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Abstract

Paper documents remain a vital part of our daily lives, and the need for automated
systems to analyze and extract valuable information from these documents is in-
creasingly important. Recent advancements in artificial intelligence have raised user
expectations for the extraction of structural information from document images,
going beyond the traditional goal of extracting raw text from documents. Typically,
document understanding systems comprise multiple components, including layout
analysis, table detection, and document classification, each of which presents unique
challenges. These challenges include handling complex and varied layouts, address-
ing the issue of imbalanced datasets, and developing systems that can adapt and
learn over time. Layout analysis is a critical component of document understanding,
as it involves organizing and structuring the various elements of a document, such
as text, tables, and figures. Accurate table recognition is also essential, as it enables
the effective extraction and interpretation of structured data.

This research enhances document analysis by increasing accuracy, robustness, and
efficiency, which addresses current shortcomings in structural information extraction
from documents through novel datasets, model architectures, and learning strategies.
The dissertation presents multiple contributions to the field of document under-
standing. Initially, we developed a CNN-based method for layout analysis, achieving
a 3 percent enhancement over baseline techniques on PubLayNet. Secondly, we
introduced a continual learning strategy employing experience-replay techniques,
which reduced catastrophic forgetting in table detection by 15 percent. Third, we
presented a novel dataset and developed an asymmetric convolution-based neural
network, improving table ruling line recognition. To mitigate class imbalance in
document classification, we integrated visual and textual features with a customized
loss function, resulting in a 13 percent increase in accuracy. The utilization of
Large Language Models (LLMs) for document comprehension was also studied. A
technique for fine-tuning large language models by structuring input as HTML was
created, yielding results on par with state-of-the-art methods while requiring less
computational power. And a three-phase prompt engineering strategy for zero-shot
information extraction was empirically evaluated, yielding promising outcomes.
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Introduction 1
„One day you will find what you’ve been

looking for, but by then, you won’t want it
anymore.

— Dave Tarnowski

The digitization of documents has significantly expanded access to information,
driving the need for automated methods to efficiently retrieve and analyze data. With
advancements in digital imaging, documents now often include both text and images,
which together contribute to their meaning. Consequently, modern search engines
and information retrieval systems are beginning to integrate methods for extracting
information from both modalities, aiming to improve the comprehensiveness and
accuracy of search results. Moreover, the growing volume of digital and scanned
documents available online has created a pressing need for automated systems
capable of efficiently extracting and analyzing information, thereby facilitating
knowledge discovery and decision-making.

The analysis and understanding of documents have been a major focus of research
for decades. From simple personal tasks like creating shopping lists to complex legal
matters, enabling computers to comprehend documents is essential. Unlike humans,
who can easily grasp the meaning of a document, computers require a systematic ap-
proach. This process, known as document understanding and information extraction
from document images, involves multiple steps and techniques. These steps include,
but are not limited to, document classification, text recognition, layout analysis,
table recognition, and information extraction.

The sequence of processing steps varies across systems, with some prioritizing layout
analysis before Optical Character Recognition (OCR) and others employing OCR as
an initial step. Both approaches aim to maximize the accuracy and relevance of in-
formation extraction. The wide variety of digital and scanned documents—including
newspapers, business letters, and technical drawings—demonstrates the growing
demand for automation to ensure efficient processing and analysis. Manual extrac-
tion is time-consuming and impractical, making automation essential for tasks such
as analyzing text references, recognizing layouts, and extracting data.
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Document Layout Analysis (DLA) plays a key role by identifying and organizing
structural elements such as text blocks, tables, and images, enabling systems to
systematically interpret the relationships between these components. This process is
crucial because OCR alone, while effective at extracting text, is insufficient for fully
understanding the content of a document. DLA provides context by recognizing the
arrangement and interactions of elements within a document, facilitating deeper
insights into its structure and meaning.

This multi-stage process serves as a flexible framework for adapting document
analysis methods to the specific requirements of various tasks and document types.
Overcoming key challenges in text recognition, layout analysis, and information ex-
traction is essential to enhancing the accuracy and efficiency of document processing
systems.

Advancements in natural language processing (NLP) have significantly contributed
to document understanding, particularly in applications that integrate textual and
visual data for multi-modal analysis. The development of large language models
(LLMs) has further expanded the capabilities of AI in this field, enabling tasks such as
text extraction, question answering, and contextual analysis with greater precision
and adaptability. These models leverage deep contextual understanding to address
increasingly complex challenges in document processing.

Challenges in Document Understanding Domain

Text Recognition

Multi language support

Complex layouts

Font and Script
Variations

Handwritten Text

Low quality images

Document Layout Analysis

Identifying Visual Elements

Logical Grouping

Misaligned Text Segments

Adapt to new layouts and
structures

Complex and Nested
Structures

Table Recognition

Merged Cells Detection

Irregular Table Structures

Grid Lines Detection

Nested Tables

Key Information Extraction

Varied Document Types

Missing or Incomplete
Information

Scalability and Generalization

Contextual Understanding

Ambiguous Entities

Data Sparsity

Document Classification

Lack of Training Data

Overlapping Categories

Imbalanced Datasets

Multi-Label Classification

Semantic Similarity

Handling Multi-Modal Content

Fig. 1.1: Challenges in Document Understanding: An overview of the key challenges in de-
veloping effective document analysis systems, including the need for high-quality,
balanced datasets and the ability to handle noisy, incomplete, or imbalanced data.

Figure 1.1 shows the key challenges in the Document Understanding field, highlight-
ing the complexity and scope of problems that must be addressed to develop effective
document analysis systems. Document understanding systems face significant chal-
lenges because they rely on high-quality, balanced datasets, which are not always
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available in real-world settings. This may prevent the training and deployment of
effective models because imbalanced datasets can bias classification performance
toward majority classes, and limited data availability can limit a model’s ability
to generalize to new scenarios. To address these issues, advanced techniques for
dealing with noisy, incomplete, or imbalanced datasets are required, as well as
ensuring the adaptability and reliability of document analysis systems in real-world
settings.

1.1 Motivation and Problem Statement

Document digitization has significantly increased access to information, but real-
izing the full potential of this wealth of data necessitates sophisticated automated
systems capable of accurately understanding and extracting meaningful structural
information from a wide range of document types, which frequently include text and
images. At the heart of this challenge are the inherent complexity and limitations
of real-world data, which present significant challenges to achieving robust and
accurate document understanding.

Document layout analysis has been studied extensively, with numerous methods
proposed over the years. Identifying and segmenting text blocks, titles, figures,
tables, and lists in visually complex documents is challenging. Deep learning,
especially object detection, has gained popularity in document image analysis. We
investigated object detection techniques for document images to improve document
layout analysis accuracy and robustness.

Models often encounter new document variations or domain shifts in practice.
The need to learn from new data and the risk of catastrophic forgetting must
be balanced to maintain model performance while updating it with new data.
Catastrophic forgetting affects model stability and requires costly retraining when
new information reduces previously acquired knowledge. For robust and reliable
document understanding systems, models must be able to learn and adapt to new
information without forgetting previous knowledge.

Noise and distortions in scannable images make identifying table ruling lines difficult.
High-quality, annotated datasets for granular and specialized tasks like this are scarce,
making it difficult to create robust detection algorithms. We used neural networks
and asymmetric convolutions to overcome noisy and distorted images and present a
new dataset.
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While document classification is well-studied, models often exhibit significantly
reduced accuracy when trained on imbalanced datasets, a common characteristic of
real-world data where certain classes are underrepresented. This imbalance biases
models and hinders their generalization capabilities. Our approach improved accu-
racy by 13 percent on our imbalanced document classification dataset by combining
the strengths of both modalities.

The ultimate goal of any intelligent document analysis system is to extract relevant
structural information from documents. Although this once seemed impossible, the
development of large language models has brought it closer to reality. However,
successfully applying these powerful tools to extract structured information from
visually complex documents with little or no task-specific training data (few-shot
and zero-shot learning) presents unique challenges. Ensuring that these models can
accurately interpret layout, maintain formatting, and generalize across unknown
document types necessitates novel approaches to input representation and prompt-
ing. In our research, we presented a method for fine-tuning LLMs by formatting input
as HTML, allowing us to realize their full potential in document understanding.

Adding zero-shot document information extraction, especially for visually rich docu-
ments, requires sophisticated Multimodal Large Language Models that seamlessly
integrate textual and visual understanding. Developing methods that allow these
models to accurately interpret complex layouts and extract structured information
without task-specific fine-tuning and only robust prompting strategies is another
considerable challenge.

