to its similarity to a probability distribution, the softmax output is often con-
sidered to be an estimate for the probability p(y;|x) to observe class y; given the
activation vector x.

2.2 DEEP NEURAL ARCHITECTURES

As discussed in the previous Section 2.1, an ANN building upon fully-connected
perceptrons is capable of approximating any arbitrary complex function, if it con-
tains at least one hidden layer and a sufficient number of neurons. Nonetheless,
networks that only contain fully-connected neurons are rarely used for common pat-
tern recognition and especially not for computer vision problems. A main reason for
this is the high number of parameters corresponding to fully-connected architectures
given high dimensional input data. Consider, for example, the MNIST dataset which
was one of the first computer vision benchmarks also tackled with neural networks
[LeC+98]. The dataset contains images of handwritten digits with a dimension of
28 x 28 pixels. Already a very small MLP, with 500 neurons in one hidden layer and
an output layer with 10 neurons corresponding to the respective classes, contains

12
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almost 400,000 trainable parameters. This poses a tremendous optimization prob-
lem. Particularly, a high number of parameters usually coincides with a requirement
for large amounts of annotated training data which is a severe limitation to the
applicability of a machine learning system.

State-of-the-art architectures circumvent this problem by applying different types
of layers that usually allow for sparse interactions between the neuron and the pre-
ceding layer. Modern architectures usually stack a high number of layers in a hier-
archical fashion [SZ15; He+16; Hua+17]. Networks with many hierachical layers are
called Deep Neural Networks (DNN) and have been proven to be a very successful
approach to tackling pattern recognition problems [Ben09]. No clear definition of
the term deep exists and some authors already consider any network with more than
three layers to be deep [GBBI11].

This chapter discusses typical layers required to build deep network architectures
that are also the essential building blocks of the models applied in this work. Convolu-
tional networks allow for sparse interactions and are common practice for most com-
puter vision applications. Whenever sequential data is considered, networks often
rely on recurrent connections that model context information. Recent architectures
leverage the concept of attention. Attention introduces a set of learnable weights
that allows the network to focus on specific parts of its input data.

2.2.1 Convolutional Neural Networks

Convolutional Neural Networks rapidly became the predominant model in com-
puter vision after their first application to a handwritten digit classification task in
[LeC+98]. Motivated by the success of the proposed LeNet, CNNs were the model
of choice for various computer vision tasks to achieve state-of-the-art performances
and they dominated typical benchmark challenges [Rus+15b]. They usually contain
three different types of layers, namely convolutional, pooling and fully-connected
layers, that will be discussed in the following.

Convolutional Layers

A convolutional layer is derived from the convolution operation. Let x : R — R be a
real valued function of ¢t and let w : R — R be a weighting function. The convolution
operation denoted with an asterix  is defined as [GBC16, p. 322]:

£(8) = (zxw)(t) = /x(a)w(t—a)da. (10)

A convolutional layer is based on the generalization of the convolutional operation
to image data. Therefore the operation needs to be reformulated for a discrete signal
z(t). With an integer valued time index ¢, the discrete covolution can be noted down

as:
o)

ft) = (@=w)(t) = Y z(a)u(t—a). (11)

a=—00

In order to apply a convolution to image data, a two dimensional image I needs to
serve as an input instead of the discrete signal . Let I : IN? — R be a function that
describes an input image by mapping pixel positions (i, j) to real valued pixel val-

13
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Figure 5: The convolution operation of a two-dimensional image I of size 3 x 4 with a kernel
K of size 2 x 2. I «x K refers to the resulting feature map.

ues. For a two-dimensional kernel K of fixed dimensions the following convolutional
oparation is derived:

F(i, j)

(K+D)(i,5) = > D> 16, j)K(i —m,j —n). (12)

Intuitively, this operation can be interpreted as visualized in Figure 5 which shows
the convolution of an image I of size 3 x 4 with a kernel K of size 2 x 2. The size
of the kernel defines a patch that is continuously moved over the image in a sliding
window fashion. The corresponding step width is called stride s and is equal to one
in the given example. At every window position the dot product between the kernel
weights and the inputs is computed. The resulting two-dimensional output is known
as a feature map. Applying the two-dimensional convolution is highly similar to a
perceptron. In contrast to a connection to all input pixels, the convolutional neuron
is only sparesly connected to the pixels inside the moving window which is also called
the receptive field. Similar to the classical perceptron, the convolutional neuron is
combined with a non-linear activation function. Multiple kernels are used with k&
being the number of kernels in the convolutional layer. The convolutional layer is
then defined by its number of kernels k, their dimensions f and the stride s [FJK23].

When considering convolutional networks, the input data as well as the computed
feature maps can be represented as volumes with width, height and depth [W, H, D].
An RGB image, for example, then corresponds to a volume with respective image
dimensions and a depth of Drgp = 3. The dimensions of the feature map computed
by a convolutional layer depends on the input dimensions, its stride and the number
of kernels. Furthermore, it is common practice to enclose the input with a number
of p zeros which is known as zero padding. The resulting dimensions [Wa, Ha, D5]
of a feature map computed by a convolutional layer for an input with dimensions
[Wa, Ha, Do) are given by [FJK23]:

—f=2p Hy—f—2p

Wi
Wy = ————— Hy=——— Dy = k. 13
2 s+ 1 2 s+ 1 2 ( )
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Figure 6: Pooling layer with three different aggregation functions.

Without the addition of a bias, the number of weights in a convolutional layer boils
down to f - f-Dj-k. As the kernel is usually significantly smaller than the input,
using convolutional layers leads to a comparably small number of weights.

Besides the sparse connectivity, convolutional layers have further beneficial proper-
ties [GBC16, p. 325]. While a fully-connected perceptron computes its function once
for the entire input volume, parameters are shared in a convolutional layer. Each
kernel realizes a function that is evaluated for different inputs defined by the position
of the receptive field. Therefore, the network does not have to learn a distinct set of
features for different positions.

Pooling Layers

Additional to convolutional layers, common CNN architectures employ so-called
pooling layers [GBC16, p. 330]. They operate in a similar way with respect to slid-
ing a window over the input data and computing a function at each position. The
main goal of using pooling layers is to downsample their input by aggregating the
values of the input window into a single value. This aggregation stage serves multi-
ple purposes. It further reduces the dimensionality of the feature maps leading to
fewer parameters in the later stages of the network. The receptive field of a neuron
is considered all input pixels that contribute to the input of a neuron. With respect
to the input data, the introduction of pooling layers increases the receptive fields
of succeeding neurons. Furthermore, pooling layers introduce an invariance to local
translations. The exact position of a feature inside the pooling window is not rele-
vant, which can be an advantage if the sheer presence or absence of a feature is more
useful with respect to the classification problem [GBC16, p. 332].

Figure 6 visualizes three different pooling functions with a window size f = 2
applied to a feature map of 4 x 4. With a stride of s = 2, the dimension of the
resulting feature is reduced to 2 x 2. L2-norm pooling considers the input window to
be a one-dimensional vector and computes the respective L2-norm. Average pooling
computes the mean over the respective input values [GBC16, p. 330]. A common
approach, which is also the most simple computationally, is max-pooling [ZC88]. In
this case, only the maximum of the input window is propagated.

For an input volume of dimension [W7, Hy, D1], a pooling layer with stride s and
size f leads to a smaller ouput volume of size [Wa, Ha, D] [FJK23]:

:Hl_f
s+1

:Wl_f
s+1

Wa 2 Dy = Dy. (14)
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Figure 7: A recurrent neural network including a simple feedback connection propagating
the output at each time step ¢ to its input. The recurrent architecture can be
translated to a feedforward network by unfolding the temporal dependencies.

Fully Connected Layers

The final layers of a CNN are usually fully-connected. For classification, these layers
follow the same principal as an MLP with each output neuron corresponding to a
designated class. Therefore, the last feature map of size [W, H, D] given by a pooling
or convolutional layer is flattened to a one-dimensional vector with a corresponding
size of [(W - H - D), 1] [FJK23]. The fully-connected layer is defined by its number N
of neurons, which are each connected to all elements of the input vector. Despite the
dimensionality reductions in the earlier layers, many networks have most of their
weights in their fully-connected part. Given an additive bias for each neuron the
number of weights can be computed as W-H -D-N + N.

2.2.2  Recurrence

Many pattern recognition tasks operate aim at the prediction of sequences. In this
regard, text recognition is a classical example as the recognition result is a sequence
of individual characters. It is a natural assumption that individual predictions are
not independent from each other, but rather depend on previous outputs. Recurrent
Neural Networks are a common approach to model these dependencies [RHW86]. In
contrast to feedforward networks, RNNs contain recurrent connections.

Let x be a sequence of feature vectors (X(O), x(W .. .x(T)), from which we aim at
the prediction of an output sequence y of (y©@, y@® .. y(T) A simple recurrent
network can be designed by providing the prediction vector y(t) as an additional
input to the network at each time step. Traditionally, recurrent models define a
hidden state h. See Figure 7 for a visualization of a recurrent model [GBCI16, p.
368]. At every time step the internal hidden state is updated according to the model
parameters 6, the previous hidden state h*=1) and the input vector x() at time step
t. The corresponding output at time step ¢ is then predicted given the current model
state:

h® = f,(h®D, x®), g) y = £,(h® 9). (15)

Functions fj, and f, can be, for example, realized by fully connected neural networks.
The hidden state h(®) captures information on the past sequence of inputs. While
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Figure 8: Structure of a Long Short-Term Memory cell (LSTM) and a Gated Recurrent Unit
(GRU).

the input sequence is of arbitrary length, the hidden state of the model is usually
a vector representation with fixed dimensions. The hidden state can only capture
a summary of some potentially task-relevant aspects from the past input sequence
[GBC16, p. 368].

Computationally, an RNN can be transferred into a non-recurrent structure by
unfolding. This leads to a chain-like structure where the module that saves the
hidden state is repeated. Unfolding the model, as illustrated in Figure 7, leads to
a feedforward structure, where parameters are shared over the different time steps.
Therefore, similar to CNNs, recurrence is another way to implement the idea of
parameter sharing in a neural network. Here, parameters are not shared over different
positions with respect to an input, but are shared over the time steps of the input
sequence. By learning a single model for all time steps the model is also capable of
generalizing to sequences of variable lengths.

The RNN architecture as previously introduced suffers from several problematic
properties with regard to optimization with gradient-based methods. Similar to
deep neural networks, the “vanishing gradient” problem occurs and, additionally,
a problem known as “exploding gradient” can prevent efficient optimization [BSF94;
Hoc+01]. Furthermore, it has been observed that traditional RNNs struggle with
modeling long term dependencies. In order to overcome this problem modern recur-
rent architectures rely on so-called memory cells.

One of the most successful memory cells is the Long Short-Term Memory (LSTM)
that was first proposed in [HS97]. While the standard RNN relies on repeating mod-
ules built upon a single network layer with non-linear activation, the LSTM depends
on four distinct network layers interacting in a specific way [Zha+23]. Figure 8, left,
depicts the structure of an LSTM cell with an internal cell state C;. Considering the
LSTM as an unfolded feedforward network, the LSTM cell takes the previous cell
state C;_1 as an input and outputs an updated cell state C;. Updating the cell state
is realized by so-called gates. The gate functions are realized by trainable neural
network layers and will be explained from left to right with respect to Figure 8.

First, the forget gate determines which information shall be removed from the cell
state. Therefore, a fully-connected network with weights W ¢, biases by and sigmoid
activation predicts a vector f; that is multiplied by the previous cell state C;_;.
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Given that the output of the sigmoid activation is in the range of [0, 1] this can be
seen as either keeping or removing components from the cell state vector:

fr = o(Wylhi1,x] + by). (16)

Next, the new cell state C; is computed by adding an update vector. The computa-
tion of the update is split into the computation of a set of the vector C; and into the
computation of the input gate i;. Structurally, the input gate is analog to the forget
gate and computes the vector i;. The so-called candidate values described by C;
constitute the potential updates to the cell state. Combining the candidate values
and the input gate defines which values of the old cell state are updated. Finally,
the new cell state C,; is given by

iy = o(Wilhi_1,x¢] + b;), (17)
C; = tanh(W¢[h;—1, %] + be), (18)
Ct :ftGthl"i_it@éta (19)

with @ denoting the element-wise multiplication. The hidden state h; corresponds to
the output of the cell as seen by other layers. Therefore, the output gate generates a
filtered version of the cell state. Following the same concept as the input and forget
gate, the output vector o; is computed. Before filtering the cell state, the tanh
function is applied. The final output or, more specifically, the forwarded hidden
state h; is then derived by element-wise multiplication:

O — O'(Wo[ht_l, Xt] + bo) (20)
C,=00 tanh(Ct). (21)

Many variants of the LSTM, which change the interactions between the different
gates, have been proposed in the literature. In [GS00], so-called peephole connections
are introduced, that provide the cell state C;_1 or C; to each of the gates. Other
variants couple the forget and input gates of the cell.

In this work, another variation is used for a sequential text recognition model,
which is the Gated Recurrent Unit (GRU) proposed in [Cho+14]. Its structure is
shown in Figure 8, right. The GRU summarizes hidden and internal cell states into
a single hidden state vector h; [Zha+23]. Similar to the LSTM, gates are used
to control the information flow. Here, only two gates, the reset and update gate,
are applied. The reset gate r; decide which elements of the previous hidden state
are persevered. After the computation of a set of candidate hidden state values hy
the update gate z; combines the old state and the candidates. Mathematically, the
computation can be summarized as:

z; = o(W_[hy_1,x¢]), (22
ry =o(W,lhi_1,%x¢]), (23
h; = tanh(W[r; © hy_1,x,]), (24
hy = (1-2)®he +2 6h,. (25

~— ~— ~— ~—

While most variants of the LSTM show similar performances [Gre+17], the GRU be-
came popular as the simplified structure speeds up computation without a significant
loss in performance [Chu-+14].
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Figure 9: A bidirectional RNN, which is based on two recurrent network layers.

The standard RNN only considers the past of the sequence. Nonetheless, for many
prediction tasks the future input vectors are available and it is beneficial to also con-
sider them as context information. A simple extension of the standard unidirectional
RNN is to chain two RNN layers to create a bidirectional RNN [SP97] as depicted
in Figure 9. One layer processes the input sequence in regular order as described
earlier. The second layer considers the respective last input of the sequence x7 as the
first input to the recurrent layer [Zha+23]. Essentially, the layers traverse the input
vector sequence in opposite directions. The respective output vectors are derived
from concatenating the outputs of the individual RNN layers.

2.2.3 Attention

The recurrent architectures introduced in Section 2.2.2 commonly predict one output
token per input feature vector. Nonetheless, many prediction tasks aim at mapping
one sequence to another sequence of different length. A common solution for this
type of problem is the application of so-called endcoder-decoder networks. Here, the
general idea is to use an encoder to predict a context vector ¢ for a given input
sequence Xg, X1, . . . , X7. The context vector c is then provided to the decoder which
predicts outputs yo,¥y1,...,yr until the prediction of a designated end-of-signal
token.

One of the first realizations of this principle was proposed in [Cho-+14] as visualized
in Figure 10, left. In this case, the encoder as well as the decoder are implemented by
RNNs. The encoder processes the input sequence xg, X1, ..., X7 and the final hidden
state of the encoder h.r constitutes the context vector ¢. The context vector is then
provided to the decoder at each time step. In [SVL14], Sutskever et al. used a similar
approach but only provided the context at the initial decoding step, see Figure 10,
middle. Therefore, the context vector is only used for initializing the decoder. All
context information is then required to be carried on to the later decoding steps by
the decoder’s hidden state vector hy.

For both approaches, [Cho+14] and [SVL14], saving all context information in a
single vector of fixed sized is considered a severe bottleneck. Especially for longer
input sequences, this approach is known to struggle with modeling long-term depen-
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Figure 10: Principles of context vector computation in encoder-decoder architectures for
sequence-to-sequence prediction.

dencies. This problem can be overcome by using the so-called attention mechanism
as introduced by Bahndanau et al. [BCB15]. Instead of using a single context vector
c, a designated context vector c; for each decoder step ¢ is computed. This is done by
weighting and aggregating the hidden states of the encoder for every decoder step:

Cc; = Z aijhej- (26)

j=0

Here, a(q,k;) defines a scalar attention weight a € R. Therefore, attention imple-
ments an efficient mechanism that allows a network to focus on relevant parts of its
input data as shown in Figure 10, right.

The attention weights «a; are usually considered a function of the preceding decoder
state at step ¢ — 1 and the input sequence xg, X1, ..., X7. Furthermore, the attention
weights are desired to fulfill certain requirements. The weights should be non negative
and sum up to one. This can be ensured by applying a softmax to the function. Let
e;,j be a weighting function with respect to weight j and decoder step ¢. The attention
weight «;; is then computed as:

exp(e;j)

>k exp(eir) ' 27)

Oéij =
Thereby, any function e can be used as a weighting function. Practically, e is com-
monly implemented by a neural network layer.
The described mechanism is differentiable and its gradient is not prone to vanish-
ing. Therefore, attention mechanisms are easy to add to existing network architec-
tures.

2.2.4  Architectures

Neural networks establish a mathematical framework that allows for the design of
highly complex models based on a collection of layers. Given the well-established
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building blocks introduced in the previous chapters, designing a network for a prob-
lem poses a tremendous optimization problem. The influences of different structural
choices, such as an increase in depth or the use of a pooling layer or attention mech-
anism, are not well understood and their effectiveness is usually proven empirically.
This results in a severe problem for neural architecture search [EMH19; Ren+22].
While optimization methods are suitable to tackle the general architecture search
problem, a main challenge is that evaluating a given architecture requires training a
potentially very large network and evaluating it on a test dataset. In many scenarios,
the approach of optimizing the network architecture for the designated problem at
hand is infeasible. Instead, the common practice is to adapt established architectures
that have been proven successful in related problems. For many years, the ImageNet
challenge has been a driving force in this regard for the computer vision community
[Rus+15b]. The challenge defines an image classification task and a corresponding
image dataset. This has fostered the development of methods and also allowed for a
direct comparison of different approaches and architectures. Many architectures in
computer vision are at least inspired by networks that have been successful in the
classification challenge. Often, parts of common networks are used and the weights
derived from training on the ImageNet dataset serve as an initialization [Stu+19].

One of the first popular network architectures actually predates the ImageNet
challenge. The LeNet was proposed as a classification model for the handwritten
digit benchmark MNIST in [LeC+98]. The network is built upon three convolu-
tional layers of size 5 X 5, two average pooling layers and two fully-connected layers.
All layers are followed by tanh activations except the softmax activated output layer.
As the LeNet significantly outperformed all other classification models based on the
respective benchmark, the work of LeCun et al. showed the effectiveness of convo-
lutions in neural network for computer vision tasks. The overall network contained
about 60,000 parameters which is smaller by magnitudes than recent architectures.
Nonetheless, the LeNet architecture is still popular for comparisons and proofs of
concepts in research.

The first neural network to win the ImagNet challenge was proposed in 2012
[KSH12]. The AlexNet, also known as Super Vision, outperformed the other com-
peting methods by such a margin that it significantly contributed to making CNNs
and deep learning the dominant approach in computer vision. Compared to the
LeNet, the AlexNet follows a similar design strategy but scales the number of lay-
ers and, thereby, parameters. It employs five convolutional, three pooling and three
fully-connected layers. The original network was comprised of two separate CNNs
that were interconnected at different points. This concept of two parallel branches
that later fuse their representations is called a two-stream network [FPZ16]. Using
two streams was mainly motivated by computational requirements and was later
often omitted. The large success of the AlexNet can be mainly explained by its
large number of parameters (60 million), combined with the availability of a large
annotated dataset.

The availability of large datasets and the increase in computational resources
motivated the exploration of deeper network architectures. Scaling CNNs in size and
especially in the number of layers resulted in a steady improvement in performance.
The networks in this thesis, as well as many others, rely on the famous VGG networks
as introduced in [SZ15]. Therein, the VGG-16 and the VGG-19 were proposed,
which have 16 and 19 layers, respectively. The VGG nets organize their convolutional
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layers in blocks that are seperated by pooling layers. Earlier networks like the LeNet
or Alexnet used large filter masks in the beginning of the network. The increased
receptive field was supposedly beneficial to performances [ZF14]. The VGG networks
did not follow this design principle and the authors argued that stacking multile 3 x 3
kernels serve the same purpose. By using convolutions with a kernel size of 3 x 3, a
stride of one, and zero padding throughout the entire network, the size of the feature
maps only changes at the respective pooling layers, (see Equation 13). This design
principle can also be found in later networks.

In [SGS15] and [He+16], it was shown that simply increasing the number of layers
beyond the size of a VGG-19 network leads to saturation and later to a decrease
in performance. It is argued that this is not an effect of overftting due to the high
number of parameters. In order to overcome this limitation, He et al. proposed
the concept of residual learning [He+16]. One or multiple layers of a traditional
feedforward network can be summarized by a function H that constitutes a non-
linear mapping of the input data x. In this case, the network layers are considered
to be an approximation of a target function F(x). In the case of residual learning, the
goal is to not to approximate the goal function F'(x) directly, but to approximate the
residual function F(x) — x. With x; being the output of layer £, we can summarize
this principle by

Xy = H(ngl) +Xp_1 = F(ngl), (28)

with
H(xp1) =~ F(xp_1) — X1 (29)

On an architectural level, residual learning can be easily implemented by adding
identity connections to a network that simply bypass one or more layers. In [He+16]
several architectures were presented with high layer counts ranging up to 152 layers.
The additional skip connections that were introduced by so-called residual blocks
were a main reason why networks with such high layer counts could be trained effi-
ciently. The different ResNet variants outperformed the state of the art and became
one of the most popular architectures in computer vision. It is argued that the skip
connections result in a better preconditioning of the network as they facilitates the
learning of identity mappings at different layers. Skip connections have become a
very common design principle and have also been used in other CNN architectures
[SGS15; Hua+17].

In sum, a wide variety of different convolutional architectures exist. For many ap-
plications, relying on a proven convolutional backbone architecture such as a VGG or
ResNet variant has been a successful strategy. Commonly, the CNN realizes the fea-
ture extraction part of the traditional computer vision pipeline and is then followed
by more task-specific mechanisms and layers.

2.3 TRAINING

As described in the previous sections, a diverse set of layers, mechanisms and ar-
chitectures exist to build neural networks for varying applications. After defining
the architecture and the respective configuration of a network, the resulting model
can, essentially, be considered a large function approximator with potentially bil-
lions of weights 6. The process of finding an optimal set of weights for a given
problem is called training. The most common principle is to learn an optimal set of
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weights from annotated exemplary data. Therefore, an annotated training dataset
D = {(x9,5),...,(x™),yx)} with datapoints x(?) and class labels y; needs to
be created manually. Given the labeled data, optimization with Gradient Descent
can be used to optimize the set of weights with respect to a predefined goal func-
tion. This principle is known as supervised learning. A major drawback of supervised
learning is the creation of the representative, labeled training dataset D. To alleviate
the training data problem, various principles exist to include different data sources
into the training procedure.

2.3.1 Gradient Descent

The main idea behind gradient-based optimization is to use the gradient of a function
and follow its direction up to an optimum. This is performed by iteratively taking
steps in the direction of the steepest descent, which is known to converge to a
local minimum [Cur44]. Let £ be a differientiable function, with respect to a set
of parameter 6. The general idea of gradient descent can be summarized by the so
called update rule that describes the iterative weight updates with respect to the
gradient of a function:

(97;+1 — 91 -n- V@E (30)

In this case, n € R is a hyperparameter that defines the size of the steps taken in the
direction of the gradient. Commonly, n is a small positive number. Using gradient
descent to find optimal weights for a neural network poses two main problems. First,
the so-called loss function L needs to be defined in a way that it measures the
quality of how well the network solves the desired task. Furthermore, the gradient
with respect to each weight is needed, which requires a special algorithm for neural
networks with a high number of weights, several layers and potentially recurrent
components.

Loss Function

The goal of gradient descent is to adjust the weights of a neural network in order to
minimize a goal function [GBC16, p. 79]. A classic application of neural networks is,
for example, the approximation of a classification function. In this case, the output
layer usually has the same number of neurons as possible classes. The activation
of a neuron can then be considered an estimate for the probability of data point
x belonging to class y, with § = p(y[x,6). Let D = {(x(),y0),...,(x™N yx)}
be an annotated training set with N samples. A common way to represent class
information is to use one-hot encoded vectors y, which are equal to one at the
position that correspond to the respective class and zero everywhere else. In order
to train a network with gradient descent, a loss function is required that quantifies
the difference between the network prediction § and the label represented as a one-
hot encoded vector y. Such a loss function is, for example, given by the L2-loss,
which is based on the L2-norm between network output and annotation:

1 .
L£(6,D) = = > Iy —vl3. (31)
’ ‘ (x,y)eD

The L2-loss measures the divergence between network output and label and can
be used as a goal function for optimizing classification or regression networks. In
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classification, the Cross-FEntropy-Loss became more popular as it directly models
the symbolic characteristics of distinct classes. Essentially, the pseudo-probability
of a class predicted by the network neuron is compared to whether this neuron is
supposed to be active (y; = 1) or not (y; = 0). Let M be the number of classes while
Y is an indicator of whether the desired output of the network is one or zero. The
Cross-Entropy-Loss over the training set D is then defined as:

Z Zyc lOg yc (32)

£(6,D) =
| ’(7yED61

In the aforementioned formulations, the overall loss is calculated over the entire
training dataset D. This means the network predictions need to be calculated for
all samples in the training set before a weight update takes place. The computation
of the gradient with respect to all available samples poses several practical issues,
especially as training datasets tend to be very large. Alternatively, weight updates
could be performed after each individual sample. As the algorithm draws samples
randomly from the training set, this method is known as stochastic gradient descent
[GBC16, p. 286]. Due to the consideration of only one single sample at a time,
the respective gradient tends to be noisy which results in a high variance of the
optimization procedure. In order to compromise between computation speed and
optimization behavior, batch stochastic gradient descent is the most commonly used
training approach for neural networks. In this case,the gradient is computed over
a small number of samples, which is called a batch. The classical gradient descent
method is often extended by an added momentum or an adapted learning rate for
specific weights. Prominent methods to this end are AdaGrad [DHS11], RMSProp
[TH12] or ADAM [KB15].

