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ABSTRACT

Archives all over the world store a vast number of manuscripts that contain invaluable
information on cultural heritage. Extracting the content from these manuscripts requires
considerable human effort. Being able to sift through extensive manuscript collections
quickly is particularly interesting for historical documents. For this purpose, pattern recog-
nition methods have been used to transform handwritten texts from document images into
machine-readable formats fully automatically. Well-known approaches are based on rec-
ognizing individual letters or words to transcribe a text. While these approaches achieve
outstanding performance for machine-printed documents, their results for handwritten
texts often fail to meet expectations, especially for collections of historical documents.
Handwritten texts from old manuscripts typically exhibit sundry degradations and large
variability in writing styles. Faced with these challenges, document analysis approaches
have increasingly adopted retrieval-based methods since they do not rely on individual
letter or word recognition but rather evaluate similarities between a query and segmented
parts of document images. The obtained retrieval list contains document parts sorted in
descending order according to their similarity to the query. This feature lets the user com-
pare the list’s contents and determine relevant items. Words in handwritten documents are
often the focus of interest, leading to the task of retrieving words being called word spot-
ting in the document image analysis community. This thesis presents a methodology for
segmentation-based word spotting in handwritten documents. Word images and textual
strings must first be transformed into numerical representations to obtain a sorted retrieval
list. Subsequently, a similarity between two representations is evaluated by a particular
measure. This thesis utilizes the highly successful word embedding technique pyramidal
histogram of characters (PHOC). This embedding is inspired by semantic attributes where
textual strings are decomposed in a pyramidal scheme, and the occurrences of individual
characters are indicated using binary values. A similarity between two numerical word
representations is assessed through a novel measurement named probabilistic retrieval
model (PRM). This model evaluates the probability between two binary-valued semantic
attribute representations based on the assumption that PHOC attributes are Bernoulli
distributed. The similarities obtained from the PRM highly depend on the quality of pre-
dicted attributes. While representations from textual strings are obtained through the
PHOC algorithm, handwritten word images must be transformed first. This thesis uses
convolutional neural networks (CNNs) to predict PHOC representations for corresponding
word images. During the last decade, these networks have consistently achieved state-of-
the-art results in various computer vision tasks. As a result, CNNs are nowadays the
de-facto standard models for image classification. The presented method applies a statisti-
cal framework named generalized linear models (GLMs) to derive the binary cross-entropy
loss (BCEL) as the suitable loss function for the PRM similarity measure. The BCEL is



subsequently used to train CNN models to estimate binary attribute probabilities accu-
rately. A significant advantage is a direct connection between the binary cross-entropy loss
and the probabilistic retrieval model. Minimizing the BCEL function is equivalent to max-
imizing the PRM similarity between two equal PHOC representations. This word-spotting
methodology is adapted to an ancient writing system called cuneiform. Cuneiform signs
are formed by characteristic wedge-shaped impressions. Norbert Gottstein proposed a re-
presentation based on alphanumeric expressions, describing a cuneiform sign according to
their wedge impressions. These alphanumeric expressions are used to define a set of se-
mantic attributes named Gottstein representation. This thesis further develops the holistic
Gottstein representation, including spatial information. The wedge positions are encoded
by applying a pyramidal segmentation, which yields binary attribute representations in-
dicating wedge semantics and their approximate position within the cuneiform sign. This
thesis presents two approaches to decomposing cuneiform signs according to predefined
pyramidal schemes. The first approach divides cuneiform signs horizontally and vertically,
following a grid-like pattern called spatial pyramid Gottstein (SPG) representation. The
second approach is based on annotations describing wedge constellations according to
their sequential order. These sign encodings are assigned to pyramidal splits by applying
the PHOC algorithm, and the resulting representation is referred to as temporal pyramid
Gottstein (TPG). By using these representations, signs can now be expressed by their
wedge constellations and types, which enables the method to perform cuneiform sign spot-
ting in a novel retrieval scenario named query-by-expression (QbX). This thesis proposes
three core contributions: the design of the probabilistic retrieval model as a novel similarity
measure, deriving the binary cross-entropy as the suitable loss function for the PRM, and
two different cuneiform sign representations based on wedge impressions encoded as binary
semantic attributes. These contributions are evaluated on six benchmarks in total. Four
include handwritten text documents, and two benchmarks contain images of cuneiform
tablets. The experiments show that combining the PRM and BCEL achieves state-of-
the-art results and even exceeds the performance using other combinations of similarity
measures and loss functions. Representing cuneiform signs by their wedge impressions en-
ables the user to query a database without the necessity of visual examples. Moreover, the
use of pyramidal decomposition provides a more detailed description of cuneiform signs,

leading to increased retrieval performance.
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INTRODUCTION

Searching document collections is essential for analyzing and interpreting their content.
Typically, the text is examined for particular words such as names, places, or dates. This
function is commonly used for digital documents, as the machine-readable text can be
automatically searched. Unfortunately, this functionality is not directly available for doc-
uments that were not created digitally. This type of document needs to be converted into
a machine-readable form first. The common approaches use the findings and methods
of pattern recognition and computer vision for this purpose. In this context, the most
widely known approaches are referred to as OCR. Methods for optical character recogni-
tion have a long tradition in the field of computer science and date back to the early 1920’s
[Sch82]. These approaches achieve outstanding recognition performance for standardized
machine-printed documents [Smio7]. The remarkable performance is mainly due to the
limited variability in the visual appearance of modern fonts or high quality document
images. However, the results are corrupted as the visual variability increases. This is espe-
cially true for handwritten documents [Lla+12]. Furthermore, OCR systems usually make
hard classification decisions, which can be another source of error. Introducing a post-
processing step that utilizes language models to correct misclassifications mitigates this
disadvantage. However, these models often require large training data and a reasonable
assumption regarding the vocabulary being used. Both criteria are particularly difficult
to fulfill for historical document collections. In these scenarios, retrieval-based approaches
often achieve more robust results than approaches based on recognition [Gio+17]. The
core idea of retrieval-based approaches is to compare a given query to all candidates from
a database and return a list of the most similar entries. Comparing similarities makes
the class decision obsolete and prevents the possibility of incorrect classifications. These
similarities are usually determined based on wisual appearance or through an embedding.
A similarity can be a binary value indicating whether a candidate is relevant for the given
query. However, most retrieval-based methods use measures assessing real-valued numbers,
indicating the degree of similarity between two representations. Although these approaches
support a broad range of queries such as individual characters, text lines, or entire sen-
tences, the most commonly used type of query is words. In the field of document image
analysis, the task of retrieving specific words is known as word spotting. Word spotting
techniques are particularly valuable for historical document collections. Archives around
the world contain numerous manuscripts holding untapped knowledge about our cultural
heritage. Reviewing these collections is labor-intensive and demands significant human
effort. By enabling these manuscripts to be searchable, historians can access more precise

and previously unknown information about past societies.



INTRODUCTION

This thesis presents a methodology for word spotting in handwritten documents and
adopts this retrieval-based approach to an ancient writing system named cuneiform. The
retrieval-based method utilizes a popular word embedding named PHOC initially intro-
duced in [Alm+13]. This embedding decomposes textual strings in a pyramidal fashion,
where binary-valued semantic attributes represent individual or combinations of charac-
ters. By using a pyramidal decomposition, the embedding is able to encode the approxi-
mate position of the predefined semantics. PHOC has proven to be a powerful representa-
tion, achieving state-of-the-art performance for word spotting in handwritten documents
[Gio+17]. The semantic attributes are based on the assumption that different classes share
similar characteristics. A simple approach for word spotting is to consider words as holistic
classes and the individual characters as their characteristic semantics. The assessment of
similarity between numerical representations is crucial for retrieval-based approaches. This
thesis introduces a new similarity measure called PRM, inspired by the DAP approach
initially presented in [LNHog]. The authors use semantic attributes for zero-shot classifi-
cation and introduce the AwA database [LNHog]. This dataset contains images of various
animals with corresponding binary attribute annotations describing the animals’ charac-
teristics. The animal classes are mutually exclusive during training and testing. However,
unseen animals are recognized using a combination of their semantic characteristics (binary
attributes) learned during the training phase. The DAP evaluates these attribute predic-
tions and determines the animal class using the nearest-neighbor approach. In analogy,
the PRM similarity measure evaluates the probabilities of PHOC representations being
similar. These probabilities indicate the similarities and are utilized to rank the retrieved
lists. Accurate assessment of these similarities requires robust attribute estimation. There-
fore, the method applies the GLMs framework to create a statistical model for attribute
probability estimation and then connects it to neural networks. The statistical model is
transformed into the well-known BCF loss and its respective output scaling. Training a
neural network with the BCE loss has a significant advantage. Minimizing the loss error
is equivalent to maximizing the probability between two similar PHOC vectors evaluated
by the PRM. CNNs are applied to obtain high-quality estimations of attribute proba-
bilities. These networks transform images of handwritten words or cuneiform signs into
their respective attribute representations. CNNs started to dominate the field of computer
vision almost a decade ago, and they remain the standard models for image recognition
tasks today. Their ability to jointly optimize feature extraction and classification, known
as end-to-end training, gives them a significant advantage over conventional approaches.

The word spotting approach is adapted for the ancient cuneiform writing system, which
was utilized for writing multiple languages in the Near East region. It consists of signs
that are formed by characteristic wedge-shaped impressions. In Latin, these impressions are
called cuneus, which is where the writing system gets its name. Norbert Gottstein utilized
these wedge impressions and proposed a cuneiform sign representation based on alphanu-
meric expressions [Got13]. A key contribution of the proposed method is the transfor-

mation of these alphanumeric expressions, representing cuneiform signs, to binary-valued



1.1 CONTRIBUTIONS

attribute vectors referred to as the GR. Furthermore, this wedge-based representation is
further developed to include spatial information, depicting a wider variety of cuneiform
signs in greater detail. This thesis proposes two annotation approaches using different par-
titioning schemes. The first approach divides cuneiform signs in horizontal and vertical
direction according to a grid-like pattern that resembles the spatial pyramid approach as
proposed in [LSPo6]. Consequently, the resulting representation is referred to as SPG.
The second approach annotates cuneiform signs according to their reading direction fol-
lowing a sequence-like pattern inspired by the sequential order of characters in Latin
words. The resulting sign encodings are assigned to pyramidal splits applying the PHOC
algorithm. Referring to the TPP [SF17], where features of convolutional neural networks
are split along the horizontal direction, the cuneiform sign representation is named TPG.
Describing signs by their wedge characteristics allows for querying cuneiform databases
using expressions instead of visual examples. This capability introduces a new cuneiform

sign-spotting scenario called QbX.

1.1 CONTRIBUTIONS

The methodology presented in this thesis has partially been published at scientific con-
ferences in the field of document image analysis. The research has been carried out in
the Pattern Recognition Group at TU Dortmund University under the supervision of Prof.
Dr.-Ing. Gernot A. Fink. The author of this thesis implemented the presented method-
ology using the programming language Python' in combination with the deep learning
framework PyTorch? and performed all the experiments unless noted otherwise. The me-
thod supports segmentation-based QbE and QbS word spotting, as well as QbX retrieval
for cuneiform signs. The following paragraphs outline the methodological contributions

proposed in this thesis and reference the published components of the method.

Similarity Measure based on Attribute Probabilities

The similarity measure is a crucial component in the retrieval process. A core contri-
bution is a mathematically substantiated measurement assessing the similarity between
two numerical representations according to their binary attribute probabilities. This sim-
ilarity measure is referred to as PRM and is inspired by the DAP initially proposed in
[LNHog]. The model interprets the binary values of the PHOC representation as Bernoulli-
distributed random variables. Consequently, the similarity between two PHOC representa-
tions is determined by assessing the individual probabilities of corresponding attributes.
The PRM similarity measure was initially published and partially evaluated by the author
of this thesis in [Rus+18], where it received the best student paper award. The author was
responsible for the rigorous mathematical formulation of this model and for conducting

the experimental evaluation.

1 https://www.python.org/
2 https://pytorch.org/
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Loss Function for estimating Attribute Probabilities

The transformation of images into numerical representations is another crucial process for
retrieval systems. The quality of attribute representations greatly impacts retrieval perfor-
mance. In the proposed method, convolutional neural networks CNNs are used to obtain
accurate estimates for attribute probabilities. These network models have the advantage
of optimizing feature extraction and classification simultaneously. To train the neural net-
works, a suitable loss function is required. A significant aspect of the method is the use of
generelized linear models (GLMs) to derive a mathematically supported loss function called
binary cross-entropy (BCE) loss. Training a convolutional neural network with the BCE
loss implicitly enhances the quality of the probabilistic retrieval model (PRM), assessing

the similarity of two similar representations.

Attribute Representation for Cuneiform Sign Spotting

The concept of semantic attributes has proven to provide powerful representations. Con-
sistently state-of-the-art results are achieved by word spotting approaches utilizing the
PHOC representation [Gio+17]. This concept is adapted by the proposed method to repre-
sent cuneiform signs that are formed by wedge-shaped impressions. In [Got13], Gottstein
introduce an alphanumeric encoding based on four wedge types and their respective counts.
The alphanumeric encoding is transformed into binary-valued attribute vectors referred
to as GR. This representation enable a retrieval system to perform query-by-expression
(QbX) cuneiform sign spotting. First results, applying the Gottstein representation have
been published by the author of this thesis in [Rus+20]. In addition, the GR is enriched
by spatial information to represent cuneiform signs in greater detail. The first approach
assign the wedge encodings to a predefined grid-like pyramidal pattern named SPG re-
presentation. An initial evaluation, have been published by the author of this thesis in
[Rus+21]. The second annotation approach follows a sequence-like pattern and assign the
wedge encodings of a sign according to their order in horizontal direction. The resulting

representation is referred to as TPG.

Ezxperimental Evaluation of the Probabilistic Retrieval Model, Architecture Components,

and Cuneiform Signs Representations

The proposed method is extensively evaluated through experiments on four word spotting
and two cuneiform sign spotting benchmarks. This thesis compare the PRM to three
other similarity measures: Cosine similarity, Euclidean distance, and Clityblock distance.
The comparison includes CNN models trained with different loss functions such as Cosine
loss, MSE, and MAE. Additionally, the experiments evaluate the essential components of
the CNN architecture regarding retrieval performance on two word spotting benchmarks.
The last part of the experiments focuses on the evaluation of the proposed cuneiform
sign representation. Experiments for both SPG and TPG are carried out using different
pyramid levels. Finally, the results obtained from these representations are compared with

each other.



1.2 OUTLINE

1.2 OUTLINE

The current chapter gives an introduction and motivates the approach presented in this

thesis, the remaining chapters are organized as follows:

CHAPTER 2 - FUNDAMENTALS

The methodology is part of the field of pattern recognition, specifically in computer vision.
This chapter provides the essential fundamentals of these two areas of research to estab-
lish a strong understanding of the presented approach. It encompasses important basic
concepts and the pattern recognition processing pipeline. Additionally, it discusses the

functionality and architecture of neural networks.

CHAPTER 3 - KNOWLEDGE TRANSFER BETWEEN CATEGORIES
The presented retrieval-based approach is founded on semantic attributes. This chapter
delves into the concept of semantic attributes and their preferred applications. It also

discusses the advantages and disadvantages, along with influential publications in this
field.

CHAPTER 4 - WORD SPOTTING ON HANDWRITTEN DOCUMENTS

In this thesis, word spotting is the application of interest. Chapter 4 gives an overview
of word spotting and explains the established terminology used in the document analy-
sis community. Furthermore, crucial aspects such as word image representations and the

assessment of similarity are discussed in more detail.

CHAPTER 5 - RELATED WORK

Chapter 5 reviews related work that presents approaches for embedding word strings,
convolutional neural network architectures for processing document images, and the direct
attribute prediction method for zero-shot classification, which inspired the probabilistic

retrieval model proposed in this thesis.

CHAPTER 6 - WORD SPOTTING WITH ATTRIBUTE PROBABILITIES

This chapter introduces the retrieval-based methodology for segmentation-based word-
spotting proposed in this thesis. It explains the mathematical fundamentals of the proba-
bilistic retrieval model, which serves as the similarity measure. Additionally, it introduces
the generalized linear models and uses them to derive a loss function specifically adapted

to the similarity measure.

CHAPTER 7 - CUNEIFORM SIGN SPOTTING

Adapting the word spotting methodology from the previous chapter to the cuneiform
writing system is the second application of interest in this thesis. This chapter introduces
the cuneiform writing system and reviews important related research in this area. The
following part of the chapter explains how the word embedding approach based on binary
attributes is adapted to cuneiform signs in order to enable a novel sign spotting scenario

based on the description of wedge constellations.
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CHAPTER 8 - EVALUATION

This chapter presents the results for segmentation-based word spotting and cuneiform
sign spotting. Therefore, the six benchmarks containing handwritten texts and cuneiform
scripts are introduced. Subsequently, the evaluation protocols and experiment configura-
tions are explained. After that, the performance values obtained are listed and compared
to selected results from the literature. Qualitative retrieval results and attribute statistics

are shown in addition to quantitative numbers.

CHAPTER 9 - CONCLUSION
The final chapter summarizes the content of this thesis and presents the findings and
insights drawn from the experimental evaluation. This chapter concludes with the outlook

and possible future work.

In addition to citing articles from the literature, this thesis cites internet URLs and refer-
ences to other sources, like the software libraries used to implement the presented method
and experiments. All URL references in this thesis were last checked for availability and

content on January 12, 2025.



FUNDAMENTALS

The methodology presented in this thesis requires images to be transformed into numerical
representations. Therefore, approaches from the field of pattern recognition are applied.
In general, pattern recognition methods strive to imitate the human ability of perception
[DHSo1, p.1]. However, these methods are based on mathematical-technical considerations
compared to biological systems. As the data to be processed consists of images containing
handwritten words or cuneiform signs, the retrieval-based approach presented in this thesis
can be considered as a visual problem. The branch of pattern recognition that addresses
visual problems is known as computer vision [Sze22, p.3]. Computer vision tasks include
classifying images, segmenting or locating salient objects, and retrieving relevant instances
from databases.

This chapter explains the fundamentals of pattern recognition and computer vision in
general and neural networks in particular. The outline of this chapter is structured as fol-
lows. The ensuing section (Section 2.1) briefly introduces pattern recognition and computer
vision. Based on this, the crucial concepts of feature extraction (Section 2.1.1) and classi-
fication (Section 2.1.2) are explained. Section 2.3.3 introduces the functionality of neural
networks with the architectural structure of the Perceptron (Section 2.2.1) as well as the
Multi- Layer Perceptron (Section 2.2.2), followed by the training procedure (Section 2.2.3)
and established techniques for generalization and reqularization (Section 2.2.4). The con-
volutional neural networks are explained in Section 2.3, starting with the two essential
building blocks, namely the convolutional layer (Section 2.3.1) and the pooling layer (Sec-
tion 2.3.2). Furthermore, this section addresses the idea of stacking multiple convolutional
layers in order to obtain a deep neural network (Section 2.3.3) and the associated vanishing

gradient problem (Section 2.3.4).

2.1 PATTERN RECOGNITION AND COMPUTER VISION

Pattern recognition is the task of mapping a given input to its corresponding label. The
decision towards a label requires specific processing steps. As a result, the large variety
of pattern recognition approaches are guided by a standard pipeline [DHSo1, p.10]. The
regular processing steps through this pipeline are visualized in Figure 1. Every pattern
recognition system requires an annotated set of samples with corresponding labels for a
classification task. Data acquisition is, thus, the first step in the processing pipeline. Al-
though the input data can be arbitrary, ranging from audio samples over three-dimensional
spaces to even handwriting trajectories, this thesis is interested in two-dimensional images.

Therefore, in the following, the words data or samples refer to a set containing images and
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[imagc acquiSition]—{ pGCrOCCSSing F feature extraction

Figure 1: Visualization of a typical pattern recognition pipeline showing the five essential informa-
tion processing steps.

their corresponding labels unless stated otherwise. Once the data is collected, the content
needs to be preprocessed in order to reduce the amount of undesirable variance. Accord-
ing to [Sze22, p.87], preprocessing is applied to convert the image into a form suitable
for further analysis. Preprocessing operations include color balancing, reducing noise, in-
creasing sharpness, or straightening the image. After the preprocessing, the ensuing step
is to extract features representing the image. An appropriate feature extraction is cru-
cial for robust classification performance. These features are subsequently used by the
classification step to assign the label. As mentioned in [DHSo1, p.11], the distinction be-
tween feature extraction and classification is somewhat subjective. Ideal feature extraction
should result in a representation that significantly simplifies the classification process. On
the other hand, a highly capable classifier may not require advanced feature extraction.
The classification step requires a classifier model that decides for a class using a particular
decision rule. There exist various classifiers, such as statistical models, linear discriminant
functions, or multi-layer neural networks [DHSo1, p.4]. However, the model structure is
not determined automatically; instead, it must be defined by a human expert. It has been
shown that there exists no superior classifier without prior assumptions about the nature
of the classification task [DHSo1, p.454]. The considerations on this issue are known as the
“no free lunch theorem” originally proposed in [Wolg6]. The vast majority of classifiers
are parametrized models, and once a decision on the classifier has been made, the optimal
set of model parameters needs to be obtained. This process is generally known as training,
where the classifier learns to predict the correct label for a given image input. The purpose
of a training task is to minimize the costs, which are usually defined as a mathematical
function that measures a discrepancy between the actual output of the classifier and the
desired output defined by the label. Training a model is an iterative process in which the
parameters are gradually adjusted to increase the classifier’s accuracy. From the perspec-
tive of a classification model, “being guided” to predict desired outputs according to the

annotations is known as supervised learning.

2.1.1  Feature FExtraction and Image Representation

Feature extraction is applied to obtain a numerical representation of the (preprocessed)
input that is subsequently evaluated by the classifier. The key is to design feature re-
presentations that expose between-class variations, which is the tendency for classes to

look different from one another, and suppress within-class variations, the tendency for
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instances within a class to look different [Davi2, p.482]. Consequently, numerical repre-
sentations from the same class should remain close to each other in the feature space,
while representations from two different classes should be far apart. In the context of pat-
tern recognition, closness of numerical representations always refers to a mathematical
distance measure like the Euclidean distance. This insight leads to the engineering ap-
proach of choosing dicriminative features that are invariant to irrelevant transformations
of the input [DHSo01, p.11]. Features extracted from images can represent different aspects
such as color, light/shading, geometry, or texture. Features are inherently not superior to
one another, and their selection heavily depends on the visual domain and the task at
hand. For example, engineered features that only consider contrast differences between
the dark foreground (ink) and the bright background (paper) could be discriminative
enough to distinguish whether a given image contains handwritten text. However, if the
semantics of a handwritten text, such as characters or words, have to be distinguished,
contrast-based features might be insufficient. Sophisticated features taking the shape of
pen strokes into account are the better choice. Since a pattern recognition system’s best
possible performance strongly depends on the interaction between feature extraction and
classification, selecting an optimal feature extraction could be determined in a closed-loop
optimization. However, this loop is open for classic approaches where feature representa-
tions and classifiers are optimized independently. This aggravation leads to hand-crafted
feature representations designed by human experts based on heuristics and expertise.
Nevertheless, specific approaches have prevailed and established themselves as state-
of-the-art techniques. Especially methods based on gradient histograms, such as SIFT
[Lowo4] or HOG [DTop] are, besides neural networks (cf. Section 2.3.3) arguably, the
most widely used classic feature representations for computer vision applications. SIFT is
a method for extracting local image features consisting of an keypoint detector and feature
descriptors. A descriptor is a numerical vector that describes the local image neighborhood
around a keypoint. Therefore, keypoints are detected using a DoG scale space approach
[Lowo4]. A Gaussian scale space is obtained by filtering the images using Gaussian ker-
nels of increasing variance. This filtering simulates changing image details for an object
captured at different distances [Rot19]. The adjacent scale spaces are subtracted to obtain
the DoG scale space. These differences approximate a second-order derivative filter that
extracts contour information at different frequency bands. Keypoints are extracted at local
extrema while candidates directly located on edges are suppressed, as they are unlikely to
be detected across image transformations. Additionally, gradient orientations and magni-
tudes are computed with respect to the scales of candidates. The gradient orientations are
quantized in a histogram of 36 bins while the magnitudes are accumulated in their corre-
sponding bin. Keypoints are extracted at all candidate locations for all orientations if their
histogram value is within 80% of the maximum histogram value. Once the keypoints are
detected, a descriptor consisting of 16 histograms is computed. discriptors are computed
consisting of 16 histograms each of 8 orientation bins. These histograms contain 8 orienta-

tion bins and are extracted from a grid layout of 4 x 4 cells. Finally, the 16 histograms with
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8 orientation bins are concatenated into a 128 dimensional vector. Computing gradients
according to the scales of keypoints increases the property of scale invariance. The gradient
orientations are rotated with respect to the keypoint orientations, leading to the rotation
invariant property. The descriptors are first normalized, clipped at 0.2, and subsequently
normalized again. These steps increase the invariance against non-linear contrast changes.

The SIFT method, as proposed in [Lowo4], heavily relies on a strong and robust detec-
tion of keypoints. This approach of detecting and describing points of interest has shown
remarkable performance, especially for content-based image retrieval [ZYT18; OGL1g)].
However, the work from Dalal et al. [DTo5] argues that the keypoint-driven approaches
cause distinctively higher false-positive rates compared to the dense grid approach pre-
sented. The authors attribute this to the insufficiency of keypoint detectors in reliably
detecting human body structures. HOG descriptors are similar to the SIFT descriptors
because they result from a local neighborhood of gradient values. These gradient values
are extracted from 16 x 16 pixel blocks of four 8 x 8 pixel cells. The significant difference
to SIFT is the spatial positions at which descriptors are extracted. In contrast to keypoint
detection, the positions of HOG descriptors are distributed uniformly in a regular grid
with overlapping blocks. According to the results reported in [DTos], including overlap-
ping regions significantly improves the performance. The gradient orientations within each
cell are quantized and accumulated into orientation histograms containing 9 bins evenly
spaced over 0° to 180°. Finally, the 4 x 4 histograms obtained from the 8 x 8 pixel cells
are normalized by applying the Li- or Le-norm?*.

Another powerful image representation counts the occurrences of quantized feature de-
scriptors. The approach is inspired by the Bo W method for representing textual documents
of variable length in the same vector space. Because of the image features used in the vi-
sual domain, this approach is named Bag-of-Features (BoF) [OD11]. First applied to image
retrieval [SZo3], the BoF representation has shown remarkable results for image classifi-
cation as well [OD11]. Principally, all types of image descriptors can be used to obtain a
BoF histogram. However, improved results are achieved using SIFT descriptors extracted
from a regular grid [KZi1; OD11]. These image descriptors are subsequently quantized.
A standard method for quantizing numerical representations is Lloyd’s algorithm [Llo82].
Clustering these descriptors is an essential step for obtaining typical representations. The
number of these representations is an adjustable parameter, and the resulting vectors are
called visual words. The set of visual words builds the wvisual vocabulary (or codebook),
which can be seen as a bag of (quantized) features. A BoF representation is obtained
by first computing the local feature descriptors and applying the clustering algorithm to
assign each feature descriptor to its nearest visual word. The final histogram is computed
by counting the occurrences of visual words. The resulting representations are orderless
collections of quantized descriptors lacking any structure of spatial information [OD11].
Retaining this spatial information can benefit the representational power and improve

the classification performance [LSPo06]. In this regard, a prominent approach is dividing

The authors present results experimenting with the four normalizations Lj-norm, Lj-sqrt, Le-norm and
the Lo-hys as presented in the SIFT method [Lowo4].

10



2.1 PATTERN RECOGNITION AND COMPUTER VISION

a given image into multiple splits according to a pyramidal scheme referred to as spatial
pyramid [LSPo6]. Another approach is to split the image along the horizontal direction and
extract BoF histograms by counting along the vertical direction. This splitting approach
results in sequences of BoF histograms, which have been successfully used in combination
with sequence models such as hidden Markov models (HMMs) [RVE12].

2.1.2 Classification

Given the numerical image representation, the classification task is to assign one or multi-
ple classes from a predefined set of classes. In the pattern recognition field, a vast diversity
of classifier types exist. The main difference between them is the mechanism of the classifi-
cation or decision rule [DHSo01, p.4]. These rules can be based on statistical models yielding
class probabilities, discriminating boundaries such as hyper-planes in high dimensional vec-
tor spaces or the closest class representative determined through a distance measure. In
this regard, very prominent classifier models are the GMMs [Mur12, p.339] for statistical
classification, SVMs [Bisog, p.326] using hyper-planes to make class decisions and the
kNN [DHSo1, p.174] classifying samples according to their distance to prototype vectors
representing a particular class. A GMM is a mixture model of k different normal distri-
butions, and its probability density function (PDF) is defined as a weighted sum of these
mixture components [Bisog, p.430]. The parameters of GMMs are usually estimated us-
ing the EM algorithm [DLR77], although gradient-based approaches are possible as well
[GP21]. The EM algorithm is an iterative approach for MLE, altering between the two
steps expectation and mazimization until the difference of change between the parameter
updates becomes very small. The expectation step computes the likelihoods of generating
the feature vectors given the mean and covariance matrices of the mixture components.
In the subsequent maximization step, these parameters (i.e., means and covariances) are
updated to increase the likelihood of generating the feature vectors. In the cases of bi-
nary or multi-class classification, the class yielding the maximum posterior probability is
assigned to the feature vector of the test sample. If multiple labels have to be assigned,
known as multi-label classification, a threshold can be applied to estimate whether a label
is present or not. The SVM classifier attempts to find a decision boundary in the feature
space to separate the feature vectors of two distinct classes, making it a binary classifier
in the first place [CVgg5]. Usually, multiple decision boundaries exist that separate both
classes ideally. However, finding the boundary that leads to the lowest generalization error
is preferred. A support vector machine approaches this problem through the concept of a
margin, which is defined as the perpendicular distance between the decision boundary and
the closest feature vectors [Bisog, p.326]. Maximizing this margin leads to a particular
decision boundary, whose location is determined by a subset of feature vectors referred
to as support vectors [Bisog, p.327|. As the support vector machine is fundamentally a
binary classifier, multiple classes can be distinguished using the concepts of one-versus-all

and one-versus-one. In the first concept, an SVM is trained to separate one target class
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from all other classes, leading to K support vector machines where K is the number of
classes. For the other concept, SVMs are trained to distinguish between pairs of classes.
This approach requires (K — 1)? support vector machines, considerably increasing the
training effort. The k-nearest-neighbor classifier is based on a simple yet powerful concept.
A feature vector from the test set is classified according to k vectors from the training set
with the lowest distance. As the classes of each training sample are known, classification
decisions are made following a majority voting [DHSo1, p.174]. In order to avoid ties, an
odd number of neighbors is recommended. The most prominent measure for determining
the neighbors are the Euclidean distance and Cosine distance, although any other measure

quantifying vector distances can be applied [DHSo1, p.187].

2.2 FEEDFORWARD NEURAL NETWORKS

Feedforward neural networks are an essential class of neural networks. The prefix feedfor-
ward results from the computational information flowing from the model input through
an intermediate representation to the output, without any feedback connections [GBC16,
p.167]. The term neural networks has its origins in attempts to find mathematical represen-
tations of information processing in biological systems and has been used very broadly to
cover a wide range of different models [Bisog, p.226]. However, the functioning of neural
networks has nothing in common with biological systems. Instead, feedforward neural net-
works are regression models stacked in a hierarchical order to build a directed and acyclic
graph. These models have remarkably high representational power, which is based on non-
linear functions applied after each regression step and a highly efficient gradient-based
training procedure. This section explains the structure and function of neural networks as

they are used in pattern recognition.

2.2.1  Perceptron

The Perceptron model was initially proposed by Rosenblatt [Ros58] and corresponds to
a binary classifier. This model is based on a linear transformation where the multidimen-
sional input x is mapped to either of two classes y € {—1,1}. Initially, this model was
designed to operate as a machine that processed binary values and was later introduced
as a model operating on real-valued numbers [MP6g]. The structural overview of a simple
Perceptron is visualized in Figure 2. The left side shows the distribution of two classes
(blue and orange), and the Perceptron is displayed in the center of the figure. The separa-
tion of the two classes according to the decision boundary of the Perceptron is depicted
on the right side. In order to obtain a class decision, the input x € R? is weighted by the
vector w € R? and biased by the scalar b € R!. Then, the resulting value is mapped to

12
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Figure 2: Visualization of the Perceptron model with a 2 dimensional input x, bias value b and the
non-linear function ¢.

a class by applying a non-linear function ¢(-). Mathematically, the Perceptron model can

be formulated as a non-linear model in the following way:
7 (x|w,b) = ¢ (W' x +b) (1)

It is possible to simplify this model by specifying the bias value b as an additional input
variable x; with a constant value of 1. Consequently, the contribution of b can now be
modeled by multiplying the new constant value z; with an additional new weight value

wp. As a result, the formulation from Equation 1 simplifies to
7 (xw) = ¢ (W' x) (2)

where the dimensionality of x € R™! and w € R%*!, both increase by one. In the original
formulation from [Rosg8], the non-linearity ¢(+) is modeled through a step function defined

as

1 if wli'x >0
¢ (x|w) = (3)

—1 otherwise

The Perceptron model learns to separate a given input x by adjusting the values for
weights vector w according to a previously defined criterion. To train the model, Rosenblatt
proposes an iterative optimization algorithm based on a per-sample classification error,
called Perceptron criterion [Bisog, p. 193]. In each iteration, a training sample is processed
individually by the Perceptron. A sample is correctly classified if §-y = 1, whereas §-y =
—1 indicates a misclassification. The obtained class §j corresponds to the desired label y if

the criterion
g(x|w)-y >0 (4)

is satisfied. As a result, the values of w are not changed. Consequently, a missclassification

leads to an update of w” at iteration n according the rule:

whe w4y ox . (5)
The Perceptron criterion can be considered an early precursor of the Gradient Descent
algorithm presented in Section 2.2.3.2. For linearly separable training samples, this algo-
rithm is guaranteed to converge towards an optimal solution [MP6g]. Although a simple

Perceptron can only perform binary classification, the model can be extended to perform
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Figure 3: Visualization of the Single-Layer Perceptron, mapping the 2 dimensional input x to one
of the 3 possible outputs 91, §2 or 9s.

multi-class classification. This model is enhanced by combining multiple Perceptrons to
obtain a more extensive model where multi-class classification is performed in a one-vs-one
or one-vs-all fashion. The example in Figure 3 visualizes a three-class problem. Three Per-
ceptrons displayed in the center classify the three classes (blue, green, and orange) on the
left side. The corresponding class decision boundaries are shown on the right side. As the
combination of multiple Perceptrons only contains a single layer of trainable parameters
(i.e., w), in this thesis, this model is referred to as SLP. A Perceptron with a single layer
can only distinguish between linearly separable class distributions. Marvin Minsky and
Seymour Papert criticized this limitation in [MP69]. The authors demonstrated the inca-
pability of a Perceptron model to represent the XOR-function and presented the solution
to this limitation in the same publication [MP6g]. Minsky and Papert extended the model
by concatenating multiple (Single-Layer) Perceptrons into a model known as Multi-Layer

Perceptron (MLP) discussed in the following section.

Figure 4: Visualization of the Multi-Layer Perceptron classifying the 2 dimensional input x into
one of the two classes y; or ya.

2.2.2  Multi-Layer Perceptron

The MLP consists of multiple sequentially concatenated FC Perceptron layers L = {1, ...,L}.

Each previous layer f(—1)

computes an intermediate representation which, in turn, serves
as an input to a subsequent layer f ) [Bisog, p. 228]. The model consists of an input layer
that forwards the input x, multiple hidden layers each computing an intermediate represen-
tation z(V, and the output layer mapping the last internal representation z(1) to the desired
output ¥. The simplified structure of the Multi-Layer Perceptron is visualized in the cen-
ter of Figure 4. The toy example in Figure 4 demonstrates how two class distributions
disposed in two different areas, shown on the left side, are separated by the Multi-Layer
Perceptron using two decision boundaries as displayed on the right side. Transforming the

input x to an intermediate representation z and subsequently to the output ¥ increases
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the representational power of the Multi-Layer Perceptron model [Bisog, p. 230]. It is im-
portant to note that a trained model can lead to different boundaries than visualized in
the toy example of Figure 4.

Modern Multi-Layer Perceptron models typically consist of two hidden layers, each con-
taining a large number of neurons (i.e., up to 4096), which lead to high dimensional latent
representations [GBC16, p. 196]. Mathematically, this model can be expressed analogous
to the Perceptron model from Equation 2. A single layer of the MLP model is formally
defined as

f(l) (W(l)’z(lfl)) = ¢ (W(Z)Z(lfl)) ) (6)

The Perceptron f (l)( -) in layer | computes the dot product between the layer parameters

I=1) obtained from the previous layer, followed

W and the intermediate representation z(
by the non-linear transformation ¢(-). Consequently, the Multi-Layer Perceptron model

can be formally described in the following way:

gw(x) = fU (WO, {00 (W@ (W, 50 (W x)))) . (g)

The model parameters are represented by the set W = {W(l),...,W(L)} where a set
item W denotes a weight matrix in layer [. An essential component of a Multi-Layer
Perceptron is the non-linearity ¢(-) referred to as activation function in the context of
neural networks. The activation function must be non-linear. Otherwise, a single layer
can represent the multiple layers, and the MLP boils down to a linear classifier [DHSo1,
p.286]. In this regard, an interesting theoretical property of the MLP named universal
approzimation has been proven by Hornik, Stinchcombe, and White [HSW89]. A model
consisting of an input, output, and one hidden layer is able to approximate any function
with arbitrary accuracy given a sufficient number of neurons. However, to unleash the
enormous expressive power of the MLP a set of optimal model parameters W is required.
The process of finding optimal parameters is called training and is discussed in the next

section.