This thesis directly addresses these multifaceted challenges by developing novel deep
learning architectures, datasets, and continuous learning techniques to advance
intelligent document analysis. From basic layout analysis to sophisticated zero-
shot information extraction based on large language models, we aim to improve
document understanding systems’ robustness, efficiency, and adaptability under
imperfect data challenges.

1.2 Thesis Organization and Contributions

This thesis is structured to investigate several key challenges within the document
understanding domain. Each subsequent chapter details a specific study, including a
background section that explains the relevant state-of-the-art methods.
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Chapter 2 Layout Analysis Using Object Detection This chapter proposes a novel
approach to document layout analysis based on object detection. This method
demonstrates the power of object detection concepts for robust layout analysis. This
work’s results are published in [1].

Mohammad Minouei, Mohammad Reza Soheili, and Didier Stricker. “Document
layout analysis with an enhanced object detector”. In: 2021 5th International
Conference on Pattern Recognition and Image Analysis (IPRIA). IEEE. 2021, pp. 1–5

Chapter 3 Enhancing Table Detection Through Continual Learning This chap-
ter introduces continual learning techniques for improving table detection while
preventing catastrophic forgetting. It proposes using a Pyramid Vision Transformer
(PVT) as the backbone network and experience-replay techniques to significantly
reduce forgetting, achieving a 15 percent reduction in the forgetting effect when
compared to traditional fine-tuning methods. This contribution appears in [2].

Mohammad Minouei, Khurram Azeem Hashmi, Mohammad Reza Soheili, Muham-
mad Zeshan Afzal, and Didier Stricker. “Continual learning for table detection in
document images”. In: Applied Sciences 12.18 2022, p. 8969

Chapter 4 Table Ruling Lines Recognition: This chapter presents a novel method
for detecting ruling lines in noisy images, which is supported by the creation of a
new dataset, TabLines, comprising 35,000 labeled samples. It focuses on segmenting
ruling lines in table images and suggests a compact CNN model for the task. The
technique’s effectiveness is demonstrated on TabLines and published in [3].

Mohammad Minouei, Mohammad Reza Soheili, and Didier Stricker. “Efficient table
border segmentation with asymmetric convolutions”. In: Fourteenth International
Conference on Machine Vision (ICMV 2021). Vol. 12084. SPIE. 2022, pp. 133–140

Chapter 5 Imbalanced Document Classification This chapter describes a mul-
timodal approach to addressing class imbalance in document classification that
effectively uses both image-based and text-based features. This work highlights
the significant potential of multimodal learning in dealing with real-world data
challenges and is published in [4].

Mohammad Minouei, Mohammad Reza Soheili, and Didier Stricker. “Multi-Modal
Approach for Imbalanced Document Classification”. In: 17th International Conference
on Machine Vision (ICMV 2024). SPIE. 2024, pp. 133–140

Chapter 6 Structural Information Extraction Using LLMs This chapter proposes a
novel approach for embedding layout information within text to enhance document
understanding using large language models. This method showcases the robust
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capabilities of LLMs in interpreting complex document structures and is published
in [5].

Mohammad Minouei, Mohammad Reza Soheili, and Didier Stricker. “Embedding
Layout in Text for Document Understanding Using Large Language Models”. In:
International Conference on Document Analysis and Recognition. Springer. 2024, pp.
280–293

Chapter 7 Zero-Shot Document Information Extraction using MLLM This chapter
delves into zero-shot document information extraction using Multimodal Large
Language Models. It highlights how MLLMs integrate text and image understanding,
guided by carefully crafted prompts, to achieve comprehensive document insights
that extend beyond unimodal approaches.

Chapter 8 summarizes the key findings of the thesis, reflecting on the significance
of the contributions made towards addressing data challenges in document under-
standing.
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Layout Analysis Using Object
Detection

2
„Stop worrying if you’ll ever truly be happy.

You won’t.

— Dave Tarnowski

2.1 Introduction

An essential part of information retrieval and document processing systems is
document layout analysis, which is made to detect and arrange various document
components such text blocks, pictures, tables, and figures. Historically, layout
analysis relied on rule-based and heuristic approaches. However, the emergence of
convolutional neural networks and the advancement of object detection frameworks
have enabled more robust and adaptable methodologies [6].

Recent advances in deep learning have significantly improved DLA approaches by
allowing document fragments to be handled as objects similar to those found in
natural photographs. The effective integration of segmentation and object identifi-
cation procedures into DLA resulted in more accurate and efficient layout analysis
methods, as well as improved document element recognition and localization. DLA
has thus become a more reliable instrument for enabling future research such as
optical character recognition and semantic interpretation, as well as for assisting in
the creation of increasingly powerful document processing and information retrieval
systems.

There are essentially three steps to object detection: finding regions of interest,
classifying those regions, and last, constructing bounding boxes to pinpoint and
delineate the objects. Document layout analysis using this methodology has various
benefits, such as efficient processing times, high accuracy in finding and classifying
pieces inside complicated layouts, and the ability to recognize a broad variety of
document components. Layout analysis has become an indispensable tool for many
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applications because to the recent advancements in object detection algorithms that
allow for faster and more accurate results.

However, applying object detection to DLA poses challenges, such as intricate lay-
outs with densely clustered elements and the differentiation of visually similar
components. To address these challenges, we propose a framework for document
layout analysis using object detection techniques. Our methodology has demon-
strated 3 percent improvements compared to baseline methods, as evidenced by its
performance on the PubLayNet dataset.

This chapter explores the application of object detection in document layout analysis,
covering its background, development, and our proposed CNN-based architecture
and training approach. We present an enhanced framework for the detection of
document elements, which demonstrates substantial improvements in mean average
precision on the PubLayNet dataset, surpassing baseline models.

2.2 Background

Prior to the advent of deep learning, document layout analysis relied heavily on
traditional image processing techniques. Early systems utilized projection profiles,
connected component analysis, and morphological operations to identify regions of
interest in scanned documents [7]. These methods typically assumed that documents
followed clear structural patterns, such as using whitespace detection to separate
text blocks and fixed thresholds to distinguish between images and tables [8].

In addition to these techniques, researchers employed methods like run-length en-
coding and histogram analysis to detect and separate various layout components.
The projection profile technique was particularly effective in identifying horizontal
and vertical patterns corresponding to lines of text and columns, respectively. By an-
alyzing the intensity distribution along rows or columns, the system could determine
potential borders between components based on significant gaps [9, 10].

Another approach involved using decision trees to identify textual and non-textual
regions in an image. For instance, the (X Y) segmentation method employed a
decision tree where each page of a document was located at the root, and the leaves
represented the final segmented regions. At each node, the tree divided the region
into two smaller rectangles, repeating this process until no further divisions were
possible [11].
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The majority of classical methods relied on the geometric properties of document
components. For example, connected component analysis grouped highly correlated
pixels, enabling the separation of characters and words. Morphological operations,
such as dilation and erosion, enhanced these groups by smoothing noise and com-
pleting gaps in the detected areas. Although effective in controlled settings, these
approaches struggled with documents featuring non-uniform layouts, overlapping
items, or noise introduced by the scanning process [12].

Despite the initial successes of these early approaches, they had significant limita-
tions. The use of predetermined thresholds and hand-coded rules made it difficult
for systems to adapt to deviations in document format, language, and style. Non-
standard layouts, cluttered backgrounds, or variable font sizes frequently caused
segmentation errors. As a result, traditional layout analysis, although foundational
for automatic document processing, was largely limited to documents with expected
patterns and clean visual characteristics.

One of the significant advances of the period was the shift from purely heuristic
approaches to methods that had the ability to learn from data. By learning from
labeled datasets, machine learning algorithms could infer complex patterns and
relationships in document images. Decision tree algorithms, for example, could
automatically determine the most discriminating features for differentiating between
the various document elements. Ensemble techniques such as Random Forest also
improved classification accuracy by combining the predictions of a set of decision
trees, reducing the impact of outlier decisions and noise in the data.

With a learning approach, these systems would also learn new document styles with
minimal human effort, a crucial advantage in coping with the increasing variability
of digital documents. However, the performance of early machine learning systems
still remained bottlenecked by the quality of the features extracted [13]. Hand-
crafted features, though useful for certain applications, could not model the complex
visual patterns of diverse document layouts. As a result, while machine learning was
a significant advancement compared to conventional methods, it also highlighted
the importance of creating even more advanced techniques that had the ability to
learn feature representations directly from raw image data, ultimately leading to
the development of deep learning methods that revolutionized the document layout
analysis research area.