Error Back Propagation

After defining a loss function for optimizing a neural network with gradient descent,
the question remains how to compute the gradients with respect to the networks
weights. Efficiently computing the respective gradients and training a network is still
possible using an algorithm known as Error Back Propagation that was proposed in
[RHWS8G]. In order to understand the basic principle behind the back propagation
algorithm, consider a fully-connected multilayer perceptron. Each layer [ contains a
number of neurons with weights w](Q connecting neuron j of the previous layer and

O

neuron k of layer [. The bias of each neuron is given by b;”. The main goal of back
9L and 2

propagation is to compute the partial derivatives

Essentially, back propagation includes three main sjtkeps. First, the considered sam-
ple is propagated through the network and the respective output is computed. This
step is also known as the forward pass. Next, the output error is computed by a
previously defined loss function £. The main idea of back propagation is then to
define the error of a specific neuron and link it to the errors of the succeeding layer.
This way the error given by the loss function can be propagated through the entire
network starting from the output layer. By linking the local error of a neuron to its
gradient, the required partial derivatives of the loss function with respect to each
weight can be computed.
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The entire algorithm evolves around four main equations [Niel5]. Let 5;- define
the local error of neuron j in layer [. The first equation describes the error in the
output layer L with z» being the input of the activation functions of the output
layer and VL being the gradient of the loss function with respect to the outputs
after computing the respective activation function:

L =vVl.Lo ¢ (2h). (33)

After computing the local errors 5]L of the output layer, the next step of the back-
propagation algorithm defines the computation of the local errors based on the local
errors of the succeeding layer:

o' = ()T ) o ¢/ (). (34)

Therefore, the local errors of layer [ are directly linked to the local errors of layer
{4+ 1. The computation can be interpreted as moving the error backwards through
the network by multiplying the local errors of layer [ + 1 with the transposed weight
matrix (w!™!)T. The Hadamard product with the derivation of the activation func-
tion ¢/ (y') can then be considered as the inversion of the application of the activation
function. By computing the errors layer by layer, the local error of each neuron in
the network can be derived.

Finally, it is straight forward to define the partial derivatives based on the local
errors which allows the weights to be updated accordingly:

oL
J
oL _
8wjk

Usually, the gradients are averaged over multiple samples, which smooths the op-
timization behavior. This is feasible if the overall loss is derived from the simple
summation of the loss of multiple samples, which then directly translates to the
gradient computation.

The concept of backpropagation can be easily generalized for more complex layers
such as convolutional layers. In the case of recurrent components such as LSTMs or
GRUs, an extended algorithm called Backpropagation Through Time can be applied
[Moz89; RF87]. Conceptually, the algorithm then considers an unfolded representa-
tion of the RNN as depicted in Figure 7 and follows the standard backpropagation
approach. As the same parameter then occurs multiple times in the unfolded network,
the respective gradient is accumulated. This constitutes a form of weight tying.

2.3.2 Levels of Supervision

The traditional approach to derive a learning-based model relies on sample data.
After selecting and defining the classifier structure, a dataset needs to be gathered
that is of sufficient size and representative of the problem at hand. The dataset is
then manually annotated and commonly split into a training, validation and test
set. The training set is used to optimize the classifier’s weights, for example, by
using gradient descent. Hyperparameter choices can be evaluated on the validation
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set, while the test set serves as the final evaluation of the method on supposedly
unseen data. This entire process is called supervised learning as the learning process
is steered by the manually created annotations [GBC16, p. 102].

On the other hand, unsupervised learning can be used to derive meaningful repre-
sentations from data [Mur22, p. 14]. This category of learning algorithms includes,
for example, clustering approaches that group data points. As this process does not
rely on any manually created annotations, usually no semantic meaningful labels
can be derived.

Another paradigm that is closely linked to unsupervised learning is the idea of
self-supervised learning [Mur22, p. 630]. Similar to unsupervised learning no man-
ually created annotations are required. Algorithms commonly rely on proxy tasks
or augmentation strategies to create artificial labels as training targets. Training
against these artificial targets by using, for example, contrastive approaches allow
for learning powerful representations from large amounts of unlabeled data [Jai+20].
Nowadays, self-supervised learning has become a common strategy to pretrain neural
networks.

The creation of manual annotations is usually a cumbersome and costly process.
Therefore, several learning paradigms try to reduce the labeling effort. Weakly-
supervised learning reduces the degree of detail in the requested annotation. An
example for this paradigm is trying to train an image segmentation network solely
based on image level object labels.

A very popular branch of machine learning aims at combining learning from la-
beled and unlabeled data. This is known as semi-supervised learning [CSZ06]. Usu-
ally it is assumed that a large unlabeled dataset and a small number of annotations
are available. The underlying self-training method in this work is a common tech-
nique in semi-supervised learning. In this case, a model is trained on the labeled
portion of the available data and is then improved by training on pseudo-labels that
are generated for the unlabeled data. For a detailed introduction to self-training see
Chapter 4.

While all aforementioned learning paradigms assume that the collected data is
representative of the considered problem, the idea of transfer learning does not
make this assumption. Here, the model is trained on data for one task in order to
boost performance with respect to a related task.
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After establishing the fundamentals of deep learning methodology for computer vi-
sion and pattern recognition tasks in Chapter 2, this chapter will present an overview
of their applications in the field of document analysis. In this regard, a clear focus lies
on offline handwriting recognition as well as word spotting, as these tasks represent
the applications of interest with respect to this thesis.

Document analysis has a long-standing tradition in the pattern recognition com-
munity and has been an active field of research. Documents in general pose a num-
ber of challenges with respect to retrieval and recognition systems. Their complexity
emerges from the fact that various factors influence the appearance of a document
image. Furthermore, the purpose of a document is usually to carry information in
an efficient and compressed way, making them a quite information rich domain.

In order to extract information from a document, several problems have to be
solved. Traditionally, this can be broken down into a series of processing steps. Lay-
out analysis tries to identify image regions, such as text areas, and allows them to be
split into meaningful entities. Considering a classical text recognition pipeline, sys-
tems often first try to segment the written text into text lines or individual words.
This can be considered a special case of layout analysis, producing distinct image
regions that can then be processed by a recognition or retrieval system. The seg-
mentation problem illustrates well the complexity of the domain. Whereas from a
human perspective breaking down a text line into individual words while reading is
easily performed due to the exploitation of context and language information, for an
automatic system this is a demanding task. This can be summarized with Sayre’s
paradox [Say73]. Producing a word segmentation is usually infeasible without con-
text information that requires a recognition step. Conversely, recognition tradition-
ally requires a segmentation step. Overcoming this dilemma in combination with
the huge variability of complex layouts is usually the first step in a document image
analysis pipeline.

In this work, the focus lies on the recognition and retrieval part of the processing
pipeline. Given a solution to the word segmentation problem, recognition and re-
trieval can be considered special forms of information extraction. While for printed
text the recognition problem is largely considered to be solved, handwriting recog-
nition is still an open problem. Due to the large variability across and inside of
writing styles, error rates are still not satisfactory, especially in the absence of repre-
sentative training data. Section 3.1 presents an overview of the field of handwriting
recognition.

In parallel to solving the recognition problem, retrieval has received some strong
interest from the research community. Retrieving a query word from a document
collection is commonly known as word spotting. In contrast to recognition, the user
is not presented with a fixed, potentially wrong result but a ranked list of similar
image regions. This arguably simplifies the problem which allows for robust and
interpretable results for challenging datasets where recognition fails. Section 3.2
introduces the essential taxonomy and established techniques for word spotting.
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3.1 HANDWRITING RECOGNITION

The field of Handwritten Text Recognition (HTR) has seen an evolution of method-
ology similar to the general field of pattern recognition. As discussed in Section 3.1.1,
early methods relied on designed feature representations usually combined with Hid-
den Markov Models (HMMs). While HMMs still include structural modeling, the
uptick in deep neural networks has led to the use of more data driven approaches,
which only account for the sequential nature of the domain. Section 3.1.2 reviews
one of the most influential works for text recognition, as Connectionist Temporal
Classification (CTC) proposes the use of a designated loss function allowing for the
efficient training recurrent neural networks. Inspired by works from machine trans-
lation, several works explore the direct mapping from one sequence to another using
recurrent neural networks which include an attention mechanism. These so-called
sequence-to-sequence models (see Section 3.1.3) offer a competitive alternative to
CTC and build the basis for the recognition model used in this thesis. Finally, Sec-
tion 3.1.4 discusses some recent trends in the field of text recognition, with models
successfully using transformer architectures and eliminating the need for explicit
text line segmentation.

3.1.1 Early Methods

Model Decoding

Serialization
% Text Line Pre- and Writing
= . . . Language
5 | Detection Extraction processing Feature- model del
extraction (HMM) fnode

>

Figure 11: Structure of a classical handwriting recognition system based on HMMs. The im-
age is traditionally transformed into a sequence of feature vectors extracted from
preprocessed textlines. Decoding is then performed by the explicit combination
of a writing and language model.

In order to solve the problem of HTR, methods need to model a function which
maps a text image to a sequence of characters. Motivated by their successful applica-
tion in the domain of speech recognition [You96], HMMs were among the first models
to solve the recognition problem from a statistical perspective [PF09]. One of the
appealing benefits of HMMs is that they are capable of jointly solving the segmenta-
tion and recognition problem. Generally, HMMs operate on input sequences which
made them a natural choice for speech recognition where the input signal is inher-
ently a sequence. Applying the same methodology to HTR requires the serialization
of the input image.

Figure 11 summarizes the traditional processing pipeline that was state-of-the art
before neural networks became the model of choice. First, the text area is detected
and segmented into individual text lines [LZT07]. Following the established pattern
recognition approach, preprocessing is performed to remove unwanted variance from
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the data. In the context of HTR with HMMSs, preprocessing typically considers
the normalization of the baseline orientation, the slant angle and the size of the
handwriting. Additionally, some systems perform a binarization step.

In order to apply an HMM based system, the input image needs to be transformed
into a sequence. Therefore, a serialization step is performed. The most popular ap-
proach relies on a sliding-window, where at each window position a feature vector is
extracted from the local image region [Kal+93; Sch+96]. For feature extraction, a
vast amount of different approaches have been investigated covering both analytic
as well as heuristic feature extraction [PF09]. Features either based on the statistics
of pixel intensities or geometrical properties have been proven to be effective for an
HMM based recognizer. After serialization, the input image is transformed into a
sequence of feature vectors allowing modeling and prediction with HMMs.

Decoding the feature vector sequence X to a sequence of symbols w makes use
of two distinct models. On one hand an HMM constitutes the writing model that
describes the realization P(X |w) in terms of the observed feature vector sequence
given, for example, a sequence of characters. Additionally, languages are defined by
distinctive rules introducing a number of constraints on possible symbol sequences.
This is commonly modeled by a languange model describing the probability P(w).

The application of HMMs poses three essential problems [Rab89]. Given a model
A and a sequence of observed feature vectors X, the evaluation problem refers to
computing the probability P(X]|A), which is the probability that the model has
generated the given sequence of feature vectors. An HMM consists of a set of hid-
den states S that generate state-specific outputs following the output probability
distributions p(x|s; = j). Finding the state sequence si,...sp that explains the
observation sequence X is commonly known as the decoding problem. Formally, an
HMM is defined as A = (7, A, B) with 7 and A being the start and state transition
probabilities, respectively, and B being the state-specific output probability distri-
butions. Given the model A and a set of annotated samples, the training problem is
posed by finding a set of parameters that maximizes the probability of observing the
training data. Over the years, algorithms such as the Viterbi-Algorithm [Vit67] for
decoding or Baum-Welch-Algorithm [BP66] for training have established themselves
and allowed for efficient solutions to the previously described problems [Finl4].

Performing recognition with HMMs boils down to finding the symbol sequence
@ that maximizes the posterior probability of P(w|X), given the observed feature
vector sequence. Using Bayes’ rule, this can be reformulated as follows

n B P(w)P(X|w)
= argmax p(w] X) = argmax ——5 7= (37)

= argmax P(w)P(X|w).
w

Rewriting the posterior probability again illustrates the role of the writing P (X |w)
and the language model P(w).

The recognition problem is commonly solved by modeling each character as a sin-
gle HMM. Therefore, the recognition problem can be solved by infering the sequence
of hidden states s* with maximal production probability P(X, s|\) given the model
Al

s* = argmax P(X, s|\). (38)
S
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Solving the optimization problem, for example with Viterbi decoding, yields a se-
quence of states usually associated with characters or blank symbols for a given
sequence of feature vectors. This has the benefit of jointly providing a solution to
both the recognition as well as segmentation problem.

With the availability of a mature methodology, HMMs rapidly became the state-
of-the-art in HTR and several systems emerged in the early 2000s [Nat+01; MBO01;
WEFS03]. All of these systems follow the previously described general recognition
process with HMMSs and only differ in the choice of features, model architecture,
topologies and ouput modeling. Severe disadvantages of the classic HMM-based
recognition process are the handcrafted feature representation and that, by applying
Baum-Welch training, the model is optimized in a non-discriminative way [SR06].

Therefore, parameters of an HMM are only optimized with respect to the corre-
sponding class and are trained independently. Several works aim at overcoming these
limitation by combining HMMs with neural networks. The literature distinguishes
hybrid [BM94] and tandem combinations [HES00]. For hybrid HMMs, the goal is
to replace the output model with a neural network. This is achieved by training a
neural network to model the posterior state probability p(s|X ). The observation
probability p(X|s) is then approximated by

p(x) ~ 2EX), (39)

p(s)
with p(s) being the prior state probability [BM94].

Tandem approaches also estimate the posterior probability p(s|X) using a neural
network and use the outputs as features for the standard HMM procedure. This is
usually combined with a Principal Component Analysis (PCA) on the logarithmized
outputs [SHO2].

Before HMM-based systems were largely replaced by models exclusively relying on
neural networks, they dominated the field of HTR. High performances were achieved
by pure HMM-based systems that relied on Bernoulli distributions for modeling emis-
sion probabilities [Gim+14]. Nonetheless, a clear trend towards combined systems
and especially tandem systems could be observed [Boq-+11; BNK; KDN13].

3.1.2  Connectionist Temporal Classification

Due to their success in a wide range of computer vision tasks, neural networks
became the natural competitor to HMM based systems. One of the first works,
proposing Convolutional Neural Networks (CNNs) for an image recognition task was
conducted by LeCun et al. [LeC+98]. The task at hand was handwritten digit classi-
fication that was benchmarked with the MNIST dataset, essentially constituting an
HTR problem. The success of the method and the large performance gains, heavily
influenced neural network research not just for HTR but for recognition problems in
general. In this case the HTR task is a simple classification task mapping an image
to one out of ten classes. Generalizing this, for example, to word recognition, yields
two fundamental problems. A previous word segmentation is required to follow the
holistic approach and, due to the large size of vocabularies, an infeasible large num-
ber of classes needs to be considered. Several works tried to circumvent the problem
of too many output classes, by following nearest neighbour approaches. This idea
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Figure 12: Computation of the CTC-loss for a given input image. A CRNN generates pre-
dictions for a sequence of feature vectors t;. The CTC-loss describes the pseudo-
probability of a correct prediction. In the given example, two exemplary paths
that result in the final correct prediction of the word “good” are visualized.
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predates the application of neural networks and conceptionally tries to map strings
and images into a common embedding space [Alm+14]. Mapping images and strings
into a common embedding space allows to compute a similarity measure based on
common vector distances. Given a lexicon, recognition is then performed by a near-
est neighbour search between the predicted embedding for a word image and the
embeddings derived from a lexicon. While [Alm+14] learns the mapping from word
image to embedding with Support Vector Machines (SVMs), they were later replaced
with more effective CNNs [KDJ16; PW16]. With the limitation of requiring a word
segmentation and a predefined lexicon, nearest neighbour approaches achieve low
error rates and are relevant up to today [KDJ23].

Compared to HMMs these holistic approaches do not model any sequential depen-
dencies. Therefore, neural networks only started to actually replace HMM systems
with the introduction of recurrent components such as Long Short-Term Memorys
(LSTMs) [HS97] or Gated Recurrent Units (GRUs) [Cho+14]. HMM based recog-
nizer consider a first-order Markov chain, which limits the influence of sequential
dependencies. Recurrent Neural Networks (RNNs) do have a higher modeling capac-
ity with regard to long term dependencies. The problem that at first hindered using
RNNs for HTR was that, for training the network, individual labels for each time
step were required. This results in training a series of independent classifications and
also introduces the need for a segmentation on character level of the training data.

In [Gra+06], the concept of CTC was introduced overcoming this limitation and
effectively enabling RNNs to replace HMMs for HTR. CTC offers solutions to two
main problems. First, a differentiable loss function is defined that allows to train
a network with a single label per image. Second, it provides a solution to the de-
coding problem giving an effective way of predicting a sequence of characters for an
input image. CTC is commonly used with neural networks combining convolutional
and recurrent layers. The convolutional part of the network operates as a feature
extractor producing a set of feature maps for the given input image. By considering
the resulting feature maps as a sequence of feature vectors, recurrent components
allow for sequential modeling. Finally, the output layers predict a pseudo-probability
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distribution over the set of characters given the feature vector at each time step. In
order to avoid a predefined alignment between character and feature vector sequence,
CTC introduces an additional symbol. This blank symbol (-), not to be mistaken
with a white space, allows the network to predict no symbol for a given time step.

See Figure 12, for an exemplary input image with only three possible character
outputs and the added blank symbol. At each time step the network predicts pseudo-
probabilities for each character given the feature vector. Usually, the feature vector
sequence is longer than the number of characters, resulting in a high number of
duplicate predictions. Decoding is then performed by finding the path with the
highest overvall probability, computed from the product of pseudo-probabilities at
each time step. A simple approximation is possible, for example, by using best path
decoding, where at each time step the character with highest pseudo-probability is
considered (see orange path in Figure 12). The final prediction sequence is obtained
by first removing all repeating characters, followed by removing the blank symbols.
By introducing the blank symbol, the prediction of repeating characters is feasible.

For training a network with the standard optimization approaches such as gradi-
ent descent, a differentiable objective function is required. Given an input sequence
X, CTC defines the objective as the maximization of the conditional probability
p(w|X'), which is the overall probability of the network predicting the correct char-
acter sequence w for a given training sample. Due to the potential prediction of
blank and repeating symbols, a high number paths exist that result in a correct
prediction sequence. The overall probability results from the sum over all paths re-
sulting in the correct prediction. Considering all potentially correct paths appears
computationally expensive, but can be solved efficiently by an adopted version of
the Forward-Backward algorithm known from HMMs [Rab89].

The target sequence is modified by adding a blank symbol to the beginning, the
end and in between each duplicate character. Computing the conditional probability
p(w|X) can be performed recursively with dynamic programming. The core idea is
that at each time step only those paths need to be considered that correspond to
a correct prefix of the final sequence. The goal of training is to maximize the log
probabilities for all training samples. As this function can be differentiated, it can
be used as a loss function to optimize the parameters of the convolutional RNN.

As shown in [Gra+09], significant performance gains for HTR result from the appli-
cation of CTC. The approach rapidly became the state-of-the art and outperformed
HMM based systems. Methods benefited from the developments in the general re-
search on neural networks and efficient architectures and proven techniques such
as dropout [Pha+14] or data augmentation [Wig+17] were rapidly adopted. Fur-
ther improvements were achieved by pretraining with synthetic data [Dut+18] and
multi-task learning [Che+17a).

[GS08] propose replacing the classic LSTM layers with multi-dimensional LSTMs.
In the two-dimensional case such as offline handwriting recognition, the multi-dimensional
recurrent component considers dependencies in either of the two spatial dimensions.
The technique established itself and was part of most systems reporting highest
performances in several handwriting recognition competitions [Ton+14; Bru-+14;
San+16]. Despite their successful application, it remains an open discussion whether
multi-dimensional LSTMs are actually required [Puil7; MM19], especially with re-
spect to their high computational demand.
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3.1.3  Sequence-to-Sequence
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Figure 13: Structure of an encoder-decoder model for handwriting recognition. The encoder
povides a sequence of feature vectors. The attention module provides a context
vector ¢; by attending to different feature vectors. Finally, the recurrent decoder
generates a sequence of character predictions ;.

Even though offline HTR operates on a single input image, most methods tra-
ditionally account for the sequential nature of how the data has been produced.
Transforming the input image to a sequence has been an established technique,
for example, using sliding window approaches in combination with HMMs (see Sec-
tion 3.1.1) or CNN based feature extraction with slicing for RNNs (see Section 3.1.2).
Considering a previous transformation to a sequence, the problem of HTR consists
of mapping the sequence of features to a sequence of characters. In most cases, the
two sequences are of different length.

Learning the mapping from one sequence to another is a reappearing problem for a
broad range of applications besides HTR. In machine translation, a sequence of words
needs to be mapped to a sequence of words in another language [BCB15; SVL14].
Image captioning can be considered to have a similar structure. By extracting a set
of feature vectors, generating a caption boils down to mapping the feature vectors
to a sequence of descriptive words [Xu+15]. Another field closely related to HTR is
speech recognition. Again, the speech signal is usually transformed into a sequence
of feature vectors resulting in the same structural problem of mapping one sequence
to another [Bah+16; Cho+15].

Due to the tremendous success of attention-based models in Natural Language
Processing (NLP) [Vas+17] and the structural similarities of the sequential problem,
all these fields have been successfully addressed with attention-based models [SVL14;
Xu+15; Bah+16]. Most of these so called Sequence-to-Sequence (seq2seq) approaches
rely on a general encoder-decoder architecture as depicted in Figure 13. In general, an
encoder transforms the input into a sequence of feature vectors X = {xg,...,zn}.
Depending on the problem, the decoder generates a sequence of predictions ) =
{v0,-..,yr}. As in most cases input and output sequence are of different size, a
direct mapping between feature vector and prediction is not feasible. Therefore, an
attention mechanism is introduced. At every decoder step t, a context vector ¢ is
computed. The context vector is derived from the weighted sum of feature vectors
X and attention weights a;. Weighting the feature vector sequence by attention at
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every time step and encoding that in the context vector allows the decoder to focus
on different feature vectors at every time step.

Inspired by other fields, seq2seq models were rapidly explored for scene text
[Shi+16; Che+17b] and handwriting recognition [BLM17; Sue+18]. In [BLM17], the
first attention based model for HTR was proposed. Based on a model relying on
multi-dimensional LSTMs, the authors introduce an attention mechanism. Instead
of collapsing the feature maps provided by the encoder, applying softmax activa-
tion and training based on the CTC loss, the model relies on a multi-dimensional
LSTM network to compute a set of attention weights. Finally, a decoder combining
an LSTM layer and a Multi Layer Perceptron (MLP) provide the final predictions.
The reported results proved that, in general, the seq2seq approach is applicable to
HTR. Nonetheless, the proposed system relied on an encoder pretrained with CTC
and only performed on par with the equivalent CTC model.

Sueiras et al. [Sue+18], proposed an architecture that became the de-facto stan-
dard seq2seq architecture for HTR. In contrast to [BLM17], the encoder does not
rely on multi-dimensional LSTMs, but is purely based on a CNN. The input image
is transformed to a sequence of patches by a sliding window approach and, for each
patch, a LeNet [LeC+98] inspired CNN extracts a feature vector. An additional
LSTM layer is applied to gather context information, before the resulting feature
vector sequence is decoded by a LSTM based decoder in combination with an atten-
tion mechanism as proposed in [Cho+15]. As shown in [CV 18], further improvements
can be achieved with techniques such as training with focal loss or decoding using
beam search.

While Sueiras et al. [Sue+18] explicitly transformed the image into a sequence of
patches, Kang et al. [Kan+18] proposed a different approach to sequentializing the
input data. A VGG [SZ15] based architecture is used to compute a set of feature
maps for a given input image. By slicing and concatenating, a sequence of feature
vectors is generated that correspond to respective image areas. Furthermore, the
authors experimented with content [BCB15] and location-based [Cho+15] attention.
Overall, Kang et al. were the first to report word level recognition results that are
competitive to CTC based models. In another work, the same author showed that
it is also feasible to integrate a language model in the decoding process [Kan+21].