2.2.3 Training

Neural networks are trained by adjusting the parameters (i.e., weights and biases) such
that the overall discrepancy between the actual estimates of the network and the de-
sired predictions defined by the labels is minimized. The differences between the network
outputs and labels are quantified by so-called loss functions (Section 2.2.3.1). Model pa-
rameters are adjusted (or updated) following a gradient-based approach (Section 2.2.3.2).
To compute the gradients, differentiable loss functions are required. The gradient intensi-
ties are influenced by the error that is propagated backward through the network layers
(Section 2.2.3.3). This section explains the training procedure of neural networks, using
the important concept of gradient-based error propagation to obtain the optimal model

parameters.
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2.2.3.1  Loss Function

The loss function quantizes the error between a neural network’s prediction ¥ and the de-
sired output y. Typically, this quantization evaluates to a scalar value such that £ (vav, y) €
R'. In the context of neural networks, the resulting scalar is known as the loss of a neural
network. Given a set of training samples S = {(x1,y1),...(Xs,ys)} containing S pairs of
input x vectors and their corresponding labels y, the total loss of a model §,(-) with

parameters W is assessed by calculating the average loss over all training samples:

Liota (W,S) = 5] 2 £ (Fwlx,v) - (8)

Typically, in real-world applications, the model output ¢ and the label y are represented
by multi-dimensional vectors. Therefore, using a distance metric to evaluate the difference
between the actual and the desired output is evident. Consequently, an often used loss

function is the Fuclidean loss defined as:
D 1
euc Z 5 yd - yd . (9)

This loss function computes the sum of squared differences between § and y, scaled by the
factor % The Euclidean loss fits well for regression tasks where labels are given as real-
valued numbers. However, for classification tasks, class information is often represented
following the one-hot encoding scheme (cf. Section 2.1.2). Although it is possible to predict
one-hot encoded classes using the Euclidean loss, a more sophisticated loss function exists
for this type of task. If labels are represented as K dimensional vectors where only 1 out
of K elements is set to one while the others remain zero, the well-established categorical
cross-entropy loss or simply CF is used to calculate the loss. The loss function is based on
the entropy in information theory introduced by Claude Elwood Shannon [Sha48] and is
defined as:

K
[’ce (yaY) = - Z Yk - IOg(p(@k)) . (10)
k=1

The cross-entropy loss computes the negative logarithm of the class likelihood p(yy), thus,
sometimes referred to as NLL loss. The essential component for obtaining class likelihoods
is the activation or output function used in the network’s last layer. This function computes

a soft maximum by normalizing the output ¥ in the following way:

eyk
p(Or) = ——— Yke{l,. K} (11)
Sy et
and is, therefore, called the softmax function. The normalization applied in the softmax
function restricts each p(g) to the interval (0, 1) where class likelihoods close to zero have

a high cross-entropy value and likelihoods close to one have a low cross-entropy value.
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Loss functions and their respective non-linear outputs do generally not appear out of the
blue. Instead, they are based on mathematical foundations. An elegant approach to derive
the appropriate loss function for a given label distribution is provided by the statistical
framework named GLM [NW72]. This framework is discussed in detail in the methodology
of this thesis (Chap. 6). In short words, considering the Multi-Layer Perceptron as a
statistical model, it is possible to derive the Euclidean loss by assuming that the labels of
the training samples follow a Normal distribution. The same applies to the cross-entropy
loss combined with the softmax function. Here, the assumption is that the labels follow
a Multinomial distribution, sometimes referred to as Categorical distribution. For the
interested reader further literature [Bisog; DHSo1; Muri2] and the tutorial for Minimizing
the Negative Log-Likelihood of Will Wolf? is referred.

2.2.3.2 Gradient Descent

Once the loss function has been defined, the total loss, as shown in Equation 8 of the
neural network can be assessed. The average minimum loss value for all training samples

is obtained by finding optimal parameter values Wopt such that

Wopt — argmin Etotal (W, S) . (12)
W

However, finding an analytic solution to this problem is impossible, especially for neural
networks consisting of multiple layers. For this reason, the training of multi-layer neural
networks follows an iterative approach of weight adjustment referred to as gradient descent

optimization algorithm. This algorithm iteratively applies small changes to the parameters
(@)
2%
for every iteration n by adding a fraction of the negative gradient of the loss £ with respect

W in the direction of the steepest descent. The value of weight w;} in layer [ is changed

to the weight itself. Formally, the gradient descent is defined as

(n( oL

n—og - (13)

Applying the steepest descent algorithm is guaranteed to converge to a local minimum
and for convex loss functions even to the global minimum [Cur44]. The meta-parameter
7 is called learning rate and is usually set to 0 < n < 1 in a practical training scenario.
If the learning rate is too large, the optimization process might diverge, while a small
learning rate might lead to a slowdown of the training. The learning progress is stabilized
by introducing an inertia term to Equation 13 based on the momentum method [Pol64].

This method is a technique for accelerating gradient descent by accumulating a velocity v

2 https://willwolf.io/2017/05/18/minimizing_the_negative_log_ likelihood_in_ english/
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()

in the direction of the gradient scaled by the momentum « [Sut+13]. The velocity v, 5 for
weight wz(lj) in iteration n is calculated as follows:
I oL !
v)(n) = n—g— +a-v}n-1). (14)

ow!) (n)

Typically, the momentum is set to 0 < o« < 1 and "throttles" the velocity. The accumulation
results from the gradient in iteration n and the scaled fraction of the velocity from the
previous iteration n — 1. The improved version of gradient descent is defined as

wy)(n) = wl}(n) = v (n) (15)
A neural network is trained iteratively by adjusting the parameters W according to the
update rule in Equation 15. This optimization algorithm was initially proposed to com-
pute the gradients for each sample individually and, subsequently, update the network
parameters using the average of all individual gradients [RHWS86].

While this approach is feasible for a few training samples, it becomes computationally
costly, especially for the sizes of modern datasets [BBo7|. In order to reduce the computa-
tional costs, only a subset of the training samples is considered to compute the gradients
within one update iteration [Botg1; Botg8]. This approach is widely known as SGD. In its
extreme form, gradients are computed using only a single training sample referred to as
online learning. However, nowadays, modern methods calculate the gradient using multi-
ple training samples known as mini batch [KSH12; SZ15]. In recent years, several modified
versions of the stochastic gradient descent were introduced, such as AdaGrad [DHS11]
or AdaDelta [Zei12]. A prevalent approach called Adam [KB15] adaptively estimates the
lower-order momentum and combines the benefits of RMSprop [TH+12] and SGD. The
modifications share the common feature of adjusting the learning rate, momentum, or
velocity based on the values from previous iterations, in contrast to the constant values

used in the basic gradient descent optimization.

2.2.3.3 FError Backpropagation

The previous section’s formulations are sufficient to train a model with only a single layer.
However, calculating gradients for the weights of hidden layers is not as straightforward as
presented in Equation 13. As the network computes the output through nested functions

(cf. Equation 7), hidden layer gradients can be calculated by applying the chain rule.
(L)

Following the chain rule, the gradient for weight wy ;

in the last layer L (cf. Equation 6)

can be written as

OLewe 0L . OLy oL, ol 9"
0 = 50 O~ 5.0 2.0 oY (26)
8w1’j 8w17j 8w17j 09y 0z, 8w17j
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where d)gl') is the output value of the 1-th non-linearity and zy') the result of the 1-th
(L)

linear transformation w x;. For the example3 in Equation 16, suppose that Le,. is a

17j ’
two dimensional Euclidean loss (cf. Equation g). Than, the weight wgl']) only contribute
to the first loss term £; while the derivative for the second term Lo is zero. The gradient

(L-1)
17j
the major difference that this weight now contributes to both loss terms as shown in

for a weight in the penultimate layer w is calculated similarly to Equation 16, with

Equation 17.

T R | 0L R e B L -
dwY o9t 0z awl  apl” 0xY ouwd | ozt auwitY
In general, using the chain rule to compute the gradient of weight wl(lj) in layer [ can be
written as:
or _l§> or, agr(LL) D('-Zl) 827(}) Ll_[—1 %’?ad)gﬁ) D(k—1) 527(11«)
310,([]) - | n=1 3ﬁ7(zL) azy(zL) m=1 3¢£15) k=112 | n=1 527(zk) m=1 8(;5,(5_1)
Layer L Layer L—1 to [+2
(DY) (141) (14+1) (1) (1) (:8)
|20 0| [0 ol
Layer [+1 Layer [

The square brackets emphasize the gradient calculation for the corresponding layers. The
dimensionality for layer [ is denoted by D) while the indices n and m represent the current

index of a neuron in the output and input of a layer. An important insight for applying
()
1,J
here (égl). Consequently, this neuron influences all output neurons in the ensuing layer
I+1)

the chain rule is that the weight w,: in layer [ only contributes to one output neuron,

[+ 1, computed as a sum of the gradients over D! elements. For all subsequent layers
{l+2,...,L}, all inputs using FC layers influence all output values. Instead of calculating
individual gradients, a computational more efficient approach is to compute all gradients

in layer [ following a vectorized approach written as:

oL oL = oork) o
owd) — pf=D) L oe-1)  gw(®

(19)

(1)
17]
of the loss function concerning the actual output of the network

For the example in Equation 18, the gradient for a weight w; % depends on the derivative

ac(f). For example, if the

network is trained using the Euclidean loss, then the derivative is defined as:

8Eeuc
99

(9 —vi)® = =0 —Yi - (20)

DO | =

Eeuc(gia yz) -

3 This example is adapted from Matt Mazur’s tutorial A Step by Step Backpropagation Example:
https://mattmazur.com/2015/03/17/a-step-by-step-backpropagation-example/
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The difference between the actual network output § and the desired output y is directly
influenced by the magnitude of the gradient. Wrong network predictions are penalized by
larger gradients, leading to larger changes in the respective weights. Using the chain rule to
calculate how the weights should change propagates back the error caused by the current
parameters of a network. For this reason, the presented approach is commonly known
as error backpropagation [RHWS86] and is nowadays the standard method for gradient

calculation. Another interesting insight from Equation 18 is that the input to the network

@)

should have values that are not zero. The reason is that the gradient of z;’ with respect

(0

to the weight w, ; in layer [ is simply:

1,J
1)
0/ (1) 0 0z
Z (wi,j7xj) =W T = PO =Zj - (21)
z?J

Consequently, if x; is zero, the gradient of wl(l]) will be zero as well, independent from the
other factors in Equation 18. Furthermore, Equation 18 essentially demonstrates why the
step function used for the initial Perceptron model [Ros58] is not applicable for the training
of a multi-layered neural network. The derivative of the step function is zero for all input
values except for the input value zero, for which the derivative is undefined. Choosing
the step function as activation ¢(-) for the training of a neural network and applying
the gradient descent method will result in zero-valued gradients, leading to stagnation in
the weight updates. For this reason, a non-linearity known as the sigmoid* [Bisog, p.205]
[GBC16, p.194] function is traditionally chosen as the activation in multi-layered networks.
The Sigmoid function can be described as a soft step function. Formally, this activation

and its derivative are defined as:

B 1 N do(x)
Cl4e@ ox

o(z) = o(z)-(1-0o(x)) . (22)

Another activation function used for multi-layered networks is the hyperbolic tangent
[GBC16, p.194] that shares a similar characteristic as the sigmoid function. The hyperbolic
tangent and its derivative is defined as:
2

tanh(z) = :21_’_1 = &mgif;(x) = 1—tanh?(z) . (23)
Both functions transform the input value into a specific interval and act as a soft-step
transition. However, the intervals of the output values differ as the sigmoid limits its
output to values between 0 and 1, while the hyperbolic tangent transforms its output to
a range from —1 to 1. A comparison between the three activation functions step, sigmoid,
and hyperbolic tangent is visualized in Figure 5. Considering the derivatives, the sigmoid
(b) and hyperbolic tangent (c) always have a gradient larger than zero in contrast to the

step function (a), showing a constant gradient of zero.

The sigmoid function is also known as logistic function (cf. Section 6.2.2) [Agris]
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(a) step (b) sigmoid (¢) hyperbolic tangent

Figure 5: Visualization of the step (a), sigmoid (b) and hyperbolic tangent (c¢) functions.

2.2.4 Generalization and Regularization

The central challenge of pattern recognition is to design a model that not only predicts well
on the previously seen training data but instead shows satisfying performance on previously
unseen test data. The ability to perform well on unobserved input data is referred to as
generalization [GBC16, p.110]. Therefore, machine learning models are optimized using
training data to reduce the training error. Subsequently, the generalization capabilities
are evaluated on some previously unseen test data by computing the test error, also called
generalization error. The test data is the target domain of the present task to be solved
(i.e., learned). A machine learning model typically generalizes well if the training and
test data are identically distributed and the model capacity is large enough to represent
both data sets [GBC16, p.111]. For model training, the distribution of the training data
is assumed to be representative of the distribution of the test data. While the impact on
the data set is vanishingly small, except for the option to collect more data, the model
capacity can be significantly influenced. The capacity of a neural network is defined by
the number of parameters, which can be increased by adding more layers or increasing the
number of neurons per layer. However, simply increasing the capacity of a neural network
leads to an effect known as overfitting, where the training error continuously declines while
the test error begins to increase. A model tends to overfit if the capacity is high enough
to memorize the training samples. This undesirable effect can be alleviated by choosing a
model with lower capacity. However, a model with low capacity may not obtain sufficiently
low error values on the training set [GBC16, p.111]. This effect is referred to as underfitting.
In practice, it is difficult to find the optimal capacity by adjusting the model size and,
therefore, neural networks are typically designed to be over-parametrized [D1.18; Ney-+18;
Ney+19]. In order to avoid overfitting, different reqularization techniques are applied to
control high model capacities. The prevalent approaches for regularization are based on
penalizing larger weight values referred to as Lo regularization [Nieis, p.79], randomly
suppressing neuron outputs known as Dropout [Hin+12] and artificially expending the

training set through data or image augmentation.
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The idea of Ly regularization is to add an Ly normalizing term to the loss function that
penalizes large weights and instead favors lower ones. Mathematically, weight decay can

be formalized as follows

Ly(y.9)=L(y,9) + AMW|3, (24)

where L) denotes the regularized loss function and W all network parameters. The factor
A is a hyperparameter that needs to be set in advance and defines how strong the weight
decay contributes to the loss. A higher A\ value results in a model with smaller weight
values, while a small A value softens the restrictions. In the context of neural networks, Lo
regularization is also known as weight decay and in other communities, often referred to as
ridge regression or Tikhonov regularization [GBC16, p.231]. An alternative to weight decay
is the L regularization, which computes a sum of absolute values. The major difference
between the Ly and Lo regularization is the effect on the model parameters. The gradient
of the Lo regularization with respect to a single weight is 2Aw, which means that high
weight values are penalize stronger than lower ones. On the other hand, the gradient of
the L; term is the constant A\ penalizing all weight values by the same intensity, leading

to sparse representations [GBC16, p. 235].

(a) Without dropout (b) With dropout

Figure 6: Visualization of a MLP if no Dropout is applied (a) and the effect of Dropout (b).

The regularization technique Dropout [Hin-+12] is inspired by the findings that classi-
fier ensembles as good as always improve the performance of machine learning models
[Sri414]. Approaches such as bagging [Breg6] proved that training an ensemble of indi-
vidual models leads to higher performance and significantly decreases the generalization
error [War+14]. However, training multiple large neural networks using subsets of data is
computationally very expensive. Dropout addresses this issue and provides an efficient way
of combining exponentially many different neural networks while at the time preventing
overfitting [Sri+14]. This technique is applied to one or multiple hidden layers where indi-
vidual neurons are “dropped out” with a certain probability. A neuron is dropped out by
multiplying its output with zero. In the case of fully connected layers, Dropout is realized
by sampling a vector of binary values (i.e., 0 or 1) from a Bernoulli distributed random
variable and multiplying the output of a hidden layer by the binary vector. Figure 6 shows
a visual example of Dropout being applied to a MLP. The left side depicts the MLP with-
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out Dropout, where all neurons are active, represented by the fully connected arrows and
color intensities. On the other hand, the right side of Figure 6 visualize the same MLP
where some of the hidden neurons are “dropped out” emphasized by blank circles with
no connections to the ensuing layer. Each neuron is retained during training with a fixed
probability of p, for example, 0.5, independent of other neurons. A single neural network is
used without Dropout at test time to explicitly average the predictions from exponentially
many models. Therefore, the output of a neuron is scaled by p because the model weights
adapt to this fraction of active neurons while being trained [Sri+14].

Larger datasets and more data diversity are the best way to prevent overfitting and
improve generalization [GBC16, p.240]. Driven by this insight, data augmentation aims to
increase the amount of data by altering the original samples while preserving the semantic
content. While not a traditional regularization technique, data augmentation addresses
overfitting and generalization issues stemming from a lack of training data [SKig]. Al-
though augmentation techniques are not limited to images, only augmentations on image
data are discussed in the following. Images are typically augmented by applying simple
affine transformations like rotation, shearing, or scaling and more complex projections like
perspective or elastic transformations. In classic approaches, an expert typically selects im-
age transformations for the task at hand. Not all augmentations are applicable to specific
domains, as this transformation might change the semantic content of the image. A prime
example is mirroring techniques like horizontal or vertical flipping applied to handwritten
or machine-printed text. Horizontally flipping the character b might lead to a visual ap-
pearance close to the character d, while vertical flipping would result in the character p.
Visual examples of the most frequently used augmentations are shown in Figure 7. The
original image (a) is depicted on the far left side, and on the right side, seven results (b
to h) of different transformations are visualized. In real-world training scenarios, image
augmentations are typically sampled randomly from a set of transformations. The inten-
sity of a particular augmentation is typically sampled from a predefined range as well.
For example, the range of rotation angles can be set from 5 to 25 degree, and when the
rotation transformation is applied, an angle is uniformly sampled from this range. Image
augmentations can either be applied individually or as a group executed consecutively.
However, applying more than three augmentations at once rarely leads to useful results
[SK19]. There exist many more augmentation approaches and especially with the rise of
deep neural networks, techniques like Adversarial Training [GSS1i5], Generative Adver-
sarial Networks (GANs) [Goo+14] or Neural Style Transfer [GEB16] starts to dominate
the area of image manipulation in recent years. Nonetheless, in the scope of this thesis,
only the classical image augmentations, as shown in Figure 7, are used for regularization
purposes. The survey on image data augmentation proposed by Shorten et al. [SK19] is

referred to for the interested reader.
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(e) Cut out (f) Gaussian Blur (g) Perspective (h) Elastic

Figure 7: Examples of the resulting augmentations (b to h) obtained from the original image (a).

2.3 CONVOLUTIONAL NEURAL NETWORKS

The neural network models based on the Multi-Layer Perceptron are powerful classifiers.
They are capable of mapping arbitrarily input vectors to their corresponding class en-
codings. However, despite their property of being a universal approximator, the fully
connected nature poses a crucial handicap, especially for classification tasks containing
grid-like data such as images [GBC16, p.330]. When processing high-dimensional data,
the dense architecture of a Multi-Layer Perceptron is a disadvantage. Considering an im-
age of 256 x 256 pixels and an MLP with one hidden layer of size 100, a large amount
of 2562 x 100 = 6553600 parameters is required to transform the input. Additionally,
the full connectivity of the MLP cannot transfer knowledge between translated objects
as every parameter only processes the same pixel position across all data samples. When
dealing with grid-like data (i.e., audio or images), it is desired to obtain a model with three
essential properties, namely sparse interactions, parameter sharing and equivariant repre-
sentations [GBC16, p.335]. A model class specifically designed to cover all three properties
is referred to as convolutional neural networks CNNs. Although a predecessor of these net-
works models called Neocognitron was initially proposed by Kunihiko Fukushima [Fuk80;
FM82; FMI83], the convolutional neural networks gained popularity from the publication
of Yann LeCun [LeC+89a; LeC+89b; Lec+98]. Interestingly, both authors demonstrated
the model capabilities for handwriting digit recognition tasks. The essential components
of CNNs are the convolutional layers that are eponymous for this type of neural network
(Section 2.3.1). Typically, a convolutional neural network consists of multiple cascaded
convolutional layers. Although these networks are not fully scale invariant, these models
tolarate a certain degree of objects being scaled. This property is provided by another type
of layer performing an operation widely known as pooling (Section 2.3.2). This operation
computes a summary value from a local neighborhood of pixels [GBC16, p.330]. While the
earlier models consisted of three convolutional layers followed by a Multi-Layer Perceptron
[Lec+98], later versions strived towards higher numbers of cascaded convolutional layers
[KSH12; SVZ14; He+16], which gave rise to the term deep neural networks (Section 2.3.3).
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Convolutional Neural Networks

Z o S 3
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Figure 8: Visualization of a typical pattern recognition processing pipeline using a convolutional
neural network (CNN).

As shown in Figure 8, the primary advantage of convolutional neural networks is the joint
optimization of the feature extraction and classification stages, compared to classic pat-
tern recognition pipelines (cf. Figure 1 in Section 2.1). In contrast to classic approaches,
where both stages are optimized separately, CNNs are trained in an end-to-end fashion.
This training procedure results in a model containing jointly tuned parameters for feature
extraction and classification. Nowadays, the most performant approaches in classification

tasks use convolutional neural networks.

2.3.1  Convolutional Layers

A convolutional layer is based on operations referred to as convolutions [Sze22, p.232].
This layer transforms a given input tensor I, ,, with ¢ number of channels, height h and
width w by multiplying small patches of the input Ly, with corresponding kernel weights
K.y x- These weights are the trainable parameters of a convolutional neural network and
represent the equivalent to the weights of a Multi-Layer Perceptron (cf. Section 2.2.2).
The spatial size of a kernel defined by y and x corresponds to the spatial size of the input
patch and is, typically, referred to as receptive field of a convolutional layer. This kernel
size defines the number of locally neighboured positions being discretely convolved. In
practical applications the kernel size is usually set to a receptive field of 3 x 3 or 5 x 5, and
less common to 7 x 7 for individual layers [KSH12; SZ15; He+16]. Given the input Iy

and weight kernel Kgﬁy),x, the single convolutional operation at position h,w is defined as:

c [31-1 [31-1
F® (hw) = > K((;kz)j e htiwtj (25)

=l i=—|¥] j=—13
A full descrete convolution is performed by shifting the kernel ngy)x along height h and
width w of input Tensor I, and compute f (k) at every single position h,w. A kernel is
shifted with a step size called stride, a hyperparameter that must be defined in advance.
The result of a convolution is a two-dimensional matrix F,», € R"*Y of height u and width
v which in the context of convolutional neural networks is known as feature map. A single
value in the feature map F(u,v) at position w,v is obtained by computing f(u,v) and

applying a non-linearity ¢ to the result as shown in the following:

F<u’v) = ¢(f(uav)) (26)
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input I. p, 4

kernel ngy)x feature maps Fy, 4, 0

C

Figure 9: Conceptual visualization of a convolutional operation that takes the input tensor I and
convolve it with the filter kernel K. The resulting value is stored in the output tensor F,
also known as a convolutional layer’s feature maps.

The result of F(u,v) is equivalent to the output of one neuron of a Perceptron layer (cf.
Section 2.2.2). A convolutional layer typically contains more than one kernel, resulting in
multiple feature maps. These feature maps are concatenated to a tensor Fy ,, € Rkxuxv
which represents the output of a convolutional layer containing k feature maps, each of
height u and width v. Figure g gives a visual impression of a convolution performed by a
convolutional layer as described in Equation 25 and 26. The input I, is processed by
convolving small input patches (i.e.Icyx), using k kernels (i.e. Ky ¢y ) which results in k

feature maps represented by the tensor Fy .

2.3.2  Pooling Layers

Another important operation in modern convolutional neural networks is the so-called
pooling, mainly serving two purposes. A pooling layer is integrated into a network’s ar-
chitecture to increase its robustness against translations and progressively reduce the di-
mensionality of feature maps in height and width across the layers. The pooling operation
aggregates locally neighbored input values into a single scalar. Like the convolutional oper-
ations, pooling is performed by shifting a predefined kernel window according to the stride.
However, pooling is applied channel-wise, meaning that the aggregation is performed for
each channel individually without considering the values from other channels in contrast
to the convolutions described in the previous section. A pooling layer may reduce the fea-
ture map’s height and width while keeping the number of channels unchanged. The most
commonly used operation is the maz pooling [KSH12; SZ15; He+16] where the maximum
value is computed at each window position. A less common aggregation strategy is the av-
erage pooling [Sze+16]. Here, the average value given by the window position is calculated.
Figure 10 shows conceptually how a pooling layer transforms the 4 x 4 matrix input into

the respective 2 x 2 sized output. Pooling is performed using a kernel size of 2 x 2 and a
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(a) Maximum pooling (b) Average pooling

Figure 10: Example of the maximum (a) and average (b) pooling operations. The color boxes
emphasis the input of a kernel window and its respective output.

stride of 2. The height and width of the resulting output matrix are reduced by the factor
% that is reciprocal to the stride value. The color boxes in Figure 10 indicate the position

of a kernel window and its respective output value.

2.3.3 Deep Neural Networks

Deep neural networks are designed by cascading multiple convolutional layers and pool-
ing layers. Usually, a Multi-Layer Perceptron is added to this architecture, serving as a
classifier. Conventional architectures forward the input through the convolutional layers;
afterward, the feature maps of the last convolutional layer are vectorized and mapped to
a class by fully connected layers. The longstanding opinion is that the network’s convolu-
tional part extracts the features, while classification is performed by the MLP. However,
the joint parameters optimization of the convolutional and fully connected layers blurs the
seperation between the feature extraction and classification. A classifier can be obtained by
directly mapping the convolutional features to their corresponding class encodings using a
Single-Layer Perceptron [Zho+16b; He+16]. Furthermore, network architectures designed
explicitly for semantic segmentation (i.e., pixel-wise classification) entirely omit FC layers
and purely operate with convolutions [Min+22]. The pixel-wise classification is performed
in the last convolutional layer where a class is represented by one corresponding channel
of the feature map [RFB15; BKC16]. Similarly, class predictions are obtained using the
output of the last convolutional layer in classification tasks as well [Spr+15]. The output
of the last layer and the one-hot encoded class vector are bridged by computing average
values per channel, which is referred to as global average pooling [LCY14).

An important feature of CNNs is the growth of the effective receptive field in the “deeper”
layers. The effective receptive field refers to the window size in height and width covering
all input values that can potentially influence a particular value in the feature map of a
deeper layer. Figure 11 demonstrates the expansion of this field starting at the input on
the left side and ending with one value in the feature map of layer 3 on the right side.
This example is based on three convolutional layers, all having a kernel size of 3 x 3. The
areas colored in green mark all potential influences on the (center) value in layer 3. In each
layer, one convolutional operation using a 3 x 3 kernel is visualized with dashed gray lines,

and a gray dot represents the resulting value. Starting in layer 3 and going backward, the
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input layer 1 layer 2 layer 3

Figure 11: Conceptual visualization of the effective receptive field. One pixel in layer 3 is potentially
influenced by 7 x 7 pixel in the input.

center value in layer 3 (green square) is influenced by a field of size 3 x 3 in layer 2 (green
window) while this field, in turn, is influenced by a 5 x 5 sized field in layer 1, and last but
not least, the area in layer 1 with 5 x 5 values are influenced by a window of size 7 X 7 in
the input. The growth rate of the receptive field depends on the kernel size and the stride
applied in each convolutional layer. However, explaining the different configurations for
the growth rate of the receptive field is beyond this thesis, and for the interested reader,
further literature is referred to [BKC16; YK16; Luo+16].

The kernels in the convolutional layers serve as feature detectors, producing higher
activations for specific object patterns or structures. It has been shown that the layers
close to the input tend to learn primitive patterns like blobs or edges [ZF14; SVZ14]. The
subsequent layers build on the activations of the preceding layers and learn more complex
patterns, such as parts of objects [Spr+15]. A convolutional neural network adapts the
kernel parameters for deeper layers to learn the input data’s hierarchical features. These
hierarchical characteristics are generally provided by natural images where whole objects
(ex., dog) are composed of object parts (ex., dog snout, tail, paws), which in turn can
be composed of blobs and edges. The same principle applies to images of handwritten
documents. Words can be broken down into individual characters, and those characters
can be further broken down into pen strokes.

Forwarding the input through a convolutional neural network can be described by nested
functions (cf. Equation 7), which has earned this type of model the prefix deep (instead of
long or wide). However, the term deep does not specify the number of layers required for
a neural network to be considered deep. While in [Benog], deep architectures are defined
as having many hidden layers, other works like [GBB11] consider networks as being deep
if the architecture consists of more than two hidden layers. CNN architectures contain 5
to 9 [Lec+98; KSH12] or 13 to 19 [SZ15] layers with trainable parameters. Deeper neural
networks contain between 50 and 150, or up to 1001, trainable layers [He+16]. According
to [Benog], long before the recent success of deep neural networks, architectures with more
depth were assumed to learn more powerful representations, and increasing the number
of convolutional layers was expected to gain performance for a broad range of pattern
recognition tasks. Although the existing knowledge of deeper networks is crucial regarding

recognition performance, training deep architectures proved to be difficult [GB1o].

28



2.3 CONVOLUTIONAL NEURAL NETWORKS

Figure 12: The structural value flow through the layers in the forward pass (top) and the back-
propagated gradient during the backward pass (bottom).

2.3.4 Vanishing Gradient Problem

For a long time, the structure of the deep neural networks prevented training them [GB1o;
Benog]. The gradient, being backpropagated through the network, shrinks after each layer,
leading to a wvanishing gradient with increasing depth of the architecture. A vanishing
gradient was first described for RNNs [Hocg8] and occurred during the training of (forward)
neural networks with a higher amount of layers as well. This structural problem was
caused by choosing a less suitable activation function. This problem is demonstrated by
the example visualized in Figure 12 adapted from [Nieis]. Suppose the architecture of
a Multi-Layer Perceptron consisting of 4 hidden layers, each containing a single neuron
connected to only one weight. Additionally, the sigmoid is used as the activation function
at the layer’s outputs. The forward pass is shown in the upper part of Figure 12, starting
with the input = on the left and the resulting loss £(§,y) on the far right. Underneath, the
gradient is depicted, showing the partial derivatives of each layer starting on the right side
and propagating the error backward to weight w(!) in the first layer. Every node except
the last one is defined as f(!) = ¢(z(0)) where z() = (w® . f(=1)). To further simplify the
example, the non-linearity is written as U(Z(l)) = o). For this example, the Euclidean
loss is used that gives an output node ¢ without any non-linearity so that § = w® f (3),

The equation for the gradient of weight w) is than defined as:

oL oL 9y 90 92080 952 920 g Hz(1)
ow 9 0B 9200 96 020 951 920 guw® (27)

In the equation above, all terms are multiplied according to the chain rule and the partial

ooV
» oo
The first part of the structural problem is that the derivative of the sigmoid (cf. Equa-

derivative of the sigmoid function with respect to its input (i.e. ) occurs three times.
tion 22) reaches its peak at 0.25 for an input of 0, as shown in Figure 5. This peak value
implies that, in the best case, the gradient is scaled by % for every node using the sigmoid
activation function. For the example in Figure 12, the gradient of weight w is scaled by
(i)3 = Gi in the best cast. While this scaling factor has little influence on the gradients of

layers close to the output, the gradients of layers significantly further away from the output
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almost vanish. A straight forward solution could be an upscaling by forcing aifl@l) >4
This consideration is supported by the following derivative
9z
l l - l

So if the expression above has a weight value greater than or equal to 4, the following term

should result in
oo 9z
>1. (29)

00" 9o=1) =
However, this consideration is more difficult to realize than it seems. The reason is that
the derivative of the sigmoid itself depends on the weight w®), which should have large
values to meet the requirement of Equation 29. The following example will highlight this

problem:

80'(1) az(l) 3 B
50 30D = oc(w® . oDy (1= g(wh . o)) @ (30)

On the one hand, large values of the weight w") will upscale Equation 30, but saturate
the sigmoid function (i.e.values close to 0 or 1) and result in tiny gradients (cf. Figure 5).
On the other hand, setting w®) = 0 leads to the highest gradient of the sigmoid function
(i.e%), but the weight itself scales the expression in Equation 30 to zero. This contrast is
the second part of the structural problem, causing a vanishing gradient.

Initial approaches propose to incrementally pre-train each layer following the idea of
greedy layer-wise unsupervised learning [Benog]. These approaches are either based on the
Restricted Boltzmann Machine (RBM) [HOT06] or some form of auto-encoder [Ben+06].
However, while using the sigmoid activation function, approaches for layer-wise pre-training
are designed to bypass the vanishing gradient rather than mitigate this structural problem.
A significant step in this regard was achieved by replacing the sigmoid activation function
with the so-called ReLU [GBB11].

This activation function was originally proposed in the context of cortex-inspired digital
circuits [Hah+o00]. Early studies of neural networks introduced the rectifying activation
function for recurrent networks [SAq6; Hahg8], while others integrated it in the context
of cortex-inspired digital circuits [Hah+oo]. Later, the ReLU was used to train a deep
belief network (DBN) following greedy layer-wise unsupervised approach based on RBMs
[NH1o]. Subsequently, it has been shown that layer-wise pre-training can be omitted by re-
placing the deep belief networks with unsupervised trained auto-encoders using the ReLLU
as an activation function [GBB11]. Arguably, the convolutional neural network named
AlexNet gained the most attention regarding the performance of deep neural networks
[KSH12]. This network has been trained end-to-end in a supervised scenario, using the
ReLU activation function, and outperformed the second-best error rate in the ILSVRC-
2012 competition by 10.9 percent points from 26.2% to 15.3%. This gain in performance
kicked off a series of deep network models, each reaching a new level of recognition per-

formance in computer vision (cf. Section 2.4). The ReLU function cuts off the negative
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values by setting them to zero while the positive values are linearly propagated. Formally,
the ReLU and its derivative are defined as

relu(z) — {:U ifx>0 relu’(a:) _ {1 ifz>0 7 (31)

0 else 0 else

where the derivative corresponds to the step function (cf. Equation 3). This character-
istic gives the ReLLU the desired property that positive gradients are not scaled, as the
scaling factor is 1. According to [GBB11], using a rectifying activation allows a network
to quickly obtain sparse representations, which yield several advantages like information
disentangling or linear separability [Benog]. Moreover, no exponential functions have to be
computed in contrast to the sigmoid or hyperbolic tangent. However, a potential problem
mentioned in [GBB11] is that the gradient might be blocked during the back-propagation

due to the hard saturation at zero.

\
\

~
~
SN

(a) forward (b) backward

Figure 13: Visualization of the forward (a) and backward (b) pass through an MLP using the ReLU
activation function.

This circumstance is demonstrated by the example in Figure 13, where the forward
pass is visualized on the left side, and the corresponding back-propagated gradients are
shown on the right side. This example shows a Multi-Layer Perceptron consisting of two
hidden layers (h! and h?) as well as two-dimensional input and output layers (i and o).
Positive node values are highlighted by color intensities where darker colors represent
higher outputs (x > 0), and colorless nodes imply values less than or equal to zero (z < 0).
Arrows indicate the connections between the nodes, where positive valued weights are
represented by continuous lines and negative ones are depicted by dashed lines. No lines
are drawn between a neuron and the subsequent layer if the output is zero. Only gradients
greater than zero are visualized on the right side by backward arrows. As one can see,
every “zero” node in the Multi-Layer Perceptron blocks the gradient during the back-
propagation. The authors in [GBB11] hypothesized that more network layers hurt the
optimization. For this reason, a smooth alternative was proposed, referred to as softplus

activation function [Dug-+o00]. The softplus function has an exponential slope at zero, and
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its derivative, consequently, corresponds to the smoothed version of the step function,

namely the sigmoid activation:

1

softplus(z) = log(1 + €%) softplus’(z) = 1o
e xX

(32)
Multiple improved versions have been published since the initial introduction of the ReLU
activation function. For example, a rectifying activation function with a non-zero slope for
negative values is referred to as LReLU [Maa13]. Formally, this function and the resulting

derivative are defined as

_ ife>0 oy )1 ite>0
lrelu(ac) - {O.le else relu (:c) - {0.01 else ' (33)

The non-zero slope prevents the gradient of nodes with a negative output value from being
scaled to zero and improves the training of acoustic neural network models. Shortly after,
a generalized version of the ReLU was proposed where the non-zero slope is defined as a
trainable parameter named PReL U [He+15a]. Similar to the softplus, the ELU activation
function replaces the sharp rectifying property of the LReLU [CUH16]. Mathematically,

the exponential linear unit and its derivative are defined as

elu(z) = elu'(z) = (34)

ale® —1) else

x ifz>0
elu(z) + o else

{1 if >0

The main argument for this function is that the vanishing gradient is alleviated via the
identity for positive values, while at the same time, the smooth slope for negative values
pushes the mean unit activations closer to zero, which speeds up the training of the network
parameters [CUH16]. Figure 14 shows the four activation functions described above. The
continuous line visualizes the resulting activation level f(z), while the dashed line depicts

the respective derivation f/(z).

