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Aprendizado com Zero Exemplos
Utilizando Layout para
Correspondéncia Visual de

Documentos

Resumo

Conformidade documental é um processo crucial em ambientes corporativos, certificando
que toda forma de documento segue os devidos padroes regulatérios. Este processo as-
segura que todo documento nesse ambiente segue uma série de verificagoes que podem
ser humanas ou automaticas. Uma dessas verificagoes ¢ a classificacdo documental. Na
maioria dos casos, a classificagdo documental segue uma féormula simples e tradicional: o
modelo é treinado com exemplos de todas as classes e, posteriormente, categoriza novos
documentos nas classes aprendidas. O desafio surge quando as estruturas desses docu-
mentos sao atualizadas. Nesse cendrio, o classificador tradicional precisa ser retreinado,
pois o novo padrao nao esta mapeado no modelo original. Uma solu¢ao promissora para
esse problema é o paradigma de Aprendizado com Zero Instancias (do inglés, Zero-Shot
Learning — ZSL). Nele, o modelo é capaz de classificar tipos de documentos nunca vis-
tos anteriormente, tornando-o mais resiliente a mudangas temporais. Dessa forma, este
trabalho aborda a classificacao de imagens de documentos utilizando ZSL e introduz a
abordagem de Correspondéncia Visual de Documentos, que reformula a tarefa de clas-
sificacdo como um problema de pareamento. Para viabilizar esse modelo, este trabalho
também introduz a base de dados Layout-Aware Complex Document Information Proces-
sing (LA-CDIP), especializada em classificagdo documental ZSL. Essa base oferece uma
ampla diversidade de estruturas, permitindo que os modelos atinjam maior generalizacao.
O dataset conta com 17.295 documentos distribuidos em 665 classes, onde cada classe

apresenta uma estrutura distinta. Sua construgao contou com o auxilio de modelos in-
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termediarios treinados no préprio conjunto, acelerando o processo de rotulagdo humana.
Para demonstrar a eficacia do que é proposto, este trabalho prové uma avaliagao de desem-
penho extensiva, considerando diversas arquiteturas de redes neurais e hiperparametros.
Em cendrios ZSL, o método proposto atingiu uma Taxa de Erro Igual (EER) inferior a 5%
em testes de verificagdo com validagao cruzada, provando-se uma solucao eficiente para a

classificacao documental dinamica.

Palavras-chave: Classificagao de imagens de documentos, Aprendizado com Zero Ins-

tancias, Correspondéncia Visual, Conformidade Documental
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Abstract

Document compliance is a crucial process in company environments, certifying that every
form of document follows regulatory standards. This process ensures that every document
within this scenario follows a series of human and automatic verifications, and one of these
steps is document classification. In most cases, document classification follows a simple
and traditional classification: a model is trained with examples of every class and later
categorizes documents into these classes. The challenge arises when these documents up-
date their structure. In this case, the traditional classification model must be retrained,
as the new document type is not mapped in the current model. Therefore, a possible solu-
tion to this problem is to train the model under the Zero-Shot Learning (ZSL) paradigm.
This means that the model will be able to classify completely unseen documents, making
it more resilient to changes. Therefore, this work tackles the Document Image Classifi-
cation (DIC) problem in a ZSL paradigm, introducing the Visual Document Matching
(VDM) approach, which frames the classification task as a matching problem. To achieve
such a model, this work also presents the Layout-Aware Complex Document Information
Processing (LA-CDIP) dataset, a dataset specialized in ZSL-DIC, providing ample docu-
ment layout diversity to allow great generalization in models trained from scratch. This
dataset has 17,295 documents, with 665 different classes, where every class is a different
layout arrangement. This dataset is constructed with a learning-based framework, where
a Deep Learning (DL) model is trained with an intermediary dataset, and in return, uses
its acquired knowledge to accelerate the human-labeling process. To further stimulate
research with this framework, this work also provides an extensive benchmark, taking
into consideration multiple DL backbones and hyperparameters. In zero-shot scenarios,
the proposed method with the new dataset achieves an Equal Error Rate (EER) below
5% in 1-vs-1 verification with cross-validation, proving to be an efficient solution to the
ZSL-DIC problem.

Keywords: Document image classification, Zero-shot learning, Visual document match-

ing, Document compliance
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Chapter 1

Introduction

1.1 Contextualization

Documents are at the core of corporate society, and they often hold immeasurable value,
representing contracts, employment relationships, loans, and identities. Recently, as tech-
nology becomes more accessible, documents have become increasingly more digital, some
never being printed on paper. These documents often have all important information
already separated in the file’s metadata and require no extra intelligence to classify or
extract the information. However, many organizations still receive documents in physi-
cal form, for example, when dealing directly with individual customers, which makes full
digitization impractical in many cases.

In such a scenario, organizations require a document understanding pipeline to val-
idate document types and extract data for business decision-making (see Figure 1.1).
Historically, this process relied on manual human labor. Following the adoption of Opti-
cal Character Recognition (OCR) engines [1, 2], tasks shifted from manual data entry to
back-office analysis, where human operators verified compliance and classified documents.
However, given the scale of modern data, manual processing has become computation-
ally and economically inefficient. Today, with the current technologies, especially with
the advancement of Neural Networks (NNs) and the cheapening of computing systems,
automated pipelines have replaced many manual workflows in many companies. Given

this context, this work addresses the challenge of automatic document classification.

1.2 Problem Description

Document Classification is defined by the categorization of documents into predefined
classes [3]. Document Image Classification (DIC) is a specialized subset of this task

where textual data is not natively available, as inputs often consist of photos or scans of



Text Extraction ——— Notify error
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Actor

Fraud Analysis ————

Figure 1.1: Simplified view of a document compliance pipeline. In this diagram, text
extraction, document classification and fraud analysis are being used together to decide
upon the acceptance of the received document.

physical documents. Consequently, textual analysis in DIC requires an initial extraction
step using OCR algorithms. While Artificial Intelligence (AI) and Deep Learning (DL)
can automate classification using image-only architectures, which reduces computational
overhead by bypassing OCR, visual features alone may be insufficient for certain tasks. In
such cases, models may utilize textual features or employ multimodal fusion techniques.
This problem is already known and well studied. For instance, Bakkali et al. [4] achieved
97.70% accuracy on the Ryerson Vision Lab Complex Document Information Processing
(RVL-CDIP) [5], a popular DIC dataset.

The problem arises when previously accepted documents change in form or when en-
tirely new document classes, not previously considered, must be handled and categorized.
In such cases, models are typically retrained, as traditional classification networks may
struggle to generalize to new document layouts or entirely new classes. Traditional DL
classification methods require a predefined set of labels and cannot output a label outside
the original training set. Therefore, introducing new labels to the model means retraining
the model, changing the output layer into a wider one with more options. Very often, this
also means weeks or months of data engineering, labeling, and model training. The alter-
native is to use Zero-Shot Learning (ZSL) techniques, which allow models to generalize
to classes that were not seen during training [6].

This work focuses on the ZSL on DIC, where the model must correctly classify a
document image class that was not in the training set and therefore previously unseen
by the model. ZSL techniques enable models to be considerably more flexible, as they
are not limited by the classes used in training. Most ZSL systems work by semantically

mapping embeddings into a feature space, where embeddings from the same class are all



clustered together, and different classes are placed far apart. This is called metric learning,
where the model is optimized to map the training samples in regards to a given metric
(e.g., Euclidean distance). Developing a robust ZSL system requires identifying a set of
features that serve as discriminative representations, ensuring that document proximity
in the feature space correlates strictly with class membership. Using a DL approach,
this could also demand a dataset with a wide variety of classes, enough so that the model
learns what makes two documents similar or different. These conditions allow ZSL models
to group together documents, even if they were entirely novel document types.

However, not all classification datasets are suitable for effective ZSL applications.
The scarcity of specialized datasets remains a primary obstacle in document-image ZSL,
leading to a lack of standardized methodologies. As a consequence, another main chal-
lenge is the lack of a state-of-the-art methodology. Due to the challenge in achieving
ZSL classification with the currently available datasets, researchers often employ diverse
approaches that yield incomparable results [7], contrasting with the established frame-
works and baselines found in traditional classification and information extraction. Recent
approaches have used pretrained Large Language Models (LLMs) [8] to achieve ZSL by
exploiting the models’ previous knowledge. However, since it often requires a fine-tuning

step, the potential cost-efficiency of this strategy may be reduced.

1.3 Research Objectives

The primary goal of this research is to develop a complete ZSL framework for DIC, that is,
a classification model that does not require retraining every time a new class of document

is introduced. To achieve this, this work pursues the following specific goals:

1. Design and curate a specialized dataset for zero-shot document image classification,

ensuring proper class separation between training and testing sets;

2. Develop a framework using metric learning techniques to enable document classifi-

cation based on visual similarity;

3. Evaluate and compare different NN backbones within the proposed framework to

establish performance benchmarks;

1.3.1 Research Hypothesis
This work is grounded on the following hypothesis:

Document images that share similar visual layouts contain discriminative features
that can be learned through metric learning, enabling accurate classification of pre-



viously unseen document classes by measuring visual similarity, without requiring
class-specific training.