Michael et al. provide an extensive study on different design choices for seq2seq
models for HTR in [Mic+19], especially with respect to various attention mecha-
nisms.

Summarizing, seq2seq approaches consitute a powerful class of models overcoming
some of the drawbacks inherent to CTC based methods. Therefore, the recognition
model considered in this thesis follows the previously described methodology. For a
detailed discusssion of a possible realization of a seq2seq model similar to [Kan+18],
see Section 4.2.1.

3.1.4 Discussion and Recent Developments

Reviewing the field of HTR shows a clear trend away from heuristic design and mod-
eling towards learning from exemplary data. As discussed in Section 3.1.1, HMMs
followed a mainly handcrafted pipeline from segmentation to decoding. Features were
designed based on knowledge of the visual characteristics of handwriting. Characters
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were explicitly modeled by individual HMMs and additional language models pro-
vided general language information. The introduction of CNNs with RNNs, however,
allowed for learning feature representations. On an architectural level, the recurrent
components explicitly model the sequential nature of handwriting and layers such
as bidirectional LSTMs or GRUs model context information for each prediction. By
adding attention mechanisms and relying on seq2seq models, the model is capable
of learning the context on which to focus. The stepwise removal of designed compo-
nents and their replacement with trainable neural network components resulted in a
steady increase in performance. Nonetheless, with less structural modeling more in-
formation hast to be learned from data, increasing the need for manually annotated
training data.

Looking at the most recent developments in HTR and computer vision in gen-
eral, the previously discussed trend seems to continue. Despite being the dominant
architecture in almost all areas of computer vision, transformer architectures are
gaining more popularity. The idea of a transformer architecture was first proposed
in [Vas+17] and originated from the field of NLP. The model itself is entirely based
on fully connected feed forward networks in combination with attention layers. In
general, the architecture follows a common encoder decoder structure. Due to the
removal of all recurrent components, the sequence of input features, as well as the
outputs, are enriched by a positional encoding that essentially provides information
on the position of an embedding in the sequence. Transformers were rapidly adapted
to all kinds of one-dimensional sequence problems such as language understanding
[Dev+19] or speech recognition [DXX18]. The success of transformer architectures
led to an increasing interest in generalizing the approach to vision problems. For ex-
ample, [SCX19] and [Lu+21] proposed scene text models which rely on a transformer
architecture. In order to adapt the approach, the two-dimensional image needs to be
transformed into a one-dimensional sequence. For both works, convolutional layers
are employed at the decoding stage for efficient feature extraction. [SCX19] proposes
a so-called Modality Transform Block that essentially is a CNN. The extracted fea-
tures are then combined with a positional encoding and later decoded following
the transformer approach of [Vas+17]. In [Lu+21], convolutional layers are directly
combined with attention mechanisms at the encoding stage.

The first use of a transformer architecture for HTR was proposed in [Kan-+22].
Similar to [SCX19], a CNN, in this case a ResNet50, serves as a feature extractor.
The extracted feature maps are then reshaped resulting in a sequence of feature
vectors, which is then combined with a standard positional encoding. Additionally,
the encoder includes several self-attention modules to further refine the extracted
representations. The decoder only relies on attention modules to make the entire
model recurrence-free.

Transformers have also been applied to other vision problems with [Dos+21] being
arguably the most influential in the area of image recognition. The proposal of the
Vision Transformer showed that a purely Transformer-based architecture is compet-
itive to CNNs. In order to apply a transformer architecture to image recognition,
the authors propose splitting the input image into patches of fixed size. Following
the exact same approach as [Vas+17], each patch is embedded in a feature vector
by an MLP and then combined with a one-dimensional positional encoding. It was
shown that the approach, despite its simplicity, is highly competitive and scalable.
Inspired by the Vision Transformer, [Li+23] proposed a text recognizer following
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the same ideas. A text line is split into patches followed by an embedding stage.
The experimental evaluation in [Li+23] showed that, even without the use of any
recurrent or convolutional components, highly competitive results can be achieved.

This increase in performance may be explained by removing the inductive bias
that is introduced by the use of convolutional layers. Nonetheless, this comes at
the cost of requiring a higher amount of training data as the model is not regular-
ized by these biases introduced in the model design. In order to effectively train
the transformer architecture in [Li+23], multiple stages of pretraining are required.
Therefore, the model relies heavily on synthetic data and transfer learning to achieve
high performances. Transformer architectures constitute a promising alternative to
the established models as they benefit from the architectural simplicity. As investi-
gated in [PP23], an application to low resource domains may be feasible with more
elaborate techniques to fine-tune large scale models.

Apart from architectural developments towards more general Transformer archi-
tectures with less inductive biases, a trend to a less explicit segmentation can be
observed. As of today, processing pipelines commonly rely on word- or line-level-
segmentations. Most state-of-the-art models consider the segmentation problem inde-
pendently and solve it with methods based on Fully Convolutional Networks (FCNs)
[Ren+18; OSK18; Grii+19]. Recently, several works aim at combining segmentation
and an explicit recognition. For example, [Car+19] and [Car+-20] use a Region Pro-
posal Network (RPN) to predict word bounding boxes which are then processed
by a recognition model. The authors propose optimizing the combined model in an
end-to-end fashion using multi-task learning. Instead of predicting bounding boxes
for document regions, the prediction of starting coordinates of lines is a viable alter-
native. This can be performed, for example, by multidimensional LSTMs [MM19],
or by a combination of a CNN and a bidirectional LSTM architecture [Wig+18;
TW19]. All of these methods have in common that the segmentation step is explic-
itly modeled as a task which is then optimized with exemplary data.

3.2 WORD SPOTTING

Word spotting describes the task of locating a query word in a large document collec-
tion. As discussed in Section 3.1, character and word recognition have a long-standing
tradition in computer vision but come with a severe drawback. When exploring a
new document collection, representative training data is usually not available and,
therefore, recognition performance is poor. A recognition system provides a full,
potentially wrong transcription of the document collection, which can lead to un-
satisfactory results when used for a pure syntactical word search. In this case, word
spotting offers a viable alternative. Instead of generating a full transcription, the
user searches for a designated word inside the collection. By providing the query
word, the problem is considerably simplified, thus increasing robustness. The word
spotting system then retrieves image regions that are similar to the given query. A
user can then evaluate the most similar regions with respect to the query. As the
provided result is a ranked list of potential occurrences, the final interpretation is
on the side of the user, which is often desired in the context of exploring historical
document collections.
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Figure 14: General architecture of a word spotting system. Models are usually distinguished
in terms of the query representation (example/string), independent segmentation
(segmentation-based /-free) and use of machine learning (learning-based/-free).

The idea of word spotting originated from the domain of speech recognition
[Roh+89] and was later adopted to document analysis problems [KKH93]. In an in-
fluential work [MHR96], Manmatha et al. established the concept of word spotting
for handwritten documents. Even though recognition systems have become increas-
ingly more powerful throughout the last decades, the problem of word spotting has
received significant attention from the document analysis community and is still an
active topic [KDJ23; RSN23]. For an extensive survey on traditional word spotting
methodology, see [Gio+17].

In this chapter, the fundamental concepts of word spotting will be established.
Traditionally, the classification of spotting systems follows the taxonomy presented
in Section 3.2.1. A main consideration when designing a word spotting system is
the availability of training data. In the following, the most relevant word spotting
methods will be reviewed. Therefore, established methods will be differentiated into
learning-free (Section 3.2.2) and learning-based (Section 3.2.3) approaches according
to the common taxonomy. According to the literature, the distinction commonly
coincides with the prerequisite of training data. As shown by the method in this the-
sis, learning does not inherently introduce the need for training data. In the closing
section of this chapter (Section 3.2.4), the shortcoming of the current taxonomy is
discussed and the use of the alternative term annotation-free will be supported.

3.2.1 Taxonomy
Due to significant interest within the document-analysis community, a plethora of

methods have been developed over the years. Although a diverse set of techniques
have been proposed, most methods follow common paradigms leading to quite an es-
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tablished taxonomy which distinguishes word spotting systems. The most significant
distinction between different approaches can be made based on the query representa-
tion, the requirement for an independent segmentation step and the use of machine
learning.

Figure 14 presents a conceptionalized visualization of the approach that most word
spotting systems follow. The goal is to locate a word in a given document collection.
Two main paradigms to represent the query word are predominantly used [Gio+17].
In case of query-by-ezample (QbE), the query is provided as an exemplary image. The
availability of an example image allows for a pure visual similarity comparison that
is especially beneficial for rather homogeneous document collections. Nonetheless, it
comes with a disadvantage for the user. In order to search for a given query word,
the user first has to find an example image of the word. In the application scenario,
searching for rare words is a common case which makes the provision of an exemplary
word image a demanding task. Additional to QbE, query-by-string (QbS) is the most
common symbolic query representation. Here, the query is represented as a string
which avoids the requirement of providing an example. However, using the symbolic
representation requires the introduction of a model that goes beyond a pure visual
comparison of image regions. Besides QbE and QbS, other query representation
where proposed for specific domains such as query-by-online for online handwriting
[SRE17] or specific scripts such as query-by-expression for cuneiform [Rus+20].

Early methods for word spotting started with a preprocessing step that segments
the documents into individual words [RMO7; KWD14; Alm+14]. The generation of
a ranked retrieval list then boils down to the computation of the visual similarity
of word images. Methods that require such a segmentation step, which is entirely
independent from the retrieval process, have been dubbed as segmentation-based,
but this does not necessarily correspond to a segmentation into word images. As
HMMs and RNNs have been used for word spotting, line segmentation is also a
popular preprocesing step [Fri+12; Fis+13; RV13]. Similar to HTR, considering
segmentation independently from the retrieval or recognition step may be infeasible
and may introduce errors at an early processing step. Therefore, methods that are
deemed as segmentation-free avoid this explicit segmentation at the preprocessing
stage. Several works try to jointly solve the segmentation and retrieval problem by
using word hypothesis [Rot+17; RWEF21] or detector networks [WLB17].

Given the query representation and a method to extract image regions, the final
step in a word spotting system is to compute their similarity. The main distinction
that is made in the literature is whether the system applies machine learning tech-
niques or not. Learning-free methods typically do not use a trained model thereby
avoiding the need for annotated training data. These systems usually rely on using
designed feature representations that allow for a similarity comparison based on
simple vector distances [Ret+19; VHE19]. See Section 3.2.2 for a detailed review on
learning-free approaches. Learning-based methods exploit the availability of labeled
data commonly leading to higher overall performances. Additionally, learning-free
systems do not offer the capability to perform QbS, as it requires mapping to a
symbolic character representation. Section 3.2.3 discusses the most important ap-
proaches for learning-based word spotting.

With respect to the literature, the method presented in this thesis illustrates the
shortcoming of the current taxonomy. The concept of learning-free and learning
based implies that annotated data is either required to train a model or not. As
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shown in Chapter 4 and Chapter 5 this is not necessarily the case. An alternative
terminology with respect to data requirements is discussed in Section 3.2.4.

3.2.2  Learning-free Methods

Learning-free methods offer the big advantage of not needing any annotated data to
tackle the task of word spotting which is desirable in the classical application scenario
of a word spotting system. This comes with the disadvantage that usually only QbE
is feasible, as without training a model only visual similarity can be compared.

The first approaches that were proposed to solve the problem of word spotting were
traditionally learning-free and segmentation-based. When assuming a given word
segmentation, the problem of word spotting boils down to computing a similarity
measure between two word images. Therefore, in an early work, [RMO07] proposes
the use of Dynamic Time Warping (DTW) that established itself as a common
similarity measure. In order to use DTW to compare two word images, a feature
representation is computed first. Common representations in this regard use column
based features such as the word profile [RMO7; Abi+12; Mon-+13] that lead to a
representation of variable length. DTW allows for the computation of a distance
between two time series of different lengths [SC78|. The resulting word profiles can be
considered to be two time series that may include a temporal shift due to the actual
realization of the given word. Simply computing the Euclidean distance between
both time series would include the temporal shift in the distance measure. Therefore,
DTW aims at matching time indices of the two series and therefore computes the
minimal distance over all possible temporal alignments. This can be implemented
efficiently via dynamic programming and has been applied to segmentation-based
word spotting in numerous works [Gio+17]. State-of-the art results for learning-free
and segmentation-based word spotting are still achieved by using a variant of DTW
for similarity comparison [Ret+19]. In this case, a zoning scheme is used that allows
the main zone of a word image that is then followed by different preprocessing steps
to be detected. The word image is split into overlapping patches for which a gradient
based feature representation is computed [Ret+16]. A final descriptor is then derived
from the coefficients of a Discrete Fourier Transform. The combination of zoning and
gradient-based features leads to a sequence of descriptors per word image that are
then matched using a variant of DTW that considers the spatial consistency between
zones.

While DTW offers the possibility of comparing representations of variable length,
many other works propose the use of of fixed-length vector representations [Gio+17].
This simplifies the similarity computation as vector distances such as the Euclidean
or Cosine distance can be applied directly. In general, most methods focus on design-
ing feature representations that capture the characteristics of handwriting. Similar
to the general field of computer vision, gradient-based features have shown promis-
ing performances and several features such as SIFT [Rus+11; Lla+12; Ald+15;
Rus+15a], HoG [KWD14; Alm+12; Alm+14] or LBP [KWD14] have been popu-
lar for word spotting.

Instead of directly designing a feature representation of fixed length for a word
image, extracting local image descriptors and pooling them in a fixed length rep-
resentation is a well-researched alternative [Ald+15; Rus+15a; Alm+12; Alm+14;
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SB12]. One example in this regard is the use of Bag-of-Features (BoF) [Csu+04] rep-
resentations that were first proposed in the context of object categorization. First,
local image descriptors are sampled over a dense grid. This step is performed over
the entire document collection capturing the distribution of local image features.
By clustering the set of features, typical realizations are represented by the cluster
centroids. These so-called visual words constitute a code book of typical features
that occur in the given document collection. In order to derive a fixed-length repre-
sentation for a given word image, the corresponding set of features is extracted and
then mapped to the closest visual word. This quantization step allows each word
image to be represented by a set of visual words. A global representation can then
easily be derived by summarizing the occurring visual words in a histogram with
a fixed length equal to the number of codebook entries. BoF representations have
been popular for segmentation-based [Ald+15; Rus+11; Lla+12] and segmentation-
free [Dov+13; Rus+15a] word spotting. While BoF is a powerful representation in
itself, a drawback of the approach lies in the fact that the spatial information of
the local descriptors is neglected. This is especially disadvantageous when applied
to word images as characters naturally reoccur and only their spatial distribution
differs from word to word. Adding spatial information to BoF representations is fea-
sible by using spatial pyramids [LSP06]. Therefore, an image is split into multiple
regions in a pyramidal fashion and BoF histograms are computed for each region
individually. A global descriptor is then derived by the concatenation of the individ-
ual BoF representations. Introducing Spatial Pyramid Matching (SPM) was proven
to also increase word spotting performances [Rus+15a].

An alternative to the concept of BoF, which was established to combine descriptors
for word spotting, is the use of Fisher Vectors (FVs) [JH98]. Instead of computing
a histogram over quantized descriptors, an FV relies on a Gaussian Mixture Model
(GMM) that is fitted to the data. The general idea is to first fit a GMM to the
local image descriptors extracted from all documents, thereby minimizing the log-
likelihood. The resulting GMM is defined by a fixed number of parameters. In order
to derive a global descriptor for a word image, the set of local descriptors is com-
puted. Then, the FV results from the gradient of the log-likelihood function given
the word image descriptor and the GMM. In other words, the FV describes how the
GMM parameters need to be adjusted to better fit the considered image. As the
number of parameters is independent from the number descriptors, a fixed length
representation is derived. [PR09] and [Alm+14] use this representation in combina-
tion with vector distances to perform QbE word spotting. F'Vs were also used as an
underlying representation for learning-based approaches as proposed in [Alm+14].
For a more detailed discussion, see Section 3.2.3.

Most methods for learning-free word spotting rely on statistics from gradient-
based local image descriptors. As these approaches do not consider the structural
properties of handwriting, several works propose the use of graph representations.
Handwriting can be considered to have an inherent graph structure that can be
reconstructed from an image by heuristic approaches [SFR16]. Mapping word images
to a corresponding graph allows for a similarity comparison in the graph domain.
Computing the similarity between two graphs is usually done by computing an
approximated edit distance. As neither the extraction of a graph structure nor the
computation of an edit distance requires labeled data, methods that follow this
approach are inherently learning-free [RLF15; SFR18a; SFR18b; Ame+19].
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In terms of segmentation, many of the aforementioned methods rely on an indepen-
dent word segmentation followed by feature extraction and similarity computation.
Nonetheless, several learning-free methods extend this pipeline to a segmentation-
free manner [Dov+13; KWD14; Alm+14; Rus+11]. The most common approach is
to use a sliding window to extract overlapping image regions which can then be com-
pared to a query based on the same feature extraction methods as in segmentation-
based approaches. Due to the high number of overlapping patches, the approach
is generally computationally demanding and requires a non-maximum suppression
step.

Considering query modalities, QbS is not usually targeted by learning-free meth-
ods due to the lack of a trained model that can predict symbolic representations.
Only few works try to solve the problem of QbS word spotting in a learning-free
manner. [BJGO8] propose the use of templates. By creating a query word image
from the string inputted by the user, the rest of the method can operate following
a QbE based approach. In [BLT09], QbS spotting is realized by a specific set of
features, so-called word shape codings, that can be directly extracted from strings
and images.

In summary, the area of learning-free word spotting has a long standing tradition
and a set of elaborate methods have evolved. Nonetheless, this family of word spot-
ting techniques comes with several drawbacks such as limited performances when
confronted with large variability. Furthermore, without a trained model, QbS is
usually not feasible. Despite usually being outperformed by learning-based methods
(Section 3.2.3), learning-free methods are still relevant due to their easy applicability
without the requirement of annotated data.

3.2.3 Learning-based Methods

While learning-free methods are a natural way to tackle the retrieval problem of
word spotting, including annotated data and training a model offers several po-
tential benefits. Similar to HTR, early learning-based methods for word spotting
employed HMMs for model-based similarity comparison [CZF06; RP12; Fis+12;
Ros+16]. Most methods for word spotting using HMMs rely on a textline segmen-
tation step. One of the first problems that was addressed with HMMs was learning-
based QbS word spotting. An influential approach which was later adopted and
refined was proposed in [Fis+12]. The goal being to find text lines that include a
given query word under the assumption that annotated text lines are available for
training a model. In other words, the model needs to quantify the relevance of a text
line to the provided query. First, all text lines are preprocessed and a sequence of
feature vectors is extracted, commonly by using a sliding window approach. Because
HMDMs are a generative model, they allow a probability that the given HMM pro-
duces a certain feature vector sequence to be computed. In order to use that for word
spotting, character HMMs are first trained on the labeled text lines of the training
set. Training character HMMs allows for the definition of the so-called filler model.
The filler HMM models the likelihood of the sequence of feature vectors given that
they are produced by an arbitrary character sequence. A text line that includes the
query word is modeled by a compound HMM that consists of the filler, a space and
the query model. The query model is built by concatenating the respective character
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HMDMs according to the query string. The space model represents whitespaces and is
directly derived from a model training on the annotated data. All three models can
then be combined in one HMM that represents the sequence of arbitrary characters,
whitespace and query word, followed by a sequence of arbitrary characters. If the
production probability of the compound HMM is close to the filler HMM, the occur-
rence of the query word is likely. In practice, the final score computation requires
a normalization step with respect to the length of the text line. The final score is
given by the quotient of the two production probabilities. Even though no explicit
transcription is performed, the final score can be interpreted as the confidence in
predicting any transcription opposed to a transcription including the query word
[PTV15b]. Later methods improved on the approach by including language models
[Fis413; RPV15; RPV16], lexicon information [PRV14; Ros+16] or by using hybrid
models combining HMMs and neural networks [Bid+15; Tho+15].

While HMM-based systems traditionally operate on text lines, other works con-
sidered the problem from a holistic perspective assuming a given word-level segmen-
tation. In this regard, SVMs were among the first models to be explored. An SVM
constitutes a discriminative model that describes a hyperplane in the feature space.
As proposed in [PR09; Alm+12], SVMs can be used for word spotting by training
them to discriminate between relevant and non-relevant document image regions.
One possible way to train such an exemplary SVM [MGE11] is to generate multiple
examples of the query word by just introducing small variations to it. Non-relevant
image regions can be extracted by randomly sampling from the documents. After
optimization, the distance of a sample to the hyperplane is considered for scoring
the retrieval list.

With the uprise of neural networks, a growing interest for applying them to word
spotting can be observed. First approaches focused on extracting characteristic word
image descriptors that allowed for similarity comparisons based on vector distances.
In [KDJ16], the authors propose training a CNN following a traditional classification
architecture. The target classes correspond to a lexicon of ten thousand words and
the network is optimized following the standard approach using softmax. In order to
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Figure 16: Popular attribute representations for word strings.

use the network for spotting, the output of the penultimate layer is used as a word
image descriptor. Similarly, [SRG16] used a pretrained, off-the-shelf CNN [JVZ14]
for feature extraction that was later combined with a designated zoning scheme.

Using CNNs for extracting word image descriptors or using exemplary SVMs, does
generally not allow for QbS word spotting. An influential concept that integrates
QbE and QbS into a single framework is the idea of embedded attributes that was
first proposed in [Alm—+14]. See Figure 15 for a visualization of the general concept.
Fundamentally, word images and strings are mapped to vector representations in a
shared embedding space. By establishing this transformation, similarities between
word images as well as similarities between strings and images can be easily com-
puted via vector distances.

As proposed by [Alm+14], attribute representations are suitable for defining a
common embedding space. The concept of attributes originated from the field of ob-
ject recognition and is of special interest for zero-shot learning [LNH09; Far+09]. An
attribute is defined as a semantic property of an object. Usually, it is considered to
be binary and shared among different classes. The first attribute representation for
words was the Pyramidal Histogram of Characters (PHOC) proposed in [Alm-+14],
see Figure 16 (left). Here, an attribute is the occurrence of a character in a specific
split of a word. Therefore, the word is split in a pyramidal fashion and, for each split,
a binary histogram describes character occurrences. The final attribute representa-
tion is derived by concatenating the different histograms. Using such an attribute
representation based on characters has the benefit that its derivation from a string
is trivial. With respect to the embedded attribute approach, mapping word images
and strings in the common embedding space boils down to finding a model that is
capable of predicting the attribute representation for a word image. [Alm+14] uses
a set of SVMs to classify individual attributes as being present or absent.

The SVM-based approach was rapidly replaced with an CNN as an underlying
model. In [SF16], a VGG-like architecture was proposed that allowed for the predic-
tion of PHOC vectors. The network is trained in an end-to-end fashion with sigmoid
activations. Similar to [SF16], [WB16] aimed at predicting attribute representations
with a CNN. Instead of training the network in an end-to-end fashion, they follow
a two-stage approach and first train a triplet CNN. A triplet CNN is a network
architecture that is based on a three time replication of a network sharing the same
weights. During training, the CNN sees two examples of the same class, in this case
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two word images of the same word. Additionally, a negative example of a word image
showing a different word is provided. By using a contrastive loss function, the net-
work is optimized in such a fashion that the distance between the features predicted
for the positive examples is minimized while the distance between a positive and
a negative example is maximized. The final network then predicts a discriminative
descriptor for word images that can already be used for QbE word spotting. In or-
der to also perform QbS word spotting in the embedded attribute framework, the
authors of [WB16] train another MLP to map the intermediate descriptors to a final
attribute representation.

While the PHOC representation became the defacto standard for word spotting,
other attribute representations were also investigated in [SF'17; SF'18; WB16]. The
Spatial Pyramid of Characters (SPOC) is a PHOC variant with actual character
counts replacing the binary occurrence histograms. [WB16] proposes the Discrete
Cosine Transform of Words (DCToW), see Figure 16 (right). In this case, the word
is represented by a matrix with each row representing a character of the alphabet.
Each column corresponds to a character of the respective word. In order to derive the
final representation, the discrete cosine transformation is applied to each row and the
three highest coefficients of each row are concatenated. As discussed in [SF17; SF1§],
performances of different attribute representations in combination with various loss
functions differ only marginally. Therefore, the PHOC representation has been by
far the most popular embedding.

Another line of research that also followed the idea of common subspace represen-
tation builds upon the so called HWNet [KDJ16]. Their works relied heavily on using
synthetic data (see Section 3.3) in combination with PHOC representations. At first,
the HWNet that had been trained as a word classifier was only used as a feature ex-
tractor [KDJ16]. To perform QbS word spotting, a set of SVMs was used to predict
PHOC attributes. In later works, the approach was refined and the SVM part of the
model was replaced by an end-to-end trainable neural network architecture [K.J19;
KDJ23]. The general idea is to combine features of different domains in a single
embedding. Therefore, a CNN is used as a feature extractor for a real word image
and a synthetic word image. During training, the PHOC representation of the anno-
tation is provided. Using an MLP, the features extracted from the real word images
and the concatenation of synthetic features and PHOC are mapped into a common
embedding space. While most works on holistic segmentation-based word spotting
exploit attribute representations, [Ret+19] showed that seq2seq-based recognizers
are also able to produce discriminative features that can be used for retrieval.