2.2 Background 9



2.2.1 Layout Analysis with Deep Neural Networks

The emergence of convolutional neural networks transformed computer vision
applications, such as document layout analysis. CNNs can learn hierarchical features
directly from raw pixels, removing the need for manual feature extraction. This
breakthrough enhanced the robustness and accuracy of layout analysis systems
[14].

There have been significant advances in CNN designs in recent years, which have had
a direct impact on the performance of document layout analysis systems. Residual
networks (ResNets) [15] enable deep network training without vanishing gradients,
leading to higher accuracy in complicated tasks like layout analysis.

The use of object detection algorithms into DLA has resulted in exact localization of
certain elements within documents. Researchers demonstrated excellent accuracy
in detecting and finding document components [6]. Figure 2.1 demonstrates a
successful DLA outcome, with each document element appropriately detected and
labeled. This highlights the ability of contemporary DLA approaches to manage
complex layouts with high precision.

There are two main ways to object detection: one-stage detectors and two-stage
detectors. As described in Faster R-CNN [16], two-stage detectors incorporate a
two-part process: the first phase creates region proposals, while the second phase
classifies and refines these proposals and their bounding boxes. In contrast, one-
stage detectors execute object localization and classification simultaneously in a
single forward pass of the network. They divide the picture into a grid and predict
bounding boxes and class probabilities directly for each grid cell [17]. While one-
stage detectors are faster, two-stage detectors are known for their superior accuracy
[18]. Successful detectors like Mask R-CNN build upon the Faster R-CNN architecture
and extend it with a ResNet backbone and a feature pyramid network (FPN) [19],
enabling both object detection and instance segmentation.

Figure 2.2 shows how the Faster R-CNN approach extracts a feature map by passing
the input image through multiple convolutional layers. A Region Proposal Network
(RPN) is then used to this feature map to select regions with the highest likelihood of
containing items and mark them with bounding boxes. These recommended regions
are then resized to match their original image size, and the bounding boxes are
finally sorted into specific object categories. The RPN, introduced in Faster R-CNN,
suggests a collection of prospective areas based on the feature maps. The authors
incorporated anchor boxes to accommodate different sizes and aspect ratios. For each
pixel in a feature map, a collection of anchor boxes with varying scales and ratios is
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Fig. 2.1: Example of accurate document layout analysis using object detection techniques.

created. These boxes are then classed as foreground or background according to
their Intersection over Union (IOU) with the ground truth. This procedure generates
hundreds of ideas, and Non-Maximum Suppression (NMS) is employed to eliminate
duplicates.

However, the RPN has a drawback in that it uses heuristically specified scale and
aspect ratio values for the anchors. This reliance might be a disadvantage. Anchor-
free methods use a single anchor to indicate the center of an object [17]. While this
methodology is faster, it may not be as accurate as anchor-based methods [18].

Several deep learning models have been presented for document layout analysis
that use the object detection paradigm. Yi et al. proposed a CNN-based page object
recognition approach with three stages: region proposal extraction, CNN-based
classification, and duplication reduction by dynamic programming [20]. Li et al.
suggested a hybrid technique that includes linked components, projection profiles,
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and conditional random fields for page object recognition, with a CNN applied to
refine the classification accuracy of broad regions. Schreiber et al. used the R-CNN
object detector to locate tables [21]. They later expanded this architecture to identify
tables, equations, and figures [22]. Goswami et al. emphasized the significance of
contextual information in document layout analysis by taking into account nearby
regions when classifying document elements [23].

image

conv layers

feature maps

proposals

ROI poling

classifier

Region Proposal Network

Fig. 2.2: Architecture of a region-based object detection framework. The pipeline begins
with feature extraction using convolutional layers, followed by region proposal
generation via a Region Proposal Network. The region proposals are refined and
processed through RoI pooling to produce fixed-size features, which are then
classified and localized by the final classifier.

2.3 Layout analysis with object detection

Objects in images usually change in size, therefore multi-scale analysis is critical
for successful recognition and segmentation. Traditional approaches, such as image
pyramids, process multiple resolutions of the input image to capture scale changes,
but they are computationally expensive and memory-intensive [24]. To solve these
limitations, FPN provide an efficient alternative by combining feature maps from
different layers of a CNN rather than processing images at numerous resolutions.

Figure 2.3 shows that FPN has two pathways: bottom-up and top-down, with lateral
connections. The bottom-up pathway collects feature maps across multiple resolu-
tions from the backbone network, with each stage producing a feature map with
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increasingly lower resolution but more semantic information. These feature maps
are then routed through the top-down pathway, where higher-level, low-resolution
feature maps are upsampled and linked to equivalent lower-level, high-resolution
feature maps via lateral connections. FPN creates scale-invariant features by merging
high-resolution feature maps, which capture fine-grained spatial information, and
low-resolution feature maps, which store semantic context.

Fig. 2.3: A representation of the proposed method. First, the input image is fed into a
CNN. Second, a feature pyramid network fuses the feature maps from the previous
step. Third, a cascade RPN is used to find the potential object regions. At last, the
ROI-Pooling layer is used to downsize the feature maps and feeds them to both the
classifier and bounding box regressor. ‘H’, ‘C’, and ‘A’ designate the head, classifier,
and anchor regressor of the cascade RPN.

Feature Extraction

CNNs have proven to be extremely effective at extracting key features from images,
securing them as the foundation for tasks such as image categorization and object
detection. ResNet [25] is one of the most influential CNN designs. It uses a sequence
of convolutional layers and max pooling procedures structured into many stages.
Each stage generates feature maps with increasingly finer resolutions, allowing the
network to catch both fine-grained and high-level visual patterns.

In our work, we use ResNeSt [26] as the backbone architecture, based on the success
of ResNet. ResNeSt improves the traditional residual network by using a multi-path
design [27] and a channel-attention mechanism [28] for each path. This approach
enables the network to dynamically weight feature channels based on their relevance
to the job, resulting in better feature representation. As shown in Figure 2.4, a
ResNeSt block is made up of many routes, each with a split-attention mechanism
that prioritizes the most informative channels. This capacity allows the network to
focus on discriminative features, resulting in more accurate predictions and higher
performance across a variety of visual recognition tasks.
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Fig. 2.4: A representation of a ResNeSt block. The input is fed into multiple paths of CNNs.
In each path, channel attention mechanism is used. The final output is achieved
by concatenating the path’s outputs and the input.

Feature Map Fusion

Objects in photos frequently change in size, hence multi-scale analysis is critical for
successful recognition and segmentation. Traditional approaches, such as picture
pyramids, process multiple resolutions of the input image to capture scale changes,
but they are computationally expensive and memory-intensive [24]. To solve these
limitations, FPN provide an efficient alternative by combining feature maps from
different layers of a CNN rather than processing images at numerous resolutions.

Figure 2.3 shows that FPN has two pathways: bottom-up and top-down, with lateral
connections. The bottom-up pathway collects feature maps at various resolutions
from the backbone network, with each stage producing a feature map with in-
creasingly lower resolution but more semantic information. These feature maps
are then routed through the top-down pathway, where higher-level, low-resolution
feature maps are upsampled and linked to equivalent lower-level, high-resolution
feature maps via lateral connections. FPN creates scale-invariant features by merging
high-resolution feature maps, which capture fine-grained spatial information, and
low-resolution feature maps, which store semantic context.

Region proposal network

The Cascade RPN [29] improves on traditional RPN by implementing a multi-stage
refinement process. Unlike traditional RPNs, which create region proposals in
a single step, Cascade RPN iteratively refines proposals via a series of adaptive
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convolutional steps. This approach ensures higher-quality region recommendations
by gradually increasing the accuracy of bounding box forecasts. In the first stage, a
collection of anchors is evenly initialized throughout the image, with one anchor per
place. The second stage refines these preliminary ideas with an adaptive convolution
kernel that dynamically modifies the sample area based on the proposed bounding
box. This method allows the network to extract more contextual information from
the feature maps, resulting in more accurate localization.

The Cascade RPN is especially well-suited for document layout recognition because
of its ability to handle non-overlapping rectangular sections effectively. Documents
are often made up of structured pieces (such as text blocks, graphics, and tables)
that are easily represented by rectangular bounding boxes. Cascade RPN effectively
recognizes and refines these elements using a single anchor per place and an adaptive
convolution kernel, making it an excellent choice for document analysis jobs.