This hypothesis is supported by the premise that document layouts within the same class
exhibit consistent visual patterns (placement of text blocks, logos, signatures, etc.) that
distinguish them from other classes, and that these patterns can be captured through

vision models trained with a metric learning framework.

1.4 Research Contributions

The proposed framework measures the similarity between documents to determine if they
belong to the same category, regardless of whether that class was present during train-
ing. Specifically, our Visual Document Matching (VDM) method formulates zero-shot
classification as a binary matching problem, wherein the system determines if pairs of
documents have visual correspondence (i.e., if they match visually or not).

This work makes several key contributions:

1. Introduces a novel document image dataset specifically designed for the task of
document ZSL classification, enabling the development and evaluation of models in

this domain.

2. Proposes the VDM approach, which is based on image similarity and leverages
ZSL techniques to enable generalization across unseen document layouts without

requiring additional intervention on the model itself.

3. Delivers a systematic evaluation of well-established backbones in the context of zero-

shot document layout matching, offering valuable benchmarks for future research.

This research resulted in two publications. The first, titled Towards Zero-Shot Doc-
ument Image Classification [9], was published at SIBGRAPI in Salvador, Brazil, and
introduces the VDM solution and the method to use it with the novel LA-CDIP dataset.
The second publication, titled Visual Document Matching for Zero-Shot Document Clas-
sification [10], was published at ICDAR in Wuhan, China, and extends the first work
by comparing the results with the performance of Large Language Models. At the same
time, the solution is currently implemented in one of the biggest banks in Brazil, having
categorized in real time millions of documents into their respective classes, as soon as

they are sent by the users.



1.5 About this work

This work is structured as follows: Chapter 2 establishes the theoretical foundation, while
Chapter 3 reviews the state of the art in ZSL and visually-rich document understanding,
highlighting existing methods and their limitations. Chapter 4 introduces the proposed
VDM framework, detailing its architecture and components. Chapter 5 presents the
data-labeling process and the experimental setup. Chapter 6 describes the experimental
setup, datasets, evaluation metrics, and baseline comparisons, followed by a comprehen-
sive analysis of the results. Finally, Chapter 7 concludes the work by summarizing the
key contributions, discussing potential applications, and outlining directions for future

research.



Chapter 2
Theoretical Foundation

This chapter is intended to introduce the core concepts, challenges, and progress related
to the problem discussed in this work. Section 2.1 presents a brief summary of the
traditional classification, a widely-used Machine Learning (ML) task of assigning an input
(like an image, text, or data point) to one of a predefined set of categories or classes.
Section 2.2 revisits the ZSL concept, an ML paradigm designed to overcome the limitations
of traditional classification to allow a model to classify instances belonging to categories
that have never been encountered during training. In Section 2.3, metric learning, a
core enabling technique within the framework of ZSL, is presented. Next, the clustering
techniques used to create the proposed Layout-Aware Complex Document Information
Processing (LA-CDIP) dataset are discussed in Section 2.4. Finally, Section 2.5 reviews
the main computer vision models that were used as basis to produce the embedding

representations in our proposed ZSL-based VDM approach.

2.1 Traditional Classification

Traditional classification is the foundational ML paradigm where a model learns to map
inputs, such as images or text, to one of a fixed, predetermined set of categories. A
traditional classification model learns a direct mapping (a decision boundary) from the
input features (X) into the predefined class labels (Y), i.e., Modelf : X — Yj..,. This
model can only classify data into the classes it was explicitly trained on (seen classes). To
create this mapping, a fundamental requirement is that the model must be trained on a
large amount of labeled data to teach the model a direct mapping or a decision boundary
between the input’s features and the designated class labels. Consequently, the model
is therefore limited by the class labels viewed in the training step. In other words, if a
new class is introduced after the training stage, the model cannot identify it and must

be completely or partially retrained using new labeled examples of that unseen class.
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Figure 2.1: Comparison between traditional machine learning and deep learning ap-
proaches for classification. Top: Traditional ML requires manual feature extraction before
classification. Bottom: Deep learning performs automatic end-to-end feature extraction
and classification.

For example, if a business introduces a new product category, the existing traditional
classification model is completely blind to it and requires a full or partial retraining
phase with new labeled examples to update its knowledge base. In consequence, in this
paradigm, the train-test data split must both represent the whole scenario, in other words,
all the classes must appear in both the train and test split.

There are many known methods to achieve traditional classification in the ML paradigm,
and each comes with their own strengths and weaknesses. If the data is tabular, for exam-
ple, traditional machine learning techniques such as random forest [11] or xgboost [12] are
usually a good fit, as they make good use of pre-extracted features to learn the decision
boundary. If the data is unstructured, such as raw images and natural language text,
then these techniques usually fall short, as the features are not pre-extracted. In these
cases, DL comes as usual State-of-the-Art (SOTA) solutions [13]. They are capable of
extracting meaningful features from raw, unstructured data, and subsequently using them
to make the final classification. Figure 2.1 shows this difference, where the feature ex-
traction is framed as a pre-processing step performed by a human (or could, alternatively,
be performed algorithmically) in the traditional ML model, while the whole process is
automatically done, end-to-end, by a DL model.

A very popular framework for traditional classification using DL is using a cross-

entropy training framework. The cross-entropy loss computes the difference between two



probability distributions, and in this case they are the predicted classification distribution
and the ground-truth distribution (which is 100% for the correct labels, and 0% otherwise).

For a single instance, the cross-entropy equation is as follows:

M
C(Ewloss = - Z Ye 10g(Pc>7 (21)
c=1

where p. denotes the predicted probability of the input element belonging to class ¢,
Y. is a label that is 1 if the element belongs to ¢ and 0 otherwise, and M is the number of
classes. When a model is trained using a class-disjoint split, meaning that no class appears
in both training and test sets, a cross-entropy classifier is unable to learn anything about
the unseen classes. Since these classes are not represented in the training data, it is not
possible to compute a meaningful cross-entropy loss for them. Therefore, to tackle ZSL,

another approach is needed.

2.2 Zero Shot Learning

Formally, let X = {z1,2,...,2,} denote the set of document images, where each z; €
RIXWXC represents an image with height H, width W, and C color channels. Let
Y = yseenyyunseen he the complete set of document classes, where Y% = {y1, 4o, ..., yx }
represents the set of classes available during training and V"™ = {y;.1, k12, - - -, Ytm
represents the unseen classes encountered during testing, with )seen 0 yunseen — () In
the traditional supervised learning setting, a model f : X — )*°" is trained on a la-
beled dataset D™ = {(z;,y;)}X,, where y; € V**°». However, this approach fails when
encountering samples from Y""%** during inference.

The ZSL classification problem aims to learn a function g : X — ) that can correctly
classify documents from both seen and unseen classes. In the context of metric learning,
this is achieved by learning an embedding function ¢ : X — R? that maps document

images into a d-dimensional feature space Z, such that:

d(p(xi), ¢(x;)) <7 if yi =y,

(2.2)
d(¢(z;), ¢(xj)) > 7 otherwise

where d : Z x Z — R* is a distance metric (e.g., Euclidean distance) and 7 is a decision
threshold. The embedding function ¢ is optimized during training using only samples from

yeeer - but must generalize to samples from Y""*". The success of ZSL depends on the



model’s ability to learn discriminative visual features from )**" that transfer effectively
to Yuseen - capturing the structural properties that characterize document classes.

Unlike traditional classification, which requires the same classes on both the train and
the test split, ZSL requires the train and test data split to be class-disjoint [6]. In ZSL,
the model is trained also on data from seen classes Yien, however, it is trained in such
way that it recognizes unseen classes. In other words, the idea is, instead of learning
Model f : X — Yieen, it learns Model g : X — Yiuseen- An extension of ZSL is the
Generalized Zero-Shot Learning (GZSL) [6]. While both ZSL and GZSL aim to classify
instances into categories without direct training, they differ in the scenario assumed during
testing. In ZSL, the testing scenario is restricted to only unseen classes (Yynseen). The
model is trained on a set of seen classes (Yseen) and it only sees test data belonging to the
classes it has never seen before. On the other hand, GZSL considers the entire combined
class space (Yeen U Yanseen) in the test scenario. The model must not only classify unseen
instances but also be able to accurately identify and classify the instances belonging
to the original seen classes it was trained on. This is intended to simulate a realistic
implementation, where a trained model will receive unseen classes as input for inference,
but also classes seen during training, as seen in Figure 2.2. The major challenge in ZSL
is the unbalanced performance as models often bias classification towards the seen classes
because the unseen class domain is often very different from the seen class domain, making
it difficult to maintain high accuracy on the familiar seen classes while simultaneously
generalizing to the unseen ones.