Even though learning-based approaches have shown high performances for segmentation-
based word spotting, the assumption of a word-level segmentation is a severe draw-
back. As shown in [Rot+17], it is feasible to adapt a segmentation-based approach
such as an AttributeCNN to a segmentation-free scenario by the use of word hypothe-
ses. Instead of generating a fixed segmentation, competing hypotheses are created
based on a text detector in combination with a connected component approach.
The hypotheses are later ranked by attribute prediction using an AttributeCNN.
Alternatively, [WLB17] showed that a CNN architecture similar to an object detec-
tion network can be used to predict attribute representations and bounding boxes
simultaneously.
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3.2.4 Discussion

Having a closer look at the area of word spotting and its development shows that it
is, to a large extent, motivated by the limitations of HTR. One main application area
is the exploration of a novel document collection often from a historic context. In
this case, creating labeled data for a recognition model is cumbersome as, in many
cases, this needs be done by a domain expert. Without labeled data, recognition
usually renders a erroneous full transcription, which is often unusable. Tackling this
scenario with a retrieval-based system allows for first exploration. As shown by many
works on learning-free approaches (see Section 3.2.2), satisfactory performances can
be achieved for QbE without introducing any manual labeling effort. On the other
hand, using machine learning usually improves performances and gives the option
for further capabilities such as QbS. The demand for annotated training data is the
main determinant against the applicability of a word spotting system. This motivates
the common distinction between learning-free and learning-based systems found in
the literature. While this taxonomy was well suited for traditional methods, it does
not address the actual problem of applicability.

Consider, for example, that training on synthetic data has become a common
technique [GSF18; KDJ23]. In this case, a model is trained on a generated dataset
where labels are created automatically. A word spotting system with a model trained
on a synthetic dataset is technically learning-based, as it is optimized by learning
from data. Nonetheless, in terms of the application scenario, no manual annotation
process is involved, which is an essential question with respect to the required effort
to apply such a system. As also shown by the method presented in this thesis, using
machine learning techniques does not necessarily introduce the demand for manually
annotated data.

Therefore, we propose the classification of systems based on their requirement for
manually labeled data and use the term of annotation-free or annotation-based. In
contrast to a label that can be created automatically, we consider an annotation to
be created manually. An annotation-free system can therefore be applied to a novel
document collection without the need for human intervention.

3.3 HANDWRITING SYNTHESIS

Training models generally requires labeled data. For deep neural networks the data
demand can be tremendous and a major limitation. In this case, synthesizing data is
an appealing idea because by designing a generation process, the label of a synthetic
sample is known and can be used for training a model. In the context of document
analysis and especially written text, designing simple generation processes is easily
feasible as text and language follow a distinct set of rules. Using synthetic data
to pretrain recognition or retrieval models has become a standard technique. While
most works rely on data that is generated by rendering certain fonts, more recent ap-
proaches aim at learning the generation process from training data with Generative
Adversarial Networks (GANSs) or diffusion models. Table 1 gives an overview of works
for handwriting generation that follow the Font-, GAN- or Diffusion Model-based
approaches which will be discussed in more detail in the following.
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One of the first works using synthetic data for a text analysis task was published
in [Jad+14]. The proposed model for scene text recognition includes a CNN-based
architecture that performs holistic word recognition. Therefore, the authors use a
synthetic dataset that is created by rendering word images. For this purpose, a
collection of different fonts is used to generate a large variety of word images based
on a lexicon.

Krishnan et al, followed a similar approach by selecting fonts that resemble hand-
writing [KKJ16]. The resulting HWSynth dataset was the foundation for their works
on word recognition and retrieval in which they train neural networks on the com-
bination of synthetic and real data [KJ19; KDJ23].

It is a general consensus that training a neural network on synthetically generated
handwriting images results in beneficial initialization. Many works initialize their
recognition or retrieval model by training on synthetic word images [PW16; GSF18;
Dut+18; Kan+20b] or text lines [WZG22; Kan+22]. This seems to be increasingly
more important with recent transformer architectures that usually rely on a high
number of parameters [Bar+-22; Li+23].

From a different perspective, training a model on synthetic data can alleviate the
data demand for training a model. Gurjar et al. showed in [GSF18] that first training
an AttributeCNN for word spotting on synthetic data and finetuneing the model
with small numbers of real world samples is feasible. Comparing models trained on
all available manually-annotated samples with models first trained on the synthetic
dataset proposed in [KJ16] showed that similar performances can be achieved with a
significant reduction in labeling effort. Nonetheless, training models only on synthetic
data usually does not yield satisfactory performances.

While font-based approaches follow a completely designed, heuristic generation
procedure, learning-based methods for handwriting generation were also explored
in the literature. In this regard, GANs are a popular class of models that has re-
ceived increasing interest from the research community [AMM19; Fog+20; Kan+20a;
Mat+21b]. The underlying idea of a GAN for generating images is to employ two
models, a generator and a disciminator, that compete with each other. The generator
synthesizes images while the discriminator classifies them into real or fake images.
By building the model on neural networks, it is feasible to design a loss function
that optimizes the discriminator to better distinguish between real and fake images
while the generator tries to generate images that fool the discriminator. This general
approach has been applied to handwriting in [AMM19] allowing for the generation
of word images of a fixed size. In this work, the generator and the discriminator were
implemented by CNNs. The generation process was further conditioned on the word
string that was embedded by a recurrent network. In order to ensure the generation
of an image showing the correct word, an auxiliary recognition network was added.
This allowed for the consideration of the CTC-loss during optimization. Fogel et
al. propose a similar model in [Fog+20] using fully convolutional networks to gen-
erate images of different sizes. Other works include style embeddings that control
the generated writing style [Kan+20a; Mat+21b]. A major drawback of GAN-based
handwriting generation is that labeled data is required for training the generation
model. Most works report only marginal performance gains when the generated
images are used in the sense of data augmentation.

Recently, diffusion models have become increasingly popular for image generation.
In order to train a neural network for generation, the model learns a stepwise denois-
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Table 1: Overview on different approaches on handwriting synthesis.

Fonts HWSynth [KJ16; KDJ16; KJ19; KDJ23], Gurjar et al.
[GSF18], Kang et al. [Kan+18; Kan+20b], TrOCR
[Li+23], Poznanski et al. [Jad+14; PW16], Wick et al.
[WZG22], Dutta et al. [Dut+18], Barrere et al. [Bar+22].

Generative Alonso et al. [AMM19], Fogel et al. [Fog+20], Kang et al.

Adversarial Networks | [Kan+20a], Mattick et al. [Mat-+21b]

Diffusion Models Zhu et al. [Zhu+23], Ding et al. [Din+23], Nikolaidou
[Nik+23]

ing process. By conditioning the process, a designated image can be generated from
an image of random noise. Several works also investigate this method for handwrit-
ing generation [Zhu+23; Din+23; Nik+23]. Even though visually convincing samples
are generated, the influence on model performance after adding synthetic data to
the training process is limited.
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The underlying method of this work which allows for training handwriting recog-
nition and retrieval models without the need for manually annotated samples is
self-training. Self-training generally relies on the idea of training on pseudo-labels
that are predicted by the model itself. After a short discussion of the theoretical
background and works from the literature on self-training, this chapter introduces
the main models and methods that are used in this work.

Figure 17 presents the conceptual overview of the proposed approach. At its core
lies the fundamental self-training idea of using pseudo-labels to learn from unlabeled
data. Section 4.2 introduces two models relying on neural networks that are typi-
cal realizations for the tasks of handwritten word retrieval and recognition. Their
main methodological difference is that for retrieval the prediction of image attributes
from a holistic image representation is used, opposed to a sequential approach for
handwritten word recognition. In both cases, an initial model is required that serves
as the starting point for self-training. In contrast to other works in the literature,
this initial model is not trained on a manually-labeled training set. We explore the
use of synthetically generated word images to avoid the labeling effort connected
to an annotated dataset. See Section 4.3 for a detailed discussion of the genera-
tion pipeline. Section 4.4 discusses the training procedure that integrates unlabeled
samples through pseudo-labeling. Depending on the evaluation scenario, the set of
unlabeled samples comes from benchmark datasets commonly used in the litera-
ture. A detailed description of benchmarks and evaluation protocols is presented
in Section 5.1. Models solely trained on synthetic data tend to generalize poorly
to real world samples. Therefore, performances and especially the quality of pre-
dicted pseudo-labels is also poor. To circumvent training on a high number of falsely
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pseudo-labeled samples, we investigate the concept of confidence estimation. Tradi-
tional neural networks for classification often consider the activation of the output
layer as a form of pseudo-probability for the respective class. This can also be in-
terpreted as a quantitative measure of how confident the network is in a certain
prediction. Section 4.5 presents multiple approaches on how to generalize this idea
to the attribute and sequence models considered in this work and how to exploit the
confidence estimate to identify pseudo-labels that are more likely to be correct.

4.1 BACKGROUND

While many works in different domains show the effectiveness of self-training ap-
proaches and semi-supervised learning in general, it is not intuitive how unlabeled
data may benefit the training process of a machine learning model. This question
is discussed in the following, giving a theoretical motivation of how pseudo-labeling
may be understood as a form of entropy regularization. After establishing the theo-
retical motivation, relevant works on self-training neural networks in general and in
the context of document analysis are reviewed.

4.1.1  Why could learning from unlabeled data help prediction?

An obvious question that arises when looking at semi-supervised learning litera-
ture is why unlabeled data is supposed to support learning a classification function.
Regarding a classification problem, the classifier needs to approximate a function
f: X — Y, that maps an instance x to a class label y. In semi-supervised learning,
a number of unlabeled samples are available, which, in a mathematical sense, allows
for the estimation of the distribution P(x). Many works show classification perfor-
mances can be improved by considering the set of unlabeled samples. Therefore, it
can be concluded that there is a meaningful relation between the input distribution
P(x) and the conditional probability p(y|x).

With respect to Bayesian decision theory, statistical classifiers minimize the risk of
a wrong classification [DHSO01, p. 24]. Assuming that all wrong classification decisions
carry the same cost, the maximum a posteriori decision rule can be derived:

argglaxp(yIX) = argmax W = argglaxp(y)p(XIy)- (40)

In the classical maximum-a-posteriori (MAP) framework, observing p(x) does not
contribute to the classification decision. Therefore, including unlabeled data which
effectively boils down to observing p(x) would have no benefit for a classification
task. Regardless, empirical results in a plethora of works [EH20; Yan+22] in different
application areas show that this is not the case.

From a theoretical perspective, there are two main assumptions that intuitively
motivate how unlabeled data may benefit learning a classification function [CSZ06,
pp. 5-7]. If two points x(1) and x(@ are close to each other in the respective feature
space, then the corresponding outputs should be also close or, in case of classification,
the label should be the same. This assumption is commonly known as the semi-
supervised smoothness assumption. Especially if the path between x(1) and x(?) lies
in a high density region, this assumption is required to be true for semi-supervised
learning to work.
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Figure 18: Toy example for the choice of a decision boundary under the availability of unla-
beled data. Samples are drawn from two Gaussian distributions representing two
different classes. Labeled samples are indicated by respective colors, unlabeled
samples are represented by gray dots. If the smoothness assumption holds true
for both clusters, optimizing the decision boundary only based on labeled samples
(red line) is clearly inferior to the optimal decision boundary (blue line). Including
unlabeled data has the potential to better optimize the decision boundary in a

low density area.
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This assumption is closely related to the cluster assumption that also underlines
the general motivation behind semi-supervised learning [CSZ06, pp. 5-7]. In this
case, it is assumed that feature vectors belonging to the same class form clusters in
the feature space. Furthermore, this directly implies that if two points x(1) and x(
fall in the same cluster, they share the same class label. The cluster assumption also
implies a clear indication on how to choose a decision boundary. As clusters may
conceptually be interpreted as high-density regions, a decision boundary should lie
in an area of low-density. The idea of low-density separation is directly connected
to the smoothness assumption [EH20]. A decision boundary in a high density area,
would intersect the path between two points x(1) and x( resulting in different
classification outputs y; and y2. As the decision boundary is in a high-density area,
the path between x() and x(2 would be too, resulting in a direct violation of
the smoothness assumption. This example shows that even though smoothness and
cluster assumption are often individually considered, they are highly interrelated.

Figure 18 visualizes a toy example of how unlabeled data supports the choice of
a decision boundary if the previously introduced assumptions hold true. As labeled
samples are drawn randomly from the data distribution p(x,y), the decision bound-
ary derived from a supervised learning algorithm is likely to be suboptimal. This
is increasingly likely for smaller numbers of labeled training samples. In the case of
semi-supervision, adding a high number of unlabeled samples allows for an implicit
model of p(x) which is then exploited to fit the decision boundaries to areas of low-
density. If smoothness and cluster assumption hold true, the decision boundaries are
likely to be better approximations of the optimal decision boundary.

In general, this leads to the conclusion that the knowledge of the distribution
p(x) allows an induction bias conveying information on P(y|x) [GB04] to be derived.
Self-training is considered to minimize the overlap of classes and, therefore, the em-
pirically observed performance gains can be explained by the facilitated learning of
decision boundaries in low density areas. From a theoretical perspective, self-training
is often considered a form of entropy minimization [GB04; CSZ06; Leel3]. In this
case, the conditional entropy is a measure of class overlap. By minimizing the entropy
of the unlabeled data, the cluster assumption is enforced and decision boundaries in
low density areas are encouraged. With respect to neural networks, entropy is min-
imized in an implicit fashion. As class information is usually encoded in a one-hot
fashion, the network is trained to predict a high pseudo-probability for a single class
and zero elsewhere. Independent from the quality of the predicted pseudo-labels, this
characteristic is enforced by supervised training on pseudo-labeled samples. There-
fore, the network implicitly minimizes the entropy on the unlabeled data samples as
the training procedure encourages condensed clusters in the feature space.

4.1.2  Self-Training for Deep Neural Networks

Self-training and pseudo-labeling are long-standing techniques that have been in-
vestigated in many different domains and for different types of classifiers. The first
work that uses this training method in the context of neural networks was published
in [Leel3]. In their work, the authors essentially trained a Multi Layer Perceptron
(MLP) to recognize the single digits of the MNIST dataset. The model was trained
on the combination of a small amount of labeled data and the unlabeled dataset.
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Pseudo-labels are generated with respect to the class with highest softmax activation
and are recalculated at every weight update. In order to train the model on labeled
and on pseudo-labeled data simultaneously, a supervised loss is computed for both
types of samples and combined with a weighting factor. The model is then simply
optimized with stochastic gradient descent. Compared to the model only trained on
the small fraction of labeled samples, the authors were able to show that significant
performance gains can be achieved by self-training.

Self-training later gained a lot of popularity in the context image classification
with the line of research published in [Ber+19; Ber+20; Soh+20]. In their works,
the authors use pseudo-labeling for semi-supervised learning for object recognition
datasets such as CIFAR-10, CIFAR-100 [KH+09] or STL-10 [CNL11]. Similar to
[Leel3], the model is trained on a small number of labeled samples that are combined
with pseudo-labeled examples.

In [Ber+19], the authors introduced two extensions of the basic self-training ap-
proach and proposed a method called MixMatch. Firstly, their pseudo-label gener-
ation relies heavily on augmentations which introduce a so called consistency reg-
ularization. The main idea is that a sample does not change its label by applying
standard augmentation techniques. Instead of predicting the pseudo-label from a
single sample directly, multiple versions are created by augmentations. The predic-
tion is then averaged over the different augmented instances. Secondly, the authors
use a sharpening technique to process the output distribution resulting from the
average prediction. Instead of using just the class with maximal activation which
corresponds to a one-hot encoded vector, a temperature parameter is introduced
resulting in a target vector of lower entropy. During training, the batches contain la-
beled and pseudo-labeled samples. Separate loss terms are computed and combined
by a weighting factor. Over the course of training, the influence of the unlabeled
samples is increased. In their results, the authors show that pseudo-labeling allows
models to be effectively trained for object recognition in a semi-supervised setting.

MixMatch was later extended through the introduction of distribution alignment
and augmentation anchoring in [Ber+20]. In the case of a semi-supervised setting, a
small number of labeled samples is considered to be available. The assumption is that
this small labeled set is representative of the problem and, therefore, the predicted
pseudo-labels should follow a similar distribution. This idea was first published in
[BHMO1]. In [Ber+20], the author integrated this approach into a self-training pro-
cess of a neural network by computing a running average over the predicted pseudo-
labels. This average is then used to normalize the respective predictions encouraging
the distributions to be close.

Further improvements were made by augmentation anchoring which relies on dif-
ferently strong augmentations. The pseudo-label is predicted given a weakly aug-
mented image. During training, the model is trained with the same image underlying
stronger image augmentations.

The use of differently intense augmentation strategies was further explored in
[Soh+20]. The author showed that MixMatch [Ber+19] as well as ReMixMatch
[Ber+20] can be simplified through the use of just two augmented versions of the
same image. Again the pseudo-label is predicted from a weakly-augmented one, but
in this case only a single strongly augmented instance is used during training. Fur-
thermore, the authors introduce thresholding with the goal of only retaining pseudo-
labeled samples with high quality. Therefore, a pseudo-label is only retained if the
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output activation of the model is above a certain threshold. This can be considered
a form of confidence estimation with the model activation being a numeric estimate
for the model’s confidence prediction. The threshold hyperparameter allows pseudo-
label quality to be balanced against the quantity of available pseudo-labeled samples.
One of the authors’ finding with regards to tuning the threshold parameter was that,
in general, high threshold values consistently give higher performances.

The very influential works on self-training in the area of semi-supervised learning
in object classification illustrate well the potential of learning from unlabeled data
via pseudo-labeling. For document analysis problems, this idea is only rarely applied
even though, in many application, the availability of annotated sample data hinders
the application of machine learning models. Similar to other domains, several works
explore training a recognition model first on a manually labeled dataset which is then
adapted using self-training [SCP17; DJ20; KBH21; RSN21]. If a well-performing
initial model is available, performance gains can be observed. As documents and
especially language are highly regularized domains, some works aim at including this
prior knowledge in the training process. In [SCP17], a handwriting recognition model
for French is trained in a semi-supervised setting. The authors use an externally
derived lexicon to verify pseudo-labels and enhance their prediction quality. [Ten+18]
also trains a recognition model, but aims at transferring the model from one language
to another using pseudo-labeling. Here, a language model for the target language
provides further language information which supports the adaptation process.

4.2 NEURAL NETWORKS FOR WORD RECOGNITION AND RETRIEVAL

This chapter introduces the fundamental models that build the core of the recog-
nition and retrieval systems and are later trained by the proposed self-training
approach. Despite being conceptionally different problems, modern retrieval and
recognition models share a common structure that is closely related to the classical
pipeline of a computer vision system. In this case, neural networks and especially
Convolutional Neural Networks (CNNs) allow multiple steps, such as feature ex-
traction and prediction, to be integrated into a single model. Nonetheless, different
architectural components reoccur in almost any successful network for handwriting
recognition and retrieval and can be summarized by a three step architecture. First,
a CNN serves as a feature extractor and computes a set of feature maps for a given
input image. As the resulting features are still extremely high dimensional despite
the use of pooling layers inside of the CNN, extraction is commonly followed by
an aggregation step. Here, the goal is to compute a compact and characteristic rep-
resentation based on the extracted feature maps. This can either be achieved in a
holistic manner, for example by spatial pooling, or alternatively by slicing and se-
quentializing the set of feature maps into a sequence of feature vectors. Finally, a
decoder computes the desired outputs. In the recognition case, common decoders
based on CTC or based on a sequence-to-sequence approach directly compute the
recognition sequence given the sequence of feature vectors. For retrieval, a holistic
view is more common. Given a single feature vector representing the entire image, a
fully connected network allows commonly used attribute representations to be pre-
dicted. This holistic and often redundant prediction of image attributes promises a
higher robustness which is often of high importance for a retrieval model.
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Figure 19: Comparison of the architectural components of the recognition and retrieval mod-
els. Both architectures follow the general three step procedure of feature extrac-
tion, aggregation and decoding. Details on the recognition and retrieval model
are discussed in Section 4.2.1 and Section 4.2.2, respectively.
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This work mainly relies on two different models that are discussed in detail in the
following. The recognition model utilizes a sequence-to-sequence approach, heavily
inspired by [Kan+18]. The retrieval model follows a holistic approach based on an
AttributeCNN, which was introduced and extensively investigated in [SF16; SF17;
SF18]. Figure 19 visualizes the architectural structure of both models. Individual
model components can be distinguished according to the general three step proce-
dure of feature extraction, aggregation and decoding.

4.2.1 Sequence-to-Sequence Handwriting Recognition

Sequence-to-sequence handwriting recognition models avoid the use of the commonly
used CTC-loss where the prediction of the blank symbol is required without any
visual evidence. Attention-based decoding was shown to be a promising alternative
[BLM17; Kan+18; Sue+18; Abe+21]. We adapt most of the design choices from
[Kan-+18] to allow for a fair comparison of training and adaptation methods, which
is the main focus of this work.

Training and test images are preprocessed to a fixed height. This allows for the
extraction of a sequence of feature vectors of the same length. Therefore the model
architecture does not have to account for changing input sizes except for different
sequence lengths. A VGG19 network [SZ15] serves as a feature extractor and com-
putes a set of feature maps X. The aggregation stage consists of two steps. First,
the computed feature maps are transformed into a sequence of feature vectors. The
feature maps can be interpreted as a volume where a slice corresponds to a column
of the input image. By reshaping the slice to a one-dimensional vector, the volume
spanned by the feature maps is transformed into a sequence of feature vectors. Next,
two layers of Bi-directional Gated Recurrent Units (BRGU) allow for recurrent con-
nections inside the network, resulting in an enriched feature representation H that
encodes context information:

fvaao(I) = X = (x0,%1,...,XnN), (41)

H = (hg, hy,...,hy) = BGRU((x0,x1,...,Xn)). (42)

The VGG19 backbone of the network can be considered a function fygaio(I) that
computes a set of feature maps X given the input image I. By slicing and reshap-
ing, the feature maps X are then transformed into a sequence of feature vectors
(x0,X1,...,%xn). This sequence serves as an input to the BGRU layers which com-
pute the output sequence (hg, hy,... hy).

For recognition, decoding constitutes the task of predicting a sequence of charac-
ters from the given sequence of contextualized feature vectors. Here, a one-directional
GRU is combined with an attention mechanism to effectively predict the character
sequence. The ultimate goal of the attention is to predict a vector c¢ that encodes
all required context information. The literature distinguishes two main variants of
attention, namely content [BCB15] and location-based [Cho+15] attention. The idea
of attention boils down to computing an attention mask vector a that is then used
to compute a weighted sum of the feature vector sequence:

N
Cty = Z atihi. (43)
1=0
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First, a scoring function e is defined that computes a score ey for feature vector
1 at decoder step t. Given the current decoder state s¢, content based attention is
defined as

eti = w' tanh(Wh; + Vs;_1 +b). (44)

By defining w, W, V., b as learnable weights, the attention mask allows the model to
give different importance to individual parts of the feature vector sequence H based
on the input and the current decoder state. In the case of content-based attention,
the score and also the resulting attention weights depend only on the decoder state
s¢_1 and the respective feature vector h;. In order to derive the attention scores ay,
the scores are normalized by applying the softmax function:

ay = softmax(e;). (45)

A drawback of content-based attention is that the position of the considered feature
vector is irrelevant for the score computation. Therefore, similar feature vectors h;
are scored similarly. For many sequential domains such as handwriting or speech
recognition, it is beneficial to take the positional information into account. The
attention mechanism may be extended by explicitly encoding positional information.
Location-aware [Cho+15] attention defines a matrix F that is convolved with the
previous attention mask ag_3. This results in a set of £ position dependent vectors
f; that contribute to the attention score computation

eti = w! tanh(Why + Vs, + Ufy; +b), (46)

where U again constitutes a matrix with trainable parameters. Here, the attention
weights of the previous position contribute to the score computation which makes
the attention mechanism location-aware. To ensure a broader attention mask that
does not focus on narrow image areas, attention smoothing is commonly applied
[Cho+15].

Conventionally, a decoder predicts an output symbol y; based on the concatena-
tion, denoted as [+, -], of the context vector ¢t and the decoder state s¢. This can
be realized using recurrent components such as GRUs in combination with a linear
prediction layer w(-):

y = argmax(w([cg, s¢]))- (47)

As shown in [Kan20], the decoder can be efficiently simplified to rely only on the
decoder state si:

y = argmax(w(sy)). (48)

Due to the complexity of the neural decoder components, an implicit encoding of

the context vector in the decoder state does not degrade performances. Therefore,
the decoder state s¢ is defined as

st = Decoder([Ji—1, ct), s¢—1), (49)

with §j;_1 being a precomputed embedding of the symbol predicted at the previous
time step.