(a) ReLU (b) softplus (c) Leaky ReLU (d) ELU

Figure 14: Visualization of the ReLLU (a), softplus (b), LReLU (c), and ELU (d) functions.
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2.4 MODERN ARCHITECTURES

Since the remarkable results achieved by the convolutional neural network named AlexNet
[KSH12], a large diversity of network architectures has been introduced. Some of the
initial architectures form the templates for today’s modern neural networks, continuously
achieving state-of-the-art performance in computer vision, speech recognition as well as
natural language processing (NLP) tasks [WSH20; Alz+21; Khu+23; Pra+24]. Besides the
LeNet [Lec+98] and AlexNet [KSH12], arguably the most influential network architectures
can be summarized in the following as the VGGNet [SZ15], GoogLeNet [Sze+15], ResNet
[He+16], DenseNet [Hua+17] and last but not least the Transformer [Vas+17]. This list
of architectures is by no means complete. However, most neural networks build upon the
ideas proposed by the publications above.

The LeNet architecture was one of the first convolutional neural networks that demon-
strated exceeding performance in recognizing handwritten digits [Lec+98]. This network
consists of only 60000 model parameters and outperforms other standard classifiers such
as the kNN, polynomial classifier, radial base function networks, MLPs, and SVMs. With
the introduction of the rectified linear unit activation function and the computational
power of graphical processing units (GPUs), the AlexNet demonstrated remarkable classi-
fication performance in the ILSVRC-20125 competition and pushed the error-rate by 10.9
percentage points from 26.2% to 15.3% compared to the second-best entry [KSH12]. The
network architecture consists of 6 convolutional and 3 FC layers, totaling 62.3 million pa-
rameters. Two years later, Simonyan et al. explored a deeper architecture named VGGNet
(Section 2.4.1) with an increased number of convolutional layers [SZ15]. The authors pro-
posed multiple versions regarding the depth, ranging from 8 up to 16 convolutional layers
while retaining a 3 layered MLP as the classifier. The version with 16 convolutional layers
(19 weight layers) is the winner of the ILSVRC-2014% in classification consisting of 143.7
million trainable parameters. The following year, a novel architecture approach named
GoogLeNet was presented in [Sze+15]. The network architecture is based on the so-called
inception module, consisting of 3 parallel convolutional layers each using different kernel
sizes (i.e.1x1, 3x3 and 5x5). Compared to the VGGNet, the authors built a network
architecture of 21 inception modules (depth-wise) and one FC layer for classification. In
contrast to the VGGNet, replacing a Multi-Layer Perceptron with a single fully connected
layer drastically reduces model weights. Thus, the GoogleNet only consists of 6.3 million
trainable parameters. In the following year, a network architecture referred to as ResNet
(Section 2.4.2) based on residual skip connections was presented [He+16]. The idea of skip-
ping a residual block, consisting of multiple convolutional layers, improves the gradient flow

and allows the training of much deeper architectures with up to 152 layers?. This immense

ImageNet Large Scale Visual Recognition Challenge 2012 (ILSVRC2012) [Rus+15¢]:
https://www.image-net.org/challenges/LSVRC/2012/

ImageNet Large Scale Visual Recognition Challenge 2014 (ILSVRC2014) [Rus+15c]:
https://www.image-net.org/challenges/LSVRC/2014/

The authors presented experiments with architectures of 1201 convolutional layers. While the training
procedure shows no optimization difficulties regarding a vanishing gradient, the testing results, on the
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leap in network depth raised great attention across the computer vision community. Like
GoogLeNet, only one fully connected layer is used to map between the network features
and the class encoding. The smallest version of the ResNet, with 18 layers, contains 11.2
million parameters, and the largest version, with 152 weight layers, contains 58.2 million
trainable parameters. Inspired by the success of the ResNet architecture, a convolutional
neural network referred to as DenseNet pushes the idea of residual skip connections to
the upper limit. Similar to the ResNet, the architecture is based on the idea of so-called
dense blocks where layers are bypassed. However, in the DenseNet architecture, the output
of a convolutional layer is connected to all subsequent layers within a dense block. This
model achieves comparable results to the ResNet architecture on the CIFAR® dataset
while at the same time reducing the number of parameters. The smallest model regarding
trainable weights consists of 0.8 and the largest of 27.2 million parameters. Depth-wise,
the authors presented architectures ranging from 40 to 250 trainable weight layers. Like
the GoogLeNet and ResNet, one FC layer is used for class mapping. In natural language
processing, a different type of network architecture has prevailed. For about two decades,
language processing models have been dominated by RNNs such as the LSTM [Hocg8|.
These sequence-to-sequence models were typically based on the so-called encoder-decoder
architectures and suffered from the structural impediment of encoding the whole source
sequence into a fixed-length vector representation from which a decoder generates the de-
sired target sequence [SVL14; Cho+14]. This bottleneck was mitigated by introducing the
so-called attention mechanism, which learns to align and translate jointly [BCB1s].
Driven by the argument that neither recurrent nor convolutional layers are required to
build a robust performing sequence-to-sequence model, an architecture based on attention
modules was proposed as the Transformer [Vas+17]. The transformer architecture gives
way to novel language model representations such as the Bidirectional Encoder Represen-
tations from Transformers (BERT) [Dev-+19]. The novelty consists in the pre-training of
deep bidirectional representations from unlabeled text, and subsequently, fine-tune the
obtained model to a wide range of language processing tasks. While the BERT model is a
pre-trained transformer (PT), a similar approach based on generative pre-training [HS06)]
led to a model referred to as Generative Pretrained Transformer (GPT) [Rad+18]. Since
then, pre-trained (task-agnostic) transformer models have continuously demonstrated out-
standing performance for different tasks across the field of natural language processing.
However, a tremendous drawback of these large language models is the large number of
trainable parameters, the required training data, and the incredibly long time it takes
to train one model. For example, the third version, GPT-3, is a model with up to 175.0
billion parameters requiring 800GB storage and around 500 billion training tokens crawled
from the web [Bro+20]. Besides the language processing domain, transformers are used for
computer vision tasks as well and, thus, analogously referred to as Vision Transformers

(ViT) [Dos+21].

other hand, are worse than the 151 layered version, although both versions perform equally on training
data. The authors argue that the test-error differences are caused by overfitting [He+16].
Canadian Institute for Advanced Research (CIFAR): https://www.cs.toronto.edu/ kriz/cifar.html
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Many different network architectures based on the ideas of GoogLeNet, ResNet, and
Transformers have been since presented, steadily improving the model performance in
the field of computer vision [Xie+17; Sze+17; HSS18; TL19g]. However, the two essential
architectures in the context of this thesis are the VGGNet (Section 2.4.1) and the ResNet
(Section 2.4.2), as both are broadly used in the literature of word spotting (cf. Chap. 4)
and especially in related approaches (cf. Chap. 5). For this reason, the architectural details

of both models are examined in the following two sections.

2.4.1 VGGNet

The architecture of the VGGNet is one of the most frequently used convolutional neural
networks regarding computer vision tasks [LSD15; BKC16; Ren+17]. The network fol-
lows a simple architectural design and mitigates some weaknesses of previously proposed
architectures such as AlexNet [KSHi12], ZFNet [ZF14] or OverFeat [Ser+14]. Instead of
different-sized kernel filters along the convolutional layers, the VGGNet architecture fol-
lows a rigorous approach of a unified kernel filter size of 3 x 3 [SZ15]. The authors argue
that a filter size of 7 x 7 as used in [ZF14] can be equivalently obtained by three con-
secutive convolutional layers, each consisting of 3 x 3 sized filters, effectively, leading to
the same receptive field size (see Figure 11 in Section 2.3.3). A network architecture with
larger filter sizes contains more trainable parameters and, consequently, is more prone to
overfitting. Suppose a convolutional layer with 64 channels and a kernel size of 7 x 7. The
amount of parameters would be 3136. The equivalent of three convolutional layers, each
containing 64 channels and a kernel size of 3 x 3, leads to 1728 weights, which are only
55.1% of the initial amount of parameters. Furthermore, adding more convolutional lay-
ers results in more non-linear transformations, leading to more powerful representations
[Benog]. However, it is essential to note that the memory consumption for the example
above grows by a factor of three due to the output of the convolutional layers. Multiple
versions with different network depths, consisting of 11, 13, 16, and 19 trainable weight
layers, have been proposed. The deepest versions with 16 and 19 layers are the most often
used variants, thus referred to as VGG16 and VGG19, respectively. An overview of the
VGG16 architecture is visualized in Figure 15. The convolutional layers are structured in
five stages, and the number of channels is doubled for each stage. A maximum pooling
(cf. Section 2.3.2) with a kernel size of 2 x 2 and a stride of 2 x 2 is applied before each
(new) stage, reducing the feature dimensionality in height and width by a factor of 2. Fig-
ure 15 shows the reduction of the spatial dimensionality above each stage for the input
size 224 x 244. After the last pooling operation, the resulting tensor of size 7 x 7 x 512 is
flattened into a 25088 dimensional feature vector and, finally, mapped to the class encod-
ing using three fully connected layers. The VGGNet architecture uses the ReLLU activation
function after every trainable weight layer except the last one, which maps the resulting

representation to a one-hot encoded class vector by applying the Softmax function.
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Figure 15: Visualization of the VGGNet architecture [SZ15] with 13 convolutional layers, 5 subsam-
pling steps (pooling) and the MLP consisting of 3 FC layers. The numbers above the
convolutional layers show how the original input size of 224 x 224 pixel evolves while
being forwarded through the architecture.

2.4.2 ResNet

Motivated by the evidential results that deeper architectures lead to higher recognition
performance [SZ15; Sze+15] and network depth is crucial, the ResNet considerably elevates
the depth of a convolutional neural network architecture. Although the notorious problem
of vanishing gradients has mainly been addressed by techniques like normalized weight
initialization [LeC+98; GB1o; He+15a] and intermediate normalization layers [[S15], a
degradation problem has been exposed for deeper networks [He+16]. The accuracy of a
model saturates with a certain depth, which might be unsurprising. However, the surprising
insight is that such degradation is not caused by overfitting, and adding more layers leads
to a decline in accuracy as reported in [SGS15].

This problem is addressed by introducing the so-called deep residual learning framework
[He+16]. The authors argue that the deeper counterpart of a shallower architecture can
be constructed by adding identity mapping layers while the other layers are copied from
the learned shallower model. Theoretically, this solution should produce no higher training
error than its shallower counterpart by learning weights for the additional layers such that
these layers perform identity mapping. However, experimental results demonstrate that
adding more layers to the (same) architecture leads to higher training and test errors
[He+16]. The residual learning is based on the following consideration: Instead of directly
fitting a desired underlying mapping H(X), the stacked non-linear layers fit the following
mapping F(X) = H(X) — X which can be rewritten as H(X) = F(X) + X. The authors
hypothesize that it is easier to optimize the function F(X) and the identity X than the
unreferenced mapping H(X) [He+16].

A building block for residual learning or simply residual block is realized using shortcut
connections, which skip one or more weight layers. The structure of a residual block is
visualized on the left side of Figure 16. The input X is forwarded through the residual
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block and added to the output of this block to realize the formulation F(X) + X [He+16].

Subsequently, the resulting sum is transformed through the ReLLU non-linearity.
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Figure 16: Visualization of the shortcut connection (a) skipping a residual block. Depending on
the chosen model version, the residual block’s structure is either the basic block (b) or
a bottleneck block (c).

Two different types of residual blocks exist, namely basic block and bottleneck block.
The basic residual block is shown in the center (b) of Figure 16 and consists of two
convolutional layers, each following the architectural approach of the VGGNet only using
3 x 3 kernel filters. The outputs of the convolutional layers are normalized by applying
a batch normalization as proposed in [IS15]. A ReLU non-linearity is applied after the
first (batch normalized) convolutional output, while the second ReLLU function is applied
outside the residual block, as mentioned before. A deeper bottle architecture with up
to 152 trainable layers is introduced to increase the depth further. This architecture is
based on the bottleneck blocks, which are depicted on the right side (c) of Figure 16.
A bottleneck block consists of three convolutional layers with kernel sizes of 1 x 1, 3 X
3, and again 1 x 1. The bottleneck property is realized using the 1 x 1 filters, which
reduce and then increase (restore) the dimensionality. Based on this, the 3 x 3 filters
effectively operate on smaller dimensions. Analog to the basic block, each convolutional
layer output is batch normalized and transformed through a ReLU non-linearity. The
authors note that the bottleneck design is solely introduced to reduce the computational
complexity in terms of floating-point operations [He+16]. However, it is important to
note that integrating more convolutional layers increases memory consumption, similar to
the VGGNet architecture. Although the bottleneck block reduces the number of floating-
point operations by 22.2% compared to the basic block, the memory consumed increases
by a factor of 3. Five versions, consisting of 18, 34, 50, 101, and 152 trainable layers,
were initially presented. An overview of the smallest variant with 18 layers is visualized
in Figure 17. The first convolutional layers directly reduce the dimensionality in height

and width using a filter size of 7 x 7 and a stride of 2. Subsequently, maximum pooling
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Figure 17: Visualization of the ResNet [He+16] architecture showing the model version ResNets4
with 8 residual blocks, 33 convolutional layers and a final fully connected layer.

is applied using a stride of 2 and, different from the VGGNet, a pooling kernel size of
3 x 3. Afterwards, the resulting feature maps are processed through 8 residual blocks, and
the factor of 2 reduces the dimensionality after every second block (denoted by /2). In
Figure 17, a dimensionality reduction in height and width is shown using a dashed shortcut
connection, while solid lines visualize unchanged dimensionalities. Within a residual block,
the dimensionality of a feature map is reduced by using a stride of 2 for the second
convolutional layer in the basic and the bottleneck block. For shortcut connections, feature
map dimensions along height and width are reduced using a 1 x 1 convolutional layer with
stride 2. Furthermore, if the path through the residual block increases the number of
channels in the resulting feature map, the ResNet architecture provides two options. The
identity mapping is padded with zeros or transformed by a convolutional layer using a
kernel size of 1 x 1 to fit the dimensionality. The resulting features are mapped to the
predicted class vector in the final stage. However, in contrast to the VGGNet architecture,
classification is realized by applying a global average pooling, resulting in a 512 or 2048
dimensional feature vector, depending on the depth variant of the network. This feature
vector is then transformed to a one-hot class encoding using a single fully connected layer
followed by the softmax function. As mentioned in Section 2.4, omitting the fully connected
layers drastically reduces the amount of model parameters. Supposing the global average
pooling is applied to a feature map containing 512 respectively 2048 filters, the fully-
connected layer in the ResNet architecture only consists of 512 thousand or 2.05 million
parameters for the ImageNet [Rus+15¢] classification task with 1000 categories. A Multi-
Layer Perceptron, as used in the VGGNet, would have 22.97 and 29.26 million parameters,

respectively, for the same number of feature maps and classes.
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In the last two decades, computer vision has significantly advanced image classification
and object recognition. With the advent of deep convolutional neural networks [Lec+98;
KSHz12], visual recognition performance has been elevated to an astonishing level. The
performance of computer vision models is based on the enormous amount of training data,
for which datasets like ImageNet [Rus+15¢] or MS COCO [Lin+14] have been proposed,
containing tens of thousands and even millions of training samples. This multi-class classi-
fication task is mostly solved by a class mapping through a one-hot encoded vector where
the model predicts one out of K categories for a given image (cf Section 2.1.2). This
approach works well for tasks with a small number of categories supported by sufficient
training data.

However, many real-world applications face the problem of insufficient training mate-
rial, which may have several reasons. For some particular tasks, it is often expensive and
time-consuming to obtain annotated training samples [Wan+19], such as in the seman-
tic segmentation problem [Min+22] or image captioning [Ste+22]. Other tasks have to
deal with tens of thousands of categories. Although obtaining a large number of training
samples for common categories like vehicles or dogs is feasible, it is a considerable effort
to obtain annotated training samples for infrequent categories, such as particular vehicle
models or specific dog breeds [FLP17]. According to [Bie87], tens of thousands of superior
and significantly more subordinate categories exist. Different approaches have been pro-
posed in order to deal with this problem. For small training data with just a few samples
for each category, methods for one-shot learning [FFPo6] or few-shot learning [RL17] are
introduced. If a task contains a large number of categories, techniques such as cumulative
learning [FWL16] or class-incremental learning [Reb+17] are applied. For example, in text
recognition, Jaderberg et al. [Jad+16] use a lexicon of 10000 words represented through a
one-hot encoded vector. An incremental learning approach is applied to handle the lexicon
size. The training process is split into several steps, and the number of word categories
progressively increases during training. For applications with a potential open set of target
categories, methods like open set recognition [Sch+13] and open world recognition [BB15)
are proposed. These methods can detect unknown target categories but cannot determine

which specific category an instance belongs to.

3.1 SEMANTIC PROPERTIES FOR ZERO-SHOT LEARNING

The approaches that deal with the problem of classifying unseen target categories are re-
ferred to as zero-shot learning [LNHog; Far+o09] or zero-data learning [LEB08]. Zero-shot

learning is the task of recognizing categories for which no training samples are available
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(i.e., zero data). However, the unseen category must be known beforehand. The general
approach of zero-shot learning is to exploit the training data’s knowledge to recognize un-
seen test categories. The problem formulation of knowledge transfer is studied over a wide
area of methods referred to as transfer learning [PY10; Zhu+21]. In transfer learning, the
knowledge contained in the source domain (e.g., training data) is transferred to the target
domain (e.g., test data) to learn the target task. If the category spaces covered by the
training and test data are disjoint, transfer learning is classified as heterogeneous; for the
case of jointed category spaces, transfer learning is called homogeneous. Thus, zero-shot
learning can be seen as a heterogeneous transfer learning problem [Wan+19]. In zero-shot
learning, knowledge can be transferred by defining the categories through intermediate
semantic properties shared across category boundaries. Unseen categories can be classified
by first predicting the semantic properties for a given image and then determining the (un-
seen) category for which the combination of properties fits best. However, this approach
requires each category to be represented by a unique set of properties in order to be distin-
guishable [LNH14]. Different approaches exist for obtaining semantic spaces that contain
information about categories. According to [Wan+19], the spaces can be categorized into
learned and engineered semantic spaces. Learned semantic spaces are prototypes of each
category of interest obtained from the output of some learned models. As human experts
did not design these prototypes, different output components do not necessarily have an
explicit semantic meaning. Prominent approaches for learned semantics are word embed-
ding techniques for natural language processing, such as Word2Vec [Mik+13] or GloVe
[PSM14]. While other approaches learn the embedding model from Wikipedia descrip-
tions [Soc+13]. Learned semantic spaces have the advantage of being less labor intensive
due to their synthetic nature. Additionally, learned semantics can contain discriminative
information not captured by human-designed representations. On the other hand, engi-
neered semantic spaces are designed by human experts, and information about categories
is incorporated explicitly into the semantic representations. However, the disadvantage of
engineered semantics is the heavy reliance on human assessment and the time-consuming
process. Engineered semantic spaces can be obtained from lexical databases like WordNet
as demonstrated in [Aka+16]. Text descriptions of categories can also be exploited as se-
mantic spaces, for example, by including object descriptions from websites like Wikipedia

[Aka+15] or domain-specific encyclopedias [ESE13).

3.2 SHARING KNOWLEDGE WITH ATTRIBUTES

Besides the lexical databases and text descriptions, the most popular approach to imple-
menting semantic properties is referred to as attributes [FLP17]. Attributes are human-
specified high-level descriptions of arbitrary semantic properties like shape, color, or en-
vironmental information [LNHog]. According to Lampert et al. [LNHog], attributes are
properties of objects if a human can decide whether the property is present or not for
a particular object. The authors argue that attributes are related to human capabilities

of identifying objects only based on their descriptions. When given a sentence like “large
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gray animals with long trunks”, humans might reliably identify elephants [LNH14]. Con-
sequently, attributes for the class elephant could be large, gray and long trunks. Lampert
et al. states that attributes are not required to be directly visible, like long trunks, but
are nameable properties, such as an animal’s natural habitat. According to Ferrari et al.
[FZo7], attributes are purely visual properties, such as striped, dotted, round, squared,
red or blue, which is why the authors explicitly name these properties visual attributes.
In general, attributes are intermediate representations of semantic properties which are
human-interpretable. However, the definition of attributes remains imprecise. For example,
it is unclear whether attributes should be assigned to categories or image instances. If at-
tributes are assigned for a given image, recognizing these attributes would be nothing else
than multi-label classification [DHSo1; Bisog]. An example is the classification of scene im-
ages, where the term attributes refers to a multi-label annotation for scene images without
unique representations for scene categories [Pat+14]. Assigning attributes to categories, on
the other hand, reduces the annotation time and allows sharing of knowledge across cate-
gories. Both Farhadi et al. [Far+09] and Lampert et al. [LNHog| use attributes under the
second paradigm in order to recognize object categories efficiently. Despite the different
definitions, technically, attributes are often applied as binary values y € {0, 1}" referred to
as binary attributes. Binary-valued attributes are often used due to their straightforward
interpretation. The binary values indicate whether a property, represented by an attribute,
is present (i.e., 1 or 0). Attributes are not limited to binary values and can be defined as
real-valued numbers y € R™. These attributes are referred to as continuous [Wan+19)].
Continuous attributes can indicate intensities, confidences, or counts, and their numerical
range depends on the specific domain to which they are applied. Furthermore, Parikh et
al. [PG11] successfully demonstrated that attributes can be defined as relations between
images, indicating whether a particular attribute fits more for one of two given images,
which are, consequently, referred to as relative attributes.

Semantic attributes are used in a broad range of different computer vision applications.
They can be helpful for interactive recognition of fine-grained categories [Bra+10], or im-
age search with humans in the loop [KPGis] as well as actively selecting annotations
[KVG11]. As the semantics are human-interpretable, attributes are provided as rationales
to machines for more substantial supervision [DG11], exploit as privileged information
[SQL13], and serve as decision explanations to humans [Hen+16]. Attribute-based repre-
sentations play a crucial role in person re-identification [SHX15], facial attributes recog-
nition [Yan+15; Zha+16], estimating human poses [Zha+14] or recognizing pedestrians
[Tan+19]. In e-commerce, they are applied to clothing retrieval [Hua+15] or recommend-
ing fashion styles [Liu+13]. Recently, class attributes have been used for human activity
recognition [RF18; RF21]. Here, attributes represent fine-grained semantics, such as lifting
right hand or moving left leg, to recognize complex human activities. Besides that, appli-
cations like scene analysis [Pat+14] or image retrieval [DRS11] can benefit from attribute

representations.
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3.3 SEMANTIC ATTRIBUTES IN THE CONTEXT OF HANDWRITTEN DOCUMENTS

In document image analysis, collections of documents containing handwritten texts face
similar challenges, which are addressed by the approaches above using semantic attributes.
If words are defined as individual categories, methods in this area must deal with an ex-
tensive vocabulary. Moreover, the available training data do not include many handwrit-
ten words that need to be transcribed or retrieved. This circumstance requires zero-shot
learning techniques. In addition, extensive data collections of handwritten texts are not
available, especially not for historical documents. These challenges of many classes, un-
seen samples, and scarce data are addressed by the concept of semantic attributes. Several
approaches have been proposed for the word spotting task using binary [Alm-+14b] or con-
tinues [Jos13; WB16] attributes to represent large lexicons. These approaches define single
or multiple characters from an alphabet as individual semantics represented by attributes.
Moreover, visual characteristics of individual characters can be defined as semantics as
well [RKC21]. Approaches that address the word spotting task using semantic attributes
are highly related to the methodology presented in this thesis and, thereof, discussed in
more detail in Chap. 5.

42



WORD SPOTTING ON HANDWRITTEN DOCUMENTS

In document analysis, the approach known as word spotting has attracted considerable
research interest over the last two decades. The task of word spotting is to retrieve all
relevant candidates of word images from a given document collection with respect to
a user-defined query. Ideally, the candidate list retrieved by the word spotting system is
sorted according to a similarity measurement in a decreasing order, where the most similar
candidates will appear in the first positions in the retrieval list. This essential requirement
of presenting the results makes word spotting a particular case of content-based image
retrieval (CBIR) [Alm+14b]. Due to the significant overlap in methodologies, word spot-
ting often needs to be clarified with word recognition. However, text recognition aims to
find the correct transcription for a given word image and return only a single recognition
result. Different methods for text recognition have been successfully applied to machine-
printed documents [Rus+15a]. While the transcriptions obtained for machine-printed doc-
uments generally yield satisfactory results, this quality of performance significantly drops
when dealing with handwritten documents. This is especially true for historical document
collections. Compared to machine-printed documents, handwritten texts contain a large
variability in writing styles caused by different writers, where parts of the text are not
recognizable due to sloppy handwriting. For historical handwritten documents, different
aging effects, fading ink, or bleed-throughs increase the difficulty level. Written texts often
consist of different vocabularies and spellings, which present a significant challenge for
language models. Word spotting circumvents the problem of incorrect transcription by
retrieving a list of relevant candidates instead of presenting a single result. The candidate
list retrieved by the word spotting system offers a significant advantage: The user can
choose from several possible candidates. A word spotting system mainly consists of three
processing stages. The pages from a document collection are, first, segmented into word
images and subsequently transformed into word image representations. Once the images
are mapped to their respective representations, a similarity measurement is applied to
obtain the similarity scores between the word images and a given query.

This chapter presents the task of word spotting on handwritten documents and is struc-
tured as follows. Section 4.1 introduces the established terminology used across the word
spotting literature. Subsequently, the beginnings of word spotting are briefly introduced
in Section 4.2. Following that, the evolution of word image representations is presented
in Section 4.3. Finally, the approaches for evaluating similarity scores are discussed in
Section 4.4. It is important to note that this thesis assumes that word images are already
segmented. As a result, methods dealing with the problem of word region segmentation
are not discussed. Instead, the word spotting works [WLB17; Gio+17; RWF21] are referred

for further reading.
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4.1 TERMINOLOGY

Word spotting is increasingly used to aid in document analysis by searching through
collections. Therefore, the word regions must be located to extract the relevant document
parts (i.e., word images). Locating the relevant regions is referred to as segmentation.
Afterwards, the segmented word images are transformed into numerical representations,
and similarities are computed with respect to the query. A query can be provided in
different query modalities and depends on the supported modalities of the word spotting
system. The word spotting methods can be characterized concerning the aforementioned
three properties, which are the necessity of annotated data, the functionality of segmenting
document images, and the support of different query modalities.

If a word spotting method requires annotated training samples to learn the mapping be-
tween word images and their corresponding annotations, it is characterized as annotation-
based and annotation-free otherwise. In [Gio+17], word spotting methods are characterized
into learning-based and learning-free approaches with a focus on the model parameters be-
ing adjusted. This characterization is extended in [Sudi8, p. 40] with the argument that
a considerable amount of methods characterized as learning-free make use of unsupervised
training on the supplied annotations and thus should be distinguished into supervised, un-
supervised and training-free methods. In recent years, classic training-free methods have
become infrequent and give way to approaches using convolutional neural networks. Thus,
in this thesis, word spotting methods are characterized as annotation-based or annotation-
free, according to annotated training samples required to obtain the model parameters. In
the context of this thesis, annotation-free methods do not require annotated data from the
target document collection. It is important to note that different techniques like transfer-
learning, self-supervised learning or domain-adaptation make use of annotated data sets
from other document collections or synthetically generated handwriting for training the
word spotting models [KJ16; KDJ16; WF20]. However, they do not require annotated
data from the target domain.

A word spotting system’s input typically consists of page images from a document
collection and a user-defined query. Word regions must be segmented prior to retrieval to
make the document searchable. If the segmentation is integrated into the word spotting
method, it is referred to as segmentation-free. On the other hand, if the method requires
segmented words or text lines, it is said to be segmentation-based. According to [Rot1g)],
word spotting methods can be grouped into three categories, namely word-level, line-level,
and document-level. Approaches operating on the word level require the word regions to
be segmented in advance, while line-level approaches depend on segmenting text lines. In
general, it is more challenging to extract word regions than text lines from document pages.
In the context of this thesis, word spotting methods are characterized as segmentation-free
and segmentation-based.

A word spotting system is applied to a document collection where relevant parts are

extracted based on a user-defined query. The most prominent query modality is given
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as a visual example referred to as QbE. For word spotting, visual examples are usually
images containing a single word (i.e., word images). The QbE retrieval scenario has the
advantage that no prior knowledge is required on the user’s part about the content of
the document collection. Furthermore, as the similarity of candidates in the retrieval list
can be evaluated purely on the visual appearance, no recognition step is required. Hence,
many annotation-free approaches [Ret+19; RWF21; ZPG17| supporting the QbE spotting
scenario have been published. However, the user must search through the documents to
find the desired visual example. This process can be very tedious, especially for infrequent
words. This limitation is circumvented by another prevalent query modality referred to
as @bS, where the query is presented as a textual string. The obvious advantage is that
the user no longer has to search through the document collection; instead, the desired
word string must be defined. However, a considerable disadvantage is the necessity of
annotated training samples. A set of annotated samples is required to learn the mapping
between word images and their corresponding textual representation. Due to the necessity
of mapping from visual to textual representation, word spotting methods supporting QbS
retrieval are characterized as annotation-based approaches. Besides QbE and QbS, several
other query types are used in word spotting. For example, Rusifiol et al. [Rus+15b] present
a QbSP retrieval scenario where spoken words are used as queries. In [WRF16], queries

are defined by handwriting on a pen-based system referred to as QbO.

4.2 WORD SPOTTING ORIGINS

Word spotting originates from signal processing, where spotting has been applied to speech
before [Fis+12]. For example, Myers et al. [MRR80] compare a fixed range and local mini-
mum version of the DTW algorithm in order to perform word spotting and connected word
recognition on a dataset of audio recordings over a dialed-up telephone. Later, Rohlicek
et al. [Roh+89] use continues HMMs with Gaussian output modeling applied on audio
feature representations in order to perform spoken word spotting.

In the early 1990s, word spotting was adapted by the document analysis community for
machine-printed documents. Khoubyari et al. [KHg3] propose a method for segmentation-
based query-by-example word spotting in noisy printed document images. The approach is
based on XOR images computed between the query and word images from the document
collection. An XOR image is obtained by applying the XOR operation to corresponding
pixels, where white pixels (i.e., 1) indicate a difference and black pixels (i.e., 0) indicate
equality. Therefore, all images are rescaled to the same size and aspect ratio. The word
images are rescaled by aligning them according to a horizontal band of fixed height cov-
ering the pen stroke’s most dense area. In the next step, all white pixels are replaced
by the Euclidean distance between the white pixel and the nearest black pixel. Finally,
the similarity score is assessed by calculating the sum of squares from all pixel values in
the XOR image and subsequently normalizing the resulting value Lq. This approach is

referred to as Euclidean distance matching (EDM). Chen et al. [CWBg3] present an ap-
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proach for font-independent segmentation-free query-by-string word spotting in scanned
machine printed documents. The word regions are extracted using morphological closing
operations to merge characters within a word and compute the bounding box from the
connected components. Word image representations are based on the external shape and
internal structure of the image obtained from pixel values that are extracted column-wise.
The keywords are modeled through context-dependent HMMs while sub-character HMMs
are used for non-keywords. Inspired by the 2D nature of printed documents, Kuo et al.
[KAg4] present an approach based on pseudo 2D HMMs. Instead of fully connected net-
works, the usual 1D horizontal models are linked with vertical superstates, giving them the
prefix “pseudo 2D”. These models achieve superior performance in a segmentation-based
QbW retrieval scenario compared to the standard 1D HMMs.

In the document analysis community, handwritten text is considered to be much more
difficult to analyze than machine-printed text. Handwritten documents exhibit signifi-
cantly greater visual variability in the writing style and structure. Multiple instances of
the same word on the document page written by the same writer show differences. In-
spired by the word spotting works on printed documents mentioned above, Manmatha et
al. [MHR 6] present the first approach for word spotting on handwritten texts in histori-
cal documents. The document pages are, first, binarized and segmented using a process of
smoothing and thresholding as proposed in [Man+96]. Subsequently, the segmented word
images are eliminated from the candidate’s list based on a mismatch of their size and as-
pect ratio compared to the query image. The authors use two different algorithms for word
image matching. The first is similar to [KHg3] based on XOR images and Euclidean Dis-
tance Matching (EDM). The second algorithm models the transformation between words
as an affine transform referred to as SLH [SLg1]. Manmatha et al. argues that matching
based on affine transformations outperforms the EDM based on XOR images. The rea-
son is that a pixel-wise image comparison will show considerable differences for two equal

words, although written by the same writer.

4.3 WORD IMAGE REPRESENTATIONS

Word images need to be transformed into numerical feature representations. Afterward,
similarities are computed between a given query and the representations. Word image
representations are strongly inspired by techniques from computer vision and handwriting
recognition. Three different types of word image representations exist, mainly based on the
position and order of the extracted features. The word image can be represented holistically
as a single feature vector. A sequential word representation is obtained by extracting
feature vector frame-wise along the writing direction. Another approach of representing
word images, is to compute local image features at previously detected interest-points.
Besides that, further image representations exist as hybrids of the three main types. In

this regard, the prevailing representation is based on features extracted in a pyramidal
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fashion and concatenated into a holistic feature vector. This section reviews the different

approaches for representing word images.

4.3.1  Geometric Features

In the first work for word spotting on handwritten documents, Manmatha et al. use the
XOR operation to represent word images [MHRg6]. The pixel-wise comparison, however,
is hardly applicable to handwritten words. Two equal words written by the same writer
can differ considerably. Around the millennium, ensuing works [KGGg7; Kol4+-00; RMo3]
moved towards geometric features as word image representations. Geometric features en-
code the structural properties of handwritten words. As handwriting is based on the
pen-strokes, geometric features are sometimes referred to as pen-stroke features [Rotig].
Typically, geometric features are obtained by computing different word profiles, such as
upper- and lower-profiles, character cavities, or pixel distributions, like the number of
foreground-background transitions [Gio+17]. However, geometric features suffer from two
considerable drawbacks. Geometric features are sensitive to slight variations in the writing
style and often require a normalization of the slant, skew, or image size [FB14]. The struc-
tural properties of geometric features are based on extracted pen strokes and, therefore,
require binarization and skeletonization steps in advance [Gat14]. Besides the word profiles
and transition counts, images are transformed into a frequency domain by applying the
DFT [Sze22, pp. 113-115]. Then, the lower-order frequency coefficients are used as feature
vectors [KGGg7; RLMo3]. The representations of word images can be enhanced by combin-
ing locally neighbored features into histograms. Therefore, the word image is partitioned
into a grid of cells. The discrete features are counted within every cell and, subsequently,
concatenated in order to build a histogram. The dimensionality of the feature vector is
defined by the number of cells and the histogram bins. Approaches like the shape context
[LSo7] or the blurred shape model [For+11] count the pen-stroke pixel within each cell. In
[FLF11], characteristic Loci features are used as word image representations. Loci features
[Glu69] encoded the number of foreground-background transitions in four directions (i.e.,
horizontal and vertical) starting from a specific keypoint. The counts extracted at each
keypoint position are called Locu codes, and the histogram is obtained by concatenating

these codes.

4.3.2 Descriptors based on Gradient Histograms

Geometric features bear the drawback of being sensitive to small visual variations in
word images. In order to detect the pen stroke, the word image must be binarized and
skeletonized beforehand. For some of the approaches, keypoint detection is required. Small
changes in the visual pen-stroke appearance immediately affect the pen-stroke detection.
While binarization and skeletonization produce satisfactory results for high-contrast or

printed document images, they are less effective for low-contrast handwritten documents.
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Binarization and skeletonization can become highly challenging, especially for historical
documents, due to aging artifacts, fading ink, or bleed-through.

From the mid-2000s, the focus of image representations shifted towards local image
features based on gradient histograms. Gradient-based representations encode the entire
image region, not just the extracted pen stroke. These histograms are directly obtained
from gray-scaled images and eliminate the necessity for binarization or skeletonization.
This advantage makes these representations more robust against visual variations in the
pen-stroke appearance. The gradient-based histograms are adapted versions of the very
popular SIFT [Lowo4] and HoG [DTops] algorithms, mainly differing in cell arrangement
and histogram normalization. A HOG descriptor is obtained by sampling the gradient
histograms from a rigid grid layout. This approach is used in [TTog] to compute sequences
of HOG descriptors along handwritten text lines. Kovalchuk et al. [KWD14] combine HOG
and LBP descriptors [AHP06], both obtained from binarized word images. In [Alm-+12],
whole document pages are represented in dense grids of HOG descriptors. Segmentation-
free word spotting is performed through a patch-based approach, where locally neighbored
descriptors represent each patch. In contrast, the original SIFT algorithm extracts the
descriptors from specific keypoints computed in advance. For handwritten text images,
keypoints are usually detected using algorithms such as Harris corners [HS88]. After the

SIFT descriptors are extracted, retrieval is performed by matching these keypoints.