Object classification

Once the RPN generates a set of region proposals, the next step is to classify these
regions into predefined categories. To handle regions of varying sizes, a RoI Pooling
layer is employed to resize the feature maps into fixed-dimensional vectors. RoI
Pooling is a key component in object detection pipelines, enabling the extraction of
fixed-size feature maps from variable-sized region proposals. These vectors are then
passed through fully connected layers to predict class labels and refine bounding
box coordinates.

The network returns the spatial coordinates and dimensions of the detected bounding
boxes, as well as a probability distribution across the available classifications for each
region. This end-to-end trainable architecture is designed for document pictures,
ensuring high performance in recognizing and classifying elements. The next section
describes how the suggested technique was trained, tested, and evaluated using the
PubLayNet dataset.

2.3.1 Implementation Details

Our method is developed using the MMDetection codebase [30], which is an open-
source object detection toolbox based on PyTorch. MMDetection has a modular
design, allowing for extensive modification of detection frameworks, and it offers
cutting-edge implementations for a variety of applications, including object detection,
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instance segmentation, and panoptic segmentation. The network input is scaled to
a maximum dimension of 704 pixels to achieve a balance between computational
efficiency and feature resolution. We use the ResNeSt-50 backbone without pre-
training and train the complete network on the PubLayNet dataset using eight GPUs.
The training configuration includes a batch size of four images per GPU and a
mini-batch size of 32, which ensures that hardware resources are used efficiently.

The training procedure utilizes synchronized batch normalization (SyncBN) [31] to
stabilize training across multiple GPUs, and stochastic gradient descent (SGD) as the
optimizer. The model is trained for 12 epochs, with the learning rate adjusted on
the sixth and ninth epochs. The initial learning rate of 0.02 is decreased by a factor
of 0.1 at each adjustment point, allowing the model to converge more efficiently.
Furthermore, the weight decay and momentum parameters are set to 0.0001 and
0.9, respectively, to regularize the model and improve optimization.

MMDetection’s evaluation tools, such as the ‘tools/test.py‘ script, are used to calcu-
late the mean average precision (mAP) and other metrics, including precision, recall,
and F1 score. These tools enable COCO-style evaluation, which ensures compatibil-
ity with frequently used benchmarks. The combination of MMDetection’s modular
design and advanced capabilities, such as adjustable learning rate scheduling and
SyncBN, allows for robust and scalable training, making it an excellent candidate
for document layout analysis.

2.4 Evaluation and Results

2.4.1 Dataset

In the past, datasets for document layout analysis were introduced through ICDAR
competitions [32, 33, 34, 35]. However, these datasets often lack the scale needed
to train deep CNNs efficiently. The publication of PubLayNet, a large-scale dataset
targeted for document layout research, overcomes this problem [36]. PubLayNet,
created by Zhong et al. in 2019, has 358,353 annotated document pictures sourced
from scientific journals, including both single-column and two-column styles. The
dataset includes annotations for five different document element categories: text,
title, figure, table, and list, giving it a comprehensive baseline for assessing deep
learning approaches in document understanding tasks.

PubLayNet has three subsets: training (335,703 samples), development (11,245),
and testing (11,405 samples). The ground-truth annotations for the training and
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development sets are made public, however the test set annotations are kept private
for benchmarking purposes. Each annotation contains accurate bounding box
coordinates and related class names, allowing for supervised training of object
identification models. The dataset’s variety of document layouts and element types
makes it an excellent resource for creating and testing sophisticated document
analysis tools.

2.4.2 Evaluation Metrics

As a sub-class of object detection, our task is evaluated using the same performance
criteria. The following are the definitions of the common evaluation metrics:

• Precision The precision is calculated as the number of true positives (TP)
divided by the total number of positive predictions (TP + FP). This metric
determines the accuracy of a model. The precision is calculated using Equa-
tion (2.1):

Precision = TP
TP + FP

(2.1)

• Recall The recall, also known as sensitivity, indicates the rate of missed positive
predictions. It is calculated by dividing the correct positive predictions (TP) by
all positive predictions (TP + FN). The mathematical definition is shown in
Equation (2.2):

Recall = TP
TP + FN

(2.2)

• Precision-Recall Curve The precision-recall (PR) curve plots precision versus
recall for all possible thresholds. A good object detector should have a high
recall rate as well as a high precision rate.

• Intersection Over Union (IOU) The IOU measures the overlap between a
predicted bounding box and the correct one for an object. It is calculated using
Equation (2.3):

IoU(A,B) = The Overlapping area
The Union area

= |A ∩B|
|A ∪B|

(2.3)

• Mean Average Precision (mAP) The mean average precision (mAP) is a
widely used parameter for evaluating object detection models. It is the area
under the precision-recall curve for each class, and the mAP is computed by
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averaging all average precision values for all classes. Equation (2.4) formulates
the metric:

mAP = 1
N

N∑
r=1

APr (2.4)

where APr is the average precision for class r.

For evaluation, we use the IoU metric to measure the overlap between predicted
bounding boxes and ground-truth annotations. The performance of a model is
quantified using mAP, computed over IoU thresholds ranging from 0.5 to 0.95. This
evaluation protocol aligns with the COCO challenge [37] and has been adopted by
Zhong et al. in their evaluation of Faster R-CNN and Mask R-CNN on PubLayNet [36].
By following this standardized protocol, our method’s performance can be directly
compared to baseline approaches, ensuring a fair and consistent assessment.

2.4.3 Results

Table 2.1 compares the performance of our method with comparable results from
previous studies. Specifically, Zhong et al. [36] reports on the performance of two
baseline methods: Faster R-CNN and Mask R-CNN [38]. Our proposed strategy
improves accuracy in four of the five document element categories. The mAP results
show that titles are the most difficult category to categorize, most likely because of
their visual resemblance to text and the dataset’s class imbalance. This conclusion is
consistent with previous research findings, emphasizing the inherent difficulty in
identifying titles from other text parts.

Figure 2.5 shows the recognition results, with annotations for true positives, false
positives, and ground truth. Yellow boxes reflect the network’s predictions, green
boxes are ground-truth annotations, and red boxes are false positives. The findings
show that the network successfully recognizes most text regions, while non-text
elements like logos and tables are correctly categorized as non-text areas. However,
because titles and plain text have similar visual features, it is difficult to separate
them. This misclassification is a typical problem in document analysis since titles
are frequently visually indistinguishable from other text sections.

Despite these limitations, the suggested architecture recognizes all five groups with
satisfactory accuracy. The results, as shown in Table 2.1 and Figure 2.5, support
the usefulness of our approach for document layout analysis. Future study could
focus on enhancing title classification by including more contextual clues or utilizing
advanced feature fusion algorithms.
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(a) (b)

(c) (d)

Fig. 2.5: Detection results with corresponding labels. (a) and (b) are true positives, while
(c) and (d) have false negatives and false positives.
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Tab. 2.1: Results on the validation-set of PubLayNet

Method AP Macro average
Text Title List Table Figure

F-RCNN [36] 0.91 0.826 0.883 0.954 0.937 0.902
M-RCNN [36] 0.916 0.84 0.886 0.96 0.949 0.91

CBM [39] 0.886 0.527 0.8683 0.9761 0.8376 0.819
MBC [39] 0.888 0.5279 0.8811 0.9766 0.8398 0.8227

Ours 0.944 0.908 0.94 0.974 0.966 0.946

2.5 Conclusion

In this chapter, we explored various methods for extracting structural information
from documents and developed a novel approach for document layout analysis that
employs object detection algorithms. The suggested method uses a CNN for feature
extraction and a Cascade RPN to identify probable object regions. By combining
these components, our system detects document elements including text, titles,
figures, tables, and lists in a robust and accurate manner.

To test the proposed approach, we ran numerous tests on the PubLayNet dataset, a
large-scale benchmark for document layout analysis. We used the mAP assessment
criterion to compare our method to baseline models such as Faster R-CNN and Mask
R-CNN. The results show that our methodology enhances the accuracy of document
element recognition, exceeding existing methods in four of the five categories.
Notably, the adoption of ResNeSt, a robust backbone feature extractor, and the
Cascade RPN architecture help to these performance increases by improving feature
representation and fine-tuning region proposals.

Our findings have numerous implications for document layout analysis. First, it
demonstrates the efficiency of object detection techniques in tackling document
understanding issues, especially when combined with advanced feature extractors
such as ResNeSt. Second, it emphasizes the importance of Cascade RPN in increasing
detection accuracy by iteratively refining region recommendations. These results
indicate that our proposed architecture is a promising alternative for activities that
need precise and efficient document processing.