In this work, the decoder is implemented in analogy to [Kan+18; Kan20; Kan+20b]
as a one-directional multi-layered GRU. Each prediction sequence starts with a
<GO> signal. Then, the decoder predicts character symbols until an end of signal
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symbol is predicted. This enables the prediction of sequences with different lengths
compared to the input feature vector sequences. Therefore, it is sufficient to resize
the input images to the same height, leaving the aspect ratios unaffected.

The entire recognition model may be summarized by an encoder G, and a decoder
Gy function. The encoder G, : I — H maps an input image I € Z to a feature
representation H € H which is then sequentialized H = (hg, hy,...,hy). The de-
coder G4 : H — Y predicts the final recognition sequence (o, 91, -..,9n) € V. Both
functions are realized by neural networks with a set of parameters 6. and 64. To
optimize the model parameters 6 based on a set of annotated training data X, we
define the recognition loss L, as

N

ET(HIX) = ZZT(gd(ge(X(i)))vyi)v (50)

=1

with x(*) being a training sample with the corresponding annotation y;. The recog-
nition loss [, results from the binary cross entropy between the decoder prediction
and the symbol annotation at each decoder step t. Finally, the entire model is opti-

mized in a fully-supervised manner by stochastic gradient descent or techniques like
ADAM.

4.2.2 Attribute-based Word Retrieval

In the segmentation-based scenario, i.e., when a word segmentation is computed
independently, retrieval can be considered the task of computing the similarity be-
tween a query and all elements in a dataset. The popular embedded attributes
framework [Alm+14] tackles this task by mapping word images to attribute repre-
sentations. These attribute representations effectively constitute a high dimensional
vector space. By designing character based attribute representations, syntactic sim-
ilarity between word images corresponds to an easy to compute vector distance in
the attribute space.

The success of this approach is heavily determined by the accuracy of the attribute
prediction. As the task of predicting attributes from a word image can be considered
a multi-label classification problem, convolutional neural networks rapidly became
the model of choice [Gio+17]. In this work, we follow the AttributeCNN approach
presented and researched in [SF16; SF17; SF18]. Even though the model integrates
the prediction of attributes into a single network architecture, the structure of feature
extraction, aggregation and decoding can be distinguished. The model considered in
this work is essentially a TPP-PHOCNet, first presented in [SF17].

Feature extraction uses a variant of the successful VGG16 architecture [SZ15],
which was designed for object recognition in natural images. A significant difference
between natural images and word images is that word images show considerable
differences in sizes and aspect ratios. The design of the PHOCNet architecture was
therefore heavily motivated by the goal of avoiding rescaling. Because word images
are processed as they are captured in the different benchmarks, the number of pool-
ing layers in the feature extractor is reduced to two. This allows images of smaller
sizes to be processed compared to the original architecture.

The main architectural change with respect to the original VGG architecture, was
made at the aggregation stage. At this point, an holistic vector representation for
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the entire word image is computed. Doing so with a simple pooling layer makes
the size of the image representation depend on the dimensions of the input image.
This makes the use of a fully-connected MLP for attribute prediction unfeasible. In
order to produce an image representation of fixed size that is independent from the
input image dimensions, [SF16; SF17] proposes the use of a spatial pooling approach
inspired by [He+15b]. The convolutional architecture computes a set of k feature
maps. At aggregation, this set of feature maps shall be summarized in a single char-
acteristic feature vector with a fixed size independent of the input image dimensions.
Therefore, each feature map is divided in a quadtree-like structure [Szel0]. Depend-
ing on the predefined granularity, this results in 1, 4, 16, ... regions per level. For each
of these regions, a simple pooling operation is performed. The final feature vector
results from the concatenation of all pooling outputs. This approach is known in
the literature as Spatial Pyramid Pooling (SPP) [He+15b] and has been success-
fully applied in the form of an SPP-layer in an AttributeCNN in [SF16]. Several
works in the literature that rely on spatial pyramids in combination with classical
descriptor-based approaches indicate that spatial division along the horizontal axis
is less important and may be neglected [Rus+11; SF15; Rus+15a; WRF16]. This
idea has been adopted in [SF17], and the SPP layer is commonly replaced by a
so-called Temporal Pyramid Pooling layer, that only divides the feature maps along
their horizontal axis. An additional effect of the removal of a vertical division is that
it also drastically reduces the dimension D of the feature vector at the same level L:

L—-1 L—-1
Dgpp = Z 4i -k > Drpp = Z 2i - k. (51)
=0 1=0

This is of special consideration, as common architectures use fully-connected layers
directly after the spatial pooling layer. In this case, the number of network parame-
ters is directly determined by the feature vector dimension.

The ultimate goal of the AttributeCNN is the prediction of an attribute vector
y. A common choice that is adopted for the used retrieval model is the Pyramidal
Histogram of Characters (PHOC) [Alm+14]. This embedding constitutes a binary
vector that encodes the occurence of a character in a specific split of the string.
Therefore, the annotated string is split in a pyramidal fashion. For each split, an
occurrence vector is computed whose length is equal to the number of predefined
unigrams. Whenever a unigram is present in the corresponding split, the PHOC vec-
tor holds a one, otherwise it holds a zero. Even though this representation is highly
redundant, it has been shown that it is a robust and efficient choice for word spot-
ting systems. The similarity between word images is then computed by the cosine
similarity between the predicted PHOC representations. As an additional benefit,
query-by-string is natively possible, as a PHOC representation can be directly de-
rived from any given string. Therefore, strings and word images are mapped into
the same high-dimensional embedding space allowing the similarity between string
and image to be directly computed based on the vector distance of their PHOC
representations.

Architectually, the prediction of the attribute representation is implemented by a
fully-connected attribute decoder. The proposed system follows the design of [SF18]
and uses an MLP with two fully-connected layers and 4096 neurons each. Ultimately,
the output layer corresponds to the size of the target PHOC vector dimension and
computes a pseudo-probability for each attribute by using sigmoid activations.
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In analogy to the sequence-to-sequence model presented in Section 4.2.1, the At-
tributeCNN can be summarized by an encoder and a decoder function, G, and G,
that are connected via a TPP layer:

yrroc = Ga(TPP(G.(x)). (52)

A common assumption for binary attribute representations is that the attributes
are independent and follow a Bernoulli distribution [SF18]. Therefore, the model
parameters of the AttributeCNN can be optimized using a Binary Cross Entropy
IpoE loss between the prediction § for each training sample and its corresponding
PHOC annotation y:

n d
Ipcr = —Zzyjlog(@j) + (1 —y;)log(1 - g;), (53)
La(01X) = Isce(Ga(TPP(Ge(x))), 9). (54)

4.3 SYNTHESIS OF HANDWRITTEN WORD IMAGES
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Figure 20: Overview of the proposed synthesis procedure. A labelset L can be extracted
from different sources. The synthesizer generates handwritten word images by
randomly sampling from fonts and style parameters.

The goal of data synthesis is to generate training samples that model the variance
occurring in real-world data. Essentially, we need to design a function fey,:Y — T
that maps a given label y to a handwritten word image I. Handwriting is a domain
where it is natural to consider synthetic data generation as it is highly regularized.
Languages provide a predefined set of rules, such as character sets or words that
define which data is reasonable. Based on this general knowledge, it is feasible to
design a synthesis pipeline that allows datasets of arbitrary size to be generated.
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Designing such a pipeline requires several modeling decisions. On the one hand,
we require a vocabulary that defines which strings and also which characters shall
be included in the dataset. Furthermore, it is an open question whether the distri-
bution of the vocabulary is relevant for dataset generation. On the other hand, a
realistic rendering of the provided string is required. As the models are applied to
handwritten documents, we aim at generating word images that also visually resem-
ble a handwritten style. Figure 20 summarizes the synthesis approach and its key
components.

Labelset

The choice of a set of labels L and a corresponding distribution p(y) can be considered
a form of language modeling. As the information on language may only be learned
implicitly during training, it is an open question if it is actually encoded and learned
in a synthetic pretraining stage. To investigate this, we propose the use of different
labelsets, that are later rendered into handwritten word images.

An obvious option is to gather a collection of written text and simply generate
corresponding word images. In this case the distribution of words and characters
as well as the use of punctuation and capitalization is determined by the selection
of the document corpus. More specifically, using, i.e., a literature corpus as the
source for the labelset, results in a training dataset where the number of training
samples per word depends on its frequency of occurrence in the natural use of a
language. In order to gain insight into whether the distribution of words influences
the models’ performances, we remove the natural distribution from the generation
process. Therefore, we use the most frequent English words and generate a fixed
number of samples for each. In contrast to the text corpus extracted from natural
text, the samples per word follow a uniform distribution.

To further remove language characteristics at the stage of synthetic pretraining,
we investigate whether and how performances degrade when the model is trained
on randomized strings. In this case, not only is the word distribution removed from
the labelset but also any information on word level. If the model learns independent
character information, the influence of removing word level information should be
limited. If performances degrade strongly, it is a clear indication that synthetic
pretraining constitutes a form of language modeling. In order to generate strings
that at least resemble words, we introduce the following constraint. The distribution
of length follows the same distribution as occurs in the natural text corpus, which
also holds true for the occurrence of capital letters and special characters.

Randomizing strings aims at removing any information on language from the
synthetic dataset. On the other extreme, it is an open question whether the model
benefits from more specific language information from the target domain. Therefore,
we create an oracle dataset. For the oracle dataset, the synthetic data is based on
the closed dictionary of the evaluation dataset. This means that only words that are
part of either the training or test set are generated. From a practical application
perspective this closed dictionary is not available.

61



—_

SELF-TRAINING

Parameter: Parameter:
o Font: t = Popsies ¢ Font: t = QEKevinShirley
e Strokewidth: w =0 o Strokewidth: w =1
o Kerning: k=0 e Kerning: k=1
e Degree: a = 5° o Degree: a = 0°
e Slant: 3 =0° e Slant: B = 40°

Figure 21: Exemplary renderings of the label y = label for different parameter configura-
tions.

Image Synthesis

After modeling language and word information by extracting the underlying labelset,
the next step in a synthesis pipeline is the design of the function fsy, : YV — Z that
maps a given label y € L to a handwritten word image I € I. This mapping can
easily be realized by off-the-shelf solutions that render strings to a word image. In this
work, we use the open-source software ImageMagick! for rendering. The framework
allows word images from a given string to be generated. Image appearance and
thereby the resulting writing style is defined by a TrueType? font and a set of style
parameters. TrueType is a data format that defines the appearance of a set of glyphs
and is the defacto standard approach to encode computer generateable writing styles.
Each glyph, for example each character in a given alphabet, is defined by a set of
points that allow for the interpolation of corresponding Bezier curves. Combining
the individual letterforms into a string allows for the generation of any given string
that is built upon the predefined alphabet. As we aim to generate word images
that resemble handwriting, the proposed synthesizer relies on a publicly available
collection of fonts F with similar appearances.

While fonts define the general appearance, the writing style can be further modi-
fied by different parameters. The strokewidth w describes the thickness of the line.
Kerning k allows for the adjustment of the distance between characters. Further-
more, an angle « is defined which defines if and to what degree the baseline of a
word is rotated. Lastly, each character follows a slant angle 5. Figure 21 shows the
different style parameters and their effect on the rendered word image. In sum, the
word image I for a given label y results from a selected true type font ¢ and a given
set of style parameters:

I:f(tay7w7kaa7ﬁ)' (55)

During synthesis, a word image is generated for each label in the labelset. A font
is drawn randomly following a uniform distribution. Strokewidth and kerning are
set to either 0 or 1 with equal probability. The baseline angle « is drawn randomly
from the integer interval of [—2, 2]. The slant angle is randomly chosen from a set of

https://imagemagick.org/
https://developer.apple.com/fonts/TrueType-Reference-Manual
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Figure 22: Architecture of the synthesis calibration system. Font and slant classification
networks are trained on synthetic images. Respective histograms can be derived
from predictions on the target images. An adapted word images synthesis includes
the style information encoded by the histograms.

predefined options, specifically [—40, —20, 0, 20,40]. After generating a random set
of style parameters and selecting a font, a word image of height 80 pixels is generated
with ImageMagick. As the input label is known the annotation is trivially available.

4.3.1 Synthesis Calibration

Considering the synthesis parameters discussed in Section 4.3, the selection of a
font and slant angle strongly defines what can be considered the style of a writer
or document. Instead of randomly choosing these parameters following a uniform
distribution, we propose predicting them for a target dataset. Firstly, a synthetic
dataset is generated and fonts as well as slant angles are uniformly distributed. This
dataset set is then used to train a font and slant angle classifier. Training these
classifiers solely on synthetic data does not introduce any additional labeling effort
and allows distributions on fonts and slant angles to be derived for a given target
dataset. The assumption is that, by classifying each word image from the target
dataset, we can estimate a distribution that allows a dataset that is visually more
similar to the target set to be synthesized.

Font classification has been of interest for the document image analysis community,
especially for optical character recognition, as it allows designated models to be
selected depending on the predicted font. We adapt the approaches presented in
[TSM17; SB19] and use a convolutional neural network to classify the font of a
given word image. Each font used in the synthesis procedure is considered a class.
As a backbone architecture, we use the residual network ResNet50 [He+16] with the
number of output neurons equal to the number of available fonts. In order to not
rescale the differently sized word images, we remove the batch normalization layers
and we train the network with pseudo batches, meaning that each sample is processed
individually but weights are updated after a batch of training images. The network
is trained for 40,000 iterations with a batch size of 64 using ADAM optimization
and cross-entropy loss. The same approach is taken for predicting slant angles. Each
angle used in the synthesis procedure is considered a class, resulting in a ResNet50
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Algorithm 1 : Basic Self-Training Scheme

Input :Synthetic data S = {(s(?),y),..., (s™), yn)}; unlabeled training
images X = {x(o), . ,X(M)}; number of training cycles K
Model ¢(-, 8);
1 Train initial model ¢(-,0%) on S;
2 for k< 0 to K do
3 Derive pseudo labels for X g
y

4 Xtrain:{< ’ 0) (
5 9k+1 < train (j5<, 0’“) on Xirain

#(x,0%) for each element x in X
¥

)

architecture with five output neurons. Training follows the same hyperparameters
as used for training the font predictor network.

Both networks are exclusively trained on synthetically generated word images.
In order to adapt the synthesis procedure to an unknown dataset, we predict a
font and slant angle for each sample from the target dataset. The histograms of
predicted fonts and slant angles constitute an approximate distribution of which
fonts and slant angles result in visual similar word images. An adapted synthetic
dataset is then generated by replacing the uniform distributions of the synthesis
procedure described in Section 4.3 with the distributions approximated by the font
and slant angle predictors. Figure 22 presents an overview of the synthesis calibration
procedure.

4.4 TRAINING PROCEDURE

A basic implementation of self-training can be realized for the models discussed in
Section 4.2 based on a synthetic dataset which followed the generation process de-
scribed in Section 4.3. See Algorithm 1, for a summary of the training procedure. Let

(M) with corresponding

S be a synthetic dataset containing word images s s
labels yo, . .. yn. The goal is to train a model ¢(-, #) for a target dataset X for which
no annotations are available. In general, we can use the same self-training approach
for both recognition with a sequence-to-sequence HTR model and retrieval with an
AttributeCNN. First, an initial model is required. In order to derive an initial set
of weights 69, we first train the model on the synthetic dataset until convergence.
This allows us to use the initial model to make predictions for the unlabeled target
dataset. These predictions are then assumed to be correct and, therefore, constitute
a pseudo-label. The previously unlabeled dataset in combination with the predicted
pseudo-labels can then be considered a training dataset Xiajn. 1raining on this
dataset results in a new set of weights 0. Predicting pseudo-labels and training
on the newly generated training set is performed iteratively. This allows the model
to improve pseudo-label prediction and adapt from the information learned from
synthetic data to the real unlabeled dataset.

Generating a pseudo-label is straight forward for the recognition model discussed
in Section 4.2.1. The recognition decoder consists of a linear layer with softmax
activation, which gives a prediction vector ¥; at every time step t. A final recognition
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sequence is then derived by selecting the character with maximum activation, and
the resulting prediction sequence may finally serve as a pseudo-label.

In the case of an AttributeCNN using the PHOC encoding as an attribute repre-
sentation, deriving a pseudo-label offers various options. Due to the high redundancy
prevalent in a multi-level PHOC vector, sharpening is not performed as naturally
as in the case of a recognition model. One way to still derive a pseudo-label is to
simply consider the network activations directly. In this case, the generated pseudo-
label is, strictly speaking, not a PHOC vector anymore, as its entries are not binary.
The sigmoid activations at the last layer of the AttributeCNN notably encourage an
activation of either zero or one.

Instead of directly taking the network activations for pseudo-labeling, sharpening
may be performed by binarizing the prediction vector. Consider a PHOC vector
4 that has been predicted by an AttributeCNN ¢(-,6%) at some point during self-
training. The pseudo-label § is derived by binarizing at a fixed threshold of 0.5.

0 if a;<05
y=a, with a; =41 if a;>05 (56)

Using the network predictions as pseudo-labels directly or in a binarized form disre-
gards any knowledge on the structure of a plausible PHOC vector. Attributes that
are present in lower levels must reoccur in higher ones. In order to ensure structural
consistency and to further include language information in the training procedure,
lexicon-based recognition may be used for pseudo-label generation. Even though the
AttributeCNN used in this work is not primarily designed to solve word recognition,
it is feasible to do so if a lexicon is available. Let I. = {lp,...,In} be a lexicon
containing a number of N strings. Each string can trivially be represented by its
corresponding attribute representation L. = {loa, I a}. After the prediction of
an attribute representation & = ¢(x, 6), word recognition is performed in the fashion
of a nearest neighbor search over the lexicon. The recognition result *[ is the lexicon
entry with minimal cosine dissimilarity between the respective attribute vectors.

I* = argmin deg, ('a,4) . (57)

lell

The final pseudo-label is derived as the attribute representation of the recognition
result ¥ =" a.

Obviously, introducing a lexicon at the training stage introduces further require-
ments on the applicability. To efficiently perform lexicon-based sharpening, it is
necessary that an inaccurate lexicon is sufficient. Aiming at the exploration of new
datasets where no annotations are available means that the exact lexicon is unknown.
In our experiments, we investigate the use of a language-based lexicon, meaning that
similar to the synthesis stage, we use the most common 10,000 English words as the
recognition lexicon. This only introduces the assumption that the language of the
target dataset is known before training the model.

4.5 CONFIDENCE ESTIMATION

Using pseudo-labels to train a neural network results in a training dataset of poor
label quality, as especially early models may be inaccurate. Nonetheless, prediction
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quality differs for various parts of the dataset and it is likely that a small portion of
labels are at least partially correct. The goal of confidence estimation in the context
of self-training is to identify these correct predictions without knowing the actual
annotation. Therefore, a numerical value is required that quantifies how likely it is
that a given prediction is correct.

At the training stage, the confidence estimate can then be used to negotiate be-
tween novelty and quality of the pseudo-labeled training set. Removing only few
samples with the lowest confidence from the training set or training on all offers the
highest variance as the number of training samples remains high. Especially in the
beginning of the training process, this will also lead to a training set of low quality as
predictions are presumably poor. On the other hand, training on samples exclusively
with high confidence is supposed to increase the label quality of the training set, but
effectively reduces its size, making it prone to overfitting effects. In summary, the
confidence measure is a tool to balance the size and variance of the training set and
its label quality over the entire training process.

A confidence measure essentially constitutes a function ¢ : Z,® — IR that maps an
input image I € 7 to a real valued number based on a set of model parameters 6 € ©.
In the literature, most self-training methods for training classification models use the
activation of the neuron corresponding to the predicted class as a form of confidence
estimate. This is not directly feasible for the retrieval and recognition models of
this work, as the prediction tasks are either a multi-class classification or sequential
problem. We still follow the idea of using the network activations and derive several
confidence measures based either on the predicted attribute representation & or the
prediction sequence §.

Sequence-based Confidences

At each time step of the recognition sequence, the decoder of the sequence-to-
sequence model outputs a vector of pseudo-probabilities d; over the character set.
For each character, we consider its corresponding activation as a numeric estimation
of how confident the network is in the respective prediction. In the proposed self-
training procedure, a sample is either included in the training set or neglected based
on a total confidence value. Therefore, the individual character confidences have to
be summarized in a single value quantifying the pseudo probability of the prediction
sequence to be correct. Summarizing the character confidence is either performed by
taking the mean of the character confidences or the minimal confidence estimate:

1< .
Cmean = 7 % max (d;) Crin = m%n(max(dt)). (58)

In order to investigate the potential performance loss of the introduced confidence
estimate, we further experiment with an oracle confidence measure. A perfect esti-
mate that fulfills the previously discussed requirements of the training procedure can
be easily derived if the annotation is taken into account. From a practical perspec-
tive, this is infeasible but allows for the performance drop caused by a suboptimal
confidence estimation to be quantified. For the sequence-to-sequence model, we use
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the Levenshtein distance between the prediction sequence and its annotation as an
oracle confidence estimate:

Coracle = Levenshtein(§,y). (59)

Attribute-based Confidences

Retrieval relies on the prediction of an attribute representation 4. We model each
attribute A; as a binary random variable following a Bernoulli distribution. The
output of the attribute CNN is given by & = ¢(x,6). Each element of the output
vector is considered an estimate 4; ~ p(A; = 1|x) for the probability of the i-th
attribute being present in the word image x. Here, we only consider PHOC vectors
as attribute representations as they are most commonly used.

Similar to the sequence model, a confidence measure may be built directly upon
the network’s outputs. In case of a PHOC vector, an ideal prediction would give a
vector with either a zero or a one for every entry. An attribute is considered to be
present in the word image if its pseudo-probability &; ~ p(A; = 1|x) lies above a
value of 0.5. For defining a confidence estimate, we neglect all attributes that are not
present according to the prediction. The final value results from taking the average
over all present attributes:

Zgbx@

a;>0.5

Z p(A; = 1[x). (60)

a;>0.5

While only considering present attributes is a straight forward generalization of
using a class activation as a confidence estimate, it neglects most of the information
of the predicted PHOC vector. In most cases PHOC vectors and therefore also
their estimations are rather sparse. Most of the entries are usually zeros and won’t
contribute to the previously introduced confidence measure. For an estimate of high
confidence it is not just desired that present attribute activations are close to one, but
also that entries of absent attributes are zero. This characteristic can be quantified by
using entropy as a confidence measure. From the perspective of information theory,
entropy measures the amount of information received by observing a random variable
[Bis06]. The observation of a random variable with minimal entropy does not hold
any information. Therefore, there is no uncertainty about the realization of the
random variable. In this case, low entropy corresponds to high confidence in the
network’s predictions. Following the interpretation of an attribute as a Bernoulli
distributed random variable A;, its entropy is given by

H(A;) = —a;log(a;) — (1 —a;)log(1 — ;). (61)

To model the confidence of an entire attribute vector, we compute the negative joint
entropy over all attributes. We assume conditional independence among attributes.
The joint entropy over all attributes is then computed by the sum over the entropies
of the individual random variables.

C = —H(Al,...,AD) = _ZH(Az)
‘ (62)
iloga; + (1 —a;)log(1 —a;).

HMb
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SELF-TRAINING

Algorithm 2 : Self-Training with Confidence selection
Input :Synthetic data S = {(s(?),y),..., (s™), yn)}; unlabeled training
images X = {x(o), . ,X(M)}; number of training cycles K;
Model ¢(-, 8); confidence measure c(-,6);
1 Train initial model ¢(-,0") on S
2 for k< 0 to K do
3 Derive pseudo-labels for X:  § = ¢(x, %) for each element x in X
4 Sort X w.r.t confidence: X = {x(o), coxW) ,X(M)} with
c(x,0F) > ¢(x(+1) gF);
FEither:
Select j most confident samples Xcon s = {X(O), . ,x(j)};

Or:
Select all samples with ¢(x(?),6%) > 7

9 Xtrain — {(X(0)7 @O) ) (X(M)aﬁM)}
10 | O« train ¢(-,0%) on Xirain

® N o w;

Additionally, we also introduce an oracle confidence measure for the AttributeCNN
exploiting the annotations. Using string-based attribute representations, such as the
PHOC encoding, results in mapping both strings and the network predictions into
a common embedding space. A confidence estimate may be defined based on the
cosine similarity of the predicted attribute representation and the attribute repre-
sentation of its annotation. Here, a high dissimilarity corresponds to a prediction of
low confidence:

Coracle = dcos (la7 ﬁ) (63)
Confidence for Pseudo-Label selection

The main requirement to successfully integrate confidence estimation in a self-training
scheme is that the following assumption holds true. Let x(!) and x(2) be two word
images, with corresponding predictions ¢j; and {» and annotations y; and ys. For a
given confidence function ¢ the following relation needs to be generally fulfilled:

c(x,0) > c(x?,0) = P51 =w1) > PG = 12). (64)

If that is the case, pseudo-labels with high confidence are more likely to be correct
compared to low-confidence predictions.

As shown in Algorithm 2, Algorithm 1 can be extended as follows. After making
predictions for the entire unlabeled dataset X, a confidence value is determined for
each sample. This allows the unlabeled dataset to be sorted with respect to its
confidence estimations. Under the assumption that low confidence estimations are
highly erroneous, we aim to remove inaccurate pseudo-labels at each training cycle.
One option is to define a training schedule and always include a fixed percentage
pi of the unlabeled training data. Manually designing such a selection schedule has
the drawback of introducing a number of hyperparameters which need to be tuned,
potentially without having a validation set available. On the other hand, it offers
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full control of the number j = py - |X| of training samples included at each training
cycle.