There are many paths to achieve ZSL in the context of DL. Recently, many tasks are
being solved following a ZSL paradigm with LLMs. Using their pre-trained knowledge and
general reasoning capabilities, they can perform unseen tasks with only natural language
instructions [14]. Another possible ZSL solution is an attribute based approach, where
the model learns a relation between attributes and objects [15]. A classic example of
this approach is animal image classification. Instead of learning exclusively based on the
images, the model learns the relations between the images and the attributes of each
animal, for example: zebras have stripes and foxes are orange. This way, the model
can classify an image of an unseen animal without retraining, only receiving a manually
defined set of attributes that describe that species: tiger is orange and has stripes. Each
of these approaches has a meaningful drawback: the LLM approach uses large, generalist
models, and lack in cost-efficiency, while the attribute-based approach requires manual

definition of the description.
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Figure 2.2: Zero-Shot Learning (top) and Generalized Zero-Shot Learning (bottom) sce-
narios. ZSL has no class intersection on train and test, while GZSL has a partial inter-
section.

2.3 Metric Learning

One possible solution to produce a ZSL classification model is to employ a metric-learning
framework. As in ZSL the challenge is to classify data into unseen categories, metric
learning provides the mechanism to solve it by learning a similarity-based embedding
space that can be effectively transferred from seen to unseen classes. Specifically, the
metric learning model f(-) is trained such that, over an input element, it yields a feature
vector v, instead of a traditional classification [16]. The model f(-) is optimized under
a given metric d(-,-), such that two feature vectors that share the same class vy, v| are
closer together than two feature vectors from different classes vy, vo. In other words, the
model is optimized so that d(vi,v}) < d(vy,ve) and d(vy,v]) < d(v},vqe). Therefore, to
summarize, metric learning is the method used to learn the distance function that defines
similarity in the cross-modal space, as shown on Figure 2.3, which is critical for knowledge
transfer in ZSL.

The metric learning model A(-) is trained such that, over an input element, it yields a

10
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Image of a car Neural Network Feature Space Classification

Figure 2.3: Representation of the metric learning paradigm in DL models. The model is
capable of classifying a car by finding the nearest neighbor in the feature space.

feature vector v, instead of a traditional classification [16]. The model A(:) is optimized
under a given metric d(+, ), such that two feature vectors that share the same class vy, v}
are closer together than two feature vectors from different classes v, vo. In other words,
the model is optimized so that d(vq,v]) < d(v1,vs) and d(vy,v]) < d(v}, v2). Therefore, to
summarize, metric learning is the method used to learn the distance function that defines
similarity in the embedding space, which is critical for knowledge transfer in ZSL.

In the case of images, the key of ZSL is to associate the visual features of an image
into its semantic representation (like a vector of attributes) of its class. This is where
metric learning comes in. The idea is typically to map both the visual data and the
semantic data into a common shared embedding space. Metric learning is then used to
train the projection function for this space. Its objective is to ensure that the distance
between a visual feature and its corresponding correct semantic feature is minimized
while the distance to incorrect semantic features is maximized. At test time, when an
image from an unseen class is used as input, the model maps its visual features into the
shared embedding space and then classifies the image by calculating the distance to all
the semantic class representations. The unseen class whose semantic representation is
closest in the learned metric space is chosen as the predicted label.

A DL model following a metric learning framework can be constructed as a Siamese
network [17]. They are named Siamese because they can be seen as bipartite architec-
tures with two parallel paths that converge in the end, such as depicted in Figure 2.4,
even though both sides share the same weights. To construct a visual Siamese network,
an image model ¢(-) is required to transform an input image I into a feature represen-
tation in an arbitrary n-dimensional space, ¢(I). The ¢(-) image model is referred to
as the backbone of the siamese network, which is an arbitrary neural architecture (e.g.,
ResNet [18]).

Once feature vectors are extracted from images, they enable two main inference strate-
gies: verification and identification. Verification addresses the binary problem of deter-

mining whether two images belong to the same class. This is accomplished by computing
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Figure 2.4: Simplified architecture of a siamese network.

the distance between their feature vectors and comparing them against each other with
a predefined threshold, where pairs with distance below the threshold are classified as
positive matches (same class), while those above it are classified as negative matches
(different classes). Identification, on the other hand, solves the multi-class problem of
determining which class a query image belongs to. This is typically achieved through a
nearest neighbor search in the feature space, where the query is assigned to the label of its
closest neighbor. In this way, verification serves as a binary classifier, while identification
functions as a multi-class classifier.

There are many loss functions that support metric learning [19, 20], and they all follow
the same strategy: cluster together elements that share a label and split apart elements
that do not. When training a siamese network, the training step should consider at least
two distinct elements, and the loss function scores the step over the distance between the
elements. For example, the contrastive loss [19] considers only two elements per training
step, and they can either share the same class or belong to different classes. In this work,

the contrastive loss function is used in the experiments.

2.3.1 Contrastive Loss

The contrastive loss function L=L(m,y,x1,2z3) is an objective function used for metric
learning. The conceptual idea behind it is to minimize a given metric distance d(-, -)
between representations of data instances assumed similar (referred to as positive pairs)
while maximizing the distance between representations of instances considered dissimilar

(negative pairs), within a learned embedding space.
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More formally, for a pair of input embeddings, x; and x5, the contrastive loss function
is constructed to enforce a specific geometry on the embedding space. It is defined as
follows:

L=y d(x,r5)*+ (1 —y) max(0,m — d(x1,29))?, (2.3)

where d is the metric function, (x1,z3) is an input pair, and m > 0 is a hyperparameter
defining a distance margin representing the boundary to discriminate what is different
and what is similar, as illustrated in Figure 2.5. Lastly, y is a label with value 1, if
both elements share the same class, or 0 otherwise. In other words, this function can be

alternatively expressed as

d(x1, T2)?, if y =1
r_ (21, 72) 1y (2.4)

max (0, m — d(z1,72))?, otherwise.

If the pair (z1, z2) consists of similar (often denoted by a label y; » = 0), the loss penalizes
the model when the distance d(zy,x2) between their embeddings is large, encouraging
the model to pull them closer. On the other hand, if the pair (z1,x2) is a negative pair
(i.e., they are dissimilar, y;; = 1), the loss is designed to penalize the model only if the
distance d(xy, z3) is less than a predefined margin, m, pushing dissimilar samples farther

apart until they cross this threshold.

Figure 2.5: Figure demonstrating the effect of the margin hyperparameter m on the con-
trastive loss function. The model optimizes the feature representations so every element
within radius m around certain reference shares the same class, while the elements outside
this area have different classes.
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In this work, we use two different metric functions d: the FEuclidean distance and the
Cosine distance. The Euclidean distance is defined as the distance between two points
P = (211,212, -+ ,21,) and @ = (%91, %99, -+ ,Z9,) in an n-dimensional space, defined

mathematically as

n

d(P7 Q) = \/(xll - {L‘21)2 + (ffln - wzn)Q == JZ(I’N — J?Qi)Q. (25)

=1

The Cosine distance measures the dissimilarity between two vectors by evaluating
the cosine of the angle between them. For two points P = (x11, %12, - ,T1,) and @ =

(21, T22, -+, T9,) in an n-dimensional space, the cosine distance is defined as:

n
Z¢:1 T14 - T

2 2
\/Z?:l Ty - \/2?21 Ta;

d(P,Q)=1-— (2.6)

2.4 Clustering

Clustering techniques are used extensively in this research, as part of the labeling process.
Clustering is an unsupervised learning technique that groups data points into distinct
clusters based on their similarity, without requiring labeled data [21]. The fundamental
objective is to maximize intra-cluster similarity while minimizing inter-cluster similarity,
aggregating the data into meaningful groups. In the context of metric learning, clus-
tering becomes particularly powerful as feature vectors learned through metric learning
frameworks are specifically optimized to be close together when they belong to the same
class and far apart otherwise. This natural alignment between metric learning objectives
and clustering goals makes clustering an effective approach for tasks such as class discov-
ery, data exploration, and ZSL scenarios where traditional supervised methods cannot be
applied.

K-means [22, 23] is a very popular clustering algorithm. This algorithm begins with &
initial seeds, which we call centroids. Then, it follows a two-step iterative process: first,
each element is associated with the closest centroid. Next, the centroids are recalculated
as the average of the associated elements. This dissertation follows a clustering framework
to discover new classes and increase the dataset (see Section 5.1), and k-means can be
used in this scenario when the number of possible classes in the clustering process is
previously known. However, since part of the goal is to discover new, unseen classes, it is
not possible to set a k value.

Therefore, a more suitable clustering algorithm is a hierarchical clustering algorithm [24].
Hierarchical clustering builds a hierarchy of clusters through a tree-like structure called a

dendrogram, which represents the nested grouping of data points and the similarities at
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which various clusters are merged or split. There are two main approaches to hierarchi-
cal clustering: divisive (top-down) and agglomerative (bottom-up). The agglomerative
approach is more commonly used and begins by treating each data point as its own indi-
vidual cluster. At each iteration, the two closest clusters are merged together based on a
chosen linkage criterion.