Future study could look into additional improvements, such as incorporating more
contextual information or using multi-task learning to improve the classification of
visually similar categories like titles and text.
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Enhancing Table Detection
Through Continual Learning

3

„Good things will always find you, but you’ll be
too distracted by bad things to notice.

— Dave Tarnowski

3.1 Introduction

The rapid growth of data has created a need for systems that can learn from new
data points progressively while preserving previously learned information. However,
continuously training a network can lead to a decline in performance on previous
data when learning from new instances, a phenomenon known as catastrophic
forgetting [40]. This issue is particularly relevant in the context of table detection, a
field that has received little attention despite the availability of many datasets and
advanced algorithms.

Modern deep learning algorithms have produced excellent results, but they are
limited by two major drawbacks: their reliance on large, diverse training datasets
and their inability to incorporate new knowledge without damaging earlier learning.
The latter restriction is due to neural networks’ tendency to overwrite current
weight configurations when adjusting to new tasks, as opposed to organic brain
systems, which have built-in mechanisms for retaining established knowledge. These
limitations are especially problematic in table detection, where the variability of
table formats and the need for continuous learning pose significant challenges.

Tables are used in a variety of documents, including scientific journals and financial
reports, and their accurate detection and extraction are critical for downstream
applications such as information retrieval, data mining, and automated report
preparation. However, the inherent variability of table formats—varying boundaries,
merged cells, and variable layouts—presents considerable obstacles. To address
these challenges, continual learning provides a promising solution, which allows
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models to be fine-tuned as new data enters, eliminating the need to retrain from
scratch.

Continual learning is especially beneficial in real-world settings, where new docu-
ment formats and table structures are constantly emerging. By leveraging continual
learning, table detection models can adapt to new data and preserve previously
learned information, reducing the risk of catastrophic forgetting.

This chapter makes several key contributions:

1. It introduces a novel, end-to-end trainable table detection method that is
robust to the inclusion of new datasets while maintaining high performance
on previously trained data.

2. It presents the first study to incorporate a continual learning framework for
table detection in document images, establishing a baseline for future research
in this domain.

3. It highlights the potential of continual learning to address the challenge of
dataset-specific training, a major limitation in document image analysis.

3.2 Background

Table detection has been an open problem for several decades. This section discusses
earlier rule-based methods, followed by recent deep learning approaches. Finally,
we highlight current methods that incorporate continual learning in various fields.

3.2.1 Rule-Based Methods

Early table detection research concentrated on rule-based algorithms that used
crafted heuristics based on the physical layout and structural patterns of the tables.
Itonori [41] pioneered the use of spatial text-block groupings and ruling lines to
identify tables in texts. Chandran and Kasturi [42] highlighted ruling lines as
discriminative characteristics, while Pyreddy and Croft [43] created heuristic-driven
systems, such as Tintin, to retrieve tables from document images. Green and
Krishnamoorthy [44] developed formal layout grammars and geometric models to
enhance recognition accuracy.

Coüasnon and Lemaitre [45] and Embley et al. [46] emphasize the limitations of rule-
based systems, such as their inability to handle varied table styles and complicated
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layouts. Zanibbi et al. [47], Silva et al. [48], and Khusro et al. [49] provide a
comprehensive overview of rule-based strategies and their evolution.

3.2.2 Deep Learning Approaches

The introduction of deep learning transformed table detection by enabling data-
driven, adaptive solutions. Hao et al. [50] attempted to localize tables by combining
CNNs with PDF metadata. Gilani et al. [51] reframed table detection as an object
detection problem, utilizing Faster R-CNN [52], a two-stage detector with good
accuracy. This method accelerated improvements, notably Siddiqui et al. [53], who
created deformable convolutional networks to accommodate geometric variety in
tables by adaptively modifying receptive fields.

Instance segmentation improved detection precision in [22], which used Mask R-
CNN [38] to generate pixel-level masks for tables. Cascade architectures, such as
those by Prasad et al. [54] and Hashmi et al. [55], improved robustness by employing
multi-stage detectors with progressively stricter IoU thresholds. In [56], guided
table structure recognition through anchor optimization was proposed. Hybrid
frameworks, such as Nazir et al.’s [57], combine deformable convolutions with
Hybrid Task Cascade [58] to improve performance on irregular layouts.

Alternative approaches investigated fully convolutional networks [59, 60] for pixel-
wise classification and graph neural networks [61, 62] to model structural relation-
ships inside tables. Meanwhile, domain-specific adaptations occurred, including
Huang et al. [63] employed YOLO architectures for real-time detection, whereas
[64] analyzed table structure after detection. TableNet [60] is a hybrid framework
that combines structural analysis and detection capabilities. Arif and Shafait [65]
improved table detection by combining foreground and background characteristics,
employing color coding to distinguish numeric and textual data, and applying Faster
R-CNN. Sun et al. [66] proposed a faster R-CNN-based table detecting method that
incorporates a corner locating technique.

Table detection has advanced significantly from heuristic algorithms to complex
deep learning frameworks. The current state-of-the-art includes deformable CNNs,
graph-based models, and hybrid approaches, with ongoing research focusing on
improving generalization, handling complex structures, and integrating deeper
semantic understanding, as evidenced by comprehensive surveys such as [6, 67].
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3.3 Continual Learning

Continual learning (CL) is the process of creating models that can continuously
learn from a stream of data, adjusting to new tasks while preserving information
from previously acquired tasks. This method differs greatly from standard machine
learning, in which models are trained once on a fixed dataset and then kept static.
The fundamental issue connected with CL is catastrophic forgetting, which occurs
when the model forgets previously learned tasks when trained on new data, as well
as the capacity to properly transfer information across tasks. To address these issues,
researchers have proposed a variety of methodologies, including regularization
techniques, memory-based approaches, and architectural changes such as dynamic
network expansion, to enable efficient and flexible learning.

Many researchers have studied ways to learn from new data over time [68]. In the
literature, different names are used to describe these techniques, such as life-long
learning, incremental learning, and online learning, but here we refer to them
as continual learning. The idea of CL is to preserve the knowledge gained from
previous training while learning from incoming data [69]. Figure 3.1 illustrates the
fundamental difference between conventional approaches and our proposed method
that leverages CL. Retraining a model on new data often results in lower performance,
but a CL method preserves prior knowledge while learning new information.

Catastrophic forgetting has been tackled by researchers with various techniques in
different domains [70, 40]. Some works apply regularization techniques to different
parts of the model, such as the loss function, learning rate, and optimizer, while
others practice dynamic architecture or parameters isolation for learning different
tasks continually. Rehearsal processes have also been exercised [71]. For image
classification, Kirkpatrick et al. [72] introduced the elastic weight consolidation
(EWC) to alleviate forgetting. In their approach, any modification to the important
weights of the network is penalized. In [73], the authors present an EWC-based
method for incremental object detection. According to their findings, when the
annotations of the old classes are missing, EWC misclassifies previous categories as
background. Therefore, they proposed the pseudobounding process for annotating
old classes on the new set of images.

Memory based methods are among the most successful methods in this domain.
Rebuffi et al. [74] proposed iCaRL for image classification. In iCaRL, a set of exam-
plars for each class is selected dynamically and used for replay with a knowledge
distillation technique [75]. In [76], authors proposed deep model consolidation
(DMC) for incremental learning that can be applied in both image classification and
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Fig. 3.1: Illustrative sketch of the continual learning usage. After the first training phase
(top row), conventional methods take the same approach for the next datasets
(middle row). CL methods can involve previous knowledge in the latest trains by
replaying them for the model (bottom row). Blue represents true positives, and
red denotes false positives.

object detection. In their approach, a double distillation loss is used to combine the
two models that one is trained on the old classes and the other is trained on the
new ones.

In [77], authors developed a variant of Fast R-CNN [78] with a class agnostic region
proposal [79] for object detection in a class incremental setting. A distillation loss
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Fig. 3.2: The training setup. (a) In the individual training approach, the model is trained
on a new dataset. (b) In the joint training, the model is trained on all available
datasets. (c) In the fine-tuning approach, the model is trained on a new dataset
with the initial parameters obtained from training on the previous datasets. (d)
In the experience replay approach, at first, the model is initialized with the
parameters attained from the previous learning stages on the former datasets;
then, the model is trained on a new dataset and a replay memory (that is randomly
selected from the former datasets).

was also used to reduce forgetting when training on the new objects with a frozen
copy of the learned model on the previous set of classes.