4.3.3 Descriptor Quantization

Finding the best alignment between all the keypoints is computationally exhaustive. Conse-
quently, image descriptors based on the SIFT are often used in the BoF framework [OD11]
that has been applied in segmentation-based word spotting scenarios [ADo7; YM12; SJ12].
Quantizing local image descriptors into a visual vocabulary yields a holistic and fixed-
length word image representation while keeping the discriminative capabilities of local
descriptors [Ald+15]. According to [NJTo06], the performance of BoF representations cor-
relates with the number of sampled regions. The performance gain is related to the num-
ber of regions rather than the kind of sampled regions. This insight led to a sampling
strategy where local gradient histograms are sampled according to a dense grid layout,
similar to the HOG approach. Rusinol et al. [Rus+11] pursue this sampling strategy in
a segmentation-free word spotting scenario. SIFT descriptors are sampled over a regular
grid where descriptors with a low gradient magnitude are discarded. Afterward, clustering
is applied using the BoF approach. The resulting representations are orderless collections
of quantized descriptors lacking any structure of spatial information [OD11]. In order to
retain this information, a pyramidal partitioning of the image is applied [LSPo6]. Besides
a holistic representation of word images, sequences of BoF histograms are used as input
for HMMs referred to as BoF-HMM [RVF12]. Therefore, SIFT descriptors are extracted
at each interest point detected by the Harris corners algorithm [HS88]. A sequence of

BoF' histograms is obtained by moving a window over the word image in the writing di-
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rection. Only interest points inside the window are considered at each window position.
In [RMF13], this BoF-HMM approach is extended towards segmentation-free QbE word
spotting. In contrast to [RVF12], the SIFT descriptors are sampled from a dense grid over
the document page and clustered according to the BoF framework. Afterward, word spot-
ting is performed in a patch-based approach similar to [Rus+11]. The sequences of BoF
histograms are extracted column-wise at each patch position.

Alongside the BoF histograms, Fisher vectors are utilized as word image representa-
tions. Almazan et al. [Alm+14a] use Fisher vectors in a segmentation-free word spotting
scenario. The authors reutilize the approach from [Alm+12] where document images are
represented as dense grids of HOG descriptors. Afterward, potential candidates are ex-
tracted from patches moved over the descriptor grids. Fisher vector representations are
used to re-rank the candidate’s list to expand the training set in an Exemplar-SVM frame-
work [MGE11]. Later Almazén et al. [Alm+14b] use the Fisher vector on top of densely
sampled SIFT descriptors to perform segmentation-based QbE as well as QbS word spot-
ting. The authors retain spatial information by subdividing the grid of SIFT descriptors
into 12 bins (6 x 2) and estimate individual GMMs for each bin. Computing higher-order
statistics like Fisher vectors yields more discriminative representations compared to quan-
tized descriptor frequencies obtained from BoF histograms [San+13]. However, due to the
high computational demand, Fisher vectors are mainly used for segmentation-based word

spotting [Alm+14b] and re-ranking [Alm-+14a].

4.3.4 Learned Representations

Word image representations based on geometric features, gradient histograms, or quanti-
zation techniques (i.e, BoF or Fisher vectors) are directly obtained from document images.
Therefore, annotated material is not required. On the other hand, learned word image
representations require annotated training data to predict class information. The annota-
tion granularity depends on the problem domain and is obtained on the character or word
level.

For QbS retrieval scenarios, annotations on character level are typically used as visual
character templates to obtain sequence models such as HMMs [Edw+o04; CZFo6]. The
approach in [Tho+15] uses HMMs to segment individual characters in handwritten text
lines. Subsequently, these segmented characters are used to train character models. In both
cases, visual character samples must be segmented, which is a tedious task, especially for
handwritten documents. Transitions between characters are difficult to distinguish, and,
in contrast to machine-printed texts, handwritten characters vary considerably in width.

As a result, word spotting benchmarks more often provide annotations on the word
level. Word annotations are used to learn a linear embedding of local image descrip-
tors to perform QbE word spotting [SRF15]. The approach is inspired by [Phi+10] and
[HBWo7] based on an embedding where distances between descriptors correspond to their

semantic similarity. To learn the embedding, training samples of corresponding and non-
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corresponding descriptor pairs are obtained from annotated word images. Another ap-
proach exploits a CNN to obtain word image representations for query-by-example word
spotting [SK15]. The CNN is trained to assign word classes for a given input. There-
fore, 1000 most frequent word classes are extracted from target or synthesized datasets.
Retrieval can be performed by representing word images through the output of the penulti-
mate FC layer. In [SRG16], a CNN is pre-trained to classify individual characters [JVZ14],
and, subsequently, used as a feature extractor to perform QbE word spotting. In con-
trast to [SK15], image descriptors are obtained from the output of the last convolutional
layer. Inspired by [BL15], convolutional features are split into 6 zones along the horizontal
axis and aggregated to a fixed-length vector representing the word image descriptor. Fur-
thermore, word image representations are obtained from CNN models trained using deep
metric learning techniques, referred to as Triplet-CNN [WB16]. The name originates from
the triplet loss function applied during training [HA15]. A triplet consists of three images
with two corresponding examples (i.e., anchor and positive) and a third non-corresponding
example (i.e., negative). The loss function is designed to minimize the distance between
the anchor and the positive image sample and maximize the distance between the anchor
and the negative sample. RNNs are used for QbS word spotting in text lines [Fri+12]. A
BLSTM model is trained on annotated text lines using the CTC algorithm [Gra+06]. This
approach results in a sequential model representing a handwritten text line as a sequence

of one-hot encoded character class estimations.

4.4 SIMILARITY MEASUREMENT

Once the word image representations are obtained, a measure for similarity assessment is
applied. A numerical value representing the similarity is evaluated between the query and
all word image candidates from the document collection. In the literature, two different ap-
proaches for similarity measurement are most popular. Distance-based approaches assess
similarities directly by applying distance metrics such as the Euclidean distance. These
approaches do not require any learning parameters and are thus suitable for learning-
or annotation-free word spotting methods. In contrast, learning-based approaches train a
query model and evaluate similarities according to model parameters. The model parame-
ters are usually obtained from annotated training samples or estimated from the query

given as a visual example.

4.4.1  Distance-based Similarity

For machine printed documents, the similarity between two word images is evaluated by
the Euclidean distance mapping (EDM) algorithm [Dan8o]. Therefore, XOR images are
computed from binarized and pairwise aligned word images. Then, the Euclidean distance
is computed for every differing pixel (indicated by 1) to the nearest non-differing pixel

(indicated by 0). A similarity score between two word images is obtained by accumulating
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all distances [KHg3]. This alignment approach has been adapted to handwritten historical
documents in [MHRg6]. However, this pixel-level approach leads to insufficient retrieval
performance as multiple handwritten word images obtained from the same writer show
considerable differences on the pixel level. Thus, the authors in [MHRg6] increase the
robustness by applying a more sophisticated alignment strategy that includes baseline
estimates and alignment in the horizontal and vertical directions. Furthermore, the simi-
larity between word images is modeled as an affine transformation using the SLH algorithm
[SLo1] that outperforms the EDM algorithm [MHRg6].

Ensuing works apply a more complex matching scheme based on an optimal alignment
of two sequences of feature vectors. Regarding the alignment, the prevalent approach
is referred to as DTW initially proposed for speech recognition [SC78]. In early word
spotting approaches, this alignment technique is applied to sequences of geometric fea-
tures obtained from column pixels of word images [Kol4+-00; RLMo3]. However, extracting
column-wise feature vectors can quickly result in long vector sequences, making the DTW
alignment computationally expensive. With the advent of gradient-based histograms (cf.
Section 4.3.2), column-based feature extractions has given way to frame-based approaches.
HOG descriptors are extracted from word image frames in a sliding window approach along
the text line [TTog], where the number of feature vectors is further reduced by extracting
overlapping zones. Each of the zones is represented by DFT coefficients that are referred
to as modified projections of oriented gradients (mPOG) [Ret+19]. This annotation-free
approach achieves state-of-the-art results for segmentation-based query-by-example word
spotting.

A similarity measure based on the spatial consistency of matching features is presented
in [RFRo3]. Therefore, the authors extract local features at interest points using the Har-
ris corners algorithm [HS88]. The similarity is obtained by computing the accumulated
displacement of corresponding image locations using the sum of squared differences (SSD).
A cohesive elastic matching is applied in [Ley+o09], where matches are restricted to local
neighborhoods defined by regions of interest. In [ZPG17], center keypoints of potential
query words are detected in the document image. Then, locally neighbored keypoints are
projected into size-normalized coordinate systems relative to the center points. Finally,
only spatially consistent keypoint matches are considered for similarity measurement com-
putation. Both [Ley+o09] and [ZPG17] heavily rely on heuristics and parameter tuning,
which raises the question of whether these methods can be adapted to a broad range of
document types.

In contrast to the similarity measurements mentioned before, word images can be rep-
resented holistically (cf Section 4.3). Retrieval becomes a nearest neighbor search if word
images are represented as real-valued vectors with fixed dimensionality. This approach
is efficient and comes with low computational cost. In this regard, distances are mainly
used to assess similarities. A similarity is directly obtained by computing the distance be-
tween two word image representations. In order to obtain sufficient retrieval performance,

appropriate similarity measures (i.e., distance metrics) are crucial. In the word spotting
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literature, various distance metrics have been proposed, ranging from correlation-based
distance [ZSHo3], KL divergence [ADo7] or Bray-Curtis dissimilarity [SF16]. A common
approach for similarity assessment in lower dimensional vector spaces is often based on the
Euclidean distance [RLMo03; RFR03; KWD14]. However, with increasing dimensionality of
the image descriptors, the Euclidean distance becomes less discriminative as large-valued
vector components dominate the resulting distance value [PSM1o]. This problem is ad-
dressed by normalizing the descriptors and considering the components’ distribution. For
this reason, measuring the angle between two vectors using the cosine similarity [BR11] has
become the prevalent approach in recent word spotting methods [RL14; Alm+14b; RF15;
SF15; SF17; Rot+17], consistently achieving state-of-the-art results.

4.4.2  Learning-based Similarity

In addition to the distance-based approaches, models are trained to assign similarities
between the query and all candidates from the retrieval list. Therefore, the model learns
to estimate similarities from annotated training data or corresponding query examples.
Approaches operating on word-level have been proposed using statistical models [RLMo3],
SVMs [PRog; Alm+14a], or CNNs [Zho+16a]. On the other hand, sequence-based models,
such as HMMs [RP12; Fis+12] or RNNs [Fri412], are usually applied on character-level.

A SVM distinguishes between relevant and irrelevant word image representations re-
garding the query. In [PRog], query-by-example word spotting is performed as a fully
supervised classification task. Therefore, the authors use annotated word images to train
the SVM. This classification-based approach limits the retrieval to a lexicon of previously
learned word classes. In contrast, in [Alm+14a], the exemplar SVM [MGE11] is directly
trained to distinguish between the given query and randomly sampled examples from the
document collection. Word image candidates are extracted in a sliding-windows approach
and classified by the exemplar SVM into relevant or irrelevant, where similarity scores are
assigned according to the distances to the hyperplane. In the subsequent step, top-ranked
examples are used to train a second SVM and apply the sliding-window approach again
in order to obtain the final retrieval list. This unsupervised approach does not require
annotated training data and is not bound to a fixed-sized vocabulary.

Inspired by Siamese networks [CHLopj], Zhong et al. [Zho+16a] use a CNN to estimate
similarity scores between two given word images. The CNN is trained to predict relevant or
irrelevant image pairs in a binary classification task. Therefore, the authors train the model
using the CE and BCE loss functions. The word images are converted into gray-scaled
images and rescaled to a uniform size of 40 x 100 pixels. Subsequently, pairs of gray-scaled
images are presented to the network model as one image consisting of two color channels.
This way, the forward pass through the network can be realized as a single pass, and the
model has to decide whether the given two-channeled image belongs to the class relevant
or irrelevant. The network architecture consists of two outputs, and the similarity score
is computed by first applying the softmax and sigmoid functions, respectively, and then

computing the average value. Intuitively, it is not entirely clear why the authors use two
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loss functions to train the model and obtain the similarities. However, the results reported
show that higher retrieval performance is achieved using both loss functions.

The methods above are based on decision boundaries that discriminate the feature space
according to relevance. In contrast, generative approaches aim to model the generation
of feature vectors by estimating statistical distributions. The estimated model evaluates
similarity by computing the probability of generating image features. In this regard, a
common approach is Bayes’ theorem [Joy21]. In [RLMo3], word images are described
by a vocabulary of discretized word features. A joint probability distribution of features
and word labels is estimated over an annotated training set of word images. Retrieval
is performed by calculating the conditional probabilities for all vocabulary entries of the
training set, given the discretized query features.

Sequence-based models are used to estimate statistics of feature vector sequences. In this
regard, hidden Markov models (HMMSs)s are the prevalent approach. The models are used
for segmentation-based [RP12] and segmentation-free [RMF13] QbE word spotting where
no annotations are available. The HMMs query models are estimated from a single visual
query sample. In [RP12], word images are represented by a shared GMM estimated in an
unsupervised manner. Only the state-dependent mixture and transition probabilities are
obtained from a given query example at query time. Similarities between vector sequences
are obtained using the Bhattacharyya similarity [Bha46] as the local measure in a DTW
approach. Rothacker et al. [RMF13] use the BoF framework to represent word images (cf.
Section 4.3). A query model is estimated from a sequence of BoF histograms extracted
from the visual query example. Similarities are obtained by computing the best path prob-
abilities using the Viterbi algorithm [Vit67]. The BoF-HMM approach is extended towards
segmentation-free QbS word spotting [RF15]. A query word given as a textual string is
modeled by concatenating character HMMs according to the query. These character mod-
els are estimated from annotated training data, and retrieval is performed similarly to
[RMF13]. In [Fis+12], character HMMs are applied to perform QbS word spotting on line-
level. In contrast to [RMF13; RF15], where similarities are computed between the word
query and segmented word images, the character HMMs in [Fis+12] computes similarities
between word queries and segmented word lines. The character HMMs are estimated us-
ing annotated text lines as training data. Similar to [RMF13], query models are obtained
from concatenated character HMMs according to textual query strings and the text line
scores are computed applying the Viterbi algorithm [Vit67]. Alongside the state decoding
of character HMMs using the Viterbi algorithm, a modified version of the CTC token
passing algorithm [Gra+o0g9] is applied to perform QbS word spotting on handwritten text
lines [Fri+12]. The token passing algorithm was initially presented for HMMs based speech
recognition [YRT8¢] and later integrated into the CTC [Gra+o0g9]. The algorithm’s input
consists of the query word given as a textual string and the text line represented as a se-
quence of character probabilities provided by the BLSTM (cf. Section 4.3.4). For retrieval,
the algorithm’s output value is used as the matching score, indicating whether a given

text line contains the requested query word.
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The approaches presented in the previous chapter are capable of performing either query-
by-example or query-by-string word spotting. For this purpose, word images are trans-
formed into a holistic representation or a sequence of feature vectors (cf Section 4.3).
Similarities are obtained as inverted distances or aligned sequences (cf. Section 4.4.1). If
a query is given as a textual string, retrieval is performed using sequential models such
as character HMMs or BLSTMs (cf. Section 4.4.2). However, sequential approaches are
computationally expensive, while holistic representations cannot handle queries given as
textual strings. Word images and textual strings are represented in a common vector space
to handle both query modalities. In this regard, word embeddings based on attributes pro-
vide an elegant solution (Section 5.1). While textual strings are directly converted into
their corresponding embedding, word images are transformed from the visual domain to
the respective string embedding. This transformation is usually achieved by either predict-
ing individual attributes using an ensemble of SVMs or estimating the holistic attribute
representation using a convolutional neural network (Section 5.2). Attribute-based word
spotting provides three significant advantages. Firstly, computing distances between two
vectors involves only tiny computational costs. This approach is computationally efficient.
Secondly, the attribute representations can encode tens of thousands of word classes. This
feature is crucial for document collections containing an extensive vocabulary. Finally,
it is possible to perform OOV word spotting using an embedding to represent arbitrary
query strings. After the word images are mapped into the attribute space, word spotting
is performed in both retrieval scenarios as a nearest neighbor search, applying distance-
based similarity measures. This technique allows for efficient and accurate word spotting
in large datasets. If the attribute representation is binary, probabilities between individual

attributes can be evaluated to assess similarities (Section 5.3).

5.1 TEXTUAL STRING EMBEDDING

Obtaining similarities between two domains requires both to be represented in the same
vector space. A straightforward approach is to encode a predefined lexicon and train a
model to predict one of K word classes. However, this restricts the retrieval approach
to the word classes that are part of the lexicon (i.e., vocabulary), while OOV retrieval
remains impossible. Hence, an essential requirement for word image representations is
the allowance for querying word strings unknown from training. Therefore, decomposing
the word classes into semantic units, such as characters, could extend the lexicon-based

approach. This way, individual characters within the word image would be predicted in-
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stead of word classes from the predefined lexicon. For example, the model will predict the
characters {e,i,l,n,s,t} for an image containing the word silent. This approach would
effectively result in a multi-label classification task (cf. Section 2.1.2). However, predict-
ing the characters {e,1i,l,n,s,t} is orderless, and two different words, such as silent and
listen, are not distinguishable, which is a significant drawback. For that reason, taking the
order of characters into account is a crucial requirement. This requirement, for example,
is fully met by sequence-based models such as HMMs [Fis+12] or BLSTMSs [Fri+12] where
characters are predicted according to their order.

Another approach is based on n-gram models where textual strings are represented
as histograms of n-grams [Ald+13]. The word transcription is decomposed into uni-, bi-,
and trigrams. Neighborhood information is integrated by using higher n-grams to encode
consecutive characters. The set of considered n-grams is generated from the training set
where the textual information is available. A word string descriptor is obtained by counting
the occurrences of each n-gram and normalizing the resulting histogram using the L2-norm.
The word images are represented by BoF descriptors with integrated spatial information by
applying a spatial pyramid partitioning [LSPo6]. Both textual and visual representations
are embedded into a common subspace by applying the LSI algorithm [Dee+qo]. Finally,
query-by-string word spotting is performed in this subspace. A similar approach based on
textual string embedding is proposed in [GRK17]. However, instead of using LSA, word
images and textual strings are embedded into a latent space using CNNs. The approach
is based on deep metric learning [KB1g], and the goal is to obtain a word embedding,
such that distances between embedded word images and strings reflect their Levenshtein
[Lev66] distance.

Inspired by the BoC string kernels [Lod+o00; LENo2], a very influential embedding ap-
proach based on histograms of character occurrences is proposed in [Alm+13; Alm+14b].
The string embedding is called PHOC and embeds textual strings into a n dimensional bi-
nary attribute space. To avoid ambiguity between words consisting of the same characters,
such as stress and rest, strings are decomposed in a pyramidal scheme. The basic idea of
the PHOC representation is to encode if a particular character occurs in a particular region
of a textual string. Figure 18 visualize a decomposition according the PHOC principal of
the word string captain. The PHOC algorithm splits the string according to predefined
pyramid levels. The quantity of binary character histograms extracted corresponds to the
level indices. That is, level 1 will result in 1 histogram, level 2 in 2 histograms, and so
on. Whether a character falls into a particular split is decided according to the occupancy
between the character and the respective split [Alm+13]. A character is associated with a
split if the overlap is > 50%. Within each histogram, the value of an attribute is set to 1 if
the character associated with the attribute occurs at least once in the corresponding split.
The dimensionality of a histogram is defined by the quantity of attributes included. For
example, in [Alm+13], the authors use all 26 lower-case characters of the Latin alphabet
and 10 digits as the attribute set, leading to 36 dimensional histograms. However, the

choice of semantic units heavily depends on the language of document collections and the
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application of interest. For example, the Latin alphabet is sufficient to represent English
documents. However, this alphabet is insufficient to present words from French, Spanish,
or German texts, and additional characters are required. Finally, the resulting PHOC
representation is obtained by concatenating the histograms from all splits into a single
vector of binary values. For the example in Figure 18, if the dimensionality of a histogram
consists of 26 letters plus 10 digits and the string is split at the pyramid levels 1, 2, and
3, the resulting PHOC vector will have a dimensionality of (26 + 10) x (1 + 2+ 3) = 42.

Transcr. PHOC

Level 1
TOMO0OO0 OMmMO

Captain abcde i

:Ia

captain|=-+*

Captain 1ol ?:%

Figure 18: Visualization of the construction principal of the pyramidal histogram of characters
(PHOC) [Alm+13]. The example shows the resulting PHOC vectors on level 1,2 and
3 for the word string captain. For each split in the respective level, the binary vector
indicates whether a given character is present or not. The final PHOC vector is obtained
by concatenating all binary vectors from all splits.

In a similar approach, histograms of character counts are computed to build a string
descriptor referred to as spatial pyramid of characters (SPOC) [RGP15]. In contrast to the
PHOC representation, the actual quantity of a character in a particular split is considered.
For example, if a character occurs twice in the left split of level 2, the corresponding
attribute is set to the value 2. Computing the occupancy is not required, as characters
that are located between two splits are counted according to their fraction. Considering
the example from Figure 18, the attribute for character ¢ on level 2 would have a value 0.5
in both splits. The final SPOC representation is obtained by concatenating all histograms
of character counts into a single real-valued vector that, subsequently, can be normalized,
as noted by the authors. In this regard, the PHOC can be seen as a binary, and the SPOC
as a continuous attributes representation (cf Chap. 3).

A rather exotic word embedding based on the discrete Cosine transform (DCT) is pre-
sented in [WB16]. Given a word string, individual characters are encoded as one-hot vectors
and stacked into an indicator matrix of shape L x N, where L is the alphabet size and N
is the length of a given word. The DCT is applied along each row, and the three largest
values are concatenated into the final descriptor referred to as discrete Cosine transform
of words (DCToW). The sequential order of the characters is encoded by the sequence of
values obtained from the DCT. Similar to SPOC, the DCToW descriptor can be seen as a
continuous attributes representation. In contrast to the PHOC and SPOC representations,

the encoded string is not directly interpretable when represented by the DCToW.
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5.2 WORD IMAGE EMBEDDING

Textual strings and word images are embedded into a common subspace, mainly follow-
ing two approaches. One approach is based on a separate representation of the textual
and visual domains. Both domains are embedded into the common subspace, applying
a predefined transformation that minimizes the distances between word image and tex-
tual string descriptors [Ald+13; GRK17]. Other approaches, such as PHOC, SPOC, or
DCToW, determine the representations for textual strings algorithmically in a determin-
istic way. The resulting attribute vectors represent the target descriptors, and additional
subspace transformations are not required. Visual models are designed to estimate the
string representation directly, and word spotting is performed in the target space using
distance-based similarity measures [Alm-+13; Alm+14b; SF16; WB16; SRF17; KDJ18].

Textual and visual descriptors are embedded into a latent subspace to perform query-by-
string word spotting [Ald+13]. The embedding is obtained by applying the LSA algorithm
[Dee+9o]. As described in the previous section, text strings are represented by histograms
of n-grams. Word image descriptors, on the other hand, are computed using the BoF
framework [OD11] based on SIFT features [Lowo4]| and a pyramidal partitioning of the
word image [LSPo6]. The space transformation matrix is obtained from corresponding
visual and textual descriptors by applying the LSA method. Finally, distance-based word
spotting is performed by applying the space transformation matrix to all word images
from the document collection and the textual queries.

The approach from [Ald+13] depends on handcrafted descriptors and requires a sub-
sequent embedding of both domains. A method based on CNNs that jointly optimizes
the embedding of textual strings and word images is presented in [GRK17|. Inspired by
deep metric learning [KB19], pairs of images and their corresponding transcriptions are
forwarded through two separate networks. The basic idea is to obtain a latent embedding
such that distances between strings and images correspond to their Levenshtein distance
[Lev66]. Therefore, a textual string is encoded as a 27 x 24 matrix where the columns cor-
respond to a predefined alphabet of 27 signs' and the number rows represent the maximum
word length of 24. The authors use a shallow CNN to embed textual strings, consisting
of a single convolutional layer with 256 channels and a receptive field size of 27 x 1. In
contrast, word images are processed by a deep CNN consisting of 4 convolutional and 2
fully connected layers. The network architecture is adapted from the field of scene text
recognition [Jad+14].

If string representations, such as PHOC or SPOC, are computed deterministically, word
images are directly mapped to the respective target representation. An ensemble of SVMs
is used to predict the binary PHOC vector, referred to as AttributeSVM [Alm+14b]. One
SVM model is trained to predict one attribute in the respective representation. Subse-
quently, this AttributeSVM is used to predict the presence of attributes given a word

image. Instead of using the predicted binary class information, the distance between a

26 characters from the Latin alphabet and 1 additional filler sign
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given Fisher vector and the hyperplane of the respective SVM is used. The distance is
projected into a range between 0 and 1 using a Platts scaling [Plagg] approach based on
extreme value theory [Sch+12]. The word images are encoded as Fisher vectors enriched
with spatial information on top of densely sampled SIFT descriptors. Similar to [Alm+14b],
a structured SVM framework [NL11] is applied to estimate the continuous attributes of the
SPOC representation in [RGP15]. Inspired by the ranking SVM from [Joao2], the learning
objective is modified towards a smooth upper bound compared to the hinge loss, which is
typically used. The proposed structured SVM approach directly predicts the continuous
attributes of the SPOC representation. Compared to SIFT descriptors and Fisher vec-
tors, more sophisticated feature representations are provided by CNN based approaches.
Holistic word image features are extracted following a deep feature embedding approach
[KDJ16]. The CNN model is trained to classify synthetically generated word images. Sub-
sequently, the output of the penultimate FC layer is utilized as the word image descriptor.
Finally, the authors apply the AttributeSVM approach from [Alm+14b] to map the word

image descriptors and PHOC representations.
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Figure 19: Visualization of the PHOCNet architecture as presented in [SF16]. The network is based
on the VGGNet [SZ15] and consist of 13 convolutional layers (green) with an increasing
number of filter kernels (i.e., channels), while the input image is downsampled twice
using max-pooling (orange). A spatial pyramid pooling (red) is applied to the output
of the last convolutional layer in order to process arbitrarily sized images. The output
of the spatial pyramid pooling is processed by a multi layer perceptron with two hidden
layers (black) and, finally, mapped to the PHOC representation (blue) using a sigmoid
activation function.

The SVM-based approaches from [Alm+14b; RGP15; KDJ16] require a disjoint opti-
mization between the feature extraction and attribute prediction. For that reason, Sud-
holt et al. propose a CNN architecture called PHOCNet [SF16]. The PHOCNet provides
a solution to estimate PHOC representations given their respective word images directly.
A significant advantage over the approaches from [Alm+14b; RGP15; KDJ16] is that the
feature extraction and attribute prediction are optimized jointly and, thus, tuned to each
other. As displayed in Figure 19, the architecture of the PHOCNet is based on the pop-
ular VGGNet [SZ15]. The network is adapted to process handwritten word images by
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incorporating a SPP [He+15b] after the last convolutional layer. Using the SPP enables
the model to process arbitrarily large image sizes. The sigmoid function is applied to the
network’s output to estimate the binary PHOC attributes, and the BCE loss is used to
optimize the model parameters. Sudholt et al. [SF17] propose a modified version of the
PHOCNet. The pyramid pooling is adjusted to perform a partitioning exclusively along
the writing (i.e., horizontal) direction referred to as T'PP. Furthermore, the authors dis-
card the sigmoid function after the last fully connected layer and apply the Cosine loss
to optimize the network parameters. Using a linear output enables the CNN model to
estimate continuous attribute representations such as the SPOC [SF17]. Similarly, a CNN
model that estimates the DCToW representations is proposed in [WB16]. The network
is based on the widely used ResNet architecture [He+16] and trained using the Cosine
embedding loss. The objective of the Cosine embedding loss is to minimize or maximize
the cosine distance between the network estimate and a given string representation. The
correspondence and non-correspondence are indicated by the label values 1 and —1, respec-
tively. On the other hand, the authors in [SF17] train the network by only applying the
corresponding case of the Cosine embedding loss, which results in the Cosine loss [Cho16].
However, the significant differences between the CNN models from [SF17] and [WB16] are
the network architecture and the pooling strategy after the last convolutional layer. More-
over, the approaches from [SF17] and [WB16] use different training protocols and, thus,
are difficult to compare. In this regard, Krishnan et al. [KJ19] evaluate the performance
influence of the network architecture and pooling strategy using the same protocol. The
results reported in [KDJ16] show a significant performance increase of 8 percentage points
if the predecessor architecture is replaced by the ResNet [He+16]. Furthermore, compared
to a global pooling as used in [WB16], an impressive improvement of 12.59 percentage
points is achieved using the Rol pooling [KJ19] and even 16.05 percentage points if a
temporal pyramid pooling [SF17] is applied. The evaluation in [KJ19] demonstrates the
enormous impact of the architectural network design and the pyramidal pooling strategy.
In [KDJ23], the authors present an improved approach. The “two-stream” architecture
from [KJ19] is modified using one CNN model for both embedding streams. This mod-
ification significantly improves the retrieval performance while the ResNet architecture

remains unchanged.

5.3 ZERO-SHOT CLASSIFICATION WITH DIRECT ATTRIBUTE PREDICTION

Class representations based on attributes are used to predict categories that are not part of
the training set known as zero-shot learning [FZo7; LEB08; Far+-09; PG11] (cf Chap. 3). In
this regard, the influential work of Lampert et al. [LNHog] present the prediction of unseen
classes based on probabilistic attribute similarities. This approach is highly relevant for
the methodology presented in the ensuing Chap. 6, and, thus, is discussed in more detail
in the following. The authors exploit the fact that meaningful high-level concepts, such

as attributes, transcend class boundaries. Instead of creating a separate set of training
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Figure 20: Visualization of the graphical representation for the DAP approach as presented in
[LNHog]. The model parameters {81, 32,...,00m} are learned by providing a set of
seen training classes {y1, 2, ..., ¥k}, which are then used to estimate the attributes
{a1,aa,...,apr}. These attributes are subsequently used for zero-shot recognition of an
input image x. Finally, the correct class is determined, based on the estimated attribute
vector “a.

samples for each class from the test set, existing training data describes images by their
properties shared between training and test samples. For example, the attribute striped is
learned from images of zebras, bees, and tigers. The attribute yellow would not refer to the
class zebras. However, images of bees and tigers would still provide helpful training samples
[LNH14]. The authors argue that the possibility of obtaining knowledge about attributes
from different object classes and, vice versa, using each attribute to detect many object
classes makes the proposed learning method statistically more efficient. The approach is
based on the concept of transferring knowledge from a training set y = {y1,v2,...,yx }
towards a test set z = {z1,29,...,21}, where K and L is the number of unique classes
respectively. Therefore, an intermediate layer a = {a1, ag, ...,apr} is introduced consisting
of M binary attributes to share the information between the classes in y and z. Each
class from y and z is represented by a unique attribute vector (i.e., Ya or #a). The per-
attribute parameters B = {f1, f2, ..., Sp} are obtained applying a supervised training.
Subsequently, zero-shot classification is performed estimating the attribute representation
*a of an unseen class z referred to as DAP [LNHog]. Figure 20 visualize the DAP approach
as a graphical representations.

The goal of the DAP approach is to assign the best output class Z from all test classes
z given the input image x which is obtained by using the MAP prediction:

£ = argmax p(z]x) . (35)

z€z
This output class is obtained by first estimating the attribute probabilities from a test
image p (a | x) and subsequently evaluating the probability of the test class given the
estimated attributes p (z | a). Formally the relationship for calculating the posterior of a

test class is defined as:

pzlx)= > p(zla) plalx) . (36)

ac{0,1}M
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The estimates of p (a | x) are provided by a trained classifier. Therefore, the authors train
one nonlinear SVM model per attribute similar to the AttributeSVM used in [Alm+14b].
Attribute probabilities are obtained by fitting a sigmoid curve using 10% of the training
data following the Platt scaling approach [Plagg]. The images are represented by BoF
histograms on top of SIFT descriptors and a pyramidal version of the HOG descriptor
referred to as pyramidal histogram of gradients (PHOG) [BZMo7]. For every test class z
it is assumed that an attribute ?a is predicted in a deterministic way, such that p (a | z) =1
only if a = #a and 0 otherwise. The probability of the test class z can now be recovered
by applying the Bayes’ rule p (z | “a) = pzzg)
Equation 36 is plugged into Equation 35 which defines the DAP method as

p (*a| z) and rewriting Equation 36. Finally,

M
32 = arzgénzax p(z]|x) = p(za)ngp( am | X) . (37)

The estimates p (*a,, | x) are evaluated as p (ap, | x) if the value of attribute “a,, is 1,
and 1 — p (ap, | x) otherwise. The prediction of an unseen class £ only depends on the

p(2)

estimates p (*a, | x) and a prior pa) while the authors note that in practice the prior

can be ignored [LNH14].
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In the field of word spotting, textual strings represented as attribute vectors consistently
achieve state-of-the-art results [WB16; SF18; KD.J23]. The excellent performance is mainly
due to the flexible PHOC representation, which can be adapted to any lexica [Alm+14b].
This chapter introduces a new similarity measure, called PRM, that utilizes the PHOC
representation to evaluate similarities between a query and all candidates from a database.
This similarity measure assesses individual probabilities between corresponding attributes
given two binary-valued representations. The resulting similarity is then determined by
computing the total probability. Section 6.1 presents the mathematical fundamentals of
the probabilistic retrieval model. Utilizing the PHOC to represent word images and tex-
tual strings enables the proposed method to perform segmentation-based QbS and QbE
word spotting. In QbS, the attribute representations are obtained from textual strings by
applying the PHOC algorithm. In the case of QbE, the PHOC attributes are estimated
using a convolutional neural network based on the popular PHOCNet [SF18] architecture.

Optimal parameters for the neural network are obtained by applying a suitable loss func-

tion.
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Figure 21: The figure shows all steps of the proposed method for a QbS retrieval scenario. The
user defined query string is given in the upper left corner. The query is transformed
into an binary attribute vector by applying the PHOC algorithm. The lower left corner
shows the list of candidates (i.e., word images) from a given document collection. These
images are transformed through the convolutional neural network in order to obtain the
attribute estimates. Both, the query and the candidates are now represented by vectors
in the attribute space. Finally, retrieval is performed in the PRM framework resulting
in a retrieval list according their probabilities (i.e., probabilistic ranking).

63



WORD SPOTTING WITH ATTRIBUTE PROBABILITIES

Section 6.2 presents the derivation of the appropriate loss function specifically designed to
train the network model for estimating binary attribute probabilities. An overview of the
word spotting framework presented in this chapter is shown in Figure 21. The different pro-
cessing steps for the query-by-string retrieval are visualized from left to right. The query
string “captain”, shown in the upper left corner, is transformed into its corresponding vec-
tor representation of binary attributes by applying the PHOC algorithm. In the lower-left
corner, the candidates list of word images is forwarded through the convolutional neural
network to obtain the attribute estimates. Both the query and all candidates are now rep-
resented in the attribute space by vectors consisting of individual attribute probabilities.
Subsequently, the similarities between the query and all candidates are evaluated using
the probabilistic retrieval model. Finally, the similarities are sorted in descending order

based on their probability values to obtain the retrieval list.

6.1 PROBABILISTIC RETRIEVAL MODEL

To evaluate the similarity between word image x and string query ¢, the posterior p(g|x)
is required. The PRM adapts the DAP approach [LNH14] and evaluates the posterior of

a query given a word image in the following way:

D

plalx) = plgla:) p(ailx) , (38)

=1

where D is the dimensionality of attribute vector a € {0,1}” consisting of binary values.
The PRM is based on the assumption that the individual attribute probabilities are con-
ditionally independent of each other. Consequently, the posterior p(g|x) results from a
summation of the individual attribute probabilities. Furthermore, the PRM assumes that
the attribute vector a for every string query ¢ is given in a deterministic way according to
the construction principle of the PHOC [Alm+14b] algorithm. Therefore, the individual

probabilities of attribute vector ?a for query ¢ are obtained from the following condition:

1 if PHOC(q); =1
Ya, = p(A;=1]¢q) = :

0 otherwise

It is important to note that p(alg) is nonzero only for a single attribute vector, namely

the PHOC representation of query ¢. The following condition expresses this relation:

1 ifa=1a
p(alq) =
0 otherwise
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In the next step, the probability of attribute vector a is obtained by rewriting the posterior
p(gla) using the Bayes’ rule:

~—

p(qla) = == p(alq) . (39)

p(q
p(a

~—

By applying the Bayes’ rule, the relationship between p(gla) and p(alq) can be obtained
and subsequently plugged into Equation 38. Furthermore, considering the previously de-
fined condition that p(alg) is 1 only if a is the PHOC representation of query ¢ (e.g. ,

%a), Equation 38 can be rewritten in vector notation in the following way:

plalx) = HOL plralx) (10)

In order to evaluate this equation, in addition to the probability of predicting ¢a from x,
the prior probabilities p(q) of the query and the attribute representation thereof, p(%a),
are principally required [Rus+18]. However, in the absence of more specific knowledge, it

is reasonable to assume identical priors for the queries and the attribute vectors, which

p(q)
p(7a)
prevents any possibly wrong assumptions, as it is not apparent how a prior over the

allows ignoring the quotient in Equation 40. Additionally, assuming uniform priors
potentially open set of string queries could be defined [Rus+18]. By ignoring the priors,

Equation 40 boils down to
p(alx) = p(*alx), (41)

where the probability of query ¢ given word image x can be obtained by evaluating the
probability of the PHOC representation ?a of the query given the word image. Finally, the
probability of the i-th attribute being present in word image x is provided by the neural
network as the estimate 4; = p(4; = 1 | x), where @ € R is a scalar in the range (0,1). As
each attribute is considered to be a binary random variable and the behavior is described
by the Bernoulli distribution with conditional independence among attributes, the PRM

metric is defined as
D
plglx) = p(fala) = [] & (1—a,)~) . (42)
i=1

The similarity between query g and word image x is evaluated as a product of Bernoulli
probabilities by obtaining the query attribute vector %a via the PHOC algorithm and
estimating & through a neural network. At this point, the decision whether image x is
relevant for a query ¢ only depends on the correct estimation of & for a given word image,

as 9a is obtained in a deterministic way.
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6.2 ESTIMATING ATTRIBUTE PROBABILITIES

Since the PRM is based on probability estimates, the best ranking is achieved by estimating
the correct attribute probabilities defined by the corresponding PHOC representation.
This section presents the steps for obtaining a statistical model that provides optimal
estimates for binary attribute probabilities following a Bernoulli distribution. Section 6.2.1
introduces the generelized linear models (GLMs) framework with an example of obtaining
the appropriate loss function for a given distribution. Afterward, the GLM is applied to
the PRM in Section 6.2.2, deriving the loss function used to train the neural network to

estimate the attribute probabilities given a word image.