The chosen linkage criterion significantly impacts the resulting cluster structure. One
of the possible strategies is Ward’s method [24], which is particularly effective for creating
compact, spherical clusters. Ward’s linkage minimizes the intra-cluster variance when
merging clusters, choosing at each step the pair of clusters on which fusion results in
the minimum increase in total intra-cluster variance. Formally, the distance between two
clusters C; and C; using Ward’s method is defined as:

Cil-1C;
a(c,, ;) = 191 ]||Hm—uj||27 (2.7)

Gl +16;

where |C;| and |C;| are the number of elements in clusters C; and Cj;, respectively,
and p; and p; are their respective centroids. This algorithm supports some stopping
conditions, for example, stopping the iterations when a specified number of classes is
achieved. A suitable criterion for this work is to stop merging clusters when their distance
is greater than m, where m is the margin hyperparameter used in the contrastive loss of
the metric learning model, as this model will be optimized to treat m as a frontier to

what is similar and what is different.

2.5 Vision Models

This section presents the neural architectures used as backbones in this work. All models
discussed here are evaluated with the metric learning framework, and their comparative

performance analyzed in Chapter 6.

2.5.1 Convolutional Neural Networks

A vision-based DL model is a NN that accepts images as inputs. Vision models can handle
a wide variety of tasks, including image classification [13], image segmentation [25], and
object detection [26]. Traditionally, these models are based on Convolutional Neural
Networks (CNNs) [27], which are neural structures specialized in extracting rich local
representations of given data. In vision models, this often reflects on a two-dimensional

kernel applied over the input image:
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where [ is the input image, K is the convolutional kernel of size M x N, and (i, j)
represents the position in the output feature map.

AlexNet [28], the first NNs to win the ImageNet competition [13], used CNNs as
feature extractors to correctly classify images in a traditional classification methodology.
AlexNet achieved a 15.3% top-5 error rate in the ImageNet competition, while the second
place in that year achieved a 26.2% top-5 error rate, showing the potential of CNN-based
models against other classifiers. AlexNet’s success rapidly transformed the ImageNet
competition, and CNNs became increasingly common. Following this trend, VGG [29] is
another CNN-based work that focused its efforts on the ImageNet competition. While
AlexNet used only 8 neural layers in total, VGG experimented with increasing the depth of
the architecture and its effects on performance. The second biggest model, VGG-16, uses
16 neural layers, and surpassed AlexNet performance with a 8.43% error rate, showing
that increasing the depth of a CNN yields better results.

But still, training deep NNs is not as simple as just stacking more layers, as the prob-
lem of exploding and vanishing gradient becomes a real impediment [30, 31]. And yet,
ResNet [18] is built with even more layers than the previous works. The great break-
through of this work are the skip-connections, represented in Figure 2.6. Mathematically,
instead of learning a desired underlying mapping H(z), the network learns a residual
function F(x) = H(x) — x, and the final output becomes H(x) = F(x) + x. This makes
the model easier to optimize, and allows for very deep CNN models to keep learning,
even with very deep architectures [18]. The shallowest proposed ResNet with 18 neural
layers, ResNet-18, is almost as deep as the deepest VGG, VGG-19. The deepest variant,
ResNet-152, achieved a 3.57% top-5 error rate on the ImageNet competition.

As CNNs became increasingly more complex, a new wave of works arose aiming to
simplify the current landscape. MobileNet [32, 33, 34] is a series of works that progres-
sively achieves better image classification performance while aiming at an economical
architecture capable of being executed on mobile devices. MobileNetV3 [34] is the third
iteration of this work, and the largest proposed model achieved a 7.8% top-5 error rate in
the ImageNet benchmark, with 5.4 million parameters. In the same year, EfficientNet [35]
was also published, following the same cost-economic motivation but following a different
path. Instead of focusing on devices with low processing power, EfficientNet changes the
scaling logic for CNNs. Instead of focusing exclusively on depth, this work proposes to also
increase the width (number of filters on each convolution) and the resolution of the input

image. This allows the smallest proposed model, EfficientNet-B0, to achieve a 6.7% top-5
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Figure 2.6: Simplified diagram of a ResNet skip-connection.

error rate with 5.3 million parameters, and the biggest proposed model, EfficientNet-B7,

to achieve a 3% top-5 error rate, with 66 million parameters.

2.5.2 Transformers

Transformers [36] is a NN architecture that completely revolutionized the field. The
core innovation of transformers is the self-attention mechanism, which allows the model
to weigh the importance of different parts of the input when processing each element,
enabling the capture of long-range dependencies without the sequential processing con-
straints of recurrent networks, effectively replacing them. This architecture stands at the
top of a wide variety of benchmarks, as the trained models can perform completely new
tasks, effectively being able to zero-shot with only natural-language instructions [37].
This revolution, for a while, stayed concentrated in Natural Language Processing
(NLP) research, while vision research remained with ResNet-like architectures as state
of the art [38]. Then, there was ViT [38]. This work takes the Transformers from NLP
research and makes an effort to use it in an image context, making the least amount of
adaptation possible. To achieve this, Vision Transformer (ViT) applies this architecture
by dividing an input image into fixed-size patches, linearly embedding each patch, and

processing the sequence of embedded patches through transformer encoder layers. This

17



approach treats image patches analogously to tokens in NLP, allowing the model to learn
global relationships between different regions of an image. Despite requiring large amounts
of training data to achieve competitive performance, ViT-based models have achieved
state-of-the-art results on various vision benchmarks, usually by pre-training the model
on a large dataset and then fine-tuning to solve a specific problem.

Table 2.1 provides an aggregation of the discussed vision models and their performance
on the ImageNet classification task [13]. The performance metrics are taken from their
own work. AlexNet [28] and VGG [29] do not report top-1 error rate, while ViT does not
report top-5 error rate. Note that the models presented in this table are all used in this

research, along with a few other variants.

Table 2.1: Comparison of popular neural network architectures in computer vision.

Model Year Parameters (M) ImageNet Performance
AlexNet 2012 60 Top-5 err. 15.3%

VGG-16 2014 138 Top-5 err. 7.3%
ResNet-152 2015 25.6 Top-1 err. 19.38%, Top-5 err. 4.59%
MobileNetV3-Large 2019 5.4 Top-1 err. 24.8%, Top-5 err. 7.8%
EfficientNet-B0 2019 5.3 Top-1 err. 22.9%, Top-5 err. 6.7%
EfficientNet-B7 2019 66 Top-1 err. 15.7%, Top-5 err. 3.0%
ViT-B/16 2020 86 Top-1 err. 11.63%
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Chapter 3

Related Work

This chapter analyzes the literature about automatic document processing, focusing on
the available datasets and document classification methods. The relevance and direction
of this work are justified by the limitations of each dataset and classification framework.

This chapter also helps to provide the boundaries for the problem.

3.1 Document Understanding

Document Understanding is a broad field that acts as an umbrella to a wide variety
of document-related tasks, and its goal is to transfer physical information, presented in
paper, to a digital version that can be stored in databases and used in computer pro-
cesses [39]. The increasing digitization of documents has led to significant advancements
in document analysis techniques, particularly through DL and transformer-based architec-
tures [40]. Among the key challenges in this domain is handling the inherent complexity
of scanned documents, which often exhibit noise, structural variability, and diverse for-
matting styles.

Several fundamental tasks define the scope of document understanding. Document
Layout Analysis involves detecting and categorizing different structural components of a
document, such as text blocks, tables, images, and forms, to facilitate higher-level infor-
mation extraction [41]. Information extraction focuses on retrieving relevant information,
such as named entities and key-value pairs, from structured and unstructured document
sources [40]. This work focuses on DIC, which focuses on correctly classifying a docu-
ment image into a class. It is important to point out that document image tasks do not
provide the document class as input for the experiments, and if the text is required for
the proposed solution, it needs to be extracted from the image, for example, using OCR

solutions.
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3.2 Document Understanding Databases

This chapter reviews existing datasets commonly used for document classification and
discusses their limitations in supporting zero-shot scenarios. By analyzing these datasets,
the need for a new benchmark that explicitly enforces zero-shot constraints is highlighted.
Since the document understanding field is so broad, there are many document-image
datasets available. This chapter goes through many of them and points out the limitations
they show when seen through the ZSL-DIC optic.

PubLayNet [41] and DocLayNet [42] are large-scale datasets specifically designed for
document layout analysis tasks. PubLayNet contains over 360,000 document images, with
labels for five layout categories: text, title, list, table, and figure. DocLayNet extends this
scope by providing 80,863 manually annotated pages from more diverse document sources,
categorized into 11 layout classes, instead of 5. While these datasets have significantly ad-
vanced document layout analysis research and serve as foundational resources for training
models to detect and segment structural components, they are not designed for document
classification tasks. Their labels include pixel-by-pixel class annotations, making them
unsuitable for directly training or evaluating DIC approaches.