RODEO [80] applied the experience replay procedure using a buffer memory com-
prising of compressed representations of the past samples. Another recent work that
applied experience replay is presented by Shieh et al. [81]; in their method, images
from the former task are concatenated with the new samples for class incremental
object detection.

3.4 Proposed Approach

The purpose of this study is to continuously train a network with the new data
while preserving prior knowledge. In recent years, multiple datasets have been
published for table detection with existing demands for more labeled data; thereby,
we define the continual learning for table detection as follows. Suppose D1,2,...,t−1 is
an array of multiple datasets, and Mt−1 is a model that has been trained on them.
At the event of introducing a new dataset at time, t, different scenarios are possible.
Figure 3.2 displays four of the possible ways of consuming the new dataset. In the
following, we will describe them along with our proposed experiments.
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Independent Training

This is the conventional method of training in which a model is trained on each
dataset. The Algorithm 1 shows the straightforward batch training procedure
which is used here. The results of this experiment will show the upper bound
of possible learning with current data and architecture. Figure 3.2a presents this
training process.

Joint Training

In the joint training, all the available datasets are exploited. This setup acts as
an upper bound of the learning capability of the model using all the available
data. As presented in Figure 3.2b, all the available samples are shuffled before the
batch training.

Fine-Tuning

The classical fine-tuning procedure is implemented for this experiment. As Figure 3.2c
shows, during the training of Dt, a pre-trained model on previous datasets, Mt−1,
is employed for initializing the parameters of the model. Afterwards, the model is
retrained with a lower learning rate on the new instances. Since this setup will result
in catastrophic forgetting, its performance is the lower bound for the learners.

Experience Replay

The last experiment is the continual learning technique that we devised for our task,
called experience replay (Figure 3.2d). In this approach, R1,2,...,t−1 is a small memory
that is dedicated to images of the prior datasets. These images are then presented to
the model while the model is trained with the new data. To be precise, each batch
contains samples from both Dt and R1,2,...,t−1. This does not only make the learning
more stable but also helps the network strike a balance between learning about new
table styles and preserving existing ones.

Algorithm 2 describes our batch training with experience replay. Assume that
the training procedure is supposed to proceed for Dt and we have the prior data
and the trained model at our disposal. The algorithm begins by initializing the
replay memory, R1,2,...,t−1. It is a random selection of images from D1, D2, . . . , Dt−1.
In each iteration of training, a mini-batch is chosen from the Dt and another from
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R1,2,...,t−1. These batches are then concatenated in one batch, and one step of
gradient descent is taken by them.

The number of images in R1,2,...,t−1 will be equal to one percent of the number of
training samples in Dt. In this manner, we can ensure that the memory is neither
too small nor too large for preserving the past knowledge while learning the new
ones. Its images are selected randomly from Dis with respect to their size. If sDi

designates the number of training samples in dataset Di, then the number of images
from dataset Di that reside in R1,2,...,t−1 are achieved from (3.1) and represented by
CDi:

CDi = ⌈ sDi∑t−1
j=1 sDj

× 1
100 × sDt⌉ (3.1)

Algorithm 1: Batch training
Input: Learning rate: νk, Initial weights from ImageNet
Data: Dataset Dt, batch size bs

1 Function BatchTraining(Dt, bs):
2 while each iteration do
3 B ← sample a mini-batch from Dt of size bs;
4 g← 1

n

∑n
i=1∇wL(B) ; // compute the gradient for the current

batch
5 w← w− νkg ; // update the current weights

Algorithm 2: Batch training with Experience Replay
Input: Learning rate: νk, formerly trained model
Data: Array of prior datasets D1,2,...,t−1, new dataset Dt, batch size bs, memory

sample size ms

1 Function BatchTrainingWithReplay(D1,2,...,t−1, Dt, bs, ms):
2 R← randomChoice(D1,2,...,t−1) ; // allocate samples from previous

datasets
3 while each iteration do

4 Bn
bs← Dt ; // sample a mini-batch from Dt

5 Br
ms← R ; // sample a mini-batch from the memory

6 g← 1
bs+ms

∑bs+ms
i ∇wL(Bn ∪Br) ; // stack two minibatches and

compute the gradient
7 w← w− νkg ; // update the current weights
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3.4.1 Networks

The choice of network architecture is critical to the effective use of continuous
learning approaches in table detection. Faster R-CNN networks are widely utilized
in table identification due to their robust feature extraction and exact localization
of table sections [6]. Furthermore, innovations in network architecture, such
as residual connections and attention modules, make these models resilient in
continuous learning scenarios. The inclusion of such architectural advances is
critical to maintaining high detection accuracy while responding to new streams of
data over time.

In recent years, the introduction of transformer-based models has opened up new
possibilities for table identification. The Detection Transformer (DETR) architecture
[82] uses self-attention to detect long-range relationships in images. This is especially
useful in document understanding, since the spatial context within table components
might span huge sections of a page. Hybrid solutions that take advantage of the
relative characteristics of both CNNs and transformers are also gaining favor since
they allow for both local feature extraction and global contextual sensitivity.

To validate the suggested technique, we chose two cutting-edge architectures: Faster
R-CNN [52] and Pyramid Vision Transformer [83, 84], as well as Sparse R-CNN [85].
Faster R-CNN is regarded as a classic baseline in many previous studies, hence it was
our initial pick. The Sparse R-CNN+PVT architecture was picked as one of the most
recent SOTA detectors.

Faster R-CNN+ResNet

Faster R-CNN is a two-stage detector proposed in 2015 [52]. In the first part of
this architecture, a deep CNN is used for extracting feature maps from the input
image. We employed ResNet-50 [86] for this purpose. Contrary to Fast R-CNN [78],
which uses a selective search algorithm to find the region of objects, the Faster
R-CNN utilizes a module called region proposal network to approximate the possible
locations of each object in the image. Using RPN, Faster R-CNN can effectively
cut the prediction time and improve the accuracy. Moreover, the RPN allows the
Faster R-CNN to be end-to-end trainable. After detecting the possible region of
interests, the feature map of each ROI is fed to a fully connected network consisting
of two branches at the final layer. One branch is a softmax layer to predict the class
of objects and the other is a box-regression layer for computing the coordinates.
The architecture of Faster R-CNN is seen in Figure 3.3.
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Sparse R-CNN+PVT

Pyramid Vision Transformer made the first convolution-free object detector possi-
ble [83]. As proposed in [84], the combination of PVT with Sparse R-CNN creates
a strong end-to-end method for object detection. In PVT, a progressive shrinking
pyramid extracts multi-scale features. Similar to traditional CNNs, as the network
grows in depth, the output resolution progressively shrinks. Moreover, an efficient
attention layer was designed to further reduce the computation cost.

Given the Figure 3.4, the structure of PVT consists of one main stage repeated four
times in order to simulate the pyramid approach, which reduces the size of the
feature maps. Inspired by the transformer idea in language translators, the input
image must be tokenized. Therefore, the mentioned stage in PVT converts the input
to some patches as a dictionary of tokens. So, at the first stage, the input image of
size H×W ×3 is split into H×W

42 patches; then the patches are flattened, and a linear
projection process is applied to the patches in order to attain embedded equivalents.
Afterwards, the embedded patches and their positions are input to another block
called transformer encoder, which includes a spatial-reduction attention (SRA) layer.
Ultimately, by reshaping the output of the transformer encoder block, the feature
map F1 is obtained. By taking a closer look at Figure 3.4, we can observe that
by applying the mentioned processes to the output of the previous stage, the new
feature maps F2, F3, and F4 are produced. After that, these feature maps are fed
into a sparse R-CNN [85] for object detection. Unlike the conventional RPN, which
requires thousands of anchor boxes, sparse R-CNN relies on a small set of learnable
proposal boxes. These predictions are then refined in multiple stages.

3.4.2 Implementation Details

In every evaluation, both the Faster-RCNN and the Sparse R-CNN were trained
using the publicly available MMDetection toolbox [87]. The training procedure and
environment were the same for all experiments. The networks were trained on eight
GPUs with four images per GPU. In the ER setting, the batch size is also four per
GPU, among which one is from the replay memory.