6.2.1  Generalized Linear Models

In statistics, the GLMs provides a very broad and popular family for statistical analysis
[Agris]. The umbrella term GLM encompasses many regression models by allowing the
linear model to be related to the response variable via a so-called link function. The GLM is
a flexible generalization of linear regression which was originally formulated by Nelder et al.
[NW72] as a way of unifying various statistical regression models, including linear, logistic
and Poission regression. In general, regression is a approach for modeling the relationship
between a dependent variable Y and a independent variable X to obtain the estimate of
a conditional expected value E[Y|X = x] [FWS06]. The GLM framework is based on
two important assumptions: First, Y follows a distribution from the natural exponential
family, and second, the expected value E[Y] depends on a linear transformation of X.
Therefore, the GLM consists of three elements, namely the response variable distribution,
a linear predictor and link function. The key assumption in the GLM is that the response
variable distribution is a member of the exponential family of distributions, which includes
the normal, binomial, Poisson, gamma and others [MPVo6]. A distribution belongs to the
exponential family if its PDF (or PMF for discrete distributions) can be written in the

form:
feap(x|0) = h(x)- exp{ 07 . T(x) — A(9) } , (43)

where 6 is called the natural parameter of the distribution and x is a realization of X.
The function h(x) is called the base measure, T'(x) is the sufficient statistics, and A(8)
denotes the log-partition function. The linear combination of X can be expressed as an

inner product that is known as the linear predictor in the context of GLMs:
n(x) = wx. (44)

The link between the linear predictor n(x) and the expected value E[Y|X = x] of the

response variable distribution is provided by the link function g(-) in the following way:

n(x) = wix = g(E[Y[X=x]). (45)
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The conditional expected value can be recovered by inverting the canonical link function

g(+) in order to get
g (nx)) = g7 (wix) = E[Y[X=x]. (46)

The expected value is now expressed as a linear transformation of the weight parameters
w and the input variable x that is transformed by the inversion of the canonical link
function g~!(-). Each exponential family distribution has a canonical link function for
which a number of statistical characteristics can be shown [Agris]. In general, any function
can serve as the canonical link function as long as its inverse is defined, and the linear
predictions of 7(x) are projected onto a range of values suitable for the distribution of Y.

A canonical link function is obtained by rearranging the PDF into the standard ex-
ponential family shown in Equation 43. The rearrangement below demonstrates how to
obtain the canonical link function for the response variable Y, which follows a normal
distribution. The PDF of a normal distribution is defined as

(| mo?) =  exp (—W> : (47)

2mo? 202

As the GLM does not estimate the variance o2, it must be defined by the user. Typically,

2

it is assumed that far has a unit variance, so o“ is set to 1. Using a normal distribution

with a unit variance, far can be rearranged in the following way:

(y—p)?
(e

exp (— (y2 + - 2yu)>

2 2 (48)
7
exp (— — 7 + yu)

2 2
exp _y . exp _HE)
2 Hy =

Now, the resulting form in Equation 48 corresponds to the standard form as shown in

f/\/(y’/hojzl) =

N

s s S
3 3 3 3
NS

Equation 43, and the elements of the GLM mentioned above are directly assigned as

follows
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The canonical link function gas for the variable Y that follows a normal distribution with
a unit variance is defined by the identity function 87 = . From this, it follows that the

inverse of the canonical link function g/}l is likewise the identity function:

anv(p) = n = gy (n) -

Considering the transformation from Equation 45 to Equation 46 leads to the linear pre-

dictor n(x) that directly estimates the expected value

n(x) = Exy [V |X=x]=pu. (49)

The linear predictor model requires the optimal parameters w to estimate the expected
value E . Consequently, the GLM is trained in a supervised fashion, where the optimal
parameters are obtained by applying the MLE. Training a model in a supervised setup
requires the annotated dataset S that is defined as

S— {(X<i>,yu>)}NS ‘ (50)

=1

Here, x(1) denotes the i-th independent variable (or training sample), y represents the
dependent variable (or label) and Ng is the number of training samples. The likelihood of
the model given the data is defined as

Ns
L(w|s)=T]fv (" |n=0990"=1) . (51)
i=1
Analog to the previous example, it is assumed that all y follow a normal distribution with
unit variance (i.e., 02 = 1). The expected values of the normal distribution u are obtained

from the model output § and are defined as
By [V X=x]=w'x=7(x|w) . (52)

For the sake of simplicity, the expression §(x | w) is abbreviated to § in Equation 51. The
optimal model parameters W now need to be chosen such that L (w | S) is maximized. A
standard approach for solving MLE problems is to minimize the negative logarithm of the
likelihood
W = argmax L(w|S)=argmin —logL(w|S) , (53)
W w
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which is also known as NLL. The NLL of the normal distribution is obtained by applying

the negative of the natural logarithm to the PDF from Equation 51, which results in

Ns
~log L(w|S)= —log [] fw (v | 7,0 =1)
i=1
Ns (1) _ #~(i))2
1 (¥ —g")
= ] NS )
og L[l Ton exp( 5
Ns (1) _ ()2
_ 1 (y") —9™)
= —; log N (—2 (54)
Ns Ng ( (1) _ #(i))2
y —g")
= —Z log () —Z log | exp (— ))
=1 \/7 =1 2
Ns ( 1 ) 1 & (i) _ A(i)\2
— _71 — —

1
V2mo?
being transformed into a constant value, which is then ignored in the subsequent optimiza-

2

Analogous to Equation 48, the variance o is set to 1. This results in the term — % log (

tion. As a consequence, the NLL from Equation 54 boils down to

W = argmin —log L(w|S)

1S o (55)
= argv{/nin 5 ; <y(’b) _ﬁ(l))Z .

In the context of neural networks, the resulting negative log-likelihood is well known as
the Euclidean loss function. A GLM with the identity function as the inverse of the link
function is equivalent to a Perceptron using a linear output function in the last layer.
Training a Perceptron with the Euclidean Loss while applying a linear output function
results in a model that estimates the expected value of a random variable sampled from
a normal distribution with unit variance. The example in this section demonstrates how
the NLL results from the assumption about the distribution of the response variable Y.
Similarly, the output and loss function applied to train a Perceptron model are closely

related.

6.2.2 Loss Function for Attribute Probabilities

The insights gained from the previous section are used to determine a suitable GLM that
meets the requirements of the PRM from Section 6.1. The probabilistic retrieval model
assumes that the binary attributes follow a Bernoulli distribution and require the estimates
of attribute probabilities. The Bernoulli distribution has the beneficial property that the

expected value corresponds to the probability of the random variable Y as follows

EzlY]=P(Y =1)-1+P(Y =0)-0=p-1+q-0=p. (56)

69

)



WORD SPOTTING WITH ATTRIBUTE PROBABILITIES

As a consequence, estimating the expected value Eg[Y] is equivalent to estimating the
probability p. This section aims to derive a GLM that estimates the expected value of
a Bernoulli-distributed random variable. Considering the assumption of the PRM that
PHOC attributes are likewise Bernoulli-distributed random variables, the GLM obtained
should be capable of directly estimating the attribute probabilities of the PHOC represen-
tations. Therefore, the PMF of the Bernoulli distribution is rearranged into the standard

exponential form (cf. Equation 43)

fB(Y=ylp)=1p" (- )“’y)
= exp(log( p)(l_y)))
= exp(y-logp + (1—y)-log(1-p)) (57)
= exp(y-logp —y-log(l-p) + log(l—p))

= exp(log (&)) Yy + log(l—p)) .

The canonical link function is the logarithm of the odds describing the ratio between the
probability of event occurrence to its non-occurrence and is commonly known as the logit*

[Agris] function:

slr) = 1oz (1) - (58)

Considering that the probability p is equal to the expected value Eg[Y] of the random

variable Y, the relationship from Equation 45 can be applied. Now, the inverse of the

canonical link function can be obtained as follows

n(x) = g5(p)
n(x) = log 1?}9)
p (59)
exp (U(X)) = m
exp(n(x)) v

1+ exp (n(x))

In the context of neural networks, the resulting inverse is known as the logistic function
and is mostly referred to as sigmoid function. Considering the relationship n(x) = w’x,
the logistic function can be further rearranged to obtain a form that is commonly used to

express the sigmoid activation function.

sigm(n(x)) = g5 (Ww'x)

exp (WTX) exp (—WTX)

1+exp(wix) exp(—wlx)
1
1+exp(—wlx)

(60)

1 logit is the abbreviation for logistic unit
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This function defines the relationship between the output of the linear predictor n(x) and
the estimated expected value IEB[Y | X = x] by projecting the output value to the range
(0,1). Moreover, the relationship between the input variable x and the response variable
Y can be expressed as

EslY | X = x] = sigm(w’x).

The reason is that the sigmoid function is equal to the inverse of the canonical link function
(Equation 60) and the expected value Ep of the Bernoulli-distributed random variable Y
corresponds to the probability p of this distribution (Equation 56). If the inverse function
estimates the expected value, the sigmoid function estimates the Bernoulli probability
equivalently.

Having derived the sigmoid function as the inverse of the link function and thereof the
relation between x and Y, the next step is to obtain optimal model parameters. Similar to
the example in Section 6.2.1, finding the optimal parameter set can be achieved by max-
imizing the likelihood or equivalently minimizing the negative log-likelihood of the PMF
of the Bernoulli distribution. Concerning the PRM, the goal is to estimate attribute prob-
abilities defined by the PHOC representation. Therefore, two modifications are required
with respect to the response variable Y and the model parameters w. Until now, it was
assumed that Y is a scalar, but the PRM models the PHOC representation as a random
variable A which is a vector of individual attribute probabilities, each following a Bernoulli
distribution. Hence, the first modification replaces the scalar random variable Y € {0,1}
with the vector random variable A € {0, 1}M , where M is the number of attributes (i.e.,
PHOC dimensionality). The second modification extends the model parameters from a
vector w € RY, where N denotes the dimensionality of the input variable x, to a matrix
of parameters W = [ wy, wa, ..., Wy |. The expected value for the i-th attribute can now

be estimated using the following expression
S R T
E[4; | X =x] —s1gm(wix) ,

where A; is the scalar random variable for the i-th attribute and w? denotes the corre-
sponding row vector of model parameters. The relation between the expected values of
the attributes A and the input variable x can now be rewritten as a function of attribute

estimates 4 of input x given the model parameters W using the matrix notation
E[A|X =x] :sigm(WTx):é(x]W). (61)

In order to find the optimal parameters through maximum likelihood estimation, a set of

annotated training samples is required. Therefore, the dataset Sp is defined as

Sy — {(Xu)’am)}Ns , (62)

=1

where x(?) is the i-th vector from a set of Ng training samples and a() € {0, 1} the corre-

sponding PHOC vector consisting of M binary attribute values, each following a Bernoulli
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distribution. The final step is to choose the optimal model parameters W that maximize
the likelihood Lz (W | Sg). In the context of neural networks, it is more appropriate to
pursue the equivalent to maximum likelihood estimation by minimizing the negative log-
likelihood, as this can be performed by applying stochastic gradient descent. Therefore,
the following definition applies:

A

W = argmax Lg (W | Sp) = argmin —log Ly (W | Sp) . (63)
w w
The negative log-likelihood for the PMF of the Bernoulli distribution is obtained as follows:

—log Ly (W | Si)

Ns D , ,
~tog [T [T /5 (v = o)’ | = ")

i=1 j=1
ay))

Ns D A
= =3 3 wom S (o)

i=1 j=1

= _Z i aﬁz‘) log (agi)) + (1—aj(.i))log (1_&§i)> '

Here, Ng denotes the number of training samples, and D is the dimension of a given
attribute vector al? from dataset Sz. The model’s attribute prediction &y) (x| wy) is
(@)
J

the corresponding parameter vector w;. In the PHOC representation, the j-th attribute is
(1)
J

the Bernoulli distribution is that the predicted expected value E [ A | X = x| corresponds

abbreviated by a: "/, representing the estimate of the j-th attribute for the i-th sample given

denoted by a’;’, indicating whether a particular character is present. A significant benefit of
to the estimated attribute probability p. If the GLM is interpreted as a fully connected layer
of a neural network with the sigmoid function at the output f (X, W) = sigm (WTX>,
obtaining the optimal model parameters W by minimizing the negative log-likelihood from
Equation 64 results in a neural network model that estimates the expected values of the
attribute representations IE[A | X = x|. This insight, in turn, means that the network
directly predicts the individual attribute probabilities p; (a; | x), which are required by

the probabilistic retrieval model.
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In addition to retrieval of handwritten words in document collections, spotting is adapted
to cuneiform tablets. This chapter presents a novel approach for cuneiform sign spotting
based on wedge expressions. While query-by-string is a well-established retrieval scenario in
word spotting, no such query modality exists for retrieving cuneiform signs. The presented
methodology enables the retrieval of cuneiform signs by encoding alphanumeric expres-
sions that refer to the positions and constellations of particular wedge impressions. This
retrieval scenario is referred to as query-by-expression QbX and was partially evaluated by
the author of this thesis in [Rus+20; Rus+21]. Retrieving signs in the query-by-expression
scenario is the equivalent of retrieving textual strings in the query-by-string scenario. The
elaborated cuneiform signs encoding and its resulting attribute representations are the
main contribution. These attributes refer to binary-valued semantics representing wedge
impressions, their counts, and particular constellations. Additionally, wedge positions are
encoded, applying a pyramidal splitting of cuneiform signs. This chapter presents the two
approaches that yield attribute representations for cuneiform sign spotting in the QbX
retrieval scenario. Therefore, the ensuing Section 7.1 introduces the cuneiform writing sys-
tem. Subsequently, related cuneiform sign recognition and retrieval research are reviewed
in Section 7.2. Finally, the proposed method for cuneiform sign spotting based on wedge

expressions is presented in Section 7.3.
7.1 INTRODUCTION TO CUNEIFORM

The cuneiform script is one of the earliest attested writing systems in history, consisting of a
continuously growing estimated minimum of 550 000 inscribed objects and tablet fragments
[BRF21]. It was developed in Mesopotamia at the end of the 4th millennium BC and was
used in the course of more than three millennia until the 1st century CE in large parts of
the ancient Near East. The writing system was consequently adapted to represent a variety
of local languages [Kra81]. Most contemporary writing systems are written with ink on
paper, excluding digital texts, which can be seen as a 2 dimensional text representation.
In contrast, cuneiform is a truly 3 dimensional script. It was primarily written by pressing
a stylus into moist clay tablets to create signs composed of wedge-shaped impressions,
henceforth called wedges [Kra81]. A typical tablet reassembled from joining fragments is
visualized on the left side of Figure 22. The fragments were partially damaged through
the millennia, showing severe attrition in some places. The right side of Figure 22 shows
a section from the respective tablet image on the left side. This cutout section shows
various cuneiform signs consisting of triangular-like wedge impressions. A cuneiform sign is

composed of one or several wedge impressions, and the reader may identify a sign according
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Figure 22: The left side shows a whole tablet reassembled from several fragments. The right side
shows an enlarged section from the tablet. Image is provided by the Hethitologie Portal
Mainz [Miiloo].
to the direction, number, and positioning of these wedges, similar to brush strokes in a
Chinese character [MO16]. As cuneiform signs may have syllabic or logographic values, the
writing system contains significantly more signs than an alphabet, with an approximate
maximum of 900. The use of this writing system in a broad temporal and geographic range,
its adaptation to at least 7 languages, as well as the personal preferences of the scribe,
both the inventories of regularly used signs and the form of the signs used, henceforth to be
referred as sign variants, are highly heterogeneous [MO16]. Figure 23 visualize examples
of six different cuneiform signs. Each row shows the name, a hand draw prototype and
multiple visual examples for each sign class. The visual variability and quality regarding
the wedge impression can be tremendous. Some signs have a well-preserved surface, and
the wedge impressions are sharply visible. However, other signs have a damaged surface

and exhibit significant aging artifacts.

7-2 RELATED RESEARCH

Although the cuneiform writing system is less known in the document analysis community,
the first approaches have been proposed for cuneiform sign recognition and retrieval. Due
to the 3D nature of cuneiform scripts, it is evident to model tablets and fragments as 3D
representations. Therefore, it is worth noting that the first methods for computer-aided
(visual) analysis of cuneiform scripts were proposed in the field of 3D graphics. Reviewing
publications from this field is far beyond the scope of this thesis. Hence, this chapter
focuses on the methods concerning recognizing and retrieving cuneiform signs. For further
studies of computer-aided cuneiform analysis in the 3D domain, the works from Mara
[Mar12] and Fisseler [Fis1g] are referred.

This chapter categorizes the reviewed approaches according to the visual domains and
the necessity of annotations and segmentation. Unfortunately, established datasets for
cuneiform scripts do not exist. Consequently, all the methods reviewed in this chapter use

individual cuneiform data and evaluation protocols, making comparing the approaches

74



7.2 RELATED RESEARCH

NA

TI

PI

MASZ

ISZ

TIR

(a) (b) ()

Figure 23: Visual examples of six cuneiform signs. Each row shows the sign classes NA, TI, PI,
MASZ, ISZ and TIR, respectively. Column (a) shows the sign names, (b) visualize hand
drawn prototypes and (c¢) depicts corresponding visual examples.

impossible. Nevertheless, this section provides an overview of the efforts that have been
made in the field of cuneiform sign recognition and retrieval.

The first work for cuneiform sign spotting was presented by Rothacker et al. [Rot+15]
and is based on the Bag-of-Features Hidden Markov Models (BoF-HMMSs) approach
[RWF21]. The sequence models have successfully been applied on different scripts like
Roman [RMF13] or Bangla [Rot+13]. The proposed approach performs segmentation-free
sign spotting in a QbE retrieval scenario without the necessity of annotations. There-
fore, rasterized 2D images are obtained from 3D scans applying a differential operator
[Mey+03] on triangle meshes and subsequently projecting the output on a 2D representa-
tion. Local image features are obtained by extracting dense SIFT descriptors followed by
a quantization step with a vocabulary of 4096 visual words. Finally, retrieval is performed
in two steps. The first step estimates the query HMMs using the Baum-Welch algorithm
(cf. [PFo9]). The second step computes the similarities between a given query and a grid
of image patches through probabilistic inference with the Viterbi algorithm (cf. [PFog)]).

A graph similarity approach for annotation-free retrieval of segmented cuneiform signs
is provided by Bogacz et al. [BGM15b]. The signs are represented as strokes via the SVG
format in order to obtain a graph representation. These strokes are hand-drawn trac-
ings of wedge impressions provided by human experts (e. g. , Assyriologists) using a vector
graphic editor. Once the graph representation has been obtained, cuneiform sign similarity
is evaluated by applying three different graph matching approaches, namely the Weisfeiler-
Lehmann graph kernel [She+11], spectral decomposition [LCHo03] and the random walk
graph kernel [Vis+10]. Additionally, the authors extend all three matching algorithms by
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a Delaunay triangulation. The results show that the Delaunay triangulation increases the
performance of spectral decomposition. While the same triangulation applied to Weisfeiler-
Lehmann or random walk kernels significantly decreases retrieval performance. The benefit
of this approach is that no annotations are required. However, obtaining the wedge strokes
depends on hand-crafted tracings by human experts, which is a tremendous drawback of
this method. In their work [BGM15a], the authors enhance the graph representation de-
rived from wedge strokes and conduct segmentation-based sign retrieval using two different
wedge assignment strategies. The assignment costs are used to measure the similarity be-
tween a given query and the candidates. The assignment strategies involve a simple wedge
assignment along the x direction, or a minimization problem solved using the Hungarian
algorithm [Mung7]. Moreover, the authors provide a comparison between the proposed ap-
proach and three word-spotting methods based on DTW [RMo7], word warping [KBS11]
and HMMs. Therefore, the wedge strokes are rasterized from the spline obtained from the
vector graphics. Furthermore, the authors provide a baseline based on the ICP algorithm
[BMg2; Zhag4]. This algorithm requires point clouds obtained from sampling along the
splines. The results reported show consistently higher performance for the graph-based
approach followed by the ICP algorithm. In contrast, all word-spotting methods perform
inferior. The authors demonstrate that a graph-based representation can achieve higher re-
trieval performance than representations based on image features. However, wedge tracings
must be provided by human experts, as techniques for direct wedge spline extraction are
missing. A first approach for extracting SVGs from hand-drawn autographies is proposed
by Massa et al. [Mas+16]. The method extracts skeletonized wedge strokes based on the
potrace' algorithm and Voronoi diagrams [Kir7g], followed by a heuristic extraction and
pruning of possible wedge candidates. The authors demonstrate promising results for the
extraction of graph-based wedge representations. However, the method is based on several
heuristic assumptions which only fit some autographies. Moreover, the application of this
method is limited to hand-drawn autographies rather than 2D photographs. In [BHM16],
Bogacz et al. propose a method for segmentation-free cuneiform sign spotting. Therefore,
the authors adapt the method of part-structured inkball models from Howe [How13]. The
wedge strokes are extracted from spline keypoints representing a wedge’s head, tail, and
arms. After the wedge representations have been obtained, cuneiform signs are modeled
as tree structures of connected wedges using the part-structured approach. The results
compare to the BoF-HMMs approach from Rothacker et al. [Rot+15], concluding that
the part-structured keypoints approach performs slightly better than BoF-HMMs. The
authors in [BM18] present a hybrid method for segmentation-free sign spotting in the 3D
domain. Although retrieval is performed in the 2D domain, the proposed approach demon-
strates a possible bridge between the 3D and 2D domains. Therefore, local surface features
are computed using MSII [MK13]. Then, radial geodesic patches are extracted from each
vertex and embedded into a polar coordinate system. Subsequently, a rectangular sampling

scheme converts the patches into rasterized images. Finally, spotting is performed using

The potrace algorithm was developed by Peter Selinger and is used for vectorizing bitmapped images:
http://potrace.sourceforge.net/
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HOG and ORB features, which are extracted from the image patches. As the data used is
not annotated, only qualitative results are provided. The authors conclude that the pro-
posed method does not achieve satisfying results regarding spotting but rather represents
a text detector.

All previously mentioned works fall into the category of annotation-free methods. As
mentioned, acquiring annotations for cuneiform scripts requires expert knowledge. Conse-
quently, the annotation process requires human expert knowledge. In [BKM17|, Bogacz
et al. provide a method for automated transliteration using weakly-annotated data. There-
fore, the authors exploit web-based? cuneiform data of autographies and the corresponding
transliterations. The training process is carried out as an alignment problem to learn the
correspondence between image descriptors and their corresponding tokens. First, the text
lines are segmented using projection profiles [San+o0g9]. Subsequently, dense HOG descrip-
tors are extracted from the text lines. After the lines have been extracted, annotated
training samples consisting of descriptors and tokens are generated. Following the assump-
tion that the number of tokens equals the number of signs in a text line, tokens are assigned
to image descriptors using the nearest neighbor upsampling. Finally, transliteration is per-
formed by classifying the sequences of descriptors using HMMs. A very similar problem
is approached by Dencker et al. [Den+20|. The authors propose a segmentation-free cu-
neiform sign recognition method based on neural networks. The presented method learns
to localize and recognize cuneiform signs by aligning text lines and their corresponding
transliterations using an iterative learning approach under weak supervision. A training
iteration is applied in three steps, starting with the localization of transliterated signs in
the tablet using detected lines and aligned detections as reference points (sign placement).
In the second step, the sign detector is trained using the generated aligned and placed
detections as sign annotations in order to obtain raw detections (sign detector training).
Finally, these raw detections are refined in the last step by optimizing the alignment be-
tween the transliteration and tablet image (image-transliteration alignment). The lines
are segmented using a pre-trained RPN, followed by a post-processing step applying the
Hough transformation. The neural network is initially pre-trained on 410 text lines from
38 annotated tablet images. Afterward, further text lines are segmented in the remaining
tablet images using the resulting network model. These automatically segmented text lines
are aligned to the transliteration following a naive approach, where the first segmented
text line is assigned to the first line from the transliteration. Finally, the center position
of each sign is determined along the segmented text lines by computing the bounding box
sizes using statistics obtained from Unicode fonts [Vani8]. Although the evaluation shows
compelling results for weakly supervised cuneiform sign detection, the authors state that
the approach struggles with classifying unfrequent signs, and, thus, additional annotations

of rare cuneiform signs are still required.

The following databases are used

Cuneiform Digital Library Initiative (CDLI): http://cdli.ucla.edu/

Open Richly Annotated Cuneiform Corpus (ORACC): http://oracc.museum.upenn.edu/
Cuneiform Commentaries Project (CPP): http://ccp.yale.edu/
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In [Kri+18], the authors approach the problem of directly classifying cuneiform signs
in the 3D domain using GNNs. The wedges are represented as graphs and extracted from
3D scans obtained from the approach in [Fis+13]. The resulting wedge model consists of
four vertices (i.e., depth, tail, right, and left), one of the three wedge types (i.e., vertical,
horizontal, or Winkelhaken), and the spatial location in the two-dimensional Euclidean
space. The authors apply a SplineCNN [Fey-+18] that directly operates on the graph-based
inputs. The network is trained end-to-end and transforms a graph representation into an
arbitrary feature vector. Subsequently, the feature vector is mapped to a one-hot encoded
vector using a fully connected layer. The results compare the GNN and a heuristic approach
based on a graph edit distance carried out as the nearest neighbor classification. As both
approaches achieve nearly equal performance, the authors conclude that more annotated
data is required as the networks remain “data hungry”. Another work using GNNs in
the 3D domain is presented by Bogacz et al. [BM20]. The authors propose a method for
time period classification of cuneiform tablets. 3D cuneiform tablets are provided by the
Heidelberg Cuneiform Benchmark Dataset (HeiCuBeDa) [MB1g]. In contrast to Kriege
et al. [Kri+18], graph-based wedge representations are obtained using MSII [MK13]. The
proposed network architecture is based on the SplineCNN [Fey+18], followed by a pooling
strategy from the PointNet++ [Qi+17]. Similar to Kriege et al. [Kri+18], classification is
carried out as a one-hot encoding, and the network is trained in an end-to-end fashion using
the categorical cross-entropy loss. Most recently, Rest et al. [Res+21] presented a method
for illumination-based data augmentation to improve the classification of cuneiform signs
on 2D photographs. Usually, experts use only a single illumination source during the
digitization process of cuneiform tablets. As a result, photographs only contain a single
illumination source. This technique improves the visualization of wedge impressions in
photographs. An example of illumination-induced shadow spots is shown in Figure 22
from Section 7.1. The authors use a ResNext [Xie+17] architecture for sign classification in
a one-hot encoded fashion. The provided results indicate that augmenting the data based
on illumination improves the performance. However, the authors note that noteworthy
improvements are achieved if the synthetic illumination fits the illumination angle of the
target data. Furthermore, annotated data from 3D cuneiform tablets is required before

the illumination-based augmentation can be applied.
7.3 WEDGE-BASED SIGN SPOTTING

Several works [Rot+15; BGMigb; BGMiga] reviewed in the previous section provide
methodologies for cuneiform sign spotting. However, the query modality is limited to
a QbE retrieval scenario. This section presents an alphanumeric encoding similar to chem-
ical expressions. This encoding refers to predefined wedge impressions, their counts, and
constellations. Representing cuneiform signs through their wedges leads to attribute-based
representations and enables the QbX retrieval scenario. Cuneiform signs are made by press-
ing a stylus into wet clay tablets, which leaves a wedge-shaped imprint. The types, counts,

and patterns of wedge impressions define each cuneiform sign’s meaning. These impressions
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serve as the basic building blocks of the cuneiform writing system, much like the charac-
ters of the Latin alphabet. In the context of word spotting, these characters represent an
extensive vocabulary through binary-valued attribute vectors. These attribute-based re-
presentations enable the QbS retrieval [Alm+14b]. The approach presented in this section
adapts the principal for QbS retrieval in order to enable the QbX cuneiform sign spotting.
Therefore, the alphanumeric encoding is explained in the following section (Section 7.3.1).
The attribute vector obtained from this encoding holistically represents wedge impres-
sions of cuneiform signs. Two approaches for the pyramidal division of cuneiform signs are
shown to enrich this representation with spatial information and encode the positions of
particular wedges. The first approach, discussed in Section 7.3.2, is inspired by the spatial
pyramid [LSPo6] and splits the signs according to a grid-based pyramidal division. For
the second approach, wedge impressions are annotated according to their sequential order,
inspired by the order of characters forming a word in Latin scripts. A primary advantage
of sequence-based encoding is that the PHOC algorithm can directly be applied to obtain

the attribute representation as shown in Section 7.3.3.

7.3.1  Gottstein System

In [Got13], Gottstein presented the idea of a unified cuneiform sign representation based
on commonly occurring wedge types, which is referred to as the Gottstein-System. The au-
thor argues that sign lists and lexica used by researchers are less suitable for representing
signs in databases, especially for retrieval tasks. This representation should be applicable
to anyone without expert knowledge of the sign lexicon and the specific language used in
databases. In order to simplify the retrieval process, Gottstein proposed an alphanumeric
encoding of cuneiform signs based on 4 commonly occurring wedge types. The cuneiform
signs are decomposed into wedge types denoted by a, b, ¢, and d. Figure 24 shows hand-
drawn examples of the four wedges types from the Gottstein-System. A wedge type is
defined according to the pointing direction of its wedge tail. Type a denotes a wertical
wedge tending from top to bottom and vice-versa. b represents a horizontal wedge type,
tending from left-to-right. Here, the variant right-to-left does not exist [Kra81]. The type
c represents three different variants of wedges, namely the “Winkelhaken” and an oblique
wedge tending diagonally from the upper left to the lower right as well as from the lower
right to the upper left direction. Finally, d represents a perpendicular wedge type to c,
tending from the lower left to the upper right direction and vice-versa. Furthermore, the

Gottstein-System indicates each wedge type’s count for a cuneiform sign. An example of

a b C d
TL — N v

Figure 24: Four hand drawn examples of wedge types from the Gottstein-System and their corre-
sponding alphanumeric encodings.
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three hand-drawn cuneiform signs is depicted in Figure 25, showing an increasing com-
plexity of signs from left to right. A simple sign of two a and one b wedge types is shown
on the far left. The sign in the middle shows three different wedge types (a, b and ¢) and
a wedge count of 24+241=5 in total. Finally, the sign on the far right side shows a more
complex wedge constellation consisting of three wedge types and a count of 10+2+4=16

wedges.

al-bl a2-b2-cl al0-b2-c4

SO (o

Figure 25: Visualization of three hand drawn cuneiform signs and their respective Gottstein en-
codings, showing a simple sign on the left side and a more complex sign on the right
side [Rus+-21].

7.3.2  Spatial Pyramid Gottstein Representation

Although the Gottstein System provides a holistic representation of a particular cuneiform
sign, this simplified description exhibits a shortcoming. As some sign classes consist of the
same wedge types and counts, it is impossible to distinguish between these signs using the
Gottstein-System. Figure 26 shows the drawback of the Gottstein representation that re-
sults in ambiguous mappings between sign classes and their alphanumeric encodings. Here,
the three different cuneiform signs NA, T1, and PI are described by the identical Gottstein
encoding. Although all three signs have different visual appearances, they are mapped to
the same alphanumeric encoding (a1l b1 ¢2). The Gottstein system cannot cover the whole
set of cuneiform signs regarding a one-to-one mapping between classes and attribute vec-
tors. This ambiguous many-to-one assignment is resolved by decomposing the signs using
pyramidal partitioning. In Latin scripts, writings are intuitively partitioned according to
their reading direction from left to right, while single characters are represented as binary
attributes. Although the common reading direction for cuneiform texts tends from left to
right, human experts perceive the signs holistically. Hence, an apparent wedge arrange-
ment in the reading direction is missing. Despite the lack of this apparent arrangement of
wedges, cuneiform signs are represented through a pyramidal scheme by applying a spatial
pyramid pattern, much like the spatial pyramid approach presented in [LSPo6]. Figure 27
shows an example of the proposed partitioning of the sign NA. This sign is split pyra-

midal using the levels 2 and 3 in the horizontal and vertical directions, respectively. The

NA TI PI

Figure 26: Visualization of three different cuneiform signs consist of the same wedge types in dif-

ferent constellations, represented by the same Gottstein encoding al bl ¢2 d0 [Rus+21].
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partition effectively results in left-right and top-bottom splits on the second level, while
on the third level, the sign is split into left-middle-right and top-middle-bottom parts. As-
signing annotations to splits based on the visual appearance entails an issue. In contrast
to the PHOC representation, where word strings are assigned to splits according to their
characters, cuneiform signs do not exhibit this “natural” partitioning. Hence, the annota-
tion process remains fully manual. While some wedge constellations can be distinctively
assigned to a certain split, many wedges are located between two splits, and a clear affili-
ation to a certain split is missing. Therefore, two assignment rules are included to resolve
this ambiguity. First, wedges are assigned to splits according to the location of their head.

Second, wedge heads intersecting a split boundary are assigned to both respective splits.

sign encoding
level 1
-
al bl c2 do
level 2
F—q a0 bl c1 do 'al b0 c2 dO
}-—‘%” al bl c2 d0 'a0 b0 cO dO
level 3
F—ﬁ' a0 bl c0 dO1 a0 b0 c2 doal bo cl do
}-ﬁ' al bl c2 d0 ' a0 bl c2 dO ' a0 b0 cO doO

Figure 27: Visualization of a pyramidal splitting of the sign NA in the horizontal and the vertical
direction for the levels 1, 2 and 3, respectively.

7.3.3  Temporal Pyramid Gottstein Representation

The grid-like annotation approach supplements the Gottstein system with spatial infor-
mation regarding the wedge positions and their respective counts. However, assigning the
alphanumeric wedge encoding to a particular split within the predefined grid-like pattern
leads to ambiguous annotations. This approach forces the annotator to assign the wedge
encoding to predefined splits. Moreover, it is possible to assign a visual wedge constellation
to two separate attribute semantics as shown in Figure 27. For the horizontal splits on
level 2, the encoding ¢2 is divided into cl on the left side and ¢2 on the right side. The
two Winkelhaken wedges are now referred to by two different semantics, one indicating
two c-type wedges (¢2) and the other indicating only one c-type wedge (c1). However, the
cl wedge can have a considerably different visual appearance from other cuneiform signs.

An additional annotation approach is introduced on these grounds, where cuneiform
signs are annotated following a sequence-like pattern. In contrast to the grid-based ap-

proach, vertical information is dropped, and instead, cuneiform signs are annotated ac-
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cording to their wedge positions in a horizontal direction from left to right. This approach
is inspired by the pyramidal concept of the PHOC representation, where textual strings
are decomposed according to their sequential position. Figure 28 shows six examples of
the cuneiform signs previously displayed in Figure 26 and 25. Each sign contains color
boxes that emphasize the relative position of wedges and correspond to the color boxes
shown in the respective alphanumerical encoding. The dash symbol separates the sequen-
tial position on an annotated encoding. For example, in the upper left corner of Figure 28,
the encoding b1 ¢2 al represents a sequence of three wedge encodings as they visually ap-
pear in the cuneiform sign. Compared to the grid-based annotations, the sequence-based
approach provides more flexibility. For example, if a cuneiform sign does not show a clearly
sequential arrangement of wedges, such as in the upper right example of Figure 28, the
annotation is not forced to indicate a sequence. Instead, the wedge semantics albl can be
annotated. Some cuneiform signs show vertical wedge constellations, like the sign in the
middle left of Figure 28. In this case, vertical sign positions are not explicitly encoded,
and instead, the encoding bl —alcl—cl is annotated, indicating b1 on the left, alcl in the
middle, and cl on the right side.