More recently, the DocVQA dataset [43] was introduced, leveraging a subset of doc-
uments from the same collection. It comprises over 12,000 document images paired with
50,000 question-answer pairs, designed to evaluate models’ abilities in visual question
answering on document images. DocVQA has since become a standard benchmark for
assessing the performance of LLMs in document understanding tasks, particularly in
multimodal reasoning scenarios. The FUNSD dataset [44], introduced in 2019, has been
widely used for OCR-based semantic relation extraction from scanned forms. Similarly,
SROIE [45], CORD [46] and XFUND [47] target key-value pair extraction in receipts and
invoices, focusing on structured entity retrieval, such as store names, monetary values,
and transaction dates. All three of these datasets focus on, in one way or another, ex-
tracting specific information from documents. Again, these labels cannot be directly used
to train a classification model, as they do not provide a class-based separation, nor a
class-disjoint split we expect in a ZSL dataset. Figure 3.1 shows examples of document
layout analysis and information extraction datasets.

At the end of the day, the most suitable datasets for the ZSL-DIC task are the tra-
ditional classification datasets. The biggest source of documents for these datasets is the
IIT-CDIP dataset [48], introduced in 2006, which is a large-scale repository used for doc-
ument classification and information retrieval. It originated from the Tobacco Documents
Library, from the University of San Francisco Industry Documents Library collection, and
contains millions of scanned documents. The most popular classification dataset derived

from the IIT-CDIP is the RVL-CDIP dataset [5], introduced in 2015. This dataset is a
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Figure 3.1: Examples of document understanding datasets. The left image illustrates
a document layout analysis dataset, where the goal is to visually segment the layout
information. The right illustrates an information extraction dataset, where the goal is to
find specific information about the document, i.e., the author name.

labeled subset of the II'T-CDIP dataset and organizes 400,000 document images into 16
predefined categories such as letters, forms, and emails. This classification is driven by
the document’s purpose and uses, which hinders the performance of a ZSL model trained
from scratch, with no external real-world knowledge. This observation is confirmed by
Larson et al. [49], who highlighted this difficulty by stating that each RVL-CDIP class
comprises various subclasses, as illustrated in Figure 3.2. They further argue that this
may constrain ZSL solutions, as no single reference could specify an entire class without
overlaps. Other traditional classification datasets suffer from the same problem, as they
share very similar classes and labeling logic [50].

Therefore, even with these available datasets, there is still a gap that can be explored
in the ZSL-DIC domain. The existing datasets either lack the appropriate structure for
classification tasks or present challenges in zero-shot scenarios due to overlapping class
definitions and the absence of explicit class-disjoint splits. This limitation motivates the
need for a new benchmark that explicitly addresses these constraints and enables more

robust evaluation of zero-shot document classification approaches.
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Figure 3.2: Six examples of the RVL-CDIP dataset. Note that, despite the visual differ-
ences, these six documents all share the same class under the RVL-CDIP organization.

3.3 Zero-Shot Document Classification

The ZSL-DIC field is historically underdeveloped. One of the possible main reasons is
the lack of a proper dataset. Even then, the research community took some different
approaches to ZSL-DIC. Most of the research is done with RVL-CDIP dataset, even with
the presented limitations.

Khalifa et al. [51], using the RVL-CDIP dataset, proposed a matching solution for
ZSL-DIC. Using contrastive learning, they encode both the document itself and the label
string in a metric learning approach. They achieve a 39.63% F1-score in an unsupervised
setting, that is, with no task-specific training, using exclusively pre-trained models. Then,
they train the models in a contrastive-learning framework and achieve 37.23% F1-score.
Note that the performance actually decreased. They mention that training the models in

a subset of the classes in RVL-CDIP, then testing with the remaining classes, hinders the
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generalization on the unseen classes. They close the paper suggesting that the RVL-CDIP
dataset is not suited for the ZSL-DIC problem, and that a new dataset must be created
to continue the research, arguing that the RVL-CDIP classes are comprised of various
subclasses.

Scius et al. [8] investigate the application of LLMs, such as GPT-4 [52] and RoBERTa
[53], for zero-shot prompting and few-shot fine-tuning in document image classification.
Focusing on their zero-shot experiments, their framework is based on describing to the
LLM, through a prompt, the classification task and how it should classify each document.
Their study demonstrates that LLMs can achieve competitive performance with minimal
labeled data, challenging the traditional reliance on large annotated datasets. Their best
performance with open source LLMs achieved an average of 54.4% accuracy, using a model
of 123 billion parameters, and achieved 69.9% accuracy with GPT-4-Vision, which has an
undisclosed parameter count.

Based on the work of Khalifa et al. [51], Sinha et al. [7] introduce CICA, a framework
that enhances CLIP’s [54] performance in zero-shot classification by joining it with a
content-encoder, which aligns its own feature representations with the feature space used
by CLIP in a contrastive-learning approach. CICA manages to bypass the RVL-CDIP
limitations by exploring CLIP’s pre-trained knowledge, achieving a 67.29% average accu-
racy. Compared to the previous works, this study emphasizes data-efficient approaches
to document classification. However, their approach is not suitable for a from-scratch

training, which would allow an even greater efficiency gain.
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Chapter 4

Proposed Solution

4.1 Visual Document Matching

Traditional classification methods, such as entropy learning, lock the generality of the
model to the set of classes it has been trained on. Therefore, the use of Zero Shot
Learning techniques is essential to be able to classify document layouts that have not
been seen on the training set. Among the possible ZSL solutions, we use metric learning
with Siamese networks to achieve this goal. The proposed metric learning framework,
VDM, takes two different document images, and compares them to decide whether they
belong to the same class or not, using vision models to match documents that share the
same class.

This approach is inspired by biometric signature verification approaches [55], where a
system has a repository of ground-truth signature references (signatures that they know
are from a certain person), and they compare them with a query signature, to verify
if they belong to the same person or not. Therefore, VDM works by learning to draw
representations of documents in a feature space with n dimensions, such that documents
that share the same class are represented as clustered together, and documents that have
different classes are far apart, as illustrated in Figure 4.1.

A wide variety of backbones are used to experiment on the proposed dataset, but
they all follow the same metric learning architecture with Siamese Networks. They are
AlexNet [28], VGG [29], ResNet [18], MobileNetV3 [34], EfficientNet [35] and ViT [38].
To adapt the architectures to a Siamese network, only the last linear layer of each model
— the classification layer — is modified into a new linear layer with an arbitrary size n,

suitable for the problem.
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Figure 4.1: Tllustration of two documents mapped to the vector space that are similar (a)
and dissimilar (b). This document mapping to a vector space is performed by the proposed
learned method for similarity analysis. Visually similar documents have a smaller distance
in the projected space than dissimilar ones.
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Chapter 5

Methodology

5.1 LA-CDIP Dataset Construction

The construction of this dataset is motivated by the absence of a specialized ZSL-DIC
dataset and the fact that RVL-CDIP is unsuitable for the proposed VDM method [51]
(see Section 3.3). To support VDM in achieving ZSL-DIC, this dataset must provide two
main characteristics: great class diversity, so that models trained on it can generalize
across unseen classes, and consistent intra-class and inter-class consistency, ensuring that
the classes are atomic (with no possible subdivision).

Therefore, the proposed dataset, LA-CDIP, comes as a reorganization of the RVL-
CDIP dataset, focusing on increased granularization, in the sense that no two document
layouts are seen in the same class. Visual cues such as a company logo, the layout
of a table, the position of certain text, etc., all contribute to differentiating between
distinct document patterns, and different patterns imply different classes. While the
RVL-CDIP dataset was used as source content, it was re-labeled to align with the problem
of differentiating documents, with a particular focus on their visual structure (layout).
Figure 5.1 illustrates the impacts of the new labels. All eight documents in the figure
used to belong to the same class, but now belong to two different classes under the new
organization.

The dataset labeling follows two stages: preliminary clustering, followed by a manual
reorganization. The clustering is initially constructed using a private metric learning
model trained on a private document dataset. Both the model and the dataset follow
the same methodology as this dissertation. Subsequently, the model is used to generate
feature vectors across the entire RVL-CDIP dataset. These feature vectors are then used
to create clusters of documents, which are effectively predicted classes. The Hierarchical
Agglomerative Clustering algorithm with Ward’s [24] strategy is used (see Section 2.4).

This clustering served the purpose of accelerating the manual labeling process.

26



i ot vk Ao

i
MATERIAL SAFETY DATA SHEET

—

Figure 5.1: Examples of two distinct classes under the proposed LA-CDIP dataset. Those
classes originally belonged to the same class under RVL-CDIP organization.

The manual labeling process has two main tasks: first, verify the integrity of the
clusters. As the clusters were made with a DL model, they are prone to errors. Therefore,
it is possible that one cluster holds many different document patterns, which must be
corrected by a human annotator to ensure intra-class consistency. Second, verify if the
cluster is unique. The model may have created two distinct clusters with the same layout,
therefore, a step to merge clusters is necessary to ensure inter-class consistency.

This training pipeline operates in a loop (illustrated in Figure 5.2): given a stop con-
dition (which can be a time frame or a goal in terms of the number of labeled documents),
the annotated documents are compiled into a dataset containing more elements than the
previous iteration. This dataset is then used to train a new model using the same VDM
framework. This new, enhanced model is then used to create new clusters, which should
exhibit greater intra-cluster and inter-cluster consistency, therefore reducing the human
annotation time required per document. To further optimize the labeling process, each
cluster is ranked based on the average pairwise distance between every element in the clus-
ter: clusters with the lowest average distances are provided first to the human annotators.
This is meant to optimize the amount of work to achieve intra-class consistency.