Alternatively, sample selection may be performed introducing a threshold 7. In this
case, the number of hyperparameters is reduced to choosing only a single threshold
value. The main drawback with introducing a single threshold is that it is possible
that only a limited number of samples surpass the threshold over the course of
training. This bears the potential that the model overfits on a small number of
confident samples and converges without ever including most of the other pseudo-
labeled samples. As shown in the later experiments, this is not the case as the
network becomes increasingly more confident in its predictions over the course of
training. In this case, novel samples are introduced at each training cycle. Therefore,
working with a fixed threshold automatically balances label quality and novelty.
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EXPERIMENTAL EVALUATION

The theoretical background and empirical results on self-training in other areas give
a strong motivation for an application to handwritten document analysis. Following
the method discussed in Chapter 4, the concept of self-training can be realized for
the presented handwritten word recognition and retrieval models. In this thesis, the
effectiveness of the approach is evaluated in an empirical fashion. The conducted
experiments shall provide empirical evidence for the following questions that immi-
nently arise regarding the proposed method and its core components.

How can an initial model be derived solely by training on synthetic
data? Self-training relies on training an initial model that is then adapted with
unlabeled data. Most works train such an initial model on a small labeled dataset.
As this already introduces manual annotation effort, our goal is to train an initial
model solely on synthetic data. The experiments in Section 5.4.1 show that training
an initial model on synthetic data with satisfactory performance is feasible, but
requires certain consideration with respect to the synthetic dataset.

Does an adaptation of language properties of the synthetic dataset have
direct implications on model performances? Only few works consider the prop-
erties of a synthetic dataset and their influence on model performances in the context
of handwritten word synthesis. As a well performing initial model is crucial for the
success of self-training, several experiments are conducted that consider synthetic
datasets with different properties. Section Section 5.4.2 presents a series of experi-
ments showing that training on synthetic data constitutes a form of implicit language
modeling and, therefore, the language properties of a synthetic dataset have clear
implications for the models.

Can classification networks trained on synthetic data capture visual
properties of a target dataset and how does the visual adaption of the
synthesis approach influence performances? Adapting the visual properties
of a synthetic dataset without labels from the target domain is performed by the
proposed classification networks and inferred distributions on fonts and slant angles.
The experiments in Section 5.4.3 verify that this calibration approach is able to
capture style information which leads to a visually more similar synthetic training
set. In general, the common assumption that maximizing the visual variance by
basing the synthesis approach on as many fonts as possible is empirically confirmed.

Does self-training allow the considered models to adapt to a target
dataset without the need for manually labeled data? The core question
of this thesis boils down to showing that self-training closes the performance gap
between models trained on synthetic data and models trained in a fully-supervised
fashion. As the proposed method does not require manually labeled samples, the
resulting model is annotation-free. The experiments in Section 5.4.4 show that the
basic implementation of self-training already leads to significant performance gains
and well performing models result in the absence of labeled data.

Do the proposed confidence measures capture prediction quality? Gen-
eralizing the concept of confidence estimation to the AttributeCNN and sequence-to-
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sequence model relies on the introduction of quantitative confidence measures. The
main assumption that higher confidence values coincides with higher probability for
a correct prediction is crucial. Quantitative and qualitative results of the experi-
ments in Section 5.4.5 show that the proposed measures capture prediction quality
and result in an interpretable confidence estimation.

Is a confidence-based selection of pseudo-labels beneficial for self-
training? Even though a model may be able to quantify its prediction quality by
means of a confidence measure, this does not directly imply that selecting pseudo-
labels based on high confidence is beneficial in self-training. Selecting pseudo-labels
essentially requires a trade-off between prediction quality and variance to avoid
overfitting. The proposed integration of confidence estimation by either using fixed
schedules or thresholding is shown to effectively increase performance and robustness
of the training scheme. The quantitative results in Section 5.4.5 and Section 5.4.6
give a clear answer to whether to include confidence estimation in self-training and
verify the applicability even in the absence of a validation set.

Answering the previously raised question on self-training for handwritten word
recognition and retrieval relies on empirical experiments. In order to provide compa-
rable and interpretable results, the method is evaluated on four established datasets
with respective benchmark protocols for retrieval and recognition. Details on their
characteristics and protocols are provided in Section 5.1. Performances are measured
by mean average precision and error rates, which are introduced and discussed in Sec-
tion 5.2. As the conducted experiments are inherently of random nature, significance
testing and the consideration of confidence intervals is important and follows the ap-
proach presented in Section 5.3. All quantitative and qualitative results providing
answers to the key questions are discussed in detail in Section 5.4.

5.1 DATASETS

In order to provide empirical evidence for the different methods presented in this
work, experiments are conducted on four different benchmark datasets. All datasets
are established benchmarks in the document analysis community. Following the re-
spective evaluation protocols allows for a direct comparison with other works in the
literature. While all datasets consist of handwritten word images, their appearance
strongly varies across the different benchmarks. See Figure 23 for a selected examples
of all datasets. By considering documents of contemporary as well as historic nature
that are written by a single or multiple writers, we aim at underlining the general
applicability of the proposed approach. Furthermore, the datasets show significant
differences in the size of the available training and testing material, which repre-
sents the challenge in a real world application. Beside the presented benchmarks for
evaluation, a publicly available synthetic dataset serves as an additional baseline.

George Washington Letters

The George Washington letters constitute a historic document collection that is
based on images from the George Washington papers at the US Library of Congress
[Wasb4]. It resulted from the digitization of letterbooks capturing the correspondence
of George Washington written in English. A first definition of the benchmark in the
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Figure 23: Example word images from the historic (GW, BT), contemporary (CVL, TAM)
and synthetic (ITIIT) datasets.

context of document image analysis was published in [KLPO01]. Later, a small excerpt
of the document collection was established as the defacto standard benchmark for
evaluating word recognition and retrieval methods [Gio+17]. As proposed in [LRM04;
RMO7], twenty pages were selected from a designated letterbook. This letterbook is a
handwritten copy of the original [SF16] and, therefore, it is commonly agreed that all
pages were written by a single writer. The general appearance of words and writing
style is rather homogeneous. 4, 860 words were manually segmented and annotated,
constituting a total of 1,124 unique strings. Due to its long standing tradition as
an evaluation benchmark, multiple splits and evaluation protocols exist for word
retrieval and recognition.

For recognition, we follow the protocol established in [Tol417; Dut+18]. The
dataset is split into training, validation and test according to the first partition
proposed in [Fis+12]. Capitalization and punctuation is considered as annotated.

Retrieval is evaluated following the protocol first described in [Alm+-14]. All
strings are mapped to their lowercase correspondence and punctuation is removed.
The twenty pages are split into fifteen pages for training and five pages for testing.
Splitting is performed four times with the same selection as in [Alm+14]. The final
performance measure of the four-fold cross validation results from the mean over
the four test cases. In the case of query-by-example, each word image of the test set
serves as query once. Similarly for query-by-string, each unique string of the test set
is considered as a query.

Jeremy Bentham Manuscripts
The Jeremy Bentham Manuscripts is a historic document collection written in the

18th and 19th century [LM81]. The documents contain works on philosophy, law and
morality authored by Jeremy Bentham. In a large crowdsourcing effort, the Tran-
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scribe Bentham project has been creating manual transcriptions for the collection
[CW12; CT14; Cau+18]. By March 2023 a total of 30,540 pages had been entirely
transcribed. As the documents were not exclusively written by Jeremy Bentham
himself but also by a number of secretaries, the writing style changes considerably.

In 2014, an excerpt of 50 pages was established as a keyword spotting benchmark
in the ICFHR2014 Competition on Handwritten KeyWord Spotting [Pra+14]. The
subsequent competition at ICDAR 2015 [PTV15a] was based on the same collec-
tion containing a larger number of 70 document images. Both competitions define
segmentation-based protocols for query-by-example word spotting. Query words are
taken from a predefined list that has been published alongside the competition. The
respective datasets are not entirely annotated but only provide a list of words that
are relevant with respect to a given query. Therefore, a numeric evaluation of query-
by-string is not feasible even though the proposed model has the capability. While
[Pra+14] uses a different relevance criteria for computing the mean average preci-
sion, we stick to the standard performance measure as described in Section 5.2. A
comparison to the literature is still possible as most methods have been reevaluated
under the standard approach in [ZPG17].

Even though no classic recognition benchmark exists for the Bentham Manuscripts
it still has been used in this fashion in [Mat+21a]. Based on [Vil416], the authors
propose a question answering benchmark and therefore created the BenthamQA
dataset with word level annotations. They also report recognition results of a system
entirely trained without training material from the target domain to which we can
draw a direct comparison.

IAM Handwriting Database

The IAM Handwriting database was specifically created with the goal of establishing
a benchmark for handwriting recognition tasks [MBO02]. For this purpose, forms were
created that contain text from the Lancaster-Oslo/Bergen corpus [JLGT78]. These
forms were handed out to different writers which were instructed to copy the given
text in their own handwriting. A total of 400 different persons took part in the
creation of the dataset resulting in 1066 pages of modern handwriting. Due to the
artificial creation process, the images are of high quality and contain comparably
clean handwriting on a light background. The challenge of the dataset lies especially
in the large variation of writing styles resulting from the numerous different writers.
The dataset was rapidly adopted by the document analysis community and has
served as a handwriting recognition benchmark up to today.

We follow the predominantly used evaluation protocol as described in [MBO02].
Evaluation is considered to be case sensitive and the test set also contains punctu-
ation marks. An additional challenge of the dataset is posed by the fact that each
writer either contributed to the training or to the test split. The recognition model
does not have access to annotated training material for a specific writer and is,
therefore, required to be writer independent.

Due to its large scale and challenging characteristics, the IAM database was also
adopted as a word spotting benchmark. The most commonly used protocol was
defined in [Alm+14]. The authors removed all words that have been marked to have
a dubious annotation. These marks were created during the annotation process,
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whenever the handwritten text may diverge from the text prompt on the given form.
Each word image of the test set serves as a query once, except the official list of stop
words. For query-by-string, each unique string from the test set is used as a query.

CVL Database

For the creation of the CVL Database published in [Kle+13], a predefined text was
given to different writers which was then copied in handwriting. In contrast to the
TAM, the selection of texts is significantly smaller as only seven different texts were
used. It is noteworthy that two of these texts are in German while the rest are
written in English. For all later experiments, we ignore this fact and follow the exact
same procedures as for the datasets entirely written in English. The focus of the
dataset was especially the evaluation of writer identification and writer retrieval
tasks. Therefore, a total of 311 different writers contributed to the dataset. An
additional specificity of the dataset is its uncommon split in training and testing.
The CVL training set is smaller than the test set by a factor seven.

Even though it was created for the purpose of writer retrieval, the CVL database
may be used for the evaluation of handwriting recognition as word level annota-
tions are available. We follow the same protocol as [Kan20; Abe+21] to allow for
a fair comparison. Small and capital letters are considered different symbols and
punctuation is included as annotated.

HIT-HWS

In the literature on handwritten document analysis, using synthetic data to pretrain
models is common practice. Nonetheless, the actual synthetic datasets are rarely
publicly available. One of the first published synthetic datasets of handwritten word
images is the IIIT-HWS dataset first described in [K.J16]. The dataset was the foun-
dation for a line of research concerned with learning word image representations
for recognition and retrieval [KDJ18; KJ19; KDJ23]. It was further picked up by
the community and was also used for pretraining AttributeCNNs in [GSF18]. The
dataset consists of a total of nine million word images which were rendered from
a vocabulary consisting of 90,000 words. Different variants of capitalization were
applied with either all, none, or the first characters being in uppercase. A diverse
set of TrueType fonts was used that generally resembles handwriting. The authors
define two variants of the dataset with IIIT-HWS10K that only uses a subset of
10,000 words opposed to the IIIT-HWS90K which includes the entire dataset. In
this thesis, both versions are used as an example for a generic synthetic dataset from
the literature without any model or domain specific considerations.

5.2 PERFORMANCE MEASURES

Comparing different models in order to draw conclusions on the methodological
contribution is easiest when model performance can be summarized in a numeric
performance measure. Several measures are established in the literature making
them a natural choice for the following experimental evaluation and allow for a
direct comparison. Retrieval systems are usually evaluated and compared in terms
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of mean average precision, while text recognition systems rely on character and word
error rates.

Mean Average Precision

In general, a retrieval system returns an ordered list of items with respect to a given
query. The elements in this list can either be relevant or irrelevant. Considering
a word spotting application, the query represents a word which is supposed to be
retrieved from a document collection. Usually, a retrieval list item is only considered
relevant if the annotations of the item itself and of the query are equal. The perceived
quality of a retrieval list depends on several factors. Recall is the number of retrieved
relevant items over all items from the dataset relevant to the query. Mathematically,
it can be defined as follows [BR11, pp. 135-136]. Let D be a dataset of size J and Rq a
retrieval list of size K with respect to a given query ¢. In general, Ry C D and K < J
hold true. The relevance criteria can be summarized as a function rel : D — {0,1}
that maps an element to one if it is relevant with respect to the query and zero
elsewise. With dj, € D and 7, € Rgq, the recall r is defined as

K rel(ry)
> rel(dy)
Therefore, the recall describes the fraction of the number of relevant items in the

retrieval list to the number of relevant items in the entire dataset. Despite the goal
of retrieving all elements from the dataset, the fraction of relevant items and the

T(Rq) = (65)

length of the list is desired to be high. This property is summarized as the precision
of a retrieval list [BR11, pp. 135-136]:

KT‘e T
p(Ry) = ZH A0 (66)

In the case of segmentation-based word spotting, the pure computation of recall
and precision does not allow for any insights in model performance. Usually, the
system returns all elements of the dataset which boils down to a recall of one for any
given query. As precision also does not depend on model performance in this case,
a numeric measure is required that captures how well the provided list is sorted.
The expectation of the user is that relevant items occur in the beginning of the list
while irrelevant elements remain at the end. This desired characteristic is captured
by the average precision. Considering the retrieval list to be a binary list of either
relevant or irrelevant items, the mean average precision relies on the computation of
the precision over different portions of the retrieval list. Specifically, the precision is
calculated at different positions k& whenever the recall level changes. With p; being
the precision of the list up to the k-th element, the average precision is defined as

_ Z{( pi - rel(rg)
AP(Rq) = 2‘1] rel(dy)

Figure 24 visualizes a toy example of a retrieval list of size six with three relevant

(67)

items. A perfect ordering would correspond to an average precision value of 1. More
relevant items at the end of the retrieval list result in a lower numeric value of the
average precision. This captures the desired characteristic and perceived quality of a
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... AP=3-[(1- 1)+ (- D+ (5 D] =10
.. . AP =3-[(-1)+ (3 - D)+ (- 1)] =087
. .. AP =3[ D+ G D)+ (G D] =047

Figure 24: Example of the computation of the mean average precision. Each row represents
a retrieval list with black squares being relevant with respect to a query.

retrieval list. To compare different retrieval systems, the average precisions over the
query set are averaged resulting in the standard performance measure mean average
precision [BR11, pp. 140-141].

Character and Word Error Rate

The standard evaluation metrics for text recognition are character and word error
rates. A word can be considered a sequence of characters from a predefined alphabet.
The character error rate is based on the comparison of two sequences with the
Levenshtein distance. The Levenshtein distance is an edit distance that is defined by
the number of operations that are required to transform one sequence into another
[BR11, p. 222|. Possible operations are substitution (.5), insertion (I) and deletion
(D). For a given word with an annotation of length N, the character error rate is

computed as
S+I1+D

N
In the same way, the word error rate can be defined for a sequence of words, for

CER = (68)

example that which results from a text line-based recognition system. As in this
work only individual words are considered, the word error rate simplifies to the
fraction of wrongly predicted words. With respect to the Levenshtein distance, a
wrong prediction can be considered a required substitution. Therefore, we can define
the word error rate over a number of N words as

S
WER = . (69)

5.3 SIGNIFICANCE TESTING AND INTERVALS

The experiments in this work are in most cases the result of combining numerous
stochastic processes. Data synthesis relies on randomly sampled parameters. Aug-
mentation methods randomly introduce variations and also the optimization and
initialization of neural networks involve stochastic processes. In order to account for
the random nature of the presented experiments and in order to extend the inter-
pretability of the results, significance tests are performed for all retrieval experiments.
Furthermore, we provide confidence intervals for the recognition experiments.
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In the area of word spotting, it is common practice to summarize and compare
performances of a system based on the mean average precision. Especially when
test benchmarks and the numerical differences in performances are small, it is not
obvious if the observed difference results from methodological superiority or mere
chance. This is of special interest when different configurations of a method are com-
pared motivating specific design choices. Answering the question whether a change
of in a method results in significant performance gains requires more than a single
quantitative performance measure. As proposed in [SF18], running a permutation
test [SACOT7] gives further insights into the statistical significance of a performance
difference. Comparing two retrieval systems is based on the average precisions with
respect to a set of queries. As the results in the literature only report single mean
average precision values, we are only able to run permutation tests for the evaluation
of the models developed in this thesis.

Consider two word spotting models that are evaluated on a given benchmark
with a predefined set of queries. In this case, both systems produce a retrieval list
for each query and performances can be summarized in terms of average precision.
As a result of this process, we observe two mean average precisions. Hence, a per-
mutation test is supposed to determine if the two systems are significantly different.
Therefore, the null hypothesis is formulated, which is that both systems are actually
identical [SACO7]. If both systems are identical any permutation of the resulting
set of average precisions is equally likely. Based on this assumption, the p-value or
stgnificance level can be computed. The exact p-value is the number of permutations
that resulted in a mAP difference greater than the observed value for the original
system divided by all possible permutations. In a practical application, computing
all possible permutations is usually not feasible as the number of permutations grows
exponentially with the number of queries. This makes the approximation of the p-
value necessary. Monte-Carlo sampling of random permutations allows an estimate
P of the actual p-value to be derived. It is desirable to quantify how accurate this
estimation is in order to allow for an interpretation of the significance test. In other
words, the question is how many permutations are required so that the standard
deviation of the approximated p-value sp is small. As discussed in [SACO7], given
a described standard deviation, the required number of random permutations can
be derived. With p being the real p-value, the number of random permutations k is
directly related to the standard deviation s; of the estimate:

5 = p(lk—p) N k:p(lsg?p)_ (70)

Given the desired standard deviation, an upper boundary for the number of required
permutations can be computed. With p = 0.5, k describes the number of random
permutations that result in an estimated p-value with a standard variation equal or
smaller than sp:

1
k= 3
4325

(71)

In the later experiments, we follow the same parameterization as in [SF18; Rot19].
A precise approximation of the p-value with a maximal standard deviation of s; =
0.0001 requires k& = 250,000 permutations. During random sampling, it is ensured
that each permutation is unique. Two models are considered significantly different
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if the estimated p-value lies below the significance level of « = 0.05. If a result
is significantly better or worse than its respective baseline, its mAP values will be
noted in italics.

All recognition experiments are quantitatively evaluated in terms of error rates.
Due to the random nature of the conducted experiment, the provided error rate can
be only considered an estimate of the actual error rate. Typically, recognition tasks
are considered Bernoulli processes that follow a binomial distribution [BCDO01]. An
observed word accuracy describes an estimate p based on the fraction of correctly
classified patterns k over the total number of all patterns n with p = % If nis
large enough, the Wilson interval [BCDO1] can be derived from solving the following

quadratic equation:
2

k
(n+)p* = 2k +p+ — =0. (72)

The value ¢ describes the probability with which the actual accuracy lies in the
confidence interval. Here, ¢ = 1.96 corresponds to a probability of 95%. The final
confidence interval is derived by computing the solutions of Equation 72 given by

2%kt ((2k+c2)>2_n( k2 3)

Puto = 2(n+ c?) 2(n+c?) n+c?)’

5.4 RESULTS

In this section, a series of experiments is presented that shows the effectiveness of the
proposed self-training method and tries to provide insights into the raised researched
questions. Section 5.4.1 to Section 5.4.3 are concerned with training a model on syn-
thetic data which then serves as an initial model for the latter self-training process.
Therefore, we first train both models on a generic synthetic dataset generated by
the process described in Section 4.3 and compare performances to two variants of
a synthetic dataset from the literature. To gain further insights into whether the
language properties of the synthesis procedure influences performance, we conduct
a set of experiments using different synthesis labelsets in Section 5.4.2. Section 5.4.3
provides evaluations with respect to the visual adaptation of the synthesis procedure.

After deriving an initial model, self-training offers the potential to adapt to a
target datatset. Section 5.4.4 provides empirical evidence that this adaptation is
feasible from an initial model purely trained on synthetic data. Furthermore, dif-
ferent strategies for deriving pseudo-labels and their influence on performances are
compared.

As discussed in Section 4.5, confidence estimation in the context of self-training
aims at a beneficial selection of pseudo-labels. In Section 5.4.5, it is shown that the
proposed confidence measures quantify prediction quality. The quantitative evalua-
tion motivates the integration of confidence estimation into the self-training process
by either using fixed portions of the datasets (see Section 5.4.5) or via thresholding
(see Section 5.4.6). Finally, we compare the resulting performances of the retrieval
and recognition models to results from the literature in Section 5.4.7.
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Table 2: Comparison of retrieval performances resulting from training on different synthetic
datasets. All results in mAP [%]. Permutation tests run with respect to our dataset.
Significantly different results highlighted in italics.

GW IAM BTy BTy
Dataset
QBE QBS QBE QBS QBE QBS QBE QBS
IIIT-10K 51.42 63.36 14.54 36.36 30.50 = 18.58 =
IIIT-90K 50.48 61.63 13.66 34.80 25.58 — 15.85 —
Ours 74.69 80.44 57.78 74.50 79.77 = 70.09 =

Table 3: Comparison of recognition performances resulting from training on different syn-
thetic datasets. All error rates in [%)].

GW IAM CVL BTqa

Dataset
CER WER + CER WER + CER WER + CER WER =+

IIIT-10K 42.61 82.26 22 36.10 74.59 o6 37.43 77.23 o3 56.38 94.96 o=
IIIT-90K 44.45 81.19 22 32.80 70.25 o6 35.51 74.53 o3 54.34 94.00 o=
Ours 17.77 45.02 20 21.09 48.39 or 28.19 58.13 o3 23.53 52.29 o4

5.4.1 Training on synthetic data

In order to derive an initial model as a starting point for self-training, we train
the retrieval and recognition models on synthetic datasets. Pretraining on synthetic
data has been investigated in several works in the literature. Nonetheless, only few
datasets are published due to the commonly large size of synthesized datasets and
their random and possibly infinite nature. One exception is the previously introduced
IIIT-HWS dataset. It allows for a direct comparison of models trained on a dataset
generated by the proposed synthesis approach.

In the first step, a synthetic dataset is generated using the pipeline described in
Section 4.3. A total of three million word images are synthesized using all 396 avail-
able fonts and the Gutenberg corpus as a labelset. In this case, the distribution of
words follows their natural occurrences. For a quantitative evaluation, we trained
both the AttributeCNN and the sequence-to-sequence recognition model on the syn-
thetic data until convergence. In this case, training all models for one epoch on
the synthetic data was sufficient due to the number of samples and the comparably
low variance in the synthetic dataset. As is common practice, the AttributeCNN
considers all annotations to be case insensitive for training and evaluation. The
recognition model considers upper and lower case characters as individual symbols
and also considers punctuation. Following the same setup, models for two variants
of the IITT-HWS dataset are trained. The 10K version includes one million images
and, therefore, considerably less word images than our dataset, while the 90K ver-
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sion is larger with nine million images. Table 2 and Table 3 present the resulting
performances on all benchmarks.

Considering retrieval performance, mean average precision values up to 80% in
the case of query-by-string on George Washington can be achieved, despite the fact
that the model has never seen representative samples from the target dataset. In
general, considerable performances are achieved on all benchmarks, motivating the
suitability of the model as an initial model for self-training. Comparing the different
datasets, model performances reflect the presumed difficulty of the tasks, with higher
performances on more homogeneous and smaller datasets, such as George Washing-
ton and Bentham, compared to the IAM database. Recognition performances paint
a similar picture with character error rates around 20% and word error rates around
50%. Naturally, supervised performances exploiting the availability of the training
set achieve higher performances.

An noteworthy observation is that the models trained on the proposed dataset
strongly outperform their respective counterparts trained on the IIIT-HWS datasets.
A closer look at the synthesis procedure of the IIIT-HWS datasets offers potential
explanations [KJ19]. The approach differs especially in the derivation of a label set.
In case of IITT-HWS, a unique set of labels from the Hunspell dictionary is used.
Rendering a fixed number of images per label leads to a uniform distribution of
words. Furthermore, all words are rendered in different capitalization variants with
all letters either being capitalized, lower or only the first letter in upper case. As
the model presented in [KJ19] only uses the synthetic data in a pretraining stage,
the authors motivate this design choice with the argument that the model should
be case-insensitive. The observed performance degradation indicates that a more
natural word distribution and capitalization seems to improve performances.