} ’% b1 -Ilc2)-la1 ;: allbi
%( b1 -atic1}-Ic1 ﬂr b2)-ic1)-1a2]

ﬁ. c2-la1-b1

Figure 28: Visualization of six visual samples and their corresponding annotations. The color boxes
emphasis the visual area represented by the corresponding wedge encoding.

c4-b2-a10!

Besides the sequential arrangement, visual ambiguity exists for equal wedge counts. Both
signs in the upper and lower left corners of Figure 28 contain such ambiguity for the wedge
encoding c2. These wedges are arranged horizontally in the upper and vertically in the
lower sign (green boxes). Four additional wedge semantics are introduced to resolve this
ambiguity, as shown in Figure 29. These semantics indicate a crossing (z) between two
wedges, a vertical (v) or horizontal (h) wedge constellation and wedges arranged as a grid
(g). Similar to Figure 28, the color boxes show the visual position and the corresponding
information type. The two cuneiform signs mentioned above are augmented by the infor-
mation indicating horizontal and vertical constellations such that their encodings result
in b1—c2h—al and c2v—al—bl.

The TPG representation is obtained by first constructing the sequence of attribute
vectors. For example, the encoding bl —c2h—al is converted into a sequence of three

vectors, each representing the respective encoding b1, c2h, and ai1. The target encoding
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F R A

Figure 29: Visual examples of the additional wedge annotations indicating a crossing (z), a vertical
(v) or horizontal (k) positions, and grid (g) constellations

is indicated by setting the corresponding vector element to 1 and all other elements to 0.
This process is repeated for the remaining vectors until the desired sequence of vectors is
obtained. The sum of maximum wedge counts determines the dimensionality of the vectors.
For example, if the wedge types a,b, ¢, and d have their respecitive maximum counts of
10, 10, 9, and 3, the resulting dimensionality is 32. Finally, the PHOC algorithm assigns
the sequence of vectors to predefined pyramid levels. Figure 30 gives three examples of
how encodings are assigned to the pyramid levels 1, 2, and 3. The third example (from
left) shows the resulting encodings for each split on the levels 1,2 and 3 for the annotation
bl—c2h—al mentioned above. All wedge annotations are assigned analog to the grid-based
approach on the first level. However, the significant difference is that on higher levels, the
wedge counts remain unchanged in contrast to the SPG representation. Although the
second pyramid level visually intersects the encoding c2h, the count remains unchanged
and is assigned to both splits in this level. The main argument for this approach is that,
in all splits, the count 2 for wedge type c is represented by the same attribute. This
assignment strategy supports the consistency between the visual appearance of wedges

and the attributes indicating their presence.

T A A 4w

annotation alblx c2v-al-bl bl-c2h-al c4g-b2v-allg
level 1 alblx al bl c2v al bl c2h alOg b2v c4g
level 2 alblx | alblx alc2v|albl blc2h]|alc2h b2v c4g | al0g b2v
level 3 c2v|al|bl bl |c2h]|al c4g | b2v | alOg

Figure 30: Four examples showing a pyramidal decomposition of the TPG encodings according to
the PHOC algorithm on the levels 1, 2 and 3.
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The probabilistic retrieval model presented in Chap. 6 is a novel measure assessing the
similarity through attribute probabilities between a given query and the estimated repre-
sentations. Chap. 7 introduces two wedge-based annotation approaches and the resulting
binary-valued attribute representations for cuneiform sign spotting. This chapter provides
the empirical evaluation of the PRM similarity measure and the two sign representations
SPG and TPG. The experiments that are conducted give answers to the following ques-

tions derived from the methodology in this thesis.

e Is the probabilistic retrieval model beneficial for retrieval performance
when using binary-valued attribute representations? Assessing the similarity
between a user defined query and all database candidates is the most crucial step
in every information retrieval system. The experiments in this section evaluate four
different similarity measurements in multiple retrieval scenarios. The main focus is
on the comparison between the performance of the probabilistic retrieval model (cf.
Section 6.1) and the Cosine similarity (cf. [SF18]). In addition, the Euclidean and

Cityblock distances are evaluated and compared.

« How do architectural design choices impact the retrieval performance?
The network architectures presented for state-of-the-art models [WB16; SF18; KJ19]
are based on specific components such as the structure of convolutional layers, a pyra-
midal pooling of feature maps or the attribute estimates provided by the Multi-Layer
Perceptron. This leads directly to the question of how strongly these components
influence the performance of these models. The experiments in this chapter evaluate

the change in performance if the CNN components are altered.

e Are the SPG and TPG representations suitable for QbX retrieval? More-
over, is one representation superior to the other? The novel retrieval scenario
QbX can be performed by transforming a cuneiform sign into its numerical repre-
sentation. Both, the SPG and TPG provide sign presentations based on semantic
attributes. This chapter evaluates multiple experiments to quantify the performance
of the attribute-based QbX retrieval. This evaluation gives insight into the perfor-
mance of both grid- and sequence-based cuneiform sign representations on different
pyramid levels. The obtained results are compared to answer whether one represen-

tation is superior to the other.

The experiments in this chapter are evaluated on word spotting benchmarks consisting of
handwritten documents and photography collections showing cuneiform tablets introduced
in Section 8.1. The mAP is utilized to quantify the retrieval performance (Section 8.2.1).

A permutation test assesses statistical significance between two numerically close mean
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average precision values (Section 8.2.2). Subsequently, Section 8.3 explains the experi-
ment configurations and describes the evaluation protocol, network architectures, and the
hyperparameters used to train the convolutional neural networks. Finally, the Section 8.4
and 8.5 present the evaluation results obtained for the word spotting and cuneiform sign

spotting benchmarks.

8.1 BENCHMARK DATASETS

The methodology presented in Chap. 6 and 7 is evaluated on six benchmarks. This section
gives a brief introduction to the databases used to carry out the experiments. Four different
datasets, showing historical and modern handwriting, are used for the evaluation of word
spotting. The cuneiform sign spotting experiments are performed on two benchmarks

containing scripts from ancient periods.

8.1.1  George Washington Letters
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Figure 31: Visual page and word image examples from the George Washington database.

The GW database is one of the most widely used benchmarks for evaluating word spot-
ting methods [Gio+17]. The letters originate from the George Washington Papers collection
at the Library of Congress in the United States. The collection contains approximately
77000 items, including correspondences, diaries, financial records, and more, divided into
9 series according to different topics [Was23]'. The word spotting benchmark comes from
Series 2, Letterbooks, 1754-1799 [Wass4]? and contains copies of mail correspondence be-
tween George Washington and his associates. The document pages are from the Letterbook
1, which is a later re-copy [SF18]. It is assumed that only a single writer has reproduced
the letters. Thus, the writing style across the document pages is very homogeneous. In
the context of word spotting, the dataset has been described for the first time in [KLPo1].
Later, a version of the benchmark containing 20 document pages and 4860 annotated
word images have been proposed and is often referred to as GW 20 [LRMo4]3. The 20 doc-
ument pages consist of a lexicon covering 1124 unique transcriptions. Figure 31a shows
a cutout from a document page of the collection, and 31b depicts samples of individual

word images.

https://www.loc.gov/collections/george-washington-papers/about-this-collection/

2 https://www.loc.gov/item/mgwz2.001/

Available at the University of Massachusetts https://ciir.cs.umass.edu/downloads/old/data_ sets.html
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8.1.2 IAM Handwriting Database
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(a) Page sample (b) Word image samples

Figure 32: Visual page and word image examples from the TAM handwriting database.

The TAM-DB was initially designed for handwriting recognition tasks [MBgg]. This
database consists of document pages showing the modern handwritten text of the Lancaster-
Oslo/Bergen corpus [JLG78]. Several extensions have been proposed [MBo2], mainly fo-
cusing on adding more handwritten document pages to the database. In the most recent
version 3.0 available at the University of Bern4, 657 different writers contribute to the
creation of the TAM-DB with 1539 handwritten document pages. The database consists
of 5685 isolated sentences, 13353 labeled text lines and 115320 word-level annotations.
The word images have been segmented automatically and subsequently verified manually
[ZBo2]. Thus, some of the annotations are labeled as erroneous. All document pages are
scanned with modern devices and are available as high-resolution images. Due to the
modern equipment used to create this database, the handwritten texts have a high vi-
sual quality and aging artifacts such as faded ink or bleed-through are missing. However,
the major challenge provided by the official partitioning is that a writer has contributed
exclusively to the training set or the test set only. In the last decade, the word spotting com-
munity has adopted the official (writer-independent) partition [Fis+10; Fis+12; Alm+14b].
Especially Almazén et al. [Alm+14b] proposed a benchmark for segmentation-based word
spotting, which is commonly used in recent works [WB16; SF18; KJ19]. Visual examples
are depicted in Figure 32 showing a whole page on the left side (a) and word images from
different pages on the right side (b). The word images, picked from multiple pages written

by different writers, visualize the enormous diversity in handwriting styles.

4 Research Group on Computer Vision and Artificial Intelligence INF, University of Bern:
https://fki.tic.heia-fr.ch/databases/iam-handwriting-database
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8.1.3 Botany and Konzilsprotokolle
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Figure 33: Visual page and word image examples from the Botany and Konzilsprotokolle databases.

The two benchmarks Botany in British India (Botany) and Alvermann Konzilsprotokolle
(Konzilsprotokolle) have been used in the word spotting competition at the ICFHR 2016
[Pra+16]. The Botany collection was written in the 19th century and contains manuscripts
covering botanical topics. The original collection is archived at the British Library® in
London, UK. Many document pages contain different writing styles and unique visual ap-
pearances. The script is written in English Latin and exhibits the typical aging artifacts
for historical documents, such as faded ink and bleed-through. The Konzilsprotokolle col-
lection dates back to the 18th century and shows protocol notes of formal meetings held
by the central administration. The collection belongs to the University Archives and was
digitized and provided by the University Library Greifswald®, Germany. In contrast to
Botany, the script is written in German Kurrent and contains around 18 000 documents.
The writing style on the document pages is relatively homogeneous compared to Botany.
However, the significant challenges are the characteristics of the Kurrent script, as the
visual appearances of some characters are very similar. Analogous to Botany, documents
from the 18th century are not immune to aging and show the same artifacts. Visual page
and word image samples from both databases are displayed in Figure 33. The Botany
dataset contains 25432 word image samples annotated on 154 document pages. These
word images represent 6 919 unique transcriptions. For Konzilsprotokolle, 21 009 word im-
age samples have been annotated using a collection of 85 document pages which consist

of 6298 unique transcriptions.

5 https://www.bl.uk/collection-guides/botany-in-british-india
6 https://www.digitale-bibliothek-mv.de/viewer/index/
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8.1.4 Hittite and Old Assyrian Cuneiform Databases

(c) Old Assyrian tablet sample (d) Old Assyrian sign image samples

Figure 34: Visual examples of cuneiform tablets and signs from the Hittite and Old Assyrian
databases.

The Cuneiform databases used in the evaluation of this chapter include annotated
tablets of Hittite and Old Assyrian scripts. Both databases have been prepared in the
context of the research project Computer-unterstiitzte Keilschriftanalyse (CuKa)7. Tablets
containing Hittite cuneiform scripts are provided by the Hethitologie Portal Mainz (HPM)®,
and the Old Assyrian scripts are accessible on the webpage of the Cuneiform Digital Li-
brary Initiative (CDLI)9. The Hittite cuneiform script dates back to around 3500 BC,
while the Old Assyrian tablets were created around 1950 to 1850 BC. These clay tablets
display various cuneiform text, including correspondence and bureaucratic documents re-
lated to trade and stocks. Figure 34 shows visual examples of both scripts. The Hittite
database consists of 261 tablet images containing 316 unique cuneiform signs distributed
across 100370 annotated samples. In contrast, the collection of Old Assyrian tablets only

contains 24 images consisting of 5745 annotated samples representing 161 unique signs.

7 Akademie der Wissenschaften und der Literatur Mainz:
https://www.adwmainz.de/projekte/computer-unterstuetzte-keilschriftanalyse-cuka/beschreibung.html

8 Hethitologie Portal Mainz (HPM): https://www.hethport.uni-wuerzburg.de/HPM/index.php

9 Cuneiform Digital Library Initiative (CDLI): https://cdli.mpiwg-berlin.mpg.de/
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8.2 PERFORMANCE MEASURES

Assessing the performance of the methodology described in Chap. 6 and Chap. 7 involves
both qualitative and quantitative analyses. Qualitative analysis is based on a user’s impres-
sions and considers only a small set of visual examples. On the other hand, quantitative
analysis evaluates performance by considering a large number of examples. When compar-
ing the performance of different approaches, it’s preferable to use quantitative analysis as
qualitative analysis relies heavily on the user’s assessment and the selection of individual

examples.

8.2.1  Mean Average Precision

Word spotting is an information retrieval problem [Gio+17; Alm+14b], and the same ap-
plies to cuneiform sign spotting [Rot+15]. Information retrieval deals with the problem
of extracting relevant information from a database. The retrieval system issues a query
to the database and returns a list of items, often called retrieval lists. This list contains
candidates from the database that are either relevant or irrelevant concerning the query.
A wuser is particularly interested in the relevant candidates from the retrieval list. How-
ever, in information retrieval, the relevance of candidates needs to be globally defined
and strongly depends on the application domain. In word spotting, relevance is typically
assigned based on the word classes (i.e., transcriptions) of the candidates. This approach
of relevance assignment is widely used in the word spotting literature and can be consid-
ered as the de facto standard [Gio+17]. The performance of retrieval systems is evaluated
using performance measures, which quantify the retrieval quality and allow for compari-
son between different systems. These measures assess three performance indicators for a
retrieval list. The first two indicators evaluate the number of relevant items in the list and
the proportion of relevant items retrieved out of the total number of relevant items. The
third indicator assesses the ranking order of the list items. The first two indicators are
quantified using popular metrics known as precision and recall, which are widely used in
the fields of statistics and machine learning [BR11]. Precision represents the fraction of

relevant items in the retrieval list out of all the items retrieved, and is defined as:

relevant items in list

(65)

recision =
P all items in list

Conversely, recall computes the fraction between relevant items in the retrieval list and

the total number of relevant items in the database. The recall is defined as:

recall — relevant items in list' (66)

all relevant items

Usually, precision and recall are not discussed in isolation as both are not particularly
useful metrics when used singularly, especially for information retrieval tasks. Both are

closely related measures and capture different aspects of the retrieval list [BR11]. There
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is an inverse relationship in which it is possible to increase precision in exchange for
low recall values and vice versa. For instance, returning only a single candidate with the
highest likelihood of being relevant will likely result in a precision of 100% but lead to
a small recall value if more than one relevant candidate is in the database. Returning
all candidates from the database, on the other hand, leads to a recall of 100% and a vast
number of irrelevant candidates, decreasing the precision. For that reason, both are usually
combined into a single-valued measure. Therefore, the first approach could be to use the
well-known accuracy or even the more sophisticated harmonic mean of precision and recall
better known as F-measure [MRS08]. However, a user demands the retrieval system to
present all relevant candidates at the top of a list. Unfortunately, neither the accuracy nor
the F-measure is sensitive to the ranking order of a retrieval list and is thus incapable of
quantifying the third performance indicator.

In this regard, the most commonly used measure that takes the ranking order into
account is the AP [BR11; MRSo08]. This measure considers both precision and recall si-
multaneously by evaluating the area under the precision-recall-curve sometimes referred
to as AUPRC [MRSo08]. The precision-recall curve is obtained by evaluating the precision
values pr at different recall levels r, which can be expressed as pr(r). For classification-
related tasks (for example, object detection [Zou+19]), recall levels are typically defined
throughout 11 standard values, i.e., k& € {0.0,0.1,0.2...1.0}. In contrast, precision and
recall values are assessed at each position along the retrieval list. The positions are defined
according to the ranking order k € {1,2,3,... K}, where K is the number of elements in
the retrieval list. Computing the precision at every position k is known as precision@k
[BR11, p.140]. As a result, precision pr and recall r at position k can be defined as:

Zf;ol rel(i) f;ol rel(i)

k

where both pr(k) and r(k) yield respective values if only the top-k candidates of a retrieval
list are considered. The recall is normalized by the cardinality of set R, which represents the
number of all relevant items in the database. The function rel(7) indicates the relevance of
a candidate at position ¢ by evaluating 1 if relevant and 0 otherwise. The average precision

is obtained by computing the area under the precision-recall curve as a finite sum:
K
AP = "p(k) x Ar(k) . (68)
k=1

Every precision value at position k is multiplied by the change rate of the recall Ar(k),

which quantifies the difference between two consecutive recall values defined as:
Ar(k) =[r(k=1) —r(k) | . (69)

Since the indicator function rel(-) evaluates to only two values, either 1 or 0, the change

rate Ar(k) consequently takes only two values as well, namely 0 or ‘—é‘. In Equation 68,
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the precision values at different positions contribute to the average precision only if the
recall value changes, i.e., Ar(k) = ‘%'. This consideration leads to an equivalent expression
of the average precision by replacing the recall change rate with the relevance indicator

function and normalizing the sum by the number of relevant candidates in the database:

ke (k) x rel(k)

AP =
R|

(70)

For the evaluation over a query set Q = {1,2,...Q} the average precision values obtained

for each query ¢ € Q are averaged in the following way:
1 Q
mAP = =" AP(q) . (71)
Q=

Averaging the AP(q) values results in the performance measure known as mAP, which
is widely used for evaluating retrieval systems [BR11, p.159]. As a result, mean average
precision has become the standard measure for evaluating word spotting model perfor-
mance [Gio+17]. This thesis assesses the methodology’s performance using mean average

precision and compares the results with those reported in the word-spotting literature.

8.2.2  Significance Testing

Performance differences between two retrieval systems are compared by evaluating the
mean average precision values achieved by both systems using the same evaluation protocol
(cf. Section 8.3.1). Using a single value measure to assess the superiority of two systems
involves a certain degree of uncertainty, especially for small differences. The difference
between two mAP values could stem from significant differences in just a few APs or
variations across many AP values. In the first case, the difference would be caused by
the selected query set, while in the latter case, it is more likely that the difference results
from a methodological advantage. Specifically, training neural networks involves stochastic
processes such as the initialization of network parameters, the distribution of sampled
training samples (i.e., the progress of SGD), or regularization techniques like dropout
(cf. Section 2.2.4). Therefore, it is important to have additional evidence to support a
statement about performance differences.

In this case, the common practice is to apply a statistical hypothesis test. As the name
suggests, these tests statistically assess whether a hypothesis made about two random
variables is unlikely enough to be rejected. The hypothesis is referred to as a null hypothesis
and typically assumes that the means of these variables are equal. Consequently, the
opposite assumption is that both means are unequal, known as the alternative hypothesis.
The null hypothesis is typically rejected if the probability of observing its assumption is
below a certain threshold. This probability is expressed by the p-value and results from a
test statistic, i.e., distribution of a particular measure, individually defined by the tests. The
threshold is a meta-parameter known as the significance level and has to be defined by the

user beforehand. If the null hypothesis is rejected, the result of a test is called statistically
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stgnificant. It is important to note that the null hypothesis can only be rejected. A test
never accepts the null hypothesis. Instead, the test fails to reject. That is the case if
insufficient statistical evidence exists to make a confident decision about rejecting the null
hypothesis. In the context of the mean average precision, a test fails to reject if the sets of
average precision obtained from two retrieval systems are too close in the numerical sense
to reject the null hypothesis. For that case, it is assumed that the average precision values
of the two sets compared represent an almost equal performance.

In the scope of this thesis, statistical significance is tested by applying the permutation
test [SACo7; ULH19; Gooo4]. As suggested by [SACo7], the permutation test is suitable
for testing the statistical significance of information retrieval systems. This test has also
been applied in other works to analyze word spotting systems [SF18; RWEF21]. In [SACo7],
different tests are compared to determine the significance of the performance difference
between two information retrieval systems. Among them are the Student’s paired t-test
and the bootstrap test [ET9g3]. All three tests mentioned show similar performance in the
experiments reported by [SACo7]|. However, the paired t-test assumes that the perfor-
mance values of both systems are randomly sampled from a normal distribution, which
implies “normality”. The bootstrap test [ET93], on the other hand, assumes that the
performance values from both systems are randomly sampled from the same distribution.
In contrast, the permutation test is non-parametric and makes no assumption about the
random sampling from a population [SACo7].

In the context of information retrieval, the basic idea of the permutation test is that
if system A and B perform equally, the large majority of permutations of their respec-
tive sets of average precisions (AP5 and APp) obtained from the same set of queries
Q=1{q1,9,¢3,...,9q} will lead to (almost) equal mean average precision values. The per-
mutation test evaluates the probability of permutations that yield equal or greater mAP
differences than the observed difference mAP s = mAP, —mAPg. This probability rep-
resents the p-value, and the test rejects the null hypothesis if the p-value drops below
the significance level . In other words, if the observed difference is unlikely to occur by
chance, then both performances can be considered significantly different. A test statistic
is required to compute the p-value. As shown in Equation 72, the test statistic dys for a
two-sided test is defined as the absolute difference between mAP, and mAPg which are
obtained from the two systems to be tested [SACo7].

1 X 1 Q
dis (AP, APR) = Q > APa(q) — ) > APg(gj) | - (72)
i=1 j=1

The probability given by the p-value is statistically modeled through a distribution ob-
tained from applying the test statistic to all possible permutations of the two sets APy
and APp. Therefore, both sets are joined into a new set AP g of size 2Q which contains

all average precision values from AP, and APy as shown in the following;:

APAB = {APA(ql), ...,APA(QQ),APB(ql), ...,APB(qQ)} .

93



EVALUATION

In each iteration, two disjoint permutations P, and Pp of size Q are sampled and sub-
sequently the test statistic dis (Pa,Pp) is applied. It is important to emphasis that both
sets P5 and Pp are disjoint and only contain unique set items from APag. So that, for
example, AP A (q1) is contained either in Po or Py but never in both sets within the same
iteration. The exact permutation test requires all possible permutations to be evaluated.
The total number of permutations, however, grows rapidly with the sample size, i.e., 2Q%Q.
In practice, excessive computations are avoided, and the p-value is approximated by sam-
pling an adequate number of permutations. According to [SACo7], an estimate p of the
actual p-value can be derived following a Monte-Carlo sampling. The standard deviation
psta Of estimate p is directly related to the number of permutations K with p being the
Pra = plgll—p) = Nperm = M . (73)
perm Dita

A small pgq indicates an accurate estimation of p, which in turn requires a large number of

true p-value:

permutations [SACo7]. While in Equation 73, the true p-value is unknown, the minimum
number of permutations required to stay below the standard deviation pgq for any p-
value can be computed by using p = 0.5 which maximizes p (1 — p). The total number
of permutations Npe,,, given a desired standard deviation pgq can then be obtained by

applying the following equation:

- — (74)
D%

For the experiments in this thesis, the same parameterization is used as described in [Sud18;

Nperm

Rot1g]. A precise approximation of the p-value is obtained by setting the maximum stan-
dard deviation to psg = 0.001 [Sudi18]. This results in a total number of Nperm = 250000
permutations. Algorithm 1 summarizes the general procedure in assessing the significance
of performance difference between two retrieval systems used by the permutation test.
First, the observed mAP difference d,;s between the two given average precision sets AP 5
and APpg is computed (line 3). The algorithm iterates Npery, — 1 times in order to obtain
two permutation sets P, and Pp which have never been sampled in previous iterations.
This behavior is ensured by hashing the concatenated byte representation h of both sets
(line 9) and appending this hash value to the hash value set H (line 11). The algorithm
leaves the while loop as soon as a new byte representation is found (lines 10-13) and subse-
quently computes the mAP difference dyerm between the two sampled permutations (line
15). The counter n is increased if the difference in mAP between the permutations dperm,
is equal or greater than the difference observed for the actual two retrieval systems dps
(line 16-18). After all Nperm permutations have been evaluated, the estimated p-value p
is computed (line 20) and compared to the significance level « (line 21). If p is smaller
than the predefined significance level «, the null hypothesis is rejected, which means that
the observed difference dps is significantly different from the statistical point of view. A
p value above the significance level « indicates that either d,us is likely enough to be re-
produced by random permutations of both AP sets or that insufficient statistical evidence

exists to reject the null hypothesis. In both cases, the test fails to reject.
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Algorithm 1 Determining the significance of difference in mAP between two word spot-
ting methods using the permutation test

1: Initialize counter n < 0

2: Initialize empty hash set H

3: Compute observed mAP difference dopg < dis (AP A, APB)
4: for iin {1,2,3,..Nperm } do

5: while true do

6 Pap < shuffle APy
7 P < take first half of elements from Pap
8: Pp < take second half of elements from Papg
9: h < compute a hash value for the concatenated byte representation of P, and Py
10: if A not in H then
11: H < appends hash value h to hash set H
12: leave while loop
13: end if
14: end while
15: Compute mAP difference for permutations dperm < dts (Pa, PB)
16: if dperm >= dobs then
17: n+<n+1
18: end if

19: end for

20: Compute the estimated p-value p « =

Nperm
21: if p < o then
22: reject null hypothesis — difference in mAP is statistically significant
23: else
24: fail to reject
25: end if

8.3 EXPERIMENTS CONFIGURATIONS

This section presents the configurations used for the experiments in Section 8.4 and 8.5.
The training, retrieval, and query sets used for the word spotting and cuneiform sign
spotting benchmarks are described in Section 8.3.1. After that, the convolutional neural
network architectures used in the experiments are discussed in Section 8.3.2. Finally, Sec-
tion 8.3.3 explains the preprocessing applied to the images, the regularization techniques

included in the training procedure, and the hyperparameters set for the optimizer.

8.3.1  Fwvaluation Protocol

In order to make the results presented in Section 8.4 comparable to other approaches, the
allocation of train, test, and query samples is chosen to correspond precisely or as closely
as possible to other works from the literature. The George Washington database has no
official partitioning. Therefore, the allocation of word image samples proposed by Almazan
et al. [Alm+14b] is applied. The authors randomly assign the database with 4860 word

images in 4 equally sized sets of 1215 samples and perform a four-fold cross-validation.
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All word instances that occur at least twice are considered queries for query-by-example
retrieval. In the query-by-string scenario, all unique word transcriptions from the retrieval
set are used as queries. The IAM-DB [MBgg] provides an official partitioning into training,
validation, and test set. For the experiments in Section 8.4, all samples from the 115320
annotated word images labeled as erroneous are discarded, which results in a total amount
of 96 422 word images. The authors in [Alm-+14b] use the official writer independent text
line partitioning that splits the document pages in 6 161 training, 1840 validation, and
1861 handwritten text lines for testing purposes. In this thesis, only the training and
test line sets are used, which yields 60453 samples for training and a retrieval set size of
13752. Table 1 shows the number of training samples used to obtain the network model
parameters and the retrieval set size for the GW splits and TAM-DB.

Table 1: Number of training, retrieval and query samples for the cross-validation split on the GW
database and ITAM-DB.

set GW; GWy GW3 GWy TIAM-DB
training 3645 3645 3645 3645 60453
retrieval 1215 1215 1215 1215 13752
QbE 910 888 910 913 4030
QbS 471 488 481 471 2743

For the two benchmarks, Botany and Konzilsprotokolle, the word spotting competition
alms to evaluate the word spotting methods on different scripts, primarily focusing on
the required amounts of training data [Pra+16]. Therefore, the competition defines bench-
marks for the two collections, each consisting of 20 document pages. For segmentation-
based word spotting, the retrieval sets of Botany and Konzilsprotokolle contain 3 318 and
3891 annotated word images, respectively. Both benchmarks provide 101 textual string
queries for the QbS retrieval scenario. For QbE, 150 and 200 word images are selected as
visual queries for Botany and Konzilsprotokolle, respectively. Three sets with a growing
number of training samples are provided to evaluate retrieval models trained on different
amounts of training samples. Table 2 shows the total number of training samples, the
corresponding retrieval set, and the respective amount of QbE and QbS queries.

Table 2: Number of word images for the respective training, retrieval and query partitions of the
Botany and Konzilsprotokolle datasets.

set Botany Konzilsprotokolle
Train I 1683 1849
Train 1T 5289 7816
Train IIT 21964 16918
retrieval 3318 3891
QbE 150 200
QbS 101 101
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Both cuneiform benchmarks, Hittite and Old Assyrian, do not provide an official par-
titioning. A custom assignment for training, retrieval, and query sets is applied for the
experiments in Section 8.5. Analogous to the GW benchmark, the partitioning scheme
assigns images of cuneiform tablets to one out of four splits to perform a four-fold cross-
validation. Therefore, the assignment algorithm iterates through all tablet images and
assigns all annotated samples from one image to the cross-validation split containing the
fewest sign samples. This approach guarantees to assign one cuneiform tablet page to only
one cross-validation split while at the same time yielding an approximately uniform dis-
tribution of samples across the slits. Table 3 shows the resulting training, retrieval, and

query samples obtained from the custom assignment.

Table 3: Number of cuneiform sign images for the respective training, retrieval and query partitions
in each of the four cross-validation splits for the Hittite and Old Assyrian datasets.

Hittite Old Assyrian
set

1 2 3 4 1 2 3 4

training | 75430 75459 75102 75119 | 4470 4485 3997 4283

retrieval | 24940 24911 25268 25251 | 1275 1260 1748 1462
QbE 24913 24885 25247 25233 | 1248 1246 1731 1441
QbS 267 273 262 263 122 115 122 122

In the word spotting benchmarks, word images or textual strings are relevant concern-
ing the query if the Levenshtein [Lev66] (or string edit) distance is zero. All queries and
word labels are converted to their lowercase, as only case-insensitive retrieval scenarios
are performed. For all experiments, only uni-grams are defined as semantic attributes,
while higher n-grams, such as bi- or tri-grams, are not included. These uni-grams are ex-
tracted from all unique transcriptions for a given benchmark. Table 4 show the number
of uni-grams for each word spotting benchmark. The word images and textual strings
of the GW benchmark are represented by 36 uni-grams consisting of 24 characters from
the Latin alphabet and 10 digits. The uni-gram set for IAM-DB additionally contains
the special character “—” representing punctuation marks. Botany is represented by 51
uni-grams, including the Latin alphabet, 10 digits, and 15 special characters. Similar to
Botany, Konzilsprotokolle contains 52 unique uni-grams consisting of the Latin alphabet,

10 digits, 11 special characters, and additionally the German letters d, 4,1, 5.

Table 4: The number of unique uni-grams extracted from the word string annotations of each word
spotting benchmark.

‘ GW TAM-DB Botany  Konzilsprotokolle

# unigrams ‘ 36 37 51 52
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A sign is considered relevant for the cuneiform benchmarks according to their annotated
sign class. This consideration means that two different sign classes are irrelevant to each
other despite being represented by the same attribute vector. A binary-valued semantic
attribute represents one count of a wedge type as described in Section 7.3. These individual
wedge counts obtained from the expression-based annotations (cf. Section 7.3.1) of the

Hittite and Old Assyrian databases are shown in Table 5.

Table 5: Individual wedge counts (a,b,c,d) and additional attributes (e) in the SPG and TPG
encodings of the Hittite and Old Assyrian databases.

wedge SPG TPG
semantic Hittite Old Assyrian Hittite Old Assyrian
a 1-10 1-9 1-10 1=9
b 110 1-9 1-6,8,9 1-7,9
c 1-9,11,12 1-9 -8 1-6
d 1,2 1-3 1,2 1,2
. _ _ 1-4 1-4

The retrieval performances of CNN models are displayed as mean average precision
values obtained for a given benchmark (see Section 8.2.1). As described in Section 8.2.2,
a permutation test is applied to determine the significance between two sets of AP values
obtained from two different models. For that, a standard deviation of 0.001 is selected
for all experiments presented in Section 8.4 and Section 8.5. Using this value results in
a probability more than 99% for the true p-value being in the interval p # 0.003. The
test requires 250000 random permutations to obtain the desired standard deviation (cf.
Section 8.2.2). In order to perform the significance test, the individual average precision
values are required. Therefore, only the results obtained from the experiments in this thesis

are evaluated for their performance significance.

8.3.2 Model Architectures

The convolutional neural network architectures used in the experiments (Section 8.4 and
Section 8.5) are based on the PHOCNet proposed in [SF18] and the PHOCResNet as
presented in [Sud18]. The PHOCNet is inspired by the VGGig architecture [SZ15] with
13 convolutional layers, followed by a multi-layer Perceptron with two fully connected
layers. The network consistently uses a kernel size 3 x 3 for all convolutional layers with
an increasing number of feature maps 2 x 64, 2 x 128, 3 x 256, 3 x 256, 3x512. In contrast
to the 512 feature maps in the original VGGi4 architecture, the PHOCNet only uses 256
feature maps in the penultimate convolutional layers block. The number of subsampling
(i.e., poolings) applied in the convolutional part of the network is significantly different.
Sudholt et al. argues that preserving the spatial position of characters is crucial. Thus,

maximum pooling is applied only after the second and fourth convolutional layers. For
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comparison, the original VGG architectures subsample the feature maps five times after
the second, fourth, seventh, tenth, and thirteenth convolutional layer [SZ15]. As presented
in [Sud18], the PHOCResNet make use of the ResNetsg [He+16] architecture with 49
convolutional layers. This network model uses the same number of feature maps and sizes
for the convolution kernels. Similar to the PHOCNet, pooling is only applied in the first
convolutional layer using a stride of 2, followed by a maximum pooling equal to the original
ResNet architecture, which effectively subsamples the input image by a factor of 2.

For word spotting, the feature maps obtained from the convolutional layers are trans-
formed through a temporal pyramid pooling (TPP) [SF17] using the levels 1, 2, 4, and
8 to obtain a feature vector of fixed dimensionality (cf. Section 5.2). The TPP yields a
7680 dimensional vector if the VGG architectures and the smaller versions of the ResNet
architecture (18 and 34) are used. For the larger ResNet models with 2048 feature maps
in the last convolutional layer, a 30 720 dimensional feature vector is obtained. In the case
of cuneiform sign spotting, SPP [He+15b] is applied using a grid-like partitioning of 1x1,
2x2 and 3x3, yielding 14 pyramid splits. The reason is that cuneiform signs do not strictly
follow a sequential order in the horizontal direction as handwritten texts in Latin scripts.
The SPP feature vectors have a dimensionality of 7168 when using the SPP-PHOCNet.

Afterwards, the Multi-Layer Perceptron converts the feature vector into the attribute
representation. The Multi-Layer Perceptron is made up of two fully connected layers, each
containing 4096 neurons. In Section 8.3.2, the MLP is substituted with a Single-Layer
Perceptron to compare the performance difference between using only one layer and using

three fully connected layers.

8.3.3 Training Setup

All convolutional neural networks used in the experiments (Section 8.4 and 8.5) are trained
end-to-end given the word or cuneiform images and their respective label vectors. No pre-
training or fine-tuning is applied. All word and cuneiform sign images are converted to
grayscale, as color does not contribute more information about an image’s visual content.
The image pixels are divided by 255 to rescale their value range from [0, 255] to [0.0,1.0].
In addition, images of handwritten words are inverted using 1.0—x, where = represents
a pixel value. The images are inverted based on the assumption that handwritten texts
mainly consist of a white paper background and a black ink foreground. If one is inter-
ested in a model that learns to infer text consisting of darker-colored pen strokes, inverting
pixel values yields images where pen strokes are represented by values close to 1.0 while
the paper background is represented by values close to 0.0. Due to their large amount of
trainable parameters, network models tend to overfit. For this reason, neurons are dropped
with a probability of 50% in the fully connected layers (cf. Section 2.2.4). Dropout is ap-
plied to the pyramid pooling output using the SLP and to the output of both hidden
layers if the MLP is used. In addition to dropout, different augmentation techniques are
applied in order to increase the visual variability of the word and cuneiform sign images.

When manipulating image pixels, it is essential to make sure that the semantic content is
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Table 6: Total number of training iterations carried out per benchmark. The initial learning rate is
10~%. The right column shows the iteration at which the learning rate is set to the value
displayed by the column label. All iteration values are shown in thousands [x103].

benchmark training iters. learning rate

107> 107°
GW 100 50

IAM-DB 200 50 150
Botany 120 50 100
Konzilsprotokolle 120 50 100
Hittite 150 50 100
Old Assyrian 150 50 100

preserved. Therefore, transformations like flipping or mirroring are not applied. Instead,
images are slightly sheared, rotated, scaled, or transformed in their perspective. Moreover,
random areas of the images are cut out (cf. Section 2.2.4). The augmentation techniques
are applied to 50% of the training samples while the rest remains unchanged. All convo-
lutional neural network models are trained using the Adam [KB15] optimizer. Adam is
an established optimization algorithm and has been successfully utilized in various train-
ing scenarios [GG16; Kes+17; ZL17; SF18]. This optimizer combines the advantages of
both adaptive gradient (AdaGrad) [DHS11] and root mean square propagation (RMSProp)
[TH+12]. Following the recommendation from [KB15], both betas 8; and f2 are set to
0.9 and 0.999, respectively. The momentum value is set to 0.9 and weight decay to 107°.
The learning rate is initialized with 10~* and divided by 10 after a certain amount of
training iterations, depending on the benchmark. Table 6 displays the total number of
training iterations executed for each benchmark in order to obtain one CNN model. The
two columns on the right side in Table 6 show the training iteration at which the learning
rate is divided by 10. Smaller datasets, like GW, require fewer training iterations to con-
verge, while large ones, such as IAM-DB, require a longer training run. The total amount
of iterations required is determined empirically through preliminary experiments. For all
benchmarks, additional training does not improve the retrieval performance beyond the
iterations shown in Table 6. All CNN models are trained with a batch size of 10; however,
the images are not rescaled to uniform sizes, which is required to perform batch training.
Handwritten word images have considerable variability in height and width. Forcing these
images into an equal size will squash words containing many characters or stretch word
images with few characters. Instead, the 10 images are forwarded through the network sep-
arately while the resulting gradients are accumulated and divided by 10. This approach

emulates a training with a batch size of 10.
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8.4 RESULTS FOR WORD SPOTTING

This section presents the performance results obtained from the experiments conducted
on four benchmarks. The following section (Section 8.4.1) shows results obtained applying
the PRM and presents a comparison to other similarity measures commonly used for word
spotting. Subsequently, in Section 8.4.2 qualitative results are presented. Section 8.4.3
investigate the influence of different components from the CNN architecture. Finally, Sec-
tion 8.4.4 compares the achieved performances to the results reported in related works

from the literature.