Note that the proposed data labeling loop is similar to active learning [56], with a
few key differences. While the LA-CDIP dataset is created to support VDM, it is still a
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Figure 5.2: The proposed data labeling loop. At each loop, the labeled dataset is in-
creased, which is used to train a better model, which results in more consistent predicted
labels, reducing the time the human annotator spends per document.

contribution by itself. Therefore, the purpose of this labeling loop is to create a large and
complete dataset, which differs from the active learning philosophy of achieving greater
accuracy with fewer labeled instances [56]. The sampling strategy frequently used in
active learning involves focusing human efforts on samples for which the model provided
low classification confidence, so that they provide the most value for the next trained
model. This is opposite to the approach proposed in this work, which prioritizes clusters
with the highest confidence to optimize the time spent per annotation.

The efficiency of this labeling loop can be seen by the increasing quality of the produced
labels. Consequently, specific metrics are used to verify the validity of this framework.
It is assumed that good automatic clustering yields an organization as close as possible
to the final, human-annotated dataset. Therefore, to measure progress for each loop, we
calculate the distance or similarity between two sets of clusters: the one automatically
produced and the human-annotated one. We use two metrics: Adjusted Rand Index
(ARI) and Normalized Mutual Information (NMI).

ARI is a similarity metric that compares two sets of clusterings to evaluate whether
the relationship between elements remains the same [57]. In other words, this metric
evaluates whether, for each pair of elements within a cluster, they still share the same
label after the changes, and whether, for each pair of elements across different clusters,
they still belong to different clusters. NMI also traces the similarity between two clusters,

but it quantifies the amount of information one cluster provides about the other [58].
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Figure 5.3: Top 20 classes by frequency; remaining 645 aggregated as “others”.

These two metrics result in a value of 1 if the clusters are exactly the same and 0 if they
share no relation. Therefore, if the proposed labeling method reduces the amount of work

necessary per loop, these metrics should increase in each loop.

5.2 LA-CDIP Dataset

The proposed dataset is composed of 17,295 documents, divided into 665 different classes.
Each class has at least two documents, and the largest class has 1913 documents, pre-
senting an extra challenge in dealing with an unbalanced dataset. Figure 5.3 shows the
class distribution.

To maintain train-test data consistency, the data is split following the ZSL and GZSL
protocols proposed by Xian et al. [6] (see Section 2.2). In both scenarios, the data is
split into train and test sets, and the training data is further divided using 5-fold cross-
validation [59]. The data for the test scenario and for each split are chosen randomly
and remain the same for every experiment. The test scenario is treated as a sixth split
for the cross-validation, so it follows the same rules as the other five splits. For the ZSL
scenario, one-sixth of the classes are randomly chosen for each split, with no overlap.
Naturally, this scenario creates splits with variable sizes, as the classes themselves have
variable sizes. For the GZSL scenario, half of the classes in the entire dataset are chosen
as classes that do not overlap between splits, while the other half are distributed across

the splits. When constructing a split, the non-overlapping classes are chosen first, and
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then the remaining slots are filled with the overlapping classes, achieving splits of constant
size for this scenario.

This dataset can be normally used for traditional visual classification problems; how-
ever, since the problem is tackled with metric learning, additional considerations must be
taken into account. When using a Siamese network, running inference on a single data
point returns no information, as the architecture requires a comparison between differ-
ent data points. Randomly selecting pairs for every test can cause results to fluctuate;
therefore, to maintain test consistency, a test protocol is used that ensures the same pairs
are tested every time. For every document in the set, two other documents are chosen:
one that shares the same class and one that does not. The second document is chosen
randomly by its class; therefore, every class has the same probability of being picked. A

protocol is established for the test set and for every cross-validation split.

5.3 Evaluation Criteria

Since a metric learning model yields a distance between two data points (in this case,
two documents), a threshold needs to be defined to declare whether the two data points
belong to the same class or not, to calculate how accurate the model is. For this, Equal
Error Rate (EER) is used as the metric for the experiments [60]. EER is the point at
which the False Acceptance Rate (FAR) and False Rejection Rate (FRR) are equal. The
EER is calculated by setting the FAR equal to the FRR and finding the corresponding
threshold [61]. EER occurs when FAR(tgrr) = FRR(Tegr). These rates are defined as:

_ False Acceptances _ False Rejections

FAR(T)

and FRR(T)

(5.1)

~ Negative Samples ~ Positive Samples

representing the respective probabilities of false positive and false negative classifications
at threshold 7.

Ten models are trained for each chosen backbone (see Section 4.1): 5-fold cross-
validation for each of the two scenarios, ZSL and GZSL. As shown in Section 5.1, each
split follows a fixed validation protocol to ensure consistency. The trained models from
each split are also evaluated on the independent test set to compare them with LLMs.
The mean EER is reported for every cross-validation scenario, as well as the mean EER

on the independent test set.
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Chapter 6

Results

6.1 Dataset Construction

The dataset construction followed a sequence of incremental steps, following the method-
ology presented in Section 5.1. The proposed labeling method assumes that a model
trained with the current iteration of the dataset will be able to create better (i.e., more
precise) labels if compared to training with the previous iteration (should have less data),
which will then speed up the human annotation process. Table 6.1 shows this behavior.
This table details every iteration of the training loop: the achieved number of docu-
ments, followed by number of classes, and the similarity between what was automatically
clustered versus the resulting human annotated labels. Each iteration begins with an au-
tomatic clustering produced by a model trained on the dataset achieved by the previous
iteration. The first iteration takes the dataset from a previous work [10] and creates a

new, independent dataset.

Table 6.1: Iterative dataset construction metrics. Each row shows information of an
iteration of the dataset, such as the total number of documents and classes in the dataset
at that iteration. ARI and NMI are similarity metrics between the automatic labeling
process and the final, human annotated labels.

Tteration Number of Documents Number of Classes ARI NMI

1 10,659 512 0.131 0.665
2 12,246 560 0.141 0.650
3 17,295 665 0.440 0.784

The table shows an increase in cluster similarity with the growth of the dataset. In
particular, the increase from the second to the third iteration is greater than the increase
from the first to the second. It is possible that the data achieved by the first iteration had

the same overall quality as the data achieved by the previous work, meaning that models
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trained on these datasets achieved similar behavior. The labeling loop then follows with a
leap of cluster quality in the third iteration, revealing evidence that the labeling method
can optimize the manual process. Furthermore, the second and the third iterations both
lasted the same duration, and yet, the second iteration achieved 1,587 new documents,
and the third, 5,049. This is empirical evidence that the cluster similarity is inversely
related to the time spent per document on the manual annotation process. The remaining

experiments in this work are done with the last iteration of the dataset.

6.2 VDM Experimental Setup

The method was implemented in Python, primarily using the PyTorch library [62]. All
experiments were executed using four NVIDIA GPUs: three RTX 4090 (24GB VRAM
each) and one GTX 1060 (6GB VRAM). The experiments were parallelized across these
GPUs, with each device training different model configurations independently. Despite the
different hardware, all models used consistent batch sizes and hyperparameters to ensure
a fair comparison. The hyperparameters used in these experiments are shown in Table 6.2.
Note that, while most of the architectures use the same hyperparameters, MobileNetV3

and ViT use different configurations, following suggestions from their original works.

Table 6.2: Hyperparameters for different neural architectures in VDM experiments.

Architecture Optimizer LR LR Decay WD Epochs
Default SGD 0.01  Step (0.1/30 ep.) 1x107* 90
MobileNetV3 SGD 0.01 Step (0.973/2 ep.) 1x107° 300
ViT AdamW 0.001 Cosine Annealing 1 x 107° 90

The remaining configurations: output size, distance metric, and model edition for each
architecture, are determined by a hyperparameter search in Chapter 6. VDM is also used
in the proposed labeling process as the DL model that provides feature vectors for the
clustering process. The models trained for clustering have fixed configurations: ResNet-18
backbone, Euclidean distance, and 64-neuron output.

The VDM trained models are exclusively visual; therefore, their input data is the
(R,G, B) document image matrix. First, the input image is resized into a shape com-
patible with each neural architecture. For most models, this shape is (224, 224) in height
and width. EfficientNet is the only architecture that does not follow this rule, as dif-
ferent model versions increase their input size while simultaneously increasing network
depth and width. Then, every value in the image matrix is scaled from 0-255 to 0-1 and

normalized using the mean and standard deviation of the current training split.
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During training, each step processes a pair of documents that can be either similar
(same class) or dissimilar (different classes). The pairing process follows a specific pro-
cedure: first, a random document is selected from the training set; then, the pair type
(similar or dissimilar) is randomly determined. For similar pairs, another document from
the same class is chosen. For dissimilar pairs, a different class is randomly selected first,
followed by a random document from that class. This class-level randomization ensures
that every class has equal probability of forming dissimilar pairs, preventing overfitting to
larger classes. Each batch is composed of 16 pairs. Throughout an epoch, each document
is chosen once to serve as the first element of the pair, and may be randomly chosen
more times to close pairs in the second position. While training randomizes each pair in
every epoch, during testing and validation, the pairs are fixed. The chosen pair is then
processed by the Siamese network, generating two feature vectors, which are evaluated

by the contrastive loss function (see Section 2.3.1).