In terms of dataset size, only marginal performance differences can be observed
comparing the two variants of the IIIT-HWS datasets. Additionally, both of these
datasets are clearly outperformed by the proposed dataset of three million word
images, leading to the conclusion that the sheer addition of more samples does not
improve performances.

5.4.2 Implicit language modeling

One of the main questions when designing a synthesis pipeline is which strings shall
be used for generation. If the considered models only learn independent visual infor-
mation for letters, the choice of the labelset should only have marginal influence on
performance. This assumption is likely to be false, as it is presumed that highly pa-
rameterized neural models also learn language information in the form of an implicit
language model [SRN17]. As indicated in the initial experiments with the IIIT-HWS
datasets in Section 5.4.1, a careful choice of a labelset is likely to be a crucial factor
for performance.

In order to investigate the effect of the choice of labels, the following experiment is
conducted. Four datasets with three million word images are synthesized following
the exact same process using all available fonts. Each dataset only differs in the
labels that represent the available language information.
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Table 4: Comparison of retrieval performances resulting from training on synthetic datasets
with varying labelsets. All result in mAP [%]. Permutation test were run with re-
spect to the Gutenberg labelset. Significantly different results highlighted in italics.

GW IAM BTy BTy
Labelset
QBE QBS QBE QBS QBE QBS QBE QBS
Oracle 84.56 89.74 61.03 76.58 85.06 — 73.19 —
Gutenberg 74.69 80.44 57.78 74.50 79.77 — 70.09 —
Vocabulary 68.97 7886 41.02 67.45 67.40 — 59.57T  —
Randomize 66.45 76.04 44.07 66.84 70.30 — 60.93  —

Table 5: Comparison of recognition performances resulting from training on synthetic
datasets with varying labelsets. All error rates in [%].

GW IAM CVL BTqa
Labelset
CER WER + CER WER + CER WER + CER WER =+
Oracle 20.07 58.42 25 17.86 38.81 o7 6.74 12.72 02 44.83 79.30 o3

Gutenberg  17.77 45.02 25 21.09 48.39 o7 28.19 58.13 o3 23.53 52.29 o4
Vocabulary 33.65 83.42 21 29.49 63.65 o7 35.42 73.81 o3 46.01 87.78 o=
Randomize 45.02 88.49 1s 28.89 62.62 o7 35.08 71.54 o3 63.47 93.83 o=

In order to derive a natural text corpus, the top 100 ebooks available from Project
Gutenberg ! were downloaded. This yielded a text corpus of approximately 14 mil-
lion words. The text corpus includes punctuation, lowercase and capital letters and
all distributions follow the occurrence patterns found in natural text from English
literature.

The presented experiments aim at removing or inserting additional language in-
formation at the synthesis stage. In the experimental setup, it is feasible to define a
labelset that perfectly represents the target datasets by using their respective anno-
tations. From a practical application perspective, it is usually not possible to obtain
such an oracle labelset.

In order to remove language information, a vocabulary is extracted from the
Gutenberg corpus and a fixed number of word images is generated per label. This
approach is similar to the generation process of the III'T-HWS datases as discussed
in Section 5.4.1. In this case, models which are trained on the resulting dataset do
not have any information on the distribution of word occurrences. The extreme case
which tries to remove as much language information as possible uses randomized
strings as described in Section 4.3. Generating randomized strings also removes any
n-gram distribution from the synthesized dataset. Retrieval and recognition models
are trained for one epoch on each of the four datasets. See Table 4 and Table 5 for

https://www.gutenberg.org/ Accessed on 14.02.2024.
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the resulting performances. For retrieval, all permutation tests are run with respect
to the experiment on the Gutenberg dataset.

Focusing the synthesis labels on the annotations of the actual datasets leads to
significant performance gains for the retrieval model. Improvements are comparably
larger for a small dataset such as George Washington in contrast to the IAM dataset
indicating that the choice of the labelset introduces a strong bias to the model. For
a homogeneous dataset with a quite limited test set, this bias actually improves
performances quite significantly. For the recognition model, the experiments offer a
more diverse interpretation. In the case of George Washington and Bentham, a drop
in performance can be observed. Opposed to the AttributeCNN, the sequence-to-
sequence model seems not to benefit from the introduced language bias. The strong
sequential modeling capacity of the recurrent architecture is likely to overfit on the
rather limited label set, which yields a drop of performance. This is not the case for
the IAM database with a larger and more diverse labelset, for which a performance
gain similar to that of the retrieval case can be observed. The CVL database presents
an interesting outlier with a striking jump in performance. This is easily explainable
by the dataset characteristics. On the one hand, using the annotations includes the
occurring German labels which are not part of the Gutenberg corpus. On the other
hand, the diversity of text in the CVL database is extremely limited, allowing the
model to highly benefit from the introduced bias.

The results show that removing language information generally leads to a drop in
performance. Already removing the word distribution by using the vocabulary-based
dataset results in significant performance drops on almost all benchmarks for both
models. This also offers a potential explanation for the poor performances of the
I[IIT-HWS dataset in the initial experiments in Section 5.4.1. Considering the ran-
domization approach, performances generally decrease compared to the vocabulary
dataset, but the influence is comparably lower. This indicates that information on
word distributions is increasingly important compared to n-gram information. Inter-
estingly, in some cases, slight performance gains can be observed when comparing
the randomization to vocabulary models. This is especially the case for the pure
visual retrieval in case of query-by-example. The respective model seems to bene-
fit more from the visual diversity of the dataset than it is hindered by the lack of
language information.

In summation, the experiments clearly show that training a model on synthetic
data can be considered a form of language modeling. This is in line with the litera-
ture on implicit language modeling [SRN17], but in contrast to training a supervised
model, the following problem arises. For supervised training, language information
is modeled by the collection of a representative training dataset while for synthetic
data it is freely chosen independently from the visual generation process. The exper-
iments indicate that focusing the language information towards a specific dataset
may benefit performance but offers the risk of introducing harmful biases. In gen-
eral, synthesizing from natural text, including word distributions according to their
real world occurrences, offers a robust and easily available basis for synthetic data
generation.
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Figure 25: Examples of style adapted word image synthesis. First column shows original
images from each dataset. Second column shows images generated using the font
predicted by the classification network. Column three and four use the two least
frequently predicted fonts for each dataset. The style is likely to be dissimilar to
the original image.

5.4.3 Synthesis Calibration

Besides the selection of a suitable labelset, a synthesis process is mainly defined by
the function f : Y — 7 that maps a label y to a word image I. In the literature
and also in the previous experiments, word images are often rendered by randomly
drawing from a predefined set of fonts. The choice of fonts is entirely arbitrary in
most cases and relies on the fact that respective fonts have been labeled at some
point as handwritten. Commonly, the set of fonts is chosen to be as big and as
diverse as possible. It is likely that a large portion of fonts actually shows a huge
style difference with respect to the target dataset.

In the following experiments, the feasibility of determining a beneficial selection
of fonts is investigated in addition to whether increasing their numbers benefits
performances. Furthermore, the distribution of slant angles is adapted following the
same strategy. We follow the adaptation strategy presented in Section 4.3.1 and use
font and slant classification networks that have been entirely trained on synthetic
data. These style classifiers are then used to derive distributions of fonts and slant
angles by inference on the actual target datasets. Here, the main assumption is, if
the font classifier predicts a certain synthetic font for a given real word image, that
this font is likely to be visual similar. If this assumption holds true, the resulting
distributions of fonts and slants should result in a more representative dataset when
the distributions are integrated in the synthesis process.

After inferring the distributions of fonts and slants for all four datasets, first
conclusions can be drawn from a pure qualitative inspection. Figure 25 shows a
selection of samples from the actual datasets with corresponding synthetic word
images. In all cases, the synthetic image is generated with the most often predicted
slant angle. For each of the real world samples, a synthetic version is generated using
the font predicted by the font classifier. Additionally, synthetic images using the two
least often predicted fonts for each dataset are shown. The given examples show that
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Figure 26: Overview on the histograms derived from predicting fonts and slant angles for
the given datasets. For visualization purposes, the absolute frequencies were nor-
malized to the interval [0, 1].

exploiting the style classification networks yield synthetic samples that are visually
more similar to an actual training sample. This underlines the assumption that font
classification can be used to identify the most similar synthetic font for a given word
image.

Besides looking at the adaptation process on the level of individual word im-
ages, the distributions can also be considered from a dataset perspective. Figure 26
presents the font and slant angle histograms for all four datasets. The goal of the
adaptation process is that the given histograms approximate distributions that en-
capsulate the visual characteristics of each dataset. As shown in the first row of the
figure, it can be argued that this is the case as the font distributions clearly reflect
the number of writers in each of the datasets. Different writers in a dataset usually
result in highly diverse writing styles. In cases such as the IAM and CVL databases,
where a high number of different writers contributed to the collection of data, we ob-
serve the frequent prediction of multiple fonts. This stands in a clear contrast to the
historic datasets of George Washington and Bentham with one or few contributing
writers. In this case, the histograms are clearly dominated by individual fonts.

Considering the slant angle, the dataset characteristics are reflected by the his-
tograms shown in the second row of the figure. Again, a difference between the
modern and historic datasets can be observed.

For IAM and CVL, a frequent prediction of the angles of 0° or 20° can be observed,
corresponding to a rather upright writing style. With respect to George Washington
and Bentham, both datasets contain a writing style with rather strong slant angles.
This is perfectly represented by the derived histograms with 20° and 40° as clear
peaks. All histograms reflect the tendency of the writers to write upright or with a
slant to the right as negative angles are only rarely predicted.

In general, the interpretation of the histograms of fonts and slant angles corre-
sponds to the qualitative perception of the different datasets. The use of the pro-
posed slant and font classifiers allows the visual properties of the datasets to be
encoded, motivating an adapted synthesis process.
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Figure 27: Comparison of query-by example retrieval performances in mAP (upper half) and
recognition performances in WER (bottom half) on adapted synthetic datasets.
Orange indicates performances derived from datasets using the least frequently
predicted fonts. Green represents datasets generated with the most frequently
predicted fonts. Gray corresponds to using all fonts. The number on each bar
shows the number of fonts used for synthesis

Up to this point, the experiments only indicate that using the style classification
networks results in word images with a style similar to the respective dataset. This
does not necessarily mean that training a model on an adapted dataset leads to
performance gains. The following experiment is conducted in order to quantitatively
evaluate the influence on performance using an adapted synthesis process. For each
benchmark, multiple datasets are generated, always using the Gutenberg corpus
and with a total number of three million word images per synthetic dataset. During
synthesis, the slant angle is always drawn from the distribution approximated by
the histogram that has been derived by the slant classification network. In order
to answer the question whether fonts that are more frequently predicted by the
font classifier are better suited for generation, the following approach is proposed.
Synthetic datasets that only use the ten or fifty most frequently predicted fonts of the
target dataset are created. Using the same synthesis process, corresponding datasets
for the least predicted ten and fifty fonts are generated. Additionally, we compare
performances to using all fonts with a uniform distribution for synthesis. In all cases,
we train the retrieval and recognition models for one epoch on the different synthetic
datasets and compare performances in terms of query-by-example and word error
rates on the target benchmarks.

See Figure 27 for a comparison of the resulting performances. Considering the
models trained on a limited number of fonts, a clear superiority of the adapted
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Table 6: Comparison of retrieval performances from self-training on all unlabeled samples
using different pseudo-label generation strategies. All result in mAP [%]. Permu-
tation tests were run with respect to the baseline which is the performance of the
initial model. Significantly different results highlighted in italics.

GW IAM BTy BTi5
Method
QBE QBS QBE QBS QBE QBS QBE QBS
Baseline 74.69 80.44 57.78 74.50 79.77 — 70.09 -
Sigmoid 86.61 70.76 45.24 32.54 80.32 — 59.22 —
Binarized 78.44 62.43 34.94 33.19 35.64 — 37.91 —
Lexicon 93.78 92.71 80.64 85.91 96.38 — 77.56 —

datasets is shown. In all cases, the models trained on the more frequently predicted
fonts outperform the models trained on the least predicted ones. This observation en-
courages the previously made assumption that the set of handwritten fonts contains
writing styles that are better or worse suited for data synthesis. Here, the prediction
frequency of the font classifier is an indication of which fonts to use during synthesis.
In the experiments, we also observe performance gains when the variance inside the
dataset is increased by using more available fonts. This characteristic is less notable
for a rather homogeneous dataset such as George Washington. Using all 396 fonts
that are considered in this thesis results in the best performing models. This leads
to the conclusion that even though visually dissimilar fonts are included during data
synthesis, the additional variance benefits performance.

In summary, the conducted experiments show that a visual adaptation of the
synthesis approach is feasible by using font and slant classification networks trained
on synthetic data. This does not introduce any additional label effort and allows
visual properties of a target dataset to be encoded by its inferred distributions. By
that, more or less similar fonts from a style perspective can be identified. Nonetheless,
simply choosing a large number of fonts and using a uniform distribution seems to
be a valid strategy as the inclusion of less frequently predicted fonts does not hurt
performances and provides a form of additional regularization.

5.4.4 Adaptation via self-training

The previous experiments presented several considerations on how to generate syn-
thetic data for training a word recognition or retrieval model. Even though consider-
able performances can be achieved, naturally they are still far behind performances
of models trained on labeled data. In a given application scenario, especially when
challenging datasets are targeted, performance is possibly insufficient. Starting with
an initial model trained on synthetic data, self-training offers the potential to adapt
to a given target dataset and improve performances without introducing additional
manual labeling effort. In this section, the questions of whether this adaptation is
feasible and whether self-training is able to improve performances upon a model
solely trained on synthetic data are answered.
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Table 7: Comparison of recognition performances resulting from self-training on all unlabeled
samples using different pseudo-label generation strategies. The baseline corresponds
to the performances of the initial models. All error rates in [%)].

GW IAM CVL BTqa

Method
CER WER + CER WER + CER WER + CER WER +

Baseline 17.77 45.02 20 21.09 48.39 o7 28.19 58.13 o3 23.53 52.29 o4

Argmax 14.15 35.14 2+ 13.01 35.88 o7 10.52 31.08 o3 14.67 38.49 o4
Lexicon 14.41 33.16 27 13.96 29.18 o6 16.24 33.93 o3 12.43 28.03 o4

Taking the previous experiments on synthetic data generation into consideration,
all initial models are trained on a synthetic dataset with three million word images
that are rendered using all available fonts and the Gutenberg corpus. Better perform-
ing initial models might be achievable by adapting the visual or language properties
of the synthetic data, but this would introduce further assumptions on the target
dataset. As the main application scenario of the proposed method is the new explo-
ration of a novel dataset without introducing any manual effort, previous knowledge
is to be avoided. The respective synthetic dataset relies only on the assumption that
the text is handwritten and in the English language.

In the following experiments, self-training is performed according to Algorithm 1.
Different strategies for pseudo-label generation are investigated. Model outputs are
either directly considered as pseudo-labels, as in the case of sigmoid activation for the
AttributeCNN, or they are combined with a sharpening function such as binariza-
tion or argmax. Furthermore, additional information is introduced to the training
process by using a general lexicon during pseudo-label generation. In the experi-
mental setup and also in a practical application, this does not require any further
manual effort or additional knowledge of the target domain, as the utilized lexicon
can be directly derived from the synthesis procedure. Here, the lexicon includes the
ten thousand most frequent words of the Gutenberg corpus that has already been
used for generating the synthetic dataset on which the initial models were trained.
Note, that the lexicon is only used during the self-training process. Recognition and
retrieval operate in a lexicon-free manner.

For the retrieval model, we perform self-training for K = 20 cycles and observe
query-by-example and query-by-string performances. In each cycle, all images from
the target dataset X are included in the pseudo-labeled training set Xi;ain. Table 6
presents the performances on all four benchmarks. Permutation tests were performed
with respect to the baseline which is the performance of the initial models. Directly
training on sigmoid activations as pseudo-labels does not lead to any beneficial
adaptation in most cases. Performances are significantly worse, except for query-by-
example on George Washington and the Bentham 2014 benchmarks. These datasets
show the highest initial performances, indicating that an adaptation is only feasible
with a certain overall pseudo-label quality. The fact that query-by-string perfor-
mances degrade particularly strongly indicates that training on erroneous pseudo-
labels heavily affects the prediction of character information encoded as attributes.
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In contrast to the expectation, exploiting the a priori knowledge on the PHOC vec-
tors by binarizing the network outputs has a harmful effect on performances. This
form of sharpening seems to enforce the influence of faulty predictions, making them
even worse training targets. In the case of the retrieval model, one can conclude that
the general quality of the initial model is not sufficient to effectively learn from the
predicted pseudo-labels. Introducing the lexicon at the stage of pseudo-label gener-
ation overcomes this problem by introducing an additional form of regularization.
Training on pseudo-labels generated by word recognition based on the general lexicon
leads to large performance gains with respect to the initial model. The achieved per-
formances result from only training on synthetic and unlabeled data in combination
with an easily accessible generic lexicon.

Self-training of the recognition model is performed with the same strategy. An
increased number of cycles with K = 50 is performed as preliminary experiments
showed that the sequence-to-sequence model needs a longer training period to con-
verge. The results in Table 7 show that adapting the model is feasible as perfor-
mances generally improve upon the baseline. In contrast to the retrieval model, the
integration of a lexicon into the training process is not essential for successful adap-
tation. Already directly considering the predictions as pseudo-label leads to strong
performance gains on all benchmarks. Mapping the network outputs to a charac-
ter prediction can be seen as a form of sharpening which is a common technique
in self-training. Incorporating the lexicon in the training process mostly leads to
further performance gains, especially with respect to word error rates. The lexicon
apparently helps to regularize the sequence predictions during pseudo-label gener-
ation, allowing the model to better learn the sequential information. For the CVL
database, the results offer an interesting insight into the influence of the choice of
lexicon. Due to the highly limited number of unique words in the dataset and also
due to the inclusion of German words, the lexicon extracted from the Gutenberg
corpus is quite different from the actual dataset lexicon. Using such a dissimilar lex-
icon which also lacks parts of the dataset words still leads to an improvement upon
the baseline without self-training, while using no lexicon at all is clearly superior.

In conclusion, the conducted experiments show that self-training allows models
initially trained on synthetic data to adapt to a target dataset, leading to significant
performance gains. A clear difference between the two models can be observed. While
the recognition model can be directly adapted via self-training, the retrieval model
requires further regularization by a lexicon. This characteristic hints at the stronger
capacity of the sequence-to-sequence model to implicitly model language information
resulting from training on the synthetic dataset. The recognition model still benefits
from directly incorporating the lexicon, but the AttributeCNN adaptation without
a lexicon is hardly possible.

5.4.5 Confidence estimation

At its core, self-training relies on training on pseudo-labels. It is assumed that a
higher pseudo-label quality in terms of prediction accuracy leads to better adaptation
and higher performances. Many works try to enhance the quality of the pseudo-
labeled dataset by removing samples with inaccurate predictions. For example, in the
case of a traditional classification network, samples with lower neuron activation at

89



EXPERIMENTAL EVALUATION

Squence-to-Sequence AttributeCNN
60 T T T T 60 T T T
50 |- | === Cmin / 50 - Csigmoid R
Cmean = Centropy
g 40 |- Coracle N g 40 |- Coracle <
o 30 - = o 30+ =
£a) £a)
= 20 1 = 20f |
10| . 10| .
‘ | | L 0 ‘ | | L
10% 30% 50% 70% 90% 10% 30% 50% 70% 90%

Figure 28: Word error rates over different parts of the IAM test set. The dataset is sorted
by its confidence estimates.

the output layer are removed. This technique can be considered a form of confidence
estimation with the goal of quantifying the confidence of the network in a given
prediction. As discussed in Section 4.5, this work aims at generalizing this principle
to the considered AttributeCNN and sequence-to-sequence recognition model.

The first question that needs to be answered is whether the proposed confidence
estimates provide a quantitative estimation of the prediction quality in absence of
the respective annotation. In general, this boils down to the assumption formulated
in Equation 64. The following experiment gives a first indication whether a higher
confidence value provided by the proposed methods coincides with higher prediction
quality. Consider the models that serve as initial models which have been solely
trained on synthetic data. Here, specifically the synthetic dataset using all fonts and
the Gutenberg corpus is used as the training set. The corresponding performances
on the test set can be found in Table 2 and Table 3. If the proposed confidence
measures fulfill the underlying assumption and quantify prediction quality, better
performance should be observed for more confident samples. Therefore, we sort the
dataset samples according to the predicted confidence values and observe the word
error rates of the pseudo-labels for different parts of the dataset. It is noteworthy
that for the retrieval model we also report word error rates even though the model is
not inherently designed for recognition. Nonetheless, lexicon-based recognition can
be performed following the same method as for lexicon-based pseudo-label gener-
ation. Figure 28 shows the error rates with respect to the most confident x% of
the TAM database. For the other benchmarks, the same plots can be found in the
appendix showing the same characteristics. As an upper baseline, the oracle confi-
dence measures are plotted. The oracle confidences exhibit the perfect confidence
estimation, giving an error of zero as long as correct pseudo-labels are available and
after that a steady decrease in performance is observed. The main observation is
that even though the proposed confidence measures do not have access to the actual
annotations, they are able to mimic the behavior of the oracle confidence measures.
For both models and all confidence measures, lower error rates are observed for those
parts of the dataset with more confident pseudo-labels.

Considering the recognition model, both estimates show slightly worse perfor-
mances for the most confident part of the dataset. This demonstrates that some

90



5.4 RESULTS

che entrrly hiea lounty that
|- &--| [
lortyl Deceou belceve gOd very
% LA VR
[ :
Vienna
q T
> _
o . \
PeriSOY obserue knows
=
aa}
| Low Word Confidence | | High Word Conﬁdence

Figure 29: Visualization of local confidence values derived from combining the character
confidences ¢; and the respective attention weights a;. Red indicates an area of
low confidence, blue an area of high confidence. Word images are sorted by the
total confidence value ¢pean With images of lower confidence on the left.

erroneous pseudo-labels have high coinciding confidences. Comparing the two ap-
proaches of confidence estimation, taking the mean activation over the prediction
sequence seems to be marginally better as its course is slightly closer to the oracle
confidence. Using the minimum also means focusing the confidence estimation on a
single character prediction seemingly resulting in higher sensitivity.

The results for the retrieval model present a similar characteristic. Both confidence
measures coincide with higher prediction performance. Interestingly, including the
absence of an attribute in the confidence estimation by computing the entropy makes
almost no difference. Whether a sample is deemed to be confident or not is, therefore,
mainly determined by the activation of the present attributes. In contrast to the
recognition model, the AttributeCNN seems to suffer less from overconfidence as
both confidence measures are generally better able to mimic the oracle. Especially
in the most confident parts, error rates close to zero can be observed.

In order to further investigate the behavior of the proposed confidence measure,
the following analysis of the recognition model is conducted. The attention mech-
anism integrated in the model directly links a character prediction to a region of
the input sequence. This allows a qualitative impression of which image regions lead
to unconfident predictions to be obtained. The expectation of a well-working confi-
dence measure is that regions with lower confidence are visually ambiguous and also
correspond to prediction errors.

Again, we consider the initial model trained on a synthetic dataset. For a given
sample, the prediction relies on the feature sequence (hg, hy, ..., hy) that is weighted
for a given character at step ¢ by a set of attention weights as. Due to the sequen-
tialization procedure, each feature vector corresponds to a series of image columns.
Therefore, the attention weights can be interpreted as the numerical relevance of an
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image column for a given character prediction. In order to link the local relevance
to the proposed confidence estimation, we simply multiply the attention weights by
the respective character confidence. By considering each character of the prediction
sequence, the entire confidence mass is distributed over the feature vector sequence.
This results in a function C' that gives a local confidence value depending on the
feature vector index i:

N
C(i) = th " Qit (74)
t=0

For visualization purposes, the feature vector index is mapped to the image
columns. Figure 29 shows some examples with the resulting confidence mask over-
layed on the original image. High confidence values are depicted in blue, while red
indicates uncertainty. From a qualitative perspective, the character confidence val-
ues align quite well to the perception of the samples. Several characteristics can
be observed that show the desired behavior with respect to confidence estimation.
For word samples with an overall very low confidence value (i.e. “che”, “lortyl”,
“Tly”, “fossof”, “leper”), large parts of the image are linked to low confidence values
and severe prediction errors can be observed. Nonetheless, the prediction of indi-
vidual characters may still be correct and is also reflected by small parts of the
image considered as confident. For other samples (i.e. “lounty”, “belceve”, “The”,
“mipthy”, “obserue”), the confidence value perfectly quantifies the wrong prediction
of individual characters and localizes the error in the image. In general, prediction
errors often correspond to ambiguous image regions for which an identification of
the actual character without context is mostly unfeasible also from a human point
of view. It is important to point out that lower confidence does not inherently result
in a prediction error. Consider the following samples i.e. “god”, “that”, “very”, “Vi-
enna”, “knows” with a high general word confidence and correct prediction. Despite
the absence of prediction errors, low confidence areas exist and correspond to hard
to classify image regions that are qualitatively prone to prediction errors. Overall,
the analysis shows that for the recognition model the proposed character confidence
numerically captures what would be considered plausible confidence from a human
perspective. Additional to an overall evaluation of a sample, the connection of the
attention weights allows for localization of potential prediction errors.