8.4.1  Comparison of Similarity Measures

For retrieval-based systems, similarity measurements are essential components. To com-
pare the influence on performance using different measures, a TPP-PHOCNet is trained
to estimate PHOC representations using the levels 1, 2, 4, and 8. Two network models are
trained on the GW and IAM-DB datasets using the Almazan protocol (cf. Section 8.3.1).
The best performance values are highlighted in bold, and significant differences are in-
dicated in italics. Both models are trained using the BCE loss and estimate the PHOC

Table 7: Comparison of QbE and QbS retrieval performance obtained for the GW and TAM-DB
benchmarks using a TPP-PHOCNet trained with the BCE loss. Results are shown in mAP
[%]. The best performance values are marked as bold and significantly different results
are highlighted in italics.

o GW IAM-DB
similarity

QbE QbS QbE QbS
PRM 97.81 98.71 | 81.52 92.98
Cosine 97.65 97.64 | 81.93 90.21

Euclidean 97.69  97.86 | 81.62  90.20
Cityblock 97.51  96.65 | 79.67 84.72

representations in the query-by-example and query-by-string retrieval scenarios for their
respective benchmark. Once these representations are obtained, four different measures,
the probabilistic retrieval model (PRM), Cosine similarity, Euclidean distance, and City-
block distance, are applied to retrieve the relevant word images. In word spotting, the
Cosine similarity and the Euclidean distance are well-known measurements often used to
perform retrieval tasks [Gio+17; Alm+14b; WB16; SF17; KDJ18] (cf. Chap. 5). In addition
to the similarity measures mentioned, the Cityblock distance is used to assess similarities.
The results displayed in Table 7 show that the PRM achieves superior performance com-
pared to the other measures. Generally, the results are similar except for the performance
achieved for IAM-DB using the Cityblock distance (79.67% and 84.72%) in both retrieval
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scenarios. For QbE, the performance achieved by the PRM is almost equal to the one
using the Cosine similarity or Euclidean distance on both benchmarks. However, for QbS,
the results obtained using the PRM diverge by nearly one percentage point (98.71 to
97.64/97.86) on the GW and by about two percentage points (92.98 to 90.21/90.20) on
the IAM-DB benchmark compared to the performance achieved by the Cosine similarity
or Euclidean distance. The permutation test validates that the PRM similarity performs
significantly better on TAM-DB in the QbS retrieval compared to the other measures.
From the results presented in Table 7, it can be concluded that the retrieval performance

of binary-valued attribute representations benefits from the PRM similarity measure. As

Table 8: Comparison of QbE and QbS retrieval performance obtained for the GW and TAM-DB
benchmarks using a TPP-PHOCNet trained with corresponding loss functions and simi-
larity measures. Results are shown in mAP [%]. The best performance values are marked
as bold and significantly different results are highlighted in italics.

o GW TIAM-DB
loss similarity
QbE QbS QbE QbS
BCE PRM 97.81 98.71 | 81.52 92.98
Cosine Cosine 97.70 97.40 81.24  90.33
MSE Euclidean 97.29 97.59 | 80.33 90.87
MAE Cityblock 97.42  95.76 | 66.02 776.41

previously explained in the methodology (Section 6.2), it is possible to derive a suitable
loss function for training a neural network given the similarity measure. For the probabilis-
tic retrieval model, the binary cross-entropy can be considered as the corresponding loss
function (cf. Section 6.2.2). Sudholt et al. [SF18] show that the Cosine loss corresponds to
the Cosine similarity. For this reason, the evaluation performed in Table 8 presents differ-
ent performance results obtained from eight TPP-PHOCNet models (four per benchmark)
trained using four different loss functions and their respective similarity measures. In ad-
dition to the BCE and Cosine loss, the mean squared error (MSE)"' as well as the mean
absolute error (MAE)" is used in combination with the Euclidean and Cityblock distance,
respectively. It is important to note that only the combination BCE/PRM uses a sigmoid
function to scale the network output, while the other combinations do not scale the es-
timated output values. The results from Table 8 sketches a similar pattern as shown in
Table 7. The best results are achieved if the network is trained using binary cross-entropy
and the probabilistic retrieval model similarity measure. Especially for the QbS scenario,

the differences in performance are significantly higher.

Both loss functions are implemented in the Python machine learning framework PyTorch
(www.pytorch.org) version 1.12.
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8.4.2 Qualitative Results and Attribute Statistics

In addition to the quantitative performance numbers presented in the previous section,
qualitative results and attribute statistics are discussed in the following. On the Pages
104 to 105, Figures 35 to 38, visualize selected results for the QbE and QbS retrieval
scenario achieved on the GW and TAM-DB benchmarks. The results are obtained by
the TPP-PHOCNet models shown in Table 7 trained using the BCE loss and assessing
similarities by applying the PRM. All Figures show the top 10 retrieved candidates for
a given query, with relevant candidates marked by green boxes and irrelevant candidates
marked by red boxes. The queries are selected from higher and lower average precision
values to present a broader range of retrieval results. Regarding the average precision,
the two influencing factors are the position and the number of occurrences of all relevant
candidates (cf. Section 8.2). The influence is clearly visible for the two queries soon and
greatly. For soon, the second candidate is wrongly retrieved at the third position. This
deviation by one position decreases the AP to 83.33%. This effect is even higher for the
query greatly as only one relevant candidate has to be retrieved. The AP is halved to 50%,
as the relevant word image is retrieved on the second position in the list.

Figure 39 on page 106 shows attribute statistics for the retrieval sets from the GW and
IAM-DB benchmarks. The blue bars indicate the mean absolute differences between the
attribute label a and the estimated value @, denoted as |a — a|. It is important to note that
only attributes labeled as 1 are evaluated. The reason is that the absence of attributes
(i.e., 0) by far dominates the frequencies, and the network models estimate zero-labeled
attributes very well. The absence of attributes will lead to statistics showing significantly
better predictions and distorting the actual estimation quality. The orange bars quantify
the maximum normalized frequency of attributes || fr(a)||maz- Figure 39a and 39c¢ visualize
the statistics per attribute across all pyramid splits while Figure 39b and 39d depict mean
attribute values from the different pyramid splits of the levels 1, 2,3 and 4. In general, it is
noticeable that in Figure 39a and 39c, letters occur more often than digits (orange bars)
and are better estimated (blue bars) as well. However, the network struggles to estimate
particular letters such as k, ¢, and x on the GW benchmark, as well as the letters j and ¢
on the IAM-DB benchmark. Investigating the statistics per pyramid split, Figure 39b and
39d show that attributes across different splits are estimated approximately equal (blue
bars). For the GW benchmark (Figure 39b), the prediction quality is lower for the most
right spits in the pyramid levels. The reason is that the last letters within a word are either
written sloppy or similar between many different word classes. For the IAM-DB dataset,
the quality between attribute estimates on different pyramid splits is almost equal and

differs only marginal.

103



EVALUATION

./ci)m,-{ «ft’z’:«—/‘ f::/;_g,.‘“é: @ //u fu&-b (L. &

sergeant sergeant sergeant great great greater berland
rdertird) O
= ! ene
independant tgnorance g present

(a) query: sergeant, number of relevant candidates: 3, AP: 100.00%,

T door | Ao (&2 ) [« <

soon soon sion soon so
7
m @
on con
on boyd

(b) query: soon, occurrences: 2, AP: 83.33%

;xdnf(; g e L g “(6,: @ [-;:“./] [...71‘ c/c'é-ru-;ﬁ]

= ¢ -

greatly greater greatly great tar great ezpeditiously
o 2 e 2 Ve corrrecs
5] (@ef..) [F3
safety treasurer party reasmers

(c) query: greatly, occurrences: 1, AP: 50.00%

ex (o (o) [T (o=
ex see see

ex ed myself de
Fee) (gee) (29 [r24
see see see see

(d) query: ez, occurrences: 2, AP: 8.33%

Figure 35: Visualization of QbE retrieval results from the GW database.

“sergeant” ./.:}“.,.{ /-’Z:-—/ f.f:/;_u.‘“{ [;L..z] [r/:.u./] l//u:v(r—l.]

sergeant sergeant sergeant great great greater
§ 2 CG It O pucw
(Lolarnat| | Aclifiericlosid| [F* &=
berland independant ignorance gene

(a) query: sergeant, occurrences: 3, AP: 100.00%,

“ax?” Q% o gg .'- % a‘-_-'

t
cx ed e tar de
-'“3 m |,le /f,CQ't}t/
Ll 2
be few reasmers ficient

(b) query: ez, occurrences: 2, AP: 75.00%

4 _ _‘é
“11th” » A jf‘ IS Vi ”I 7. \
16th 5th 11th oh 17th P
-7k
. ] 45 6 |
s5th 28th 6 15t

(¢) query: 11th, occurrences: 1, AP: 33.33%

= F

stewart alterns tar treasurer TEasSMers pattersons
" ex rE,
hats warrants least greatly

(d) query: stewarts, occurrences: 1, AP: 4.00%

Figure 36: Visualization of QbS retrieval results from the GW database.

104



8.4 RESULTS FOR WORD SPOTTING

wie  oicd  bodd Lo e Baid  eEeR

voice voice voice voice voice twice officer
T
r———
0 lccd [P  amevree 2
¥ -
entrance - somewhere worldwide
ridge

(a) query: voice, occurrences: 4, AP: 100.00%,

wod et oad) Tiod Ceeeid e B icded

heart smart

heart heart heart wants thetan
Vi) €8 rearllreck
heather heartbreak beneath

(b) query: heart, occurrences: 4, AP: 79.00%

e G T g P (ol

lilyan lilyan livingroom llangrwl megan friendship rendezvous
L T
unrecognisable farlingham lightedup breakfast

(¢) query: lilyan, occurrences: 3, AP: 38.52%

W/ BN W B d Wl &3

end and and and and
\ \‘ |
LUk &a
end and

(d) query: end, occurrences: 3, AP: 5.30%

Figure 37: Visualization of QbE retrieval results from the IAM-DB database.

“across” @THD QAN Bey D | And CTH COHEoND
across across across i
ashore cross diffidently

il
%s

Py R V7
and

arrows
miraculous

(a) query: across, occurrences: 3, AP: 100.00%,

“awaited” t!m ec g L&g O Lei.] igcu' Lﬂl vl m

awaited waited waited awaited awaited

realised wanted unkissed attitude

(b) query: awaited, occurrences: 3, AP: 70.00%

many

sure
super
p nuf she
snub bueno shrugged soucer

(c) query: sure, occurrences: 3, AP: 47.40%

“iyan® (S lgael Bomod (ly=yd b By -A Ely-»

lilyan flyman lilyyo lilyyo lilyyo
e — & Laray Zon

EzZ—~39 [Lly-yd F I e
lilyyo lilyyo lilyan

tributary

(d) query: lilyan, occurrences: 2, AP: 38.58%

Figure 38: Visualization of QbS retrieval results from the IAM-DB database.



EVALUATION

0.8
< 0.6
= 04
0.2

0.8
< 0.6
= 04
0.2

T} la — &|
B0 fr(a)lmae

abcdef&hijklmnopPdqrstuvwxyzO0123567389

semantic attributes

(a) GW database.

1 T !
0.8 B0jisr(@)llmaz 08
T 0.6 0.6 _E
S 04 0.4 E
0.2 02

1 2 2 4 4 4 4 8 8 8 8 8 8 8 8

pyramid splits

(b) GW database.

[T la — aj
B0 )ifr(a)llmas

apbcdef&g&hijkIlmnoPdgQrstuvwsxywzo1l1235263 89

semantic attributes

(c) IAM-DB.
1 - 1
I la — aj

08 087 (@)llmas 08
= 0.6 0.6 £
| —
s 04 04 ~
=

i 2 2 4 4 4 4 8 8 8 8 8 8 8 8
pyramid splits

(d) IAM-DB.

Figure 39: Bar chart shows the mean absolute error |a — 4| between label a and estimate & (blue

106

bars) as well as the maximum normalized attribute frequency || f7(a)||maz (orange bars).

0.8
0.6
0.4
0.2

0.8
0.6
0.4
0.2

If7(a)llmaz

If7(a)llmaz



8.4 RESULTS FOR WORD SPOTTING

8.4.3 Influence of Architectural Components

The quality of retrieval primarily depends on predicting attributes. Convolutional neural
networks provide this predictive quality by transforming a given image into its correspond-
ing attribute representation. This section evaluates three crucial components of a CNN
architecture: the structure of convolutional layers, the number of subsampling typically
applied to reduce the feature dimensionality between two consecutive convolutional layers,

and the importance of pyramid pooling and the necessity of a Multi-Layer Perceptron.

Convolutional Neural Network Architecture

Table 9 show the results achieved for different versions of the VGG [SZ15] and ResNet
[He+16] architecture. Both architectures are modified to resemble the TPP-PHOCNet used
in Section 8.4.1. For that, all subsampling layers except the first two are discarded from
the VGG and ResNet networks. Equal to the PHOCNet architecture, a maximum pooling
after the first and second block of convolutional layers is used with a kernel size of 2 x 2
and a stride of 2 x 2 (cf. [SF16; SF17]). The ResNet architecture subsamples the feature
dimensions in width and heights by applying a stride of 2 x 2 in the first convolutional
layer, followed by a maximum pooling using a kernel window of 3 x 3 shifted by 2 x 2
positions in both directions (cf. [He+16]). For both architectures, a temporal pyramid
pooling followed by an Multi-Layer Perceptron is applied after the convolutional layers
described in Section 8.3.2. All networks in Table g are trained according to the Almazan
protocol (see Section 8.3.1) while the word images are presented by PHOC vectors using
the pyramid levels 1,2,4 and 8.

The results presented in Table 9 show that the architectural choice on the GW bench-
mark does not influence the performance for query-by-example and query-by-string re-
trieval, at least not for the selected CNN architectures. The representational power of
the VGG, (11) network (with the fewest parameters) is enough to achieve similar results
compared to larger networks such as VGGgjg) or the ResNet models. According to the
permutation test, the retrieval performance differences are not significant. In contrast,
the results obtained on the IAM-DB benchmark show significant differences between the
model sizes and architectures. If the depth and number of parameters are increased in
the VGG architecture, the performance is significantly improved for both retrieval sce-
narios. On the other hand, looking at the results obtained from the ResNet architecture,
the opposite picture emerges. Using deeper network models, such as the ResNet with
49, 100, or even 151 convolutional layers, leads to distinct inferior results compared to
models with lower depth, like 17 or 33. It is important to note that additional training
iterations beyond 200 000 (cf. Section 8.3.3) do not improve the performance for the larger
ResNet models. Moreover, different configurations concerning the learning rate and weight
decay did not boost the performance. Although it cannot be completely ruled out that
a combination of training iterations and hyperparameters leads to superior results, the

architectural structure is assumed to be responsible for the decline in performance. First
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Table 9: Comparison of QbE and QbS retrieval performance obtained for the GW and IAM-DB
benchmarks altering the network architectures. All models are trained using the BCE loss.
Retrieval is perform applying the PRM as similarity measure. Results are shown in mAP
[%]. The best performance values are marked as bold and significantly different results
are highlighted in italics.

# conv. GW IAM-DB
arch. layers
QbE QbS QbE QbS
VGG ) 8 97.89 9750 | 76.99 91.06
VGGg(13) 10 98.14  98.17 | 78.60  91.69
VGGp16) 13 98.20 98.32 | 81.81 93.22
VGGg(19) 16 98.42 9822 | 82.91 94.03
ResNetg 17 98.46 98.15 | 80.01 92.62
ResNetsy 33 97.41 97.18 82.21 93.09
ResNetsg 49 98.00 98.08 | 78.35  91.37
ResNeti01 100 98.24 9742 | 77.64 91.86
ResNet159 151 98.16 9734 | 72.08 88.90

of all, the smaller models, such as ResNet;s and ResNets4 use two convolutional layers in
each residual block, while the larger models make use of bottleneck layers to compress and
expand the feature dimensions in every residual block (cf. Section 2.4). Furthermore, the
number of feature maps after the last convolutional layers differ by a factor of 4 between
the 512 feature maps in the smaller models and 2048 in the larger ones. Using a temporal
pyramid pooling at the levels 1,2,4 and 8 leads to feature vectors with a dimensionality
of 7680 in the smaller and 30720 in the larger models. This, in turn, results in the first
fully connected layer containing over 31.4 and 125.8 million parameters, respectively. It
may be asked why the larger ResNet models achieve the same outcome as the smaller
versions on the GW benchmark but show significantly lower performance on the IAM-DB.
The difference in performance is due to the consistent visual appearance of word images
in the GW database. In contrast, the IJAM-DB contains handwritten text from multiple
writers, leading to significant variation in the word images. Both the smaller and larger
ResNet models are expected to show more intense overfitting on both datasets. However,
overfitting to a specific visual appearance of a handwritten word impacts the retrieval
performance in the IAM-DB negatively, while the same model behavior does not reduce
retrieval performance on the GW benchmark.

Additional experiments are carried out to confirm this claim. As a result, the ResNet
architecture is adjusted to reduce overfitting. The first modification involves reducing the

number of pyramid levels in the TPP layer, using only levels one and two. For the second
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Table 10: Comparison of QbE and QbS retrieval performance obtained for the GW and TAM-DB
benchmarks using the modified ResNet architectures. All models are trained with the
BCE loss. Retrieval is perform applying the PRM as similarity measure. Results are
shown in mAP [%]. The best performance values are marked as bold and significantly
different results are highlighted in italics.

# conv. GW TAM-DB
arch. 1
ayers

QbE QbS QbE QbS
ResNetsg (1,2) 49 98.02 97.98 82.56 93.34
ResNetyo; (1,2) 100 98.12  97.92 | 8/.15  94.03
ResNety52 (1,2) 151 98.07 97.14 84.58 93.64
ResNets (drop) 49 98.05 98.12 83.99  94.33
ResNetjg1 (drop) 100 98.01 97.94 85.93 94.31
ResNet52 (drop) 151 98.06 98.01 81.95 93.63

modification, Dropout is applied to the output of the TPP layer. Table 10 shows the
results achieved by the modified ResNet models. The suffix (1,2) denotes the networks
with reduced pyramid levels, and (drop) refers to the models where the additional Dropout
is applied. Compared to Table g, the performance achieved on the GW benchmark remains
the same. However, significantly performance differences are achieved on the IAM-DB
benchmark. Here, all models show distinct higher values compared to Table g. These

results clearly indicate that parameter overfitting is the reason for the lower performance.

Subsampling Convolutional Features

Convolutional neural networks typically contain subsampling steps to reduce the dimen-
sionality of the feature tensors between two consecutive convolutional layers. In the context
of CNNs, subsampling is widely known as pooling (cf. Section 2.3.2). In the following, sub-
sampling and pooling are used as synonyms. The original VGG [SZ15] and ResNet [He+16]
architectures apply five subsamplings, each dividing the feature dimensions in height and
width by a factor of 2. This subsampling effectively reduces the input size by 2°. However,
in the original PHOCNet architecture [SF16; SF17], pooling is only applied after the first
two blocks of convolutional layers, which effectively shrinks the input size by 22. One ar-
gument for using only two pooling steps in the PHOCNet architecture is to preserve the
spatial information of a word image and divide the feature tensor of the last convolutional
layer using the pyramidal pooling scheme. Another argument is the height and width of
handwritten word images, which are typically smaller in size than image samples from
other computer vision tasks.

The influence of subsampling on the retrieval performance is shown in Table 11. These re-
sults are obtained using the same TPP-PHOCNet architecture and PHOC representations

109



EVALUATION

Table 11: Comparison of QbE and QbS retrieval performance obtained for the GW and TAM-DB
benchmarks altering the number of subsampling steps. The TPP-PHOCNet is trained
with the BCE loss. Retrieval is performed using the PRM as similarity measure. Results
are shown in mAP [%]. The best performance values are marked as bold and significantly
different results are highlighted in italics.

PHOCNet
pooling
positions GW IAM-DB
QbE QbS QbE QbS
1 96.89 95.59 75.26 89.92
1,2 97.81 98.71 81.52 92.98
1,2,3 97.64 98.01 86.57 95.61
1,2,3,4 96.69 97.29 87.64 95.66
1,2,3,4,5 96.85 97.06 86.12 95.30

described in Section 8.4.1. All models are trained using the evaluation protocol presented
in Section 8.3.1 and a training setup described in Section 8.3.3. As the VGG architecture
inspires the TPP-PHOCNet, subsampling is applied at the same positions as initially pro-
posed for the VGG p(16) [SZ15]. These positions are shown in the far left column with the
label pooling positions. For example, the numbers 1, 2,3 indicate that pooling is applied
at the first, second, and third positions in the convolutional part of the network. The
results obtained for the GW database show that pooling at position 1 and 2, as proposed
for the PHOCNet [SF16; SF17], achieves the best performance. However, according to the
permutation test, no significance could be determined between the performances in a QbE
scenario and only two significantly different mAP values for QbS retrieval (i.e., 95.59% and
97.06%). Like the results presented in Table g, the network models perform almost equally
on the GW benchmark, independent of the number of pooling steps. In contrast, the mAP
values obtained on IAM-DB show a more considerable variance. The first observation is
that more pooling steps lead to significantly higher performance for both QbE and QbS.
On the TAM-DB benchmark, retrieval performance is boosted by over 6 respectively 3
percentage points by simply applying two additional pooling steps at the positions 3 and 4
compared to the original TPP-PHOCNet architecture (QbE: 81.51% to 87.64% and QbS:
92.98% to 95.66%). These results are remarkable because the network architecture is not

extensively modified.

Pyramid Pooling and Fully Connected Layers

Table 12 shows the results of different configurations concerning the pyramidal pooling
and the number of fully connected layers used to map the feature vectors to their corre-

sponding attribute representations. Every row depicts mAP values achieved for a specific
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Table 12: Comparison of QbE and QbS retrieval performance obtained for the GW and TAM-DB
benchmarks altering the pyramid pooling levels as well as the number of fully connected
layers. All models are trained with the BCE loss. Retrieval is perform applying the PRM
as similarity measure. Results are shown in mAP [%]. The best performance values are
marked as bold and significantly different results are highlighted in italics. Underlined
values are significantly lower compared to neighboring value along the row.

GW IAM-DB
pyramidial
pooling QbE QbS QbE QbSs
SLP MLP SLP MLP SLP MLP SLP MLP
1 93.01 98.00 | 87.49 97.35 | 59.21 76.98 | 78.58 88.85
1,2 96.37  98.27 97.37 98.26 | 68.00 80.88 | 87.95  92.61

1,2,4 97.59 98.16 98.63 98.35 71.28  82.57 | 89.92  93.74
1,2,4,8 97.49 97.81 98.57 98.71 | 72.76 81.52 | 91.22  92.98

1,2,3 9742 9845 | 98.26 98.32 70.71  81.77 | 90.18 93.85
1x6 97.62  96.97 | 98.64  97.92 71.82 83.60 | 90.79  93.76
2x3 97.77  97.68 98.49 97.57 71.18 8291 90.78  93.51

partitioning scheme in the pyramidal pooling. Numbers separated by a comma denote a
temporal pyramid pooling scheme where feature maps are only divided along the horizon-
tal direction. The two bottom rows show a grid-like partitioning of the feature maps. For
example, 2 x 3 describes a grid of heights 2 and width 3. The consideration behind the
evaluation shown in the lower part of table Table 12 (three bottom rows) is to compare
the retrieval performance between three models applying a pyramidal pooling that divides
the feature maps in 6 splits, which results in a feature vector dimensionality of 3072. In
other words, all three models have the exact same number of parameters; however, they
use a different partitioning scheme for the pooling step between the last convolutional
and the first fully connected layer. The upper part of Table 12 (top four rows) depicts
the influence on performance if a TPP with a growing number of levels is applied. It is
important to note that more pyramid levels lead to more splits and, consequently, to more
parameters in the first fully connected layer. Every column in Table 12 shows the achieved
results either using an SLP or an MLP for the QbE and QbS retrieval scenario on both
benchmarks. The SLP directly maps the output of the pyramid pooling layer to the at-
tribute vector without any intermediate representations. Thus, if a PHOCNet uses the
SLP, the model contains far fewer parameters than a model using the MLP. For example,
using a TPP with the levels 1, 2, 4, and 8 and a representation containing 540 attributes,
the parameters between the two mentioned models would differ by 46 299 136. The highest
mAP value within a column is indicated in bold, and significantly lower performances are

displayed in italics. Moreover, as the presented results are compared between the SLP and
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MLP models, directly neighbored numbers are underlined if their performance significantly
differs according to the permutation test. Performances obtained on the GW database are
almost equal for both retrieval scenarios independent of the pooling scheme or the number
of fully connected layers. For QbE, the MLP shows the same results except for the 1 x 6
pooling where the permutation test determines a significant difference between 96.97%
and the best achieved result of 98.45%. Using the SLP to predict the attributes shows
nearly identical results as the MLP. However, choosing a low number of pyramid levels
(i.e., 1 or 1,2) harms the retrieval performance significantly (93.01% and 96.37%) com-
pared to a higher number of pyramid levels such as 1,2,4 or 1,2, 4,8 achieving a mAP of
97.59% and 97.49%, respectively. Results obtained in the query-by-string scenario show
more robustness across different pyramid pooling schemes using both the SLP and MLP.
The SLP exceeds 98% mAP for all configurations except for a pyramidal pooling using the
levels 1 or 1,2. Compared to the MLP, the SLP depends more on the pyramidal pooling as
shown by the QbS results in the first row of Table 12. If no pyramidal pooling is applied,
the retrieval performance of the PHOCNet models using an SLP drops considerably by
about 10 percentage points from 97.37% to 87.49%. Examining the results obtained on
the IAM-DB, a different picture emerges. A general observation is that the performance
of a SLP is significantly lower for all pooling configurations compared to models using
the MLP. The lack of multiple fully connected layers is particularly evident in the QbE
scenario. All performance results between the SLP and MLP differ remarkably by about
or even more than 10 percentage points (columns 5 and 6). The same behavior is ob-
served for the query-by-string scenario. However, the differences between SLP and MLP
are considerably lower and partially comparable like in the row 4 of Table 12 (91.22% and
92.98%). Due to different writers and the heterogeneous visual appearance of the word
images, the PHOCNet models show a higher dependence on the pyramidal pooling of the
feature maps. The retrieval performance on the IAM-DB benchmark drops significantly if

no pyramid pooling is applied compared to the results obtained on the GW benchmark.

8.4.4 Comparison to selected results from the literature

This section compares related approaches discussed in Section 5.2. The results are com-
pared on the GW and TAM-DB benchmark as shown in Table 13. In addition, Table 14 and
15 compare retrieval performances achieved on the Botany and Konzilsprotokolle bench-
marks. For all three tables, the highest mean average precisions achieved by the models
are indicated in bold, while significantly lower values are written in italics. If approaches
from the literature achieve the best results, the values are marked in bold and underlined
to emphasize the overall best performance. The best performance results achieved by the
own models are indicated only in bold. However, it is important to note that statistical
significance can only be determined between two sets of average precision values. As these
sets are not available for the related approaches, significance is only determined between
the results of the models presented in this thesis. The TPP-PHOCNet model is used for
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Table 13: Comparison between selected results presented in the literature on the GW database and
TAM-DB for QbE and QbS. Results are shown in mAP [%]. Results marked with an (*)
use additional data for pre-training and fine-tuning.

. GW IAM
model loss/sim.

QbE Qbs QbE Qbs
TPP-PHOCNet BCE / PRM 97.81 98.71 81.52 92.98
TPP-PHOCNet Cos / Cos 97.70 97.40 81.24 90.33
SPP-PHOCNet [SF:5] BCE / Cos 97.58  95.58 | 85.50  92.38
SPP-PHOCNet [SF18] Cos / Cos 97.72 97.44 75.85 91.12
TPP-PHOCNet [SF18] BCE / Cos 97.90 96.73 84.80 92.97
TPP-PHOCNet [SF18] Cos / Cos 97.96 97.92 82.74 93.42

Triplet-CNN(*) [WB16] triplet / Cos 93.61 — 70.81 —
PHOC(*) [WB16] Cos / Cos 98.00  92.23 | 77.24  89.49
DCToW (*) [WBu16] Cos / Cos 97.98 93.69 76.98 85.33
HWNety, (*) [KDJ16] Att-SVM / Euc 94.41 9284 | 84.25 9158
HWNety, (*) [KDJ18] m.t. / Cos 98.39 98.94 91.57 96.21
HWNetys(*) [KDJ23] m.t. / Cos 99.48 99.80 | 93.22 97.53

all experiments in this section to estimate the attribute representation given the word
image. Temporal pyramid pooling is applied on the levels 1,2,4 and 8, and the PHOC
representations are deduced from the textual strings using the same pyramid levels. The
network models are trained under the evaluation protocol as described in Section 8.3.1
using the BCE loss in combination with the PRM as well as the Cosine loss combined
with the Cosine similarity.

Table 13 shows selected performance results from related approaches [SF18; WB16;
KDJ23] reported on the GW and TAM-DB benchmarks. Especially the results presented
in [SF18] display an interesting comparison to the performance numbers reported in Sec-
tion 8.4.1. The experimental structure regarding the evaluation protocol and the PHOC
representation is identical to the one used in [SF18]. However, a significant difference lies in
the Python frameworks used to implement the experiments. Sudholt et al. use the Caffe'®
library to carry out the experiments in [SF18]. In contrast, this thesis implements the ex-
periments using the PyTorch™ framework. Besides this, the SPP-PHOCNet (rows 3 and
4) applies a spatial pyramid pooling using the levels 1,2 and 3, and the TPP-PHOCNet
(rows 5 and 6) use the levels 1,2, 3,4 and 5. The results obtained on the GW database are
almost identical between the TPP-PHOCNet from this thesis, and the version proposed in
[SF18]. Although the performance of a model trained using the Cosine loss is slightly lower

than the binary cross entropy loss (rows 1 and 2), a significance could not be determined.

10 https://caffe.berkeleyvision.org/
11 https://pytorch.org/ version 1.12
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Furthermore, the combination BCE/PRM achieves notably higher results in the QbS sce-
nario on the GW database (row 1) compared to the own model trained with the Cosine loss
(row 2) as well as the models from [SF18] (rows 3 to 6). On ITAM-DB, the results are equal
for the QbS scenario comparing the combination BCE/PRM (row 1) and the numbers
reported in [SF18] (rows 3 to 6). However, 90.33% mAP are achieved by the combination
Cos/Cos (row 2) shows significantly lower performance than the combination BCE/PRM
with 92.98% (row 1). For the QbE scenario, both models (rows 1 and 2) achieve inferior
performance compared to the SPP- and TPP-PHOCNet trained with the BCE loss (rows
3 to 5). Although the permutation test cannot be applied, performance differences pre-
sented in Tables 12 and 11 indicate that the mAP values of 85.50% and 84.80% (rows 3
and 5 in Table 13) are likely statistically significant compared to the 81.25% (row 1 in
Table 13). The performance of the TPP-PHOCNet can be improved by simply applying
two more pooling steps as shown in Table 11 (row 4). Two more pooling steps lead to
mAP values of 87.64% and 95.66% in the QbE and QbS retrieval scenarios, respectively.
These differences are significantly superior. The lower part of Table 13 displays numbers
achieved by related approaches reported in [WB16; KDJ16; KDJ18; KDJ23]. Wilkinson
et al. [WB16] present a comparison between the PHOC and the self-created DCToW at-
tribute representation. The authors additionally demonstrate the retrieval capabilities in
a QbE scenario utilizing the Triplet loss approach. All three models from [WB16] (rows
7 to 9) make use of the original ResNets, architecture and apply a global pooling after
the last convolutional layer. The resulting feature vector is mapped to the corresponding
attribute representation through a multi-layered Perceptron. It is important to note that
the models are pre-trained on the CVL database [Kle+13] and subsequently fine-tuned
on the respective target dataset. Comparing the numbers reported in [WB16] (rows 7 to
9) and the results achieved by the own TPP-PHOCNet models (rows 1 and 2) reveal a
distinct higher performance. All results reported in [WB16] show significantly lower per-
formance than the PHOCNet architectures depicted in rows 1 to 6 of Table 13. Only for
the QbE scenario on the GW database, both the PHOC and DCToW approaches achieve
comparable mAP values (rows 8 and 9). According to the results presented in [WB16], it
can be assumed that global pooling is detrimental to performance despite the ResNetsy
architecture being used. The results proposed by [KDJ16; KDJ18; KDJ23] shown in the
rows 10 to 12 follow an approach called deep feature embedding (cf. Section 5.2). In the
first step, convolutional neural networks are trained to classify word classes using the
cross-entropy loss. Subsequently, the output values of the penultimate fully connected
layer are utilized as latent word image representations. Similar to the approach proposed
in [Alm+14b], individual PHOC attributes are predicted using the AttributeSVM in the
HWNet,, approach [KDJ16]. These predictions are subsequently projected into a common
subspace where the Euclidean distance is applied to rank the retrieval list. For this reason,
the loss function and similarity measure as used in HWNet,, are denoted as Att-SVM/Euc
in the second column labeled loss/sim in Table 13. The ensuing versions HWNet,, and

HWNet, 5 apply a multi-task loss to obtain the model parameters and the Cosine similarity
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to rank the retrieval list. Thus, both approaches are listed as m.t./Cos in Table 13. All
three approaches build on each other and steadily improve performance. Comparing the
results between the multi-staged deep embedding approaches (rows 10 to 12) and the end-
to-end trained TPP-PHOCNet (rows 1 and 2), only the HWNet,, shows lower retrieval
performance. The improved versions achieve higher mean average precisions, particularly
on the TAM-DB for QbE and QbS retrieval (rows 11 and 12). Although a permutation
test cannot be applied, the results reported on the IAM-DB are likely significantly higher
than the performance displayed for the TPP-PHOCNet (rows 1 and 2), considering the
significances shown in Table 12. However, one crucial ingredient in these deep embedding
approaches is the heavy usage of additional training data for pre-training and fine-tuning

the network models.

Table 14: Comparison between selected results presented in the literature on the Botany database
for QbE and QbS. Results are shown in mAP [%]. Results marked with an (*) use
additional data for pre-training and fine-tuning.

. Train I Train 11 Train IIT
model loss / sim

QbE  QbS | QbE  QbS | QbE  QbS

TPP-PHOCNet BCE / PRM 25.58 4440 | 78.95 93.11 | 96.70 99.09
TPP-PHOCNet BCE / Cos 30.43 42.28 | 85.62 91.69 | 97.47 98.73
TPP-PHOCNet Cos / Cos 13.21 21.83 | 76.90 85.50 | 86.81 92.45
SPP-PHOCNet [SF18] BCE / Cos 4456  26.62 | 7893 77.22 | 9410 95.43
SPP-PHOCNet [SF18] Cos / Cos 45.82 4295 | 71.32 81.21 | 79.90 89.60
TPP-PHOCNet [SF18] BCE / Cos 39.86 36.47 | 76.55 84.23 | 92.89 96.61
TPP-PHOCNet [SF18] Cos / Cos 38.80 3819 | 73.35 84.42 | 7839 87.78
HWNety, (*) [KDJ18] m.t. / Cos — — - — 95.54  93.72
HWNety4(*) [KDJ23] m.t. / Cos - — - - 97.13  97.77

Table 14 and Table 15 show the retrieval performance achieved on the Botany and
Konzilsprotokolle benchmarks, respectively. Both tables show the results achieved on three
differently sized training data partitions defined by the keyword spotting competition
[Pra+16] described in Section 8.1.3 and 8.3.1. As shown in Table 14, the TPP-PHOCNet
trained with the BCE achieves highest results on Botany for all three training partitions
(rows 1 and 2), except in the QbE scenario for partition Train I. Here, the SPP-PHOCNet
using the combination Cos/Cos (row 5) shows distinct higher performance. Conspicuously
inferior results are achieved by the TPP-PHOCNet trained using the Cosine loss as shown
in row 3 in Table 14. Using the TPP-PHOCNet with the combination Cos/Cos show
significantly lower results for all retrieval scenarios on all training partitions (rows 1 and
2 vs. 3). However, it cannot be completely ruled out that the poor performance may be
due to the hyperparameters, such as the selected Adam optimizer or the chosen learning

rate. When the results achieved by the PRM and Cosine similarity are compared, shown
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Table 15: Comparison between selected results presented in the literature on the Konzilsprotokolle
database for QbE and QbS. Results are shown in mAP [%]. Results marked with an (*)
use additional data for pre-training and fine-tuning.