6.3 Hyperparameter search

Before making a proper benchmark, a hyperparameter search is necessary. Most hyper-
parameters are already set, as they are taken from the original works (see Section 6.2),
but hyperparameters related to the metric-learning nature have not been set. Table 6.3
shows the search for the remaining configurations: the architecture edition, the distance
metric and the embedding size.

The experiments in Table 6.3 use the first fold of the cross-validation as the train and
validation splits, and the reported values are from the independent test split. This table
is used to find the best possible parameter configuration for each architecture, and the
remaining experiments in this work are done with the best hyperparameters found. To
better analyze these results, this table is split into three other different tables.

Table 6.4 shows the average EER for each combination of metric distance and em-
bedding size. We can see that the best overall combination is an embedding of size 256,
and using the cosine distance. We can see in the last row, where the results are averaged
across every embedding size, that the cosine distance is indeed the best overall metric
distance, with an absolute difference of 3.10% EER from the Euclidean distance. This is
evidence that most architectures used in these experiments work better with the cosine
distance for this problem. The last two columns on this table bring the average EER
for each embedding size, averaging the distance metrics. In these columns, we can see
that the smaller embedding size used, 16, is actually the best overall, with the lowest
standard deviation. A smaller embedding size implies a smaller feature space, therefore,

it is possible that models trained with an embedding size of 16 are less prone to overfit-
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Table 6.3: Results of the hyperparameter search for each architecture in EER. Searching
for: the architecture edition (e.g. ResNet-18 or ResNet-34), the distance metric (Euclidean
or cosine), and the output embedding size.

Euclidean Cosine
Model Ed. 16 32 64 128 256 512 \ 16 32 64 128 256 512
AlexNet 24.71 20.45 34.81 33.61 31.07 22.31 \ 21.21 20.21 21.62 18.44 22.14 15.26

11 19.35 32.73 9.03 31.68 30.82 34.59 |22.80 29.38 20.23 22.02 29.31 26.39
13 2238 883 24.05 14.82 33.05 11.69]18.22 23.61 13.85 19.59 24.22 30.01
16 7.63 4.82 30.80 12.57 23.39 890 |12.01 27.76 22.65 30.23 25.68 32.63
19 1326 1.81 29.79 18.08 27.67 11.86]23.48 23.17 19.69 21.18 1.66 1.57

VGG

18 352 7.07 900 7.05 340 1.66 |19.35 11.69 294 235 164 2.64
34 9.10 1030 7.36 8.07 1771 3.30 | 3.23 482 154 548 0.49 0.61
ResNet 50 7.07 26.47 11.69 4.01 23.24 14.75|15.95 1725 4.31 6.04 10.37 10.10
101 21.80 19.06 20.72 21.23 31.99 19.06 | 13.04 6.73 3.84 242 7.75 24.93
152 7.14 477 1424 13.72 570 16.85| 4.26 898 2.62 15.63 13.70 9.34

MobileNet S. 744 13.60 48.29 16.24 29.87 39.97|20.38 6.36 ©5.53 14.04 5.14 5.60
L. 2282 43.79 38.01 46.16 44.32 31.60 | 17.34 16.44 17.10 10.57 5.09 12.84
0 761 1.00 5.68 1.88 1446 0.73 | 2.67 5.53 396 873 262 281
Efficient Net 1 499 744 531 333 6.73 509 | 254 484 386 575 137 240
2 342 411 426 399 215 13.50| 4.87 3.11 259 12.77 426 6.65
3 19.50 5.28 4.26 871 11.15 8.00 |10.10 4.35 3.99 12.87 10.59 6.09
ViT B. 2943 33.19 17.95 28.01 25.15 24.66 | 30.26 37.77 38.60 26.83 18.62 32.27
L. 19.32 2781 28.69 16.81 22.60 21.72|25.76 18.15 40.17 38.43 22.38 30.53

Table 6.4: Average performance in EER over each possible output dimension, considering
the Euclidean distance, the Cosine distance, and considering both distances. The last row
considers every embedding size, to measure the best average distance metric.

Euclidean Cosine Both
Embedding Size Mean Std ‘ Mean Std ‘Mean Std
16 13.92 839 | 14.86 8.69 |14.39 8.43
32 15.14 12.81| 15.01 10.33 | 15.07 11.47
64 19.39 13.77| 12.81 11.99|15.92 13.10
128 16.11 12.14| 15.19 9.96 | 15.65 10.95
256 21.36 11.91]11.50 9.74 | 16.43 11.83
512 16.13 11.37| 14.04 11.96 | 15.08 11.55
All 16.99 11.83| 13.89 10.37|15.42 11.20

ting, achieving stable but moderate results. Higher embedding sizes, while more prone to
overfitting, also hold the potential to handle more classes without entanglement. We can
see this behavior in Table 6.3: while an embedding size of 16 is the best average value, it
was not once the best hyperparameter for any architecture, and most best configurations

use 256 or 512 embedding size.

34



Table 6.5: Average performance in EER over each possible architecture, considering the
Euclidean distance, the Cosine distance, and considering both distances.

Euclidean Cosine Both
Architecture Mean Std ‘Mean Std ‘Mean Std

AlexNet 27.83 6.12 | 19.81 2.58|23.82 6.13
VGG 19.32 10.30 | 21.72 7.96| 20.52 9.19
ResNet 12.30 8.01 | 8.01 6.26|10.08 7.42
MobileNetV3 31.84 13.93| 11.37 5.69|21.61 14.75
EfficientNet 6.36 4.50 | 5.39 3.30| 5.87 3.93
ViT 24.61 5.06 | 29.98 7.81]27.30 6.99

Table 6.6: Average performance in EER over each possible architecture, considering each
output dimension.

16 32 64 128 256 512
Architecture Mean Std ‘Mean Std ‘Mean Std ‘Mean Std ‘Mean Std ‘Mean Std

AlexNet 22.96 2.47|20.33 0.17 | 28.22 9.32 | 26.03 10.72 | 26.60 6.31 | 18.79 4.98
VGG 17.39 5.82|19.01 12.02|21.26 7.38 | 21.27 6.76 | 24.47 9.79 | 19.71 12.60
ResNet 10.45 6.73|11.71 7.10 | 7.83 6.17 | 860 6.26 | 11.60 10.19 | 10.33 8.37
MobileNetV3 16.99 6.75| 20.05 16.39| 27.23 19.44 | 21.75 16.44 | 21.10 19.39 | 22.50 15.99
EfficientNet 6.96 5.68| 4.46 188 | 424 094 | 725 420 | 6.67 4.88 | 5.66 3.99
ViT 26.19 4.98|29.23 8.43 | 31.35 10.28 | 27.52 8.84 | 22.19 2.69 | 27.29 4.94

Table 6.5 shows the average EER for each combination of distance function and chosen
architecture. We can see that the best combination of architecture and metric distance is
EfficientNet with cosine distance. Most architectures perform better with cosine distance,
with the exception of ViT and VGG. MobileNet performed particularly badly with the
Euclidean distance, with almost three times the EER if compared against using the cosine
distance. Table 6.3 shows that some experiments with this combination got near 50%
EER, a score that would be as bad as a completely random decision. In these cases, the
trained models mostly did not learn across all the 300 epochs they were trained on. Again,
the last two columns show the performance of each architecture, independently of the
chosen distance metric. The best architectures in these experiments are the EfficientNet
variants, followed by ResNet and VGG.

Finally, 6.6 shows the performance of each architecture, for each possible embedding
size. This table shows some of the behaviors pointed out in the two previous para-
graphs: embedding size of value 16 having lower overall standard deviation and Effi-
cientNet achieving the lowest average EER. The best combination of embedding size and
architecture, in average, is EfficientNet with size 64, and is different from the best hy-
perparameter combination found on Table 6.3, which is using embedding size 512. This

shows, again, that while bigger embeddings may increase the potential for better models,
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Figure 6.1: Boxplot of the EER over the different chosen embedding sizes. In each box,
the blue line represents the median value, and the red shape represents the average value.

it can also increase the variability of the results. Figure 6.1 shows a boxplot of the EER
in relation to the embedding size, across all experiments shown in Table 6.3. Note that
the error oscillates across the size options and is neither strictly increasing nor decreasing,

and the most stable parameter is still the 16 embedding size.

6.4 Benchmark

This section’s discussion revolves around Table 6.7, where the results of every trained
model are presented. The table shows the average EER value of the cross-validation in
both scenarios (ZSL and GZSL). Every model is trained with the best set of hyperparam-
eters, found on Table 6.3.