The ResNet-50 [86] is used as the backbone network for Faster-RCNN, and for
the Sparse R-CNN, the PVTv2-B2 [84] is chosen. The backbones of the models
were pre-trained on the ImageNet [88]. If not mentioned otherwise, all the default
configurations are used from the reference implementations.
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Region Proposal Network (RPN)

Convolutional layers

...

Classification

Bbox regression

Backbone  

ROI Pooling

Fully Connected layers

...

Classification

Bbox regression

Proposals

Fig. 3.3: The structure of Faster R-CNN. The workflow consists of feeding the input image
to CNN network. Afterwards, potential object regions are found with the RPN.
The final step is ROI pooling that extract features for each region and feed them
to classifier and the bbox regressor.

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

1 1
4 4

H W
F C=  

2 2
8 8

H W
F C=  

Position Embedding

Element-wise Add

Feature map

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

P
atch

 E
m

b

E
n
co

d
er

3 3
16 16

H W
F C=  

4 4
32 32

H W
F C=  

Fig. 3.4: The schema of pyramid vision transformer. Each stage’s output is passed to the next
layer while the first two dimensions are halved (rows and columns). The finished
map will be 16 times smaller than the input yet with a greater depth.
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In the IT scenario, the model is trained for three epochs. The initial learning rate
is 10−4, which decays with a factor of 10 for every epoch. In FT and ER, the added
datasets were fine-tuned for one epoch with a learning rate of 10−5.

To prevent overfitting in the ER scenario, data augmentation is applied on images
of replay memory. Four types of augmentation are used from the Image corruptions
library [89], namely, motion blur, jpeg compression, Gaussian noise, and brightness.
The augmentation methods were chosen so that they simulate common real-life sce-
narios.

3.5 Evaluation and Results

3.5.1 Datasets

In total, we utilized four modern publicly available datasets: TableBank, PubLayNet,
PubTables-1M, and FinTabNet. Table 3.1 summarizes datasets’ statistical informa-
tion.

• TableBank [90]

TableBank has been collected from the arXiv database [91], containing more
than 417 K labeled document images. This dataset comes with two splits,
Word and Latex. We combined both for training.

• PubLayNet [zhong2019publaynet]

PubLayNet is another large-scale dataset that covers the task of layout analysis
in documents. Contrary to manual labeling, this dataset has been collected
by automatically annotating the document layout of PDF documents from the
PubMed CentralTM database. PubLayNet comprises 360 K document samples
containing text, title, list, figure, and table. All document samples from
the PubLayNet dataset that contain tabular information were excluded for
our experiments.

• PubTables-1M [92]

This dataset is currently the largest and most complete dataset that addresses
all three fundamental tasks of table analysis. For our experiments, we include
the annotations of table detection from this dataset that consists of more than
500 K annotated document pages. Furthermore, we unify the annotations
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Tab. 3.1: The number of utilized images in four employed datasets.

Set TableBank PubLayNet PubTables-1M FinTabNet Joint

Train 261 K 86 K 461 K 48 K 856 K
Test 8 K 4 K 57 K 6 K 71 K

for various tabular boundaries in this dataset with a single class of tables to
conduct joint training.

• FinTabNet [93]

We employ FinTabNet to increase samples’ diversity. FinTabNet is derived
from the PubTabNet [94] and contains complex tables from financial reports.
This dataset comprises 70 K document samples with annotations of tabular
boundaries and tabular structures.

3.5.2 Results

In this section, we present the numerical results of the experiments. As outlined
in Section 3.4, we conducted four experiments: independent training (IT), joint
training (JT), fine-tuning (FT), and experience replay (ER). These experiments were
performed using two state-of-the-art models, Faster R-CNN and Sparse R-CNN, for
table detection. The evaluation metrics used are the same as those presented in the
previous chapter.

In the IT, one model was trained for each individual train-set and tested against the
corresponding test-set. In JT, the train-sets of all four datasets are shuffled, and the
models are trained on the compiled set of samples. The resultant network is tested
separately on the four test-sets of the four datasets. In FT and ER, one network was
trained with the four datasets in sequence. Unlike IT, the model will not be tested
until it finishes training with all four train-sets. The obtained network will then be
tested on the four test-sets with the same order. It is expected that FT approach
forgets the first dataset more severely. It should be mentioned that the effect of the
order will be studied in a further subsection. As mentioned, the proposed method,
ER, takes the same path as FT, with the difference that it consumes a subset of the
previous datasets while being fed with the new samples. The four reported results
are obtained in a similar manner to FT’s. It is expected that ER suffers less from
catastrophic forgetting and, ideally, reaches the performance of JT.
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Tab. 3.2: The mAP results of different experiments on multiple test-sets. IT is the Inde-
pendent training, JT is the Joint training, FT is the Fine-tuning, and ER is the
Experience replay. the values written in the parentheses in the ER experiment
demonstrate the difference in the mAP metrics between the ER and FT approaches.
Acronyms TB, PN, PT, and FN denote TableBank, PubLayNet, PubTables-1M,
and FinTabNet, respectively. The R superscripts for ER, demonstrate the index of
the previous datasets contributing to the replay memory.

Experiment Train-Set/Test-Set
Faster R-CNN+

ResNet
Sparse R-CNN+

PVT
IT T B/ T B 95.7 96.2
JT {T B ∪ P N ∪ P T ∪ F N}/ T B 94.1 94.7
FT T B → P N → P T → F N/ T B 74.2 76.4
ER T B → P NR1 → P T R1,2 → F NR1,2,3 / T B 89.6(+15.4) 90.7(+14.3)
IT P N/P N 97.6 97.4
JT {T B ∪ P N ∪ P T ∪ F N}/ T B/P N 97.4 97.5
FT T B → P N → P T → F N/P N 90.5 90.6
ER T B → P NR1 → P T R1,2 → F NR1,2,3 /P N 93.7(+3.2) 92.5(+1.9)
IT P T /P T 98.9 99
JT {T B ∪ P N ∪ P T ∪ F N}/P T 98.4 98.7
FT T B → P N → P T → F N/P T 97.2 98
ER T B → P NR1 → P T R1,2 → F NR1,2,3 /P T 97.4(+0.2) 98.2(+0.2)
IT F N/F N 90 91.3
JT {T B ∪ P N ∪ P T ∪ F N}/F N 88.4 92.7
FT T B → P N → P T → F N/F N 90 93.3
ER T B → P NR1 → P T R1,2 → F NR1,2,3 /F N 90 93.1

Table 3.2 summarizes the results of these experiments. By taking a close look at
the values of FT and ER, it can be observed that the proposed approach effectively
prevents the models from forgetting previous datasets. To emphasize the contrast,
parenthesized values in the ER rows show the mAP-gain by ER in comparison to
FT. In particular, the mAP for the proposed method on the TableBank is about 15
percent higher than FT. We see that the Sparse R-CNN+PVT demonstrates a better
performance than the Faster R-CNN+ResNet in almost all experiments.

The precision–recall curves for ER and FT with the Sparse R-CNN+PVT architecture
are presented in Figure 3.6. It is evident that as IOU thresholds rise, FT curves
plummet. This is further illustrated with IOU values of 0.9 and 0.95 (in green and red,
respectively). Moreover, the fact that the older datasets are more prone to forgetting
is again apparent in the figures. This is evident from the TableBank’s curves in
Figures 3.6a,b and in Figures 3.6g,h that correspond to the most recent dataset.

Figure 3.7 presents common pitfalls ahead of FT. In some cases, the model inac-
curately detects the bounding boxes, and in others, we see frequent samples of
false-positives. In contrast, the ER approach has led to a better performance and
prevented the model from forgetting.
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(a) (b)

Fig. 3.5: Cont.

3.5.3 The Effect of Datasets Order

It is clear that the inherent differences between the datasets is the cause of catas-
trophic forgetting. Nonetheless, the results showed that the performance drop of
the network is harsher on the older samples. To investigate this, we repeated the
experiments in Section 3.4 with a different sequence of datasets during the training
phase. In the initial experiments, the order of the datasets was: TableBank, Pub-
LayNet, PubTables-1M, and FinTabNet. However, for the second trial, the sequence
is changed to PubTables-1M, PubLayNet, TableBank, and FinTabNet. The rest of the
settings are equal to the previous experiments.

The results of this trial are presented in Table 3.3. These results support the previous
ones, and the effect of forgetting is once again apparent. By comparing the results
of the models on PubTables-1M in the first and second trials (Tables 3.2 and 3.3),
we can infer that the performance of models on the preceding datasets drops more
drastically. As is presented in Table 3.2, the effect of forgetting on the test-set of
PubTables-1M is less than one percent, while in contrast, Table 3.3 shows a 1.1%
improvement using ER over FT.