. Train I Train II Train IIT
model loss / sim

QbE  QbS | QbE  QbS | QbE  QbS

TPP-PHOCNet BCE / PRM 84.04 84.60 | 97.37 98.17 | 98.22 98.35
TPP-PHOCNet BCE / Cos 84.17 82.80 | 97.33 98.00 | 97.87 98.29
TPP-PHOCNet Cos / Cos 71.2  74.99 | 95.95 9597 | 97.68 97.50
SPP-PHOCNet [SF18] BCE / Cos 84.34 76.45 | 96.05 95.27 | 97.08 96.22
SPP-PHOCNet [SF18] Cos / Cos 88.31 83.62 | 95.51 93.78 | 95.54  93.49
TPP-PHOCNet [SF18] BCE / Cos 86.01 7823 | 97.05 96.98 | 98.11  98.02
TPP-PHOCNet [SF18] Cos / Cos 90.97 87.37 | 96.45 94.80 | 96.42 94.63
HWNety, (*) [KDJ18] m.t. / Cos - - - - 93.16  71.05
HWNety5(*) [KDJ23] m.t. / Cos = = = = 96.24 93.64

in rows 1 and 2 of Table 14, the PRM performs better in the QbS scenario, while the
Cosine similarity achieves higher results in the QbE retrieval. The HWNet, 4 [KDJ23]
shows comparable results, although for QbS, the difference between 97.77% and 99.09%
achieved by the TPP-PHOCNet are noteworthy. In this comparison, the HWNet,, falls
slightly behind. In general, the dominance of the HWNet approach (rows 8 and 9) on the
Botany dataset in Table 14 is no longer given. The results achieved on the Konzilsprotokolle
benchmark, shown in Table 15, draw a similar picture. The TPP-PHOCNet, trained with
the BCE loss (rows 1 and 2), achieves the highest results. In contrast to Botany, the
PRM measure (row 1) consistently outperform the Cosine similarity on the larger training
partitions Train II and III. However, on partition Train I, best results are reported in
[SF18] using the TPP-PHOCNet trained with the Cosine loss (row 7). Similar to Botany,
the considerable performance gap between the own TPP-PHOCNet models and the models
from [SF18] on partition Train I disappears with an increasing number of training samples
in the partitions Train IT and III. Interestingly, on the partitions Train II and III, the
performance gaps between the BCE and Cosine loss are lower. These results affirm the
assumption about the suboptimal selection of hyperparameters. Performance-wise, both
HWNet,, and HWNet,; fall behind compared to all PHOCNet models. Especially the
71.05% reported for the HWNet,, in the QbS retrieval on partition Train I, are most
likely significantly lower compared to all PHOCNet results.
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8.5 RESULTS FOR CUNEIFORM SIGN SPOTTING

This section presents the performance results obtained for cuneiform sign spotting on
two benchmarks containing Hittite and Old Assyrian scripts. The ensuing Section 8.5.1
presents the retrieval performance achieved for different pyramid levels using the SPG
representation. Subsequently, Section 8.5.2 shows the retrieval performance achieved if
cuneiform signs are encoded through the TPG representation. A comparison between four
similarity measures using the SPG and TPG representations is drawn in Section 8.5.3.

Finally, qualitative results are presented in Section 8.5.4.

8.5.1  Spatial Pyramid Gottstein Representation

The retrieval results displayed in Tabels 16 and 17 are obtained from SPP-PHOCNet mod-
els, each trained on the respective dataset given a different number of pyramid levels. The
architecture used is described in Section 8.3.2, and the models are trained following the
training setup from Section 8.3.3. The mAP values are determined according to the evalu-
ation protocol for the Hittite and Old Assyrian benchmarks as explained in Section 8.3.1.
The network models are trained using the BCE loss, and similarities are obtained by ap-
plying the PRM. In Tabels 16 and 17, the first columns labeled split denote the respective
splits used by the SPG representation to represent the cuneiform sign classes. Here, gr
indicates the original Gottstein representation corresponding to the first level in a pyra-
midal partitioning. The letters h and v denote a splitting in the horizontal and vertical
direction, respectively, while the subscripted indices define the number of splits. For ex-
ample, a horizontal splitting on the pyramid level 2 is denoted by hs. The pyramidal
partitioning indicated by gr, h;, and v; corresponds to the visualization in Figure 27 dis-
played in Section 7.3.2. The column uni/all in Tabels 16 and 17 indicate the number of
sign classes uniquely represented by the SPG representation in the respective benchmark.
For example, the first pyramid level (i.e., gr) can differentiate 177 out of 301 sign classes
in the Hittite and 125 out of 154 classes in the Old Assyrian benchmark. As the number
of splits increases, the amount of uniquely represented signs grows until each cuneiform
sign is encoded by a single attribute vector that only represents the respective sign. The
third column labeled red/full denotes the reduced and full dimensionalities of the attribute
representations used in the respective experiments. A full vector is obtained from keeping
all attributes of the SPG representation. In contrast, for the reduced vector, all attributes
from the SPG representation with a frequency of 0 are discarded. For example, in the at-
tribute representation denoted gr, ha,vs in Table 16, only 116 out of 160 attributes occur
at least once. Higher pyramid levels are more sparse, as indicated in the column red/full of
both Table 16 and 17. Thus, the resulting reduced representation is proportionally smaller
than its full counterpart.

Table 16 shows the results achieved on the Hittite benchmark. A general observation
is that the mean average precision increases with the number of uniquely represented

sign classes in both retrieval scenarios. The retrieval performance achieved for QbE is
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Table 16: Comparison of QbE and QbX retrieval performance obtained for different splits on the
Hittite benchmark using the SPG representations. The TPP-PHOCNet is trained with
the binary cross-entropy loss and retrieval is performed by applying the PRM similarity
measure. Results are shown in mAP [%]. The best performance values are marked as
bold and significantly different results are highlighted in italics.

split uni/all red/full Hittite
QbE QbX
gr 177/301 32/32 62.50 42.85
gr, ho 263/301 76/96 76.34 61.21
gr, ha, v 288/301 116/160 81.59 66.80
gr. ho, va, hy | 297/301 | 169/256 | 81.87  69.54
gr, ha, va, b3, vs| 301/301 | 220/352 | 83.90  69.90

significantly higher using all available pyramid splits (gr, ha, ve, h3, v3) compared to the
attribute representations using fewer splits. The same can also be observed in the QbX
scenario. However, the representation without the vertical splitting on the third level
(gr, ha, ve, h3) shows almost the same performance. According to the permutation test,
all values in the QbE column are significantly lower than the 83.90%. However, in the
QbX column, a difference of 3.1 percentage points between the values 66.80 and 69.90 is
not significant due to the low number of 1065 queries.

Table 17 shows the results achieved on the Old Assyrian benchmark. Similar to the
observations in Table 16, higher performance values are achieved if the number of cuneiform
signs represented by the attributes vector is as low as possible. As the Old Assyrian dataset
only contains 154 sign classes, a pyramidal splitting on level 2 is enough to obtain attribute
vectors that uniquely represent every sign class. The best results are achieved using all
available split annotations. However, comparing the mAP values from Tabels 17 and 16
reveals that the Old Assyrian dataset is visually more challenging, although it contains
half the number of cuneiform signs. While the performance between the split combinations

gr,ho and gr, he, vy (rows 2 and 3) are almost identical for QbE, in the QbX retrieval, a

Table 17: Comparison of QbE and QbX retrieval performance obtained for different splits on the
Old Assyrian benchmark using the SPG representations. The TPP-PHOCNet is trained
with the binary cross-entropy loss and retrieval is performed by applying the PRM simi-
larity measure. Results are shown in mAP [%]. The best performance values are marked
as bold and significantly different results are highlighted in italics.

1d Assyri
split uni/all red /full Old Assyrian
QbE QbX
gr 125/154 | 30/30 | 40.66  32.79
g, ha 152/154 73/90 40.82  44.25
gr, ha, v 154/154 | 112/150 | 50.06  47.88
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difference of 3.63 percentage points can be observed. However, due to the low number of
471 queries, the distinct difference between 44.25% and 47.88% is not significant according
to the permutation test. Using the original Gottstein representation (i.e., gr) leads to

significantly lower performance in both retrieval scenarios.

8.5.2  Temporal Pyramid Gottstein Representation

For each row in Tabels 18 and 19, separate SPP-PHOCNet models are trained on four
cross-validation splits. These models have the architecture described in Section 8.3.2 and
are trained following the training setup from Section 8.3.3. The performance results are ob-
tained following the evaluation protocol described in Section 8.3.1. Similar to Section 8.5.1,
the BCE loss is used to train the SPP-PHOCNet models and retrieval lists are ranked by
applying the PRM similarity measure. The best performance results are highlighted in
bold, while significantly lower values are written in italics. The permutation test deter-
mines significant differences between mean average precision values. In Tabels 18 and 19,
the pyramid levels column denotes the pyramid levels used to obtain the TPG attribute re-
presentation. As mentioned in the previous section, the columns uni/all and red/full show
the number of uniquely represented sign classes and the dimensionality of their respective
attribute vectors. The far right columns labeled QbE and @QbX show the performance ob-
tained by the SPP-PHOCNet models for different level configurations in the QbE and QbX
retrieval scenarios. Both tables are divided into upper and lower parts. The upper part
(rows 1 to 5) shows performance results for attribute representations using the four wedge
types a,b,c and d. On the other hand, the lower part of Table 18 (rows 6 to 10) shows
the mAP values obtained by the SPP-PHOCNet models using the additionally annotated
wedge information described in Section 7.3.3.

The results in Table 18 provide a similar picture to the previous section’s tables. A
general observation is that an increasing number of pyramid levels (column 1) leads to
higher-dimensional attribute vectors (column 3), which, in turn, leads to more uniquely
represented cuneiform signs (column 2) and, finally, to higher performance values (columns
4 and 5). In the upper part of Table 18, 191 out of 301 cuneiform signs are uniquely
represented by the vectors containing 28 attributes on the first pyramid level. The results
from this model are noticeably lower compared to the top performance of 82.69% and
69.32% (rows 9 and 10). For QbE, the peak performance of 78,47% is reached using three
pyramid levels (i.e., 1,2, 3), while higher pyramid levels do not increase the mAP. This is
most likely due to the number of 267 uniquely represented cuneiform signs out of 301 sign
classes, which is reached using three pyramid levels. However, in the QbS scenario, the
model performance benefits from a more fine-grained pyramidal splitting. Although the
number of uniquely represented sign classes remains unchanged (267/301), performance
increases from 61.26% if three levels are used to 64.02% if the annotations are represented
through five pyramid levels. The difference between 64.02% and 61.26% is statistically
not significant due to the low number of QbX queries. The lower part of Table 18 shows

the results achieved if the additional annotations indicating specific wedge constellations
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Table 18: Comparison of QbE and QbX retrieval performance obtained for different pyramid levels
on the Hittite benchmark using the TPG representations. The TPP-PHOCNet is trained
with the binary cross-entropy loss and retrieval is performed by applying the PRM simi-
larity measure. The additional attributes denotes the wedge annotations z, v, h and g (cf.
Section 7.3.3). Results are shown in mAP [%]. The best performance values are marked
as bold and significantly different results are highlighted in italics.

pyramid levels uni/all red/full Hittite
QbE QbX
without additional attributes
1 191/301 28/28 64.59 45.13
1,2 248/301 82/84 76.54 57.89
1,2,3 267/301 138/168 78.47 61.26
1,2,3,4 267/301 213/280 78.70 63.74
1,2,3,4,5 267/301 288/420 78.61 64.02
with additional attributes
1 223/301 32/32 71.01 51.91
1,2 279/301 94/96 81.20 64.47
1,2,3 296/301 161/192 82.10 68.82
1,2,3,4 296/301 252/320 82.69 68.69
1,2,3,4,5 296/301 334/480 82.57 69.32

are used. Using these four additional attributes presents more cuneiform signs uniquely
compared to the upper part of the table (column 2). Consequently, level 1 in row 6 of
Table 18 performs significantly higher than level 1 in row 1 for both retrieval scenarios.
Similar to the upper part of Table 19, peak performance in the QbE scenario is achieved
using three or more pyramid levels. For QbX, the difference between 68.82% in row 8 and
69.32% in row 10 is not distinct as the difference in the upper part of Table 19 between the
same pyramid levels (rows 3 and 5). Due to the large number of queries in the QbE retrieval,
all results except in the last row are significantly lower. In contrast, the low number of
queries in the QbE retrieval does not lead to significant differences for most of the results

compared to 69.32%. What surprises is that even for a difference of 5.58 percentage points

LS
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(d) DU6 / TUG=2 (e) MIR / GUGz2

Figure 40: Five examples from the Hittite database showing pairs of visually similar cuneiform
signs from different classes.
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(69.32% — 63.74%) significance cannot be determined, although intuitively this number
appears to be significant. Furthermore, despite the additional attributes, the maximum
number of uniquely represented cuneiform signs is 296 because 5 pairs of sign classes are
represented by the same attribute vectors each. These pairs are visualized in Figure 4o0.
Although annotated as different sign classes, the wedge constellations are the same, thus,
not distinguishable by the SPG representation.

Table 19 present the results achieved on the Old Assyrian dataset utilizing the sequence-
based annotations to represent the cuneiform signs. The upper part of the table (rows 1 to
5) shows the performance values achieved without using additional information regarding
the wedge constellations, while the lower part (rows 6 to 10) depicts the results if this
information is included. Similar to Table 18, it requires at least the third pyramid level to
represent the maximum number of cuneiform signs in the Old Assyrian collection. Adding
the fourth and fifth pyramid levels does not increase the number of unique attribute vectors.
The Old Assyrian database contains 25 attributes (column 3, row 1) representing the four
wedge types and 29 attributes if additional annotations are included (column 3, row 6).
As the Old Assyrian dataset contains fewer sign classes than the Hittite database, the
first pyramid level represents 123 out of 154 signs as a unique vector. This representation
already covers 79.87% of all classes, which leads to a smaller range between the lowest and

highest mAP values shown in Table 19. Using the SPG representation with the additional

Table 19: Comparison of QbE and QbX retrieval performance obtained for different pyramid levels
on the Old Assyrian benchmark using the TPG representations. The TPP-PHOCNet
is trained with the binary cross-entropy loss and retrieval is performed by applying the
PRM similarity measure. The additional attributes denotes the wedge annotations x, v,
h and g (cf. Section 7.3.3). Results are shown in mAP [%]. The best performance values
are marked as bold and significantly different results are highlighted in italics.

pyramid levels uni/all red /full Old Assyrian
QbE QbX
without additional attributes
1 123/154 25/25 42.30 35.87
1,2 148/154 73/75 50.57 47.33
1,2,3 152/154 123/150 51.51 46.05
1,2,3,4 152/154 192/250 54.71 51.89
1,2,3,4,5 152/154 240/375 52.99 51.23
with additional attributes
1 138/154 29/29 48.74 37.23
1,2 152/154 84/87 53.18 46.24
1,2,3 154/154 144/174 51.85 47.28
1,2,3,4 154/154 227/290 51.97 50.27
1,2,3,4,5 154/154 281/435 54.87 50.92
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annotations and the pyramid levels 1,2,3,4 and 5, all 154 sign classes are represented
by individual vectors. A general observation is that the additional annotations do not
boost the performance on the Old Assyrian benchmark, comparing the rows 3 to 5 and
8 to 10 in Table 19. Contrarily, the performance for QbX in rows 4 and 5 are, although
not significantly, higher than those in rows 9 and 10. Similar to QbX, the performance
numbers for the QbE retrieval are almost identical, comparing the rows 4 to 5 and 9 to 10.
All representations representing at least 152 cuneiform sign uniquely achieve mAP values
above 51%. However, there is a considerable range between the lowest 51.31% and the

highest 54.87%, where the permutation test determines significance.

8.5.3 Comparison of Similarity Measures

The values presented in Tabels 20 and 21 show the results obtained for the SPG and
TPG representations on the Old Assyrian and Hittite benchmarks. The architecture of
the SPP-PHOCNet models used in the following experiments is described in Section 8.3.2.
The performance values are obtained following the evaluation protocol from Section 8.3.1
and the training setup from Section 8.3.3. Both tables have columns labeled SPG or TPG
denoting the representation used in the respective experiment. The SPG representation
uses all five available splits (gr, ha, ve, h3, v3) to represent the cuneiform sign classes, while
the TPG representation uses the pyramid levels 1,2,3,4 and 5, and the additional anno-
tations.

Table 20 shows the results of different similarity measures. Given the annotation type
(ex. SPG) and the benchmark (ex. Hittite), mAP values are obtained from four SPP-
PHOCNet models trained according to the four cross-validation partitions (cf. Section 8.3.1).
The numbers in Table 20 show the averaged mAP values. A similarity measure, denoted
by the column labeled similarity, is applied to the attribute estimates of the four network
models obtained from the cross-validation training on one benchmark using one of the two
attribute representations (SPG or TPG). Notably, in the QbE retrieval, the Cosine simi-
larity consistently achieves the best results for benchmarks and attribute representations.

However, for QbX, all similarity measures are outperformed by the PRM. This result pat-

Table 20: Comparison of QbE and QbX retrieval performance obtained for the Hittite and Old
Assyrian benchmarks using the grid-based and sequence-based representations. The TPP-
PHOCNet is trained with the binary cross entropy loss. Results are shown in mAP [%].
The best performance values are marked as bold and significantly different results are
highlighted in italics.

SPG TPG
similarity Hittite 0Old Assyrian Hittite Old Assyrian
QbE QbX QbE QbX QbE QbX QbE QbX

PRM 83.90 69.90 | 50.06 47.88 | 82.57 69.32 | 54.87 50.92
Cosine 85.55 68.79 | 51.88 46.57 | 83.68 65.01 | 57.90 48.72
Euclidean | 85.43 68.21 | 51.78 46.45 | 83.24 64.86 | 56.51 48.11
Cityblock | 84.68 62.73 | 51.59 44.67 | 82.26 59.40 | 56.06 45.62

122



8.5 RESULTS FOR CUNEIFORM SIGN SPOTTING

tern is similar to the numbers presented for word spotting in Table 7. Additionally, the
PRM similarity measure achieves noticeably lower results in the QbE retrieval on both
benchmarks and both attribute representations, except in column 6 (82.57%). The num-
bers in Table 20 support the claim made in Section 8.4 that the performance improves
with the PRM similarity measure when queries are provided as binary-valued vectors.
Table 21 shows the results of SPP-PHOCNet models trained using corresponding loss
functions and similarity measures. The first two columns labeled loss and similarity denote
the combination of the loss function and its respective similarity measure used. Similar to
Section 8.4.1, the mean squared error (MSE) as well as the mean absolute error (MAE)
are used to train these models. Despite the combinations, the hyperparameters defined
in Section 8.3.3 are applied for training. All experiments in Table 21 use the identical
attribute encoding as in Table 20. Similar to Table 2, the PRM achieves the highest
results in the QbX retrieval on all benchmarks and attribute representations compared to
the other similarity measures. In the case of QbE, no single dominant similarity measure
exists. While the PRM is superior in both retrieval scenarios using the TPG representation,
the Euclidean distance performs significantly better on the Old Assyrian benchmark. On
the Hittite benchmark, best results are achieved by the Cosine similarity utilizing the SPG

representation.

Table 21: Comparison of QbE and QbX retrieval performance obtained for the Hittite and Old
Assyrian benchmarks using the grid-based and sequence-based representations. The TPP-
PHOCNet is trained with corresponding loss functions and similarity measure as denoted
in column 1 and 2. Results are shown in mAP [%]. In each column, the highest mAP
values are marked as bold and significantly lower results are highlighted in italics.

SPG TPG
loss similarity Hittite Old Assyrian Hittite Old Assyrian
QbE  QbX | QBE  QbX | QbE  QbX | QbE  QbX

BCE PRM 83.90 69.90 | 48.95 46.60 | 82.57 69.32 | 54.87 50.92
Cosine Cosine 83.97 65.84 | 48.39 38.95 | 80.61 57.17 | 4741 42.27
MSE Euclidean | 83.38 66.56 | 53.44 44.80 | 81.42 61.42 | 53.37 44.80
MAE Cityblock | 76.86 40.35 | 38.00 28.07 | 74.11 38.46 | 46.75 30.91

8.5.4 Qualitative Results and Attribute Statistics

Similar to Section 8.4.2, quantitative retrieval results and the quality of attribute esti-
mates are presented in this section. Figure 41 to 48 visualize on page 125 to 128 results
for the QbE and QbX retrieval scenarios achieved on the Old Assyrian and Hittite bench-
marks using the SPG and the TPG representations. The results are obtained by the
SPP-PHOCNet models shown in Table 20, each trained with the BCE loss. The retrieval
lists are ranked according to the similarity measure of the PRM. In Figure 41 to Figure 48,

the top 10 retrieved candidates are depicted, with relevant signs marked by green boxes
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and irrelevant ones by red boxes. Queries are selected according to their average precision
values in descending order. Similar to the visual results presented for word spotting, the
average precision is influenced by the number of relevant candidates and their ranking. For
example, the average precision values obtained for the queries KAxzU and LUM in Figures
44a and 44a show a 22.29 percentage points difference. This considerable amount suggests
significantly different results. However, a visual analysis of the retrieval list reveals a dif-
ferent impression to a human user. In both retrieval lists, the top 3 and top 5 candidates
are correctly retrieved, which suggests that the list for the query LUM is of high quality.
Regarding this query, one missing candidate is responsible for the 22.29 percentage points
gap. Similar differences can be observed for other examples in Figures 41 to 48 as well.
The bar charts on page 129 and 130 show the attribute statistics for the Hittite (Fig-
ure 49) and the Old Assyrian (Figure 50) benchmarks. In analogy to Section 8.4.2, the
absolute difference |a — @| between a present attribute a and its respective estimate @ is
depicted by blue bars. The maximum normalized attribute frequency || f7(a)|maz is indi-
cated by orange bars. Both representations exhibit similar predictive performance for the
different types of wedges (Figure 49a and 49c). However, this performance decreases as the
number of wedges increases. In particular, there is a significant disparity in the predictive
performance for wedge type a, while this difference is much smaller for the other types.
Notably, in Figure 49a, poor predictions are observed for attributes a8 and 10, while
a9 is predicted more accurately. These differences can be attributed to the frequency of
occurrences and the distribution across sign classes. On the other hand, the highest wedge
counts for the other types are estimated very accurately. For instance, the wedge types c11
and c12 only occur in one category, which may have a distinct visual representation. This
unique appearance may make estimating these attributes easier for the neural network. In
Figure 49c, the predictions for a10 have improved significantly, but the estimation quality
for a5 and a6 have worsened. Furthermore, the difference for b4, b5, and b6 increased as
well. A comparison between the pyramid splits in Figure 49b and 49b shows that the
prediction quality is almost equal across the splits. Although the representations are not
directly comparable, what stands out is the frequency of attributes. In the SPG represen-
tation (Figure 49b), attributes are distributed more uniformly across the splits, while in
the TPG (Figure 49d) the number of occurring attributes decreases with increasing pyra-
mid levels. The statistical data shows a similar pattern for the Old Assyrian benchmark.
Among the different wedge types, attributes representing constellations with fewer wedges
are predicted more accurately than those with more wedges. In general, the accuracy of
prediction decreases as the number of wedges increases, as seen in both the SPG and the
TPG representation (Figure 50b and Figure 50d). However, the attributes b7, b8, ¢8 and
9 in Figure 5oa, as well as b7 and b8 in Figure roc, are exceptions and are predicted
accurately. The bar charts for the pyramid splits show that the attributes are predicted

with similar accuracy across the various splits.
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Figure 41: Visualization of QbE retrieval results on the Hittite benchmark using the SPG repre-
sentation.
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Figure 42: Visualization of QbX retrieval results on the Hittite benchmark using the SPG repre-
sentation.
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Figure 43: Visualization of QbE retrieval results on the Hittite benchmark using the TPG repre-
sentation.
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Figure 44: Visualization of QbX retrieval results on the Hittite benchmark using the TPG repre-
sentation.
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Figure 45: Visualization of QbE retrieval results on the Old Assyrian benchmark using the SPG
representation.
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Figure 46: Visualization of QbX retrieval results on the Old Assyrian benchmark using the SPG
representation.
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Figure 47: Visualization of QbE retrieval results on the Old Assyrian benchmark using the TPG

representation.
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Figure 48: Visualization of QbX retrieval results on the Old Assyrian benchmark using the TPG
representation.
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Figure 49: Bar chart shows the mean absolute error |a — @| between label a and estimate a (blue
bars) as well as the maximum normalized attribute frequency || fr(a)||maz (orange bars).
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This chapter concludes the content of this thesis. Therefore, a short summary of the
presented methodology is given in the ensuing Section g.1. In Section 9.2, findings from
the experimental evaluations and the insights derived from them are recapped. The final
Section g.3 reflects thoughts and considerations regarding possible ensuing research and

methodological enhancements.

9.1 SUMMARY

This thesis proposes a methodology for attribute-based word spotting in handwritten doc-
uments and adopts this approach to the ancient writing system named cuneiform. The
core contribution for attribute-based word spotting is the similarity measure referred to as
probabilistic retrieval model (PRM). This measure utilize the binary nature of a word em-
bedding technique named pyramidal histogram of characters (PHOC) [Alm+14b]. These
numerical representations are obtained by decomposing textual strings into their individ-
ual semantics following a pyramidal scheme. This embedding is based on the concept of
semantic attributes [LNH14]. In the context of word spotting, semantics are defined as
either individual or a sequence of two or more letters, typically referred to as uni-, bi-
or tri-grams. The resulting PHOC vectors are binary valued attribute representations, in-
dicating the presence or absence of encoded semantics (ex. letters) at a certain position
within the textual strings. The core idea of the probabilistic retrieval model is the as-
sumption that these binary valued attributes are Bernoulli distributed. Consequently, the
probabilities between individual attributes are evaluated given two PHOC representations.
The resulting similarity is assigned as the sum of all attribute probabilities.

In order to assess similarities between a query and all word image candidates from a
database, the PHOC representations have to be estimated first. Therefore, a convolutional
neural network is used to predict the individual attributes of a PHOC vector. The archi-
tecture of this network is based on the popular PHOCNet [SF16]. In order to estimate the
attributes of a PHOC representation, an optimal set of parameters is required by the neu-
ral network. These parameters are obtained by applying an iterative and gradient-based
training. A further contribution in this thesis is the derivation of a suitable loss function
for the training of a neural network. Applying the statistical framework named general-
ized linear models (GLMs), the binary cross-entropy (BCE) is derived as the appropriate
loss function that corresponds to the probabilistic retrieval model. Using the binary cross-
entropy loss to find the optimal set of parameters for a convolutional neural network and

subsequently apply the probabilistic retrieval model to assess similarities results in the
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superior benefit that the minimization of the BCE loss corresponds to the maximization
of the PRM similarity between two equal PHOC representations.

The third major contribution is the transfer of the attribute-based approach from the
domain of handwritten documents to an ancient writing system named cuneiform. In the
context of this system, Cuneiform is written by pressing a wedge stylus into moist clay
tablets. Individual signs are composed of different wedge impressions and their constella-
tions. The approach in this thesis utilizes the concept of semantic attributes to define these
impressions as individual semantics. Therefore, two alphanumeric encodings are presented.
The first encoding divides cuneiform signs following a grid-like pattern. The signs are
segmented according to a pyramidal scheme with an increasing number of grid cells. The
resulting attribute representation is called spatial pyramid Gottstein (SPG). For the sec-
ond encoding, cuneiform signs are annotated in sequential order according to their wedge
constellations. Subsequently, these encodings are converted into attribute representations
using the PHOC algorithm. As the resulting representations only consider wedge positions
in the horizontal direction, these representations are referred to as the temporal pyramid
Gottstein (TPG). Both the SPG and TPG representations enable the spotting system to

perform the novel retrieval scenario named query-by-ezpression (QbX).

9.2 FINDINGS AND INSIGHTS

A number of experiments are conducted in this thesis to evaluate the aforementioned
methodology empirically. The probabilistic retrieval model is compared to other measure-
ments such as the Cosine similarity, the Euclidean distance and the Cityblock distance.
The first comparison is conducted on the two word spotting benchmarks GW and IAM-DB.
The second comparison is realized on two cuneiform benchmarks containing collections of
Hittite and Old Assyrian scripts. The results obtained from the benchmarks of the hand-
written documents show that a word spotting system benefits from the PRM similarity
measure, especially in the QbS retrieval scenario. Particularly on the IAM-DB benchmark,
other similarity measures achieve significantly lower results in the QbS retrieval. These
results are confirmed on the cuneiform benchmarks where the PRM measure consistently
achieves higher performance for QbX retrieval using both SPG and TPG representations.

The evaluation of architecture components reveals that retrieval performance does not
necessarily benefit from network models containing more parameters or layers. Exchanging
the VGG-inspired convolutional part of the PHOCNet by the ResNet architecture does
not increase retrieval performance on the word spotting benchmarks GW and IAM-DB.
However, enlarging the depth of the PHOCNet from 13 to 16 convolutional layers increases
the performance obtained on the heterogeneous IAM-DB. The sharpest increase in per-
formance is achieved by including more subsampling steps in the convolutional part of
the networks. While the results achieved on the GW database remain constant despite
the number of poolings applied, the results on IAM-DB benefit significantly. Altering the

configuration of the pyramid pooling does not influence the performance, especially in
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combination with the MLP. In particular, the results achieved in the QbS scenario on
both word spotting benchmarks show throughout the same performance values. The only
exception is applying the pyramid pooling using only level 1, as significantly lower results
are achieved for both retrieval scenarios. Moreover, higher performance values are obtained
if the attribute representations are estimated using the MLP instead of the SLP. However,
this behavior is expected as multiple fully connected layers have a stronger representational
power than one layer.

Retrieval results obtained by the TPP-PHOCNet using two combinations of loss func-
tions and similarity measures, namely the BCE together with the probabilistic retrieval
model and the Cosine loss combined with the Cosine similarity, are compared to the per-
formance values reported in the related literature. Comparable results are achieved on the
benchmarks of the GW and TAM-DB. The mean average precision values are equal to the
ones presented by Sudholt et al. [SF18] using the same PHOCNet architectures. Only the
results reported on IAM-DB for the QbE scenario fall significantly behind compared to
the performance in [SF18]. However, considering the results achieved by the own TPP-
PHOCNet model applying four instead of two pooling steps, superior performance can be
reported on the IAM-DB compared to the results from [SF18]. Additional experiments are
conducted on the two benchmarks Botany and Konzilsprotokolle. For the smallest training
data partition on the Botany database, the best results achieved in the QbE retrieval sce-
nario are distinct lower than the highest numbers reported in [SF18]. However, for QbS,
higher performance can be reported for the combination using the binary cross-entropy
loss and the PRM similarity measure. On the larger two partitions, significantly higher
results are achieved in both retrieval scenarios. The following pattern can be observed
throughout the data partitions: QbE retrieval benefits if the Cosine similarity is applied,
whereas in the QbS scenario, higher performance is achieved using the PRM. A similar con-
clusion can be drawn from the results obtained on the Konzilsprotokolle benchmark. The
noticeable difference is that, compared to the Cosine similarity, the PRM shows slightly
higher mAP values for both retrieval scenarios, except on the smallest training partition.
However, this difference is negligibly small, and comparing the benchmarks, higher per-
formance values are achieved for Konzilsprotokolle, which suggests that the PRM benefits
from better attribute estimations.

In addition to word spotting, several experiments are conducted to evaluate the perfor-
mance on two cuneiform benchmarks containing Hittite and Old Assyrian scripts. These
experiments present the results achieved using the SPG and TPG. A general observation
for both representations is that the performance correlates with the number of uniquely
represented cuneiform signs. This ratio between unique sign representations and the to-
tal number of cuneiform signs in one dataset is influenced by two factors: the number
of splits in the pyramidal structure of the representations and the diversity in semantics.
The results show that the higher the number of pyramid splits, the higher the retrieval
performance for both scenarios. A comparison of the two representations shows compa-

rable results achieved on the Hittite benchmark using higher pyramid levels and slightly
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higher performance values on the Old Assyrian benchmark using the TPG representation.
However, comparing the lower pyramid levels (i.e., gr vs. level 1) reveals that the TPG
representation achieves superior results on both benchmarks. Moreover, the additional in-
formation regarding the wedge constellation that enriches the sequence-based annotations
improves the retrieval results on the Hittite benchmark. However, the results remain un-
changed for Old Assyrian, and the performance numbers are almost equal. These findings
can be attributed to the fact that this additional information enables the sequence-based
annotations to represent more cuneiform signs uniquely in the Hittite database. On the
other hand, the Old Assyrian dataset contains only 154 signs in total. Here, the sequence-
based annotations without additional information can already cover 152 cuneiform signs.
Including this information will represent only two more signs as a unique attribute vector,

which is not noticeable in influencing the performance.

9.3 OUTLOOK

Word spotting is an area in the document analysis community that has been researched
since the late 1990s. Accordingly, numerous publications have very different approaches for
retrieving individual word images. With the advent of convolutional neural networks, the
performance has shifted significantly upwards and approaches such as in [KDJ23] show
that the retrieval performance is already scratching at the upper limit. It is, therefore,
questionable whether it makes sense to continue striving to improve performance in the
defined benchmarks for segmentation-based word spotting. Instead, it is more promising
to go into the area of annotation-free word spotting. Various approaches [WF20; WBF2o0;
WF22a; WF22b] show that there is still much room for improvement in performance in
this area. Strictly speaking, annotation-free approaches [RWF21] correspond more to a
real-world application and sometimes represent a more significant practical benefit for
word spotting on historical documents. The probabilistic retrieval model can make an es-
sential contribution to this, especially when a model makes predictions for non-annotated
data and uses these in turn for further training, which is known as pseudo-labeling and
self-training [WF22b]. The PHOC, as an attribute-based representation, supports the pre-
diction of unseen word images during training and can be used for the task of zero-shot
retrieval. Furthermore, the PHOCNet, as presented in this thesis, can be transformed into
an approach for segmentation-free word spotting. For this purpose, it can be integrated
into a patch-based [RWF21] framework or used in combination with the region-proposal
networks [WLB2o].

The ancient writing system cuneiform is less known in the document analysis commu-
nity, and only a few works provide approaches for recognizing or retrieving cuneiform
signs (cf. Chap. 7). The main reason is the lack of annotated data, which requires a hu-
man expert to provide it. The research project CuKa made an essential step toward the
challenge of annotating cuneiform tablets. This project developed a web-based cuneiform

analysis platform where photographs of tablets can be uploaded and subsequently anno-
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tated, recognized, or retrieved. Furthermore, the grid-based Gottstein representations for
cuneiform signs were developed during this project as well. Together with the sequence-
based representations presented in this thesis, these attribute-based approaches provide
a solid foundation for several possible future works in this area. Due to limited data, an-
cient document collections pose a challenge, requiring few or zero-shot learning approaches.
The attribute-based Gottstein representations support these methods capable of handling
a small amount of training data (cf. Chap. 3). Moreover, annotation-free approaches can
be adapted to cuneiform as presented for word spotting tasks [RWF21; WF22a; WE22b].
The pseudo-labeling and self-training approaches can be directly adapted to another visual
domain. On the other hand, synthetically generated handwriting [KJ16] is not usable for
generating cuneiform signs. However, with the massive success of generative models like
the generative adversarial networks [Cre+18] or the recent diffusion models [Cro+23], net-
work models demonstrated their potential to generate images of high quality for a specified
visual domain. In this regard, two initial approaches have been proposed by the author
of this thesis using cycle-consistent generative adversarial networks [Zhu+17] in order to
transform sign images between two visual domains [Rus-+19] and impaint individual signs
into cuneiform tablets under context aware conditions [BRF21]. Besides the small data,
the attribute-based sign representations can represent hundreds or thousands of differ-
ent sign classes. This capability opens the field of approaches grouped under the name of
transfer learning (cf. Chap. 3). Knowledge can be shared across different scripts using only
one neural network model to predict the attributes of cuneiform signs. More data from
other scripts can partially offset the difficulty of small data sets for a particular script.
And last but not least, the segmentation-based cuneiform sign spotting approach in this
thesis can be enhanced to provide segmentation-free capabilities. Similar to handwritten
documents, a possible starting point could be a patch-based approach for annotation-free
cuneiform sign spotting as demonstrated in [Rot+15]. An alternative approach is to uti-
lize region-proposal networks [WLB20]. However, this method requires annotated data.
Furthermore, in contrast to typical object detection tasks in computer vision [Zou+19)],
the main challenge in the cuneiform domain is the number of signs written on a tablet.
These approaches must be adapted from predicting a few large objects to many smallish

cuneiform signs.
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