Immediately, we can see that the overall best models in this experiment are the ResNet-
34 and EfficientNet-b0. They offer a better balance between performance and economy;,
being the smallest models that perform the best. Usually, the larger the model, the more
data it needs to perform well, and with a small dataset, smaller models usually perform at
least as good as the larger models [63]. With this observation, we can observe that ResNet
and EfficientNet reside in the balance between model complexity and performance. Low-
ering the parameter count, we find MobileNetV3-Large, which does not perform as well
as the other two models, despite being at least more economic. In the hyperparameter
search, MobileNetV3-Small showed even higher error rate, showing that the MobileNetV3

architecture is already too economic for this problem. In the other direction, VGG and
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Table 6.7: Comparative performance between different visual backbones. Following the
columns: the architecture name, number of parameters for each trained model, cross-
validation over the ZSL scenario and cross-validation over the GZSL scenario. Every
value is a mean EER (%) value over the five Cross-Validation (CV) folds.

ZSL GZSL
Architecture Params Mean Std Mean Std
AlexNet 57M  10.05 8.80 13.09 1.43
VGG-19 139M  7.79 5.02 12.30 2.04
ResNet-34 21M 472 4.11 255 2.29
MobileNetV3-Large  4M 9.32 4.16 10.77 1.54
EfficientNet-b0 4M 6.92 4.07 6.51 2.28
ViT-Large 300M 1593 593 13.50 1.32

ViT performed worse than EfficientNet and ResNet. This is evidence that the increased
architecture complexity did not suit the size of the dataset. ViT, in particular, being
a transformer architecture [36], performed the worst of all architectures in these experi-
ments, as it is specially data demanding. Figure 6.2 shows the TSNE visualization of the
ZSL scenario. Every plot shows the representations of every element in a single validation
split, where a dot is a vector representation of a document, and each color is a different
class. We can see that, on this particular fold, the representations of the ResNet, Effi-
cientNet and VGG models are well defined and well separated, while the representations
on ViT, the largest model, are very entangled.

The difference between ZSL and GZSL is the data split. While ZSL is class-disjoint,
GZSL has both seen and unseen classes on the validation split (see Section 2.2). The
GZSL split has some great advantages: first, it is likely to decrease the error on models
prone to overfitting on the seen classes, as some of them will appear on the validation test
as well. Second, the greater class diversity on the training set should increase the model
potential to generalize to unseen classes. On the other hand, the GZSL also increases the
amount of classes present on the validation set, raising the overall difficulty, especially for
models that cannot make use of the advantages. For reference, each ZSL validation split
has 111 classes, while the GZSL splits have an average of 253.8 classes. This difference
separates the trained models into two groups: ResNet, EfficientNet and ViT perform
better in the GZSL split, while AlexNet, VGG and MobileNet perform worse.

The better performance on the GZSL split with the ResNet and EfficientNet models
suggests that the generalization advantages exceed the difficulty increase. The worse
performance on the AlexNet, VGG and MobileNet suggests that the difficulty increase
weighed more than the advantages. ViT is a particular case. Figure 6.3 shows the ZSL loss

value per epoch on both the train and test split on every architecture. This figure shows
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ResNet EfficientNet

ViT

Figure 6.2: TSNE visualization of the Test ZSL scenario. These models were trained
on the same cross-validation fold. Each dot represents a document positioned in this
two-dimensional space through TSNE dimensionality reduction. Each color represents a
different class.

Table 6.8: Summary of error rates for each architectures in the GZSL scenario, for seen
Or unseen pairs.

Architecture Seen Error Rate Unseen Error Rate

AlexNet 13.06 13.84
EfficientNet 5.20 10.28
MobileNet 14.21 14.42
ResNet 3.07 8.64
VGG 15.14 13.99
ViT 13.11 16.00

that the ViT architecture is the only one to diverge on the validation loss score, while
overfitting on the train loss score, explaining why the GZSL error decreased. Table 6.8
shows the different error rates for two different categories: the error rate on pairs that
their classes were not seen during training, and the error rate on pairs where at least one
of the elements was seen during training. With the exception of VGG, every architecture
performed better on the seen scenario, which indicates that the increased difficulty on the

GZSL scenario is, indeed, the culprit.

38



Train Loss
— MobileNet — ResNet EfficientNet — VGG = ViT — AlexNet

=

0
a
o

3
=
©
=

=

0 50 100 150 200 250

(a) Training loss.

Validation Loss
— MobileNet — ResNet EfficientNet =— VGG =— ViT — AlexNet
0.5

0.4

0.3

0.2

0.1
0.09
0.08
0.07

0.06
0.05

0.04
Epoch

0.03 ;
0 50 100 150 200 250

(b) Validation loss.

Figure 6.3: Loss curves over training epochs for all architectures in the ZSL scenario,
showing both training (a) and validation (b) performance.

6.5 Industry Uses

With the trained models shown in this chapter, an industry system can leverage the
metric learning nature of the solution to achieve zero-shot DIC in a couple of different
ways. First, this model can be used in a verification system, within the same framework

used for testing: given a document reference, and with a predefined acceptance threshold,
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Figure 6.4: Comparative illustration between the verification (a) and identification (b)
tasks. The verification system approves documents when the distance between the refer-
ences and the query is lower than or equal to 0.5, and rejects otherwise. The identification
system chooses the nearest neighbor to classify the query document.

a query document must be accepted if the distance to the reference is smaller than the
threshold, and rejected otherwise. As mentioned in 1, this task can be viewed as a binary
classification problem, as the system will either accept or reject the document.

Second, the model can be used in an identification system, which becomes similar to
a multiclass classification problem: given a document reference for each available class,
and with a predefined acceptance threshold, a query document must be assigned to the
closest class with respect to the embedding distances, or detected as outside of the label
space if no class is within the predefined threshold. Figure 6.4 illustrates the difference
between the verification and identification tasks.

Both tasks can be facilitated by a few design choices. For example, using multiple
ground-truth references per class and computing the distance between the query document
and the class centroid can improve classification robustness, as it prevents outlier samples
from disproportionately representing an entire class. This decision demands more human
annotation per class.

Another possible choice is to use a different threshold for each class. While the model
is trained to have all classes share the same acceptance threshold, it is natural that some
classes in a real-world scenario have less intra-class variance than others. This, of course,
increases the maintenance required per class registered in the system, as calculating a

unique threshold demands testing. On the other hand, it may be of interest to change
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the threshold in order to increase the false rejection rate in scenarios where rejecting a
correct document is cheaper than accepting an incorrect document, for example.

All these examples share the same need for a database to store the references. It is
possible to store the embeddings directly, instead of the document itself, to reduce the
number of inferences the model must process. In the verification scenario, the complexity
of an inference should increase linearly with the number of references in the class, i.e., the
time to calculate the centroid of the class, O(r), where r is the number of references in
a given class (the centroid coordinates can be stored to save time). Following the same
strategy, in the identification scenario, along with the cost to calculate the centroid, there
is also the cost of comparisons per class to find the nearest neighbor, which results in

O(rc), where ¢ is the number of classes in the system.
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Chapter 7
Conclusion

This work tackles an understudied area of the document analysis field: ZSL-DIC. One of
the biggest obstacles of this area is the lack of a specialized dataset. Therefore, this work
starts by introducing a novel document image dataset, LA-CDIP, categorized mainly by
the layout information of the document image, which allows for knowledge generalization
in a zero-shot setting. This dataset is constructed with a labeling framework assisted
by DL models that were trained on the dataset itself. This labeling framework works in
iterations, where the current loop should be easier to label manually than the previous
iteration, allowing the manual labeling to become easier, as the iterations go by. The
resulting dataset is specialized in ZSL-DIC, providing enough class diversity to allow DL
models trained from scratch to achieve a high generalization potential.

To use this dataset in the ZSL-DIC task, this work also presents VDM, which is a
framework that frames the classification problem as a matching problem, using embedding
similarity to achieve the ZSL paradigm. Therefore, by having a set of ground-truth
references, this method can classify any document class in a zero-shot scenario, if correctly
trained. To further encourage research with this framework, the dataset is extensively
benchmarked by training siamese networks with a wide variety of neural backbones, as
well as an ample set of hyperparameters.

In conclusion, this work developed an understudied branch in the DIC research, pro-
viding a novel dataset and a method, resulting in a classification solution with real-world

applications.

7.1 Future Works

There are some known limitations of the work and plans to tackle them. First, as men-
tioned, the architecture complexity is currently an obstacle, as the dataset is still relatively

small. To solve this problem, it is already an ongoing work to keep iterating with the
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techniques presented here, increasing both the number of classes and the number of doc-
uments. To further increase the quality of the dataset, DL-assisted dataset verification
methods are being developed, where the classes are matched against each other to find
possible duplicate patterns. This technique will be able to pinpoint possible human mis-
takes and increase the parallelization of human effort in creating this dataset. Another
possible dataset enhancement is to increase the number of document sources by gathering
documents from sources other than the RVL-CDIP dataset, increasing the generalization
of the trained models.

With regard to the training framework, a possible step to enhance the results is to
explore data augmentation techniques, which should alleviate the burden of the dataset
labeling process. In the metric learning topic, more advanced techniques, such as tuple
mining [64], are mapped as future experiments, together with exploring the combination

of different loss functions and distance functions.
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