3.5.4 Comparison with State-of-the-Arts

The current SOTA methods heavily rely on particular datasets for training and
evaluation. However, in this study, we conducted the experiments on multiple
datasets in sequence. To this end, some of the datasets were altered, and the training
procedures were different than is customary. Hence, results of this study are not
directly comparable to the previous SOTA. Nevertheless, a few of them are reported
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(a) (b)

(c) (d)

(e) (f)

Fig. 3.6: Precision–recall (PR) curves for FT (a, c, e, g ) and ER (b, d, f, h) with Sparse
R-CNN on four datasets. Each row corresponds to a dataset (from top to bottom):
TableBank, PubLayNet, PubTables-1M, FinTabNet. Different IOU threshold are
demonstrated with blue, orange, green, and red which correspond to 50%, 75%,
90%, and 95%, respectively.
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(a) (b)

(c) (d)

(e) (f)

Fig. 3.7: The qualitative results using two methods: (a) Fine-tuning, (b) Experience replay.
Blue represents true positive, and red denotes false positive. The samples are from
TableBank, PubLayNet, and PubTables-1M datasets, respectively. The Experience
replay method maintains the performance but the fine-tuning approach suffers
from false detection and inaccurate bounding boxes.
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Tab. 3.3: The mAP results of different experiments on multiple test-sets. FT is the Fine-
tuning, and ER is the Experience replay. Acronyms TB, PN, PT, and FN denote
TableBank, PubLayNet, PubTables-1M, and FinTabNet, respectively. The R super-
scripts for ER, demonstrate the index of the previous datasets contributing to the
replay memory.

Experiment Train-Set/Test-Set
Faster R-CNN+

ResNet
Sparse R-CNN+

PVT
FT P T → P N → T B → F N/P T 96.1 97.4
ER P T → P NR1 → T BR1,2 → F NR1,2,3 /P T 97.7(+1.6) 98.5(+1.1)
FT P T → P N → T B → F N/P N 91.2 93.4
ER P T → P NR1 → T BR1,2 → F NR1,2,3 /P N 94.2(+3) 94.4(+1)
FT P T → P N → T B → F N/T B 76.5 79.8
ER P T → P NR1 → T BR1,2 → F NR1,2,3 /T B 87.9(+11.4) 90.7(+10.9)
FT P T → P N → T B → F N/F N 89.5 92.9
ER P T → P NR1 → T BR1,2 → F NR1,2,3 /F N 89.1 93

Tab. 3.4: The mAP results of SOTA methods and our continual methods. * indicates that
the results are not directly comparable. Acronyms TB, PN, PT, and FN denote
TableBank, PubLayNet, PubTables-1M, and FinTabNet, respectively.

Method TB[mAP] PN[mAP] PT[mAP] FN[mAP]
CDeC-Net [64] 96.5 97.8 - -
CasTabDetectoRS [55] 95.3 - - -
DETR [92] - - 96.6 -
Faster R-CNN+ResNet (ours) * 89.6 93.7 97.4 90
Sparse R-CNN+PVT (ours) * 90.7 92.5 98.2 93.1

for the convenience of the reader. Table 3.4 quotes the published values. While our
methods trained in a continual setting, their results are close to the conventional
methods that had been trained on a single dataset.

3.6 Conclusion

This chapter addressed the critical problem of catastrophic forgetting in deep learning
models used for table detection in document images. Catastrophic forgetting, or
the loss of a model’s performance on previously learned tasks when trained on new
data, is a key barrier to developing resilient and adaptive models. To address this
issue, the study offered a continuous learning approach based on experience replay,
a technique that involves storing a subset of images from previous datasets and
replaying them while training new data. This approach efficiently retains knowledge
from previous tasks while learning new ones.
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The studies were carried out on numerous datasets totaling over 900,000 images,
demonstrating the scalability and effectiveness of the suggested method. The study
found that the experience replay method reduced the forgetting effect by about
15 percent when compared to standard fine-tuning methods, which are prone to
catastrophic forgetting. Notably, the continual learning strategy performed similarly
to SOTA approaches trained on single datasets, showing its ability to produce
competitive outcomes without requiring costly retraining on complete datasets.

This technique makes it easier to train table detection models with new datasets
by reducing catastrophic forgetting. This is a key step toward designing adaptive
and resilient table identification techniques that can perform well across multiple
domains without requiring retraining from start.
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Table Ruling Lines
Recognition

4

„Everything will be okay.*
*Disclaimer: Results may vary.

— Dave Tarnowski

Automatic table understanding in document images has long been a challenging
task in the research community. Tables are a crucial component of documents,
containing a significant amount of information. Despite their well-defined structure,
which is easily comprehensible to humans, existing OCR methods struggle with table
digitization. Although considerable efforts have been made to address this challenge,
the problem remains largely unsolved.

Tables occur frequently in printed and digital reports, providing a formatted organi-
zation to present data in rows and columns. Table ruling lines detection is necessary
to identify the tabular organization, which in its turn is vital for operations like table
segmentation, cell extraction, and data mining. Table ruling lines recognition is all
about identifying horizontal and vertical lines dividing table cells. This is particularly
challenging when table arrangement, paper degradation, scan distortion, and the
presence of noise vary.

The process of table understanding is typically divided into multiple stages. The
first stage involves detecting tables in an image, known as table detection. The
second stage is Table Structure Recognition (TSR), where rows and columns must
be identified. Some end-to-end approaches take the input image and output the
actual table data, known as table recognition.

One of the primary challenges in TSR is the wide variety of tables, which can
differ greatly in structure, size, color, and design. Tables with ruling lines, on the
other hand, can make the problem easier to solve. When creating a table, authors
frequently draw lines between rows and columns to aid comprehension. These lines
provide a clear indicator for structure recognition.
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To address this issue, this chapter introduces a specialized Convolutional Neural
Network designed for line segmentation using asymmetric convolutions, which can
effectively identify and separate ruling lines in tables. Furthermore, a new dataset
for table line segmentation is introduced, consisting of 35,000 images with various
distortions, which can be used to train and evaluate the performance of the proposed
CNN model. These contributions aim to improve the accuracy and robustness of
table structure recognition and lay the groundwork for future research in this area.

4.1 Background

Historically, table ruling lines were detected mainly through morphological opera-
tions and edge detection techniques. Morphological operations such as dilation and
erosion manipulate binary images to improve structural features. Dilation bridges
fragmented line segments caused by noise, whereas erosion removes isolated arti-
facts. Sequential combinations, such as opening (erosion followed by dilation) and
closing (dilation followed by erosion), help to refine results. For example, closing
can repair torn lines, whereas opening reduces noise. These operations typically use
structuring elements (such as rectangular or elliptical masks) whose shapes match
the expected line geometries.

Following morphological preprocessing, edge detection operators like Canny and So-
bel are used to identify intensity gradients that correspond to table boundaries. The
Canny detector applies a multi-stage process involving noise reduction, gradient cal-
culation, non-maximum suppression, and hysteresis thresholding to produce precise
edge maps. The Sobel operator, using horizontal and vertical convolution kernels,
offers a more efficient but less precise approximation of gradients. These generated
edge maps then feed into the Hough Transform [95], which maps image-space points
to a parameter space (angle and distance) to detect lines, even fragmented ones.
However, this traditional pipeline’s effectiveness heavily depends on the initial edge
quality; noisy or low-contrast images often result in incomplete or spurious lines.
Furthermore, its robustness across diverse document qualities is limited by the sensi-
tivity of various parameters, such as gradient thresholds, accumulator resolution,
and minimum line length.

Early research focused on heuristic methods, such as identifying column/row sepa-
rators via line properties [96] or analyzing text distribution [97]. With advances
in deep learning, modern TSR approaches leverage object detection architectures
[98, 99, 100, 101, 56] and CNNs for row/column segmentation [102, 103]. For
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example, Prasad et al. [101] combined morphological operations with Hough line
detection and duplication filtering for bordered tables. Recent surveys [67] highlight
these methodologies’ growing accuracy but note their frequent neglect of ruling line
alignment, leading to suboptimal results when traditional edge detection fails.

Given the complexity of TSR, this work focuses on segmenting the ruling lines in a
table image. The outcome of this phase can be used alongside existing techniques
to enhance their accuracy. Similar to this work, Lo et al. [104] introduced an
efficient model for semantic segmentation that incorporates various techniques
such