After the previous experiment clearly showed that the proposed measures consti-
tute a form of confidence estimation, a natural application is using them to identify
correct pseudo-labels. Enhancing the quality of the pseudo-labeled dataset and re-
moving erroneous prediction is assumed to improve self-training performances. The
proposed confidence measures allow the unlabeled dataset to be sorted by the re-
spective confidence values. In order to integrate the confidence estimation in the
self-training process, we follow Algorithm 2. Even with the availability of a confi-
dence measure c(-, 6), it remains an open question how many samples shall be part of
the training set Xiain at each cycle k. In a first series of experiments, the number of
samples was chosen as a portion of the available dataset and a schedule was defined
which increased the number of samples over the course of self-training cycles. As a
result, a direct comparison can be drawn with respect to the influence of different
confidence measures and to training on all pseudo-labeled samples. The total num-
ber of self-training cycles is equal to the initial experiments relying on all samples.
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For the retrieval model, training is consecutively performed on the upper 30% and
60% confident samples for five cycles each. Then, training is continued for another
10 cycles on all samples. The schedule for the recognition model is defined as 60%
and 80% for 10 cycles each followed by 30 cycles of training on all samples. Defining
the selection cycles inherently poses a problem in regard to the application scenario.
Effectively, the introduction of such a schedule means the introduction of hyperpa-
rameters. As the proposed method is designed for scenarios where no annotations are
available, tuning said parameter would be unfeasible. The optimization of hyperpa-
rameters such as finding an optimal schedule requires a validation set, which might
already impose a demanding manual annotation effort. The proposed schedules are
mainly motivated by the experienced optimization behavior of the models and their
performances on the benchmarks in other experiments. Nonetheless, no empirical
optimization of training percentages or cycle counts has been performed, as this
would be out of scope for most applications. Therefore, the considered schedules are
likely to be suboptimal and primarily serve the purpose of comparing the proposed
confidence measures.

With respect to the application of self-training to a novel dataset, the performance
of the initial model is unknown. The experiments in this section reflect this fact by
performing self-training based on two different variants of initial models. An initial
model with comparably high performances is trained based on the proposed synthesis
approach using all fonts and the Gutenberg corpus. To avoid that the conclusions
on confidence estimation rely only on a well performing initial model, the same
evaluation is run starting with initial models trained on the ITIT-HW90K dataset.
Performances on the ITIIT-HW90K dataset are comparably poor for all benchmarks
and for both the recognition and retrieval models.

See Table 8 for the resulting performances of the AttributeCNN including confi-
dence estimation. As discussed in Section 5.4.4, training is performed using a generic
lexicon for further regularization. Permutation tests are run with respect to the
model trained on all pseudo-labels. Considering performance with respect to the
well performing initial model (see Table 8 upper half), the inclusion of confidence
estimation leads to performance gains in just a few cases. Only performances for
query-by-string on TAM and query-by-example on Bentham 2015 are significantly
better than training on all pseudo-labeled samples. This is also the case for the ora-
cle confidence which only marginally improves performance on George Washington.
The observation is entirely different when the initial model with poor performances
is considered. For all benchmarks, except for George Washington, self-training on all
pseudo-labeled samples leads to performance drops and no meaningful adaptation
can be observed. It is rather obvious that this results from the extremely poor perfor-
mances of the initial model on most benchmarks. In the case of George Washington,
which by far has the highest initial average precision values, the model converges
to a reasonable performance that is still below the performance of the previously
considered model resulting from the better performing initial model. Including the
confidence based selection of pseudo-labels drastically improves the results. For all
benchmarks, self-training allows the model to adapt and performances of training
on all pseudo-labels are clearly outperformed. Also for George Washington, where
training on all pseudo-labels is successful, selecting pseudo-labels based on confidence
is significantly better. The resulting performances are in line with the conclusions
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Table 8: Comparison of retrieval performances resulting from self-training with a confidence-
based selection under a fixed schedule. All result in mAP [%]. Permutation tests
were run with respect to initial models (Initial or IIIT-90K). Significantly different
results highlighted in italics.

GW IAM BTq4 BTis
Method
QBE QBS QBE QBS QBE QBS QBE QBS

Initial 74.69 80.44 57.78 74.50 79.77 — 70.09 —
All 93.78 92.71 80.64 85.91 96.38 — 77.56 —
Csigmoid 93.62 93.82 79.72 87.64 96.80 — 87.64
Centropy 93.72 93.70 79.21 87.87 96.63 — 87.97
Coracle 94.42 93.75 80.25 &88.75 — — — —
ITIIT-90K 50.48 61.63 13.66 34.80 25.58 — 15.35 —
All 90.65 90.07 5.54 11.69 5.84 — 12.89 —
Csigmoid 93.97 93.28 75.32 87.46 96.17 — 73.10 —
Centropy 94.60 93.80 76.85 88.77 96.34 — 58.25 —
Coracle 95.09 94.22 78.10 88.84 — — — —

drawn from Figure 28. Comparing the two measures gives only marginal differences
and performances are similar to the results for the oracle confidence.

Table 9 presents the resulting performances for the recognition models. A clear
difference between the sequence-to-sequence model and the AttributeCNN can be
observed with respect to their sensitivity to the initial model performance. While the
AttributeCNN was not able to adapt from the model trained on the ITIT-HW90K
dataset, the recognizer is able to do so despite the poor initial performances. Even
in the case of the Bentham benchmark with an initial word error rate of 90%, self-
training converges and leads to a performance improvement with a word error rate
of 70%. The observed differences between the retrieval and recognition models are
even more striking, keeping in mind that the AttributeCNN exploits a generic lex-
icon during pseudo-label generation which provides further information. Focusing
training on more confident pseudo-labels already outperforms training on all sam-
ples when the better performing initial model is considered (Table 9 upper half).
On all benchmarks, a confidence-based selection improves performances in terms
of character and word error rates. The impact of the confidence measures and the
relative improvement is considerably higher for models trained based on the initial
model from the IIIT-HW90K dataset. Taking the mean over the character confi-
dences generally performs better than the minimum-based approach. As already
observed in Figure 28, focusing on single character confidences seems to introduce
a higher sensitivity. Both confidence measures are outperformed by the oracle con-
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Table 9: Comparison of recognition performances resulting from self-training with a
confidence-based selection under a fixed schedule. All error rates in [%)].

GW IAM CVL BTqa

Method

CER WER + CER WER + CER WER + CER WER =+
Initial 17.77 45.02 290 21.09 48.39 o7 28.19 58.13 o3 23.53 52.29 o4
All 14.15 35.14 27 13.01 35.88 o~ 10.52 31.08 o3 14.67 38.49 o4
Crmean 14.04 34.19 27 11.53 32.97 06 9.97 25.62 03 12.61 31.82 o3
Cmin 14.48 34.28 27 13.09 35.61 o~ 10.57 24.15 o3 13.56 34.32 o4
Coracle 10.40 18.56 22 7.45 2299 o6 8.63 897 o2 552 14.89 o3

IIIT-90K 44.45 81.19 22 32.80 70.25 o6 35.51 74.53 o3 54.34 94.00 o=

All 26.17 60.48 25 24.34 64.13 o7 14.21 46.47 o3 34.05 69.56 o3
Gacam 16.69 42.87 25 15.55 42.65 o7 9.51 31.96 o3 22.83 57.67 o4
Cmin 18.35 49.31 20 17.36 47.65 o7 14.69 45.07 o3 24.56 57.92 o4
Coraaic 15.15 38.49 25 10.41 33.11 o6 9.55 21.38 o3 12.34 36.05 o4

fidence, indicating that further improvements are achievable by a better confidence
estimation.

In conclusion, the experiments in this section showed that the confidence mea-
sures introduced in Section 4.5 allow prediction quality to be quantified. Adding
a confidence-based selection to the self-training process generally leads to higher
performance and an especially more robust training procedure. Especially when per-
formances are initially poor, which is not quantifiable in the application scenario,
the observed impact of the confidence is beneficial. In an extreme case, focusing on
confident pseudo-labels may enable an initial model to adapt to a target dataset
whereas performance otherwise degrades.
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Figure 30: Overview of retrieval and recognition performances under a confidence-based se-
lection (Csigmoid and Cmean) Wwith different thresholds. Self-training with no se-
lection is drawn as a dashed line. For retrieval, permutation test are run against
self-training on all samples. Significantly different results are marked with squares.

5.4.6 Thresholding

The experiments in Section 5.4.5 show that the integration of confidence estimation
in the self-training scheme leads to performance gains and a higher robustness in
regard to a poor performing initial model. Introducing a predefined schedule-based
on fixed portions of the datasets allows different confidence measures to be compared.
For the considered benchmarks, it is feasible to derive consistent schedules for both
models giving robust results. In how far this approach generalizes in a practical
application is questionable, as intuitively the number of selected samples shall not
depend on the number of available samples but only on their prediction quality.
Therefore, whether a pseudo-labeled sample is used as a training sample should be
solely determined by the model and the respective confidence measure.

A possible alternative to choosing fixed numbers of samples is to follow a thresh-
olding approach. As summarized in Algorithm 2, all pseudo-labeled samples with a
confidence estimate below a given threshold 7 are not considered as training samples.
In contrast to the definition of a selection schedule, the number of hyperparameters
is reduced to a single threshold value. From the perspective of a practical application,
optimizing the threshold value in the absence of a validation set is still problematic,
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but has fewer degrees of freedom than using a predefined schedule. For the given
benchmarks, an empirical analysis of thresholding with different values is feasible.

In the following experiments, the retrieval and recognition models are trained
using self-training with a confidence-based selection strategy and thresholding. For
both models, the well performing initial model trained on the synthetic dataset us-
ing all fonts and the Gutenberg corpus is used. The retrieval model uses cgigmoid
as a confidence measure, while the recognition model relies on c¢yean. Following the
previous training setups, self-training is performed for 20 cycles for the retrieval
model and for 50 cycles for the recognition model. The threshold value is varied and
performances are compared to training on all available samples. Note that a thresh-
old value above 0.6 for the recognition model results in the selection of almost no
samples, due to the label smoothing strategy that is applied during training. Numer-
ically, network activations rarely surpass this value, as the network is not confronted
with higher training targets values. Figure 30 summarizes the experimental results of
various threshold values. Training on all samples is considered a baseline, indicated
by dashed lines. Significantly different performances of the retrieval model according
to the permutation tests are represented as squared markers.

The results of the recognition model confirm the general conclusions drawn on
the integration of confidence estimation in self-training. On all benchmarks, lower
character and word error rates compared to training on all samples can be observed
independent of the considered thresholds. Although the highest performances consis-
tently result from using a threshold value of 0.45 or 0.5, it is an important observation
that a suboptimal choice of the threshold value does not hurt performance with re-
spect to not including thresholding. The experiments indicate that the addition of
a confidence-based selection for self-training of the recognition model is generally
beneficial and the choice of a threshold value generalizes to different datasets and
initial performances.

Similar conclusions can be drawn for the retrieval model. Performances are either
on par or better than training on all samples in most cases. For high threshold values,
performances slightly drop, showing that the model is probably more robust towards
a drop of pseudo-label quality rather than to a lack of variance in the training set. For
George Washington and Bentham 2014, only marginal performance differences can
be observed, which is consistent with the results for a predefined selection schedule.
Training based on an initial model with poor performance is likely to lead to an
increase in performance differences when a confidence estimate is integrated.

Overall, the resulting models either perform on par or better than when the pre-
defined schedules discussed in Section 5.4.5 are used. Thresholding results in an
automatic selection of the number of samples that is superior to an unoptimized
heuristic schedule. A closer look at the training behavior of the models reveals the
characteristics depicted in Figure 31, which shows the relative number of samples
that lie above the threshold at each self-training cycle and that are, therefore, added
to the training set Xipain. Here, threshold values of 0.8 and 0.5 are considered for
retrieval and recognition, respectively. No clear relation between the initial perfor-
mances and the initial number of samples above the threshold can be observed.
Over the course of self-training, both models become more confident in their pseudo-
label predictions and increasing numbers of samples are added to the pseudo-labeled
training set. Thresholding based on a fixed confidence value is able to replace a pre-
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Figure 31: Evolution of the relative number of samples above the threshold 7. The sequence-
to-sequence model performs self-training with cpean and 7 = 0.5. The At-
tributeCNN is trained with cggmoiq and 7 = 0.8.

defined schedule. The models are capable of successfully balancing the quality of
pseudo-labels and the growing variance provided by more samples.

5.4.7 Annotation-free application

The main application area of the proposed method is the exploration of a novel doc-
ument collection. In this case, the requirement for representative training material
poses a substantial burden for the application of a deep neural network. Nonethe-
less, word retrieval or recognition is highly desirable to retrieve information from
a respective document collection. This problem is also reflected by the considered
benchmarks and different works in the literature that aim at word recognition and
retrieval without relying on manual annotations.

In the literature on word retrieval, most works fall in one of two categories. On one
hand, a paradigm shift towards deep neural networks has taken place and several
works reported tremendous performance gains in the presence of a labeled training
set [SF18; Rus+18; WB16; KDJ18; KDJ23]. On another hand, several works avoid
the use of any labeled data and, therefore, propose methods that are learning-free
and do not rely on a trained model [Alm+12; KWD14; ZPG17; PTV15a; SRG16;
Alm+14; Ret+19]. These methods do not impose any label effort but in terms of per-
formance are clearly inferior especially when more visually challenging benchmarks
are considered. Works that train models on data that is not directly representa-
tive are rare and often solely rely on training on synthetic data which results in
non-competitive performances [GSF18; KDJ23].

Table 10 presents retrieval performances for George Washington and the IAM
database for annotation-free and annotation-based methods from the literature.
With respect to methods that do not include manual labels during training, the pre-
sented self-training approach clearly outperforms all learning-free approaches. Per-
formances of the model only trained on synthetic data are similar to other results in
the literature [KDJ23] and are, in many cases, already superior to the reported per-
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Table 10: Comparison of retrieval performances on GW and IAM to results from the litera-
ture. All results are reported in mAP [%]. Methods marked as annotation-free do
not rely on manually labeled samples.

GW 1AM
Method Annotation
Free QBE QBS  QBE QBS
Synthetic Training v 74.7 80.4 57.8 74.5
Self-Training v 93.8 92.7 80.6 85.9
Self-Training (Confidence) v 93.9 934 81.2 89.1
Almazan et al. [Alm+12] v 494 — - -
Sfikas et al. [SRG16] v 58.3 — 13.2 —
DTW [Alm+14] v 60.6 — 123 —
FV [Alm+14] v 62.7 — 15.6 —
Retsinas et al. [Ret+19] v 71— 28.1 —
Gurjar et al. [GSF18] v 39.8 48.9 26.2 36.5
HWNet v3 (Synthetic) [KDJ23] v - = 54.1 69.2
AttributeSVM [Alm+14] 93.0 91.2 55.7 73.7
TPP-PHOCNet [SF18] 979 96.7 84.8 92.9
STPP-PHOCNet [Rus+18] 97.7  96.8 89.2 954
Triplet-CNN [WB16] 98.0 93.6 81.5 89.4
Deep Embed [KDJ18] 98.0 98.8 90.4 94.0
HWNet v3 [KDJ23] 99.5 99.8 93.2 975
Retsinas et al. [Ret+21] 97.9 98.4 92.0 95.9

formances of learning-free approaches. Additionally, training a model allows query-
by-string to be performed which is out of scope otherwise. As discussed in the ear-
lier experiments, adapting the proposed model with self-training under a confidence
based pseudo-label selection further increases model performances. Of course, other
works report higher performances under the supervision of the labeled training set,
but the proposed self-training method is able to tremendously reduce the perfor-
mance gap towards a model trained only on synthetic data. The comparison shows
the often proven effectiveness of neural networks for vision tasks, as even with no
labeled training data, the method is able to outperform a similar approach based on
SVMs under full supervision [Alm+14].

For both benchmarks based on the Bentham document collection, similar obser-
vations can be made, see Table 11. Other annotation-free methods are clearly out-
performed. Even though it is not possible to report query-by-string performances
for the benchmarks due to the lack of annotations, it is noteworthy that the method
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Table 11: Comparison of retrieval performances on BT to results from the literature. All
results are reported in mAP [%]. Non of the methods rely on manually labeled

samples.
. BT, BTi5
Moethod Annotation
Free QBE QBE
Synthetic Trainig v 79.8 70.1
Self-Training v 96.4 77.6
Self-Training (Confidence) v 95.2 88.8
Aldavert et al. [Ald+15] v 46.5 -
Almazan et al. [Alm+14] v 51.3 -
Kovalchuk et al. [KWD14] v 52.4 -
CVC [PTV15a] v - 30.0
PRG [PTV15a] v - 42.4
Sfikas et al. [SRG16] v 53.6 41.5
Zagoris et al. [ZPG17] v 60.0 50.1
Retsinas et al. [Ret+19] v 71.1 58.4

is capable of performing query-by-string. Again, this is not the case for other works
in the literature.

A similar comparison to the state-of-the art can be drawn for the recognition
model, see Table 12. Most works on recognition either report performances for mod-
els trained in a fully-supervised fashion or for models trained on synthetic data. In
this regard, the work of Kang et al. [Kan+20b] provides an interesting comparison
in terms of the adaptation efficiency of the proposed self-training approach. The
underlying model and, therefore, also fully-supervised and synthetic performances
are comparable. In the considered work, the authors adapt the recognition model
by introducing an additional loss that is supposed to align the feature vectors of
synthetic and real world samples. The reported performance gains are considerably
smaller compared to the use of self-training. This clearly indicates the effectiveness of
the proposed training scheme in the application area. While the work of Kang et al.
[Kan+20b] focuses the adaptation process solely on the visual domain in the feature
space, self-training benefits from the language bias and the learned information on
the target domain. Overall, training an initial model on synthetic data followed by
self-training gives state-of-the-art results for recognition in the absence of a manually
labeled training set. In comparison to models trained in a fully-supervised manner,
a performance gap still exists which leaves room for further improvements on the
adaptation of neural models.
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Table 12: Comparison of recognition performances to results from the literature. All error
rates are reported in [%]. Methods that do not rely on manually labeled samples
are marked as annotation-free (AF).

GW TAM CVL BTqa
Method AF
CER WER CER WER CER WER CER WER
Synthetic v 17.8 45.0 21.1 484 282 581 23.5 52.3
Self-training v 142 351 13.0 359 10.5 31.1 14.7 385
Self-training (Confidence) ' 12.6 31.2 10.2 27.7 7.5 24.6 10.2 27.7
Kang et al. [Kan+20b] v’ 26.1 56.8 264 546 26.3 55.6 — =
Kang et al. [Kan+20b] v 163 399 14.1 349 192 443 — -
Mathew et al. [Mat+21a] v — - - - - - — 76.8
HWNet v3 [KDJ23] v - — 24 379 - — - -
Kang et al. [Kan+20b] 46 135 69 175 36 7.8 — —
Aberdam et al. [Abe+21] — - 95 201 - 230 - —
Retsinas et al. [Ret+21] 42 108 5.0 147 - - - -
HWNet v3* [KDJ23] - - 17 36 - - - -
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6.1 SUMMARY

In this thesis, a method for self-training has been developed and evaluated. The
main contribution of this work lies in the application of the self-training scheme to
two classical document analysis problems in combination with using synthetic data
generation. As the entire training process relies solely on synthetic and unlabeled
data, this work shows that powerful models can be learned in the complete absence
of manually annotated training material.

In order to show the effectiveness of self-training in the context of document anal-
ysis, the two tasks of word recognition and word retrieval were considered. Both
tasks are traditionally addressed with models relying on neural networks. For both
tasks, state-of-the-art models from the literature and their working principles were
introduced. Choosing the AttributeCNN and the sequence-to-sequence recognition
model was motivated by these models being established approaches in the com-
munity. Nonetheless, it can be argued that the conclusions drawn on the training
principles are not limited to the specific choice of models. Similar conclusions can
be drawn for both tasks and models, despite their significant structural differences.

The proposed self-training approach requires an initial model to generate pseudo-
labels. Since no manually-annotated data is available, synthetic data is generated
using a generation pipeline relying on true type fonts. In the experimental evalua-
tion, it is shown that the underlying vocabulary heavily influences the performances
of the models trained only on synthetic data. Further, experiments motivate the con-
clusion that training on a synthetic dataset constitutes a form of implicit language
modeling. A severe degeneration of performance can be observed for both models
when language information is removed. Interestingly, this is already the case when
the naturally occurring word distribution is removed from the synthetic dataset.

Additional to the encoded language information in the synthetic training set, the
visual appearance of the generated word images influences performances. As the
synthesis procedure is based on true type fonts which provide visual variability in
writing styles, an obvious question is how to select suitable fonts. A method based
on font classification is proposed that allows for the identification of fonts which
are visually more similar to a target dataset. The main conclusion of the conducted
experiments is, nonetheless, that the models generally benefit from a high variability
in font styles and, therefore, using a high number of fonts for data synthesis is
preferable.

After the investigation of data synthesis for training initial models, the proposed
method uses self-training to adapt the considered models to the target datasets. It is
shown that both models show increased performances after training on pseudo-labels.
A significant difference between the models can be observed, as the AttributeCNN
for word retrieval requires an approximate lexicon with respect to benchmarks with
poorer initial performances. This is not the case for the sequential recognition model
which shows improved performances for all benchmarks and does not benefit from
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additionally including a lexicon for pseudo-label generation. The conducted experi-
ment therefore indicates that the sequential model learns a more powerful implicit
language model that supports pseudo-label generation and the model adaptation via
self-training.

A further contribution of this work is the introduction of confidence estimates
for each model and their integration into the self-training approach. It is shown
that confidence estimation is possible based on the final neural activations of the
networks. The introduced numerical measures quantify prediction quality in the
absence of an annotation. Two different ways to integrate the confidence measures
into self-training are presented, which rely either on a fixed schedule or thresholding.
For both approaches, focusing the self-training process on pseudo-labels with high
confidences improves final performances, especially when initial model performances
are poor.

Finally, the proposed approach is compared to other works in the literature that
consider word recognition and retrieval without requiring manually annotated train-
ing material. The proposed method outperforms the state-of-the-art. This is mainly
to be explained by the fact that the presented self-training approach allows for
training established models on synthetic and unlabeled data. Therefore, the power
of large neural networks and machine learning can be leveraged without introducing
the severe drawback of requiring manually-labeled data.

6.2 OUTLOOK

The results of this work motivate further research on self-training techniques for
different tasks and model types. In this regard, document analysis is an obvious ap-
plication area for several reasons. Automatic document analysis can have significant
impact on the digitization and analysis of historic document collections. This area
naturally suffers from a lack of annotated material. Nonetheless, most documents
are regularized by their inherent structure and their language is often known. Self-
training can be expected to give consistent performance gains, if an initial model
and a sufficient amount of unlabeled data is available, due to its generality.

A natural evolution of the method presented in this work is its adaptation to
recognition systems that do not rely on word segmentation. While word recognition is
the problem at hand in many application domains, line-based or full-page recognition
systems integrate the segmentation step into the recognition model. In this case,
self-training can supposedly follow the principles established in this thesis. It can be
expected that the extended context available to a line or full-page system helps the
generation and evaluation of pseudo-labels.

The proposed self-training approach can be further extended by exploring the con-
cept of consistency regularization. Many works that use self-training techniques for
different computer vision tasks rely heavily on augmentation strategies to generate
distorted versions of the same training sample [Ber+19; Ber+20; Soh+20]. Here, the
intuition is that the training process is further regularized by the fact that the pre-
diction needs to be consistent over all augmented instances of an image. Independent
from the actual pseudo-label, this provides an additional form of supervision. A first
step towards integrating consistency-based regularization was presented in [WF22b]
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where augmented word images were used to regularize the training of a handwriting
recognition model.

Despite the efficiency of the presented approach, there exists a natural perfor-
mance gap with respect to a model which is trained fully-supervised. If an application
requires higher performances than those achievable in an annotation-free manner,
manual annotation effort remains necessary. It is an open question how to combine
synthetic data generation, self-training and small numbers of manually-annotated
samples. In an initial work, [WF22a] explores different strategies on how to select
samples for annotation and how to integrate those in the self-training procedure.

Future research in handwritten word recognition and retrieval should focus on
the application and training of models with minimal to no manual annotation effort.
An interesting development to be observed is the recent introduction of multimodal
large language models. Even though this family of models originally stems from the
area of natural language processing [PG23], models like BERT [Dev+19] or the GPT
[Ope23] family have shown impressive capabilities. The extension of the traditional
language modeling capabilities to include multimodal inputs such as images opens
up a future paradigm shift for document analysis. Essentially, a multimodal large
language model is potentially capable of providing an answer to a question with
respect to an input image. The question, or more specifically the prompt, could
simply ask for the corresponding transcription. Given the previously unseen scale
of recent large language models and their already impressive capabilities, it is likely
that this approach will be feasible in the future. One main concern is how to adapt
such a model to a designated task. Therefore, principles following the general concept
of self-training are again of interest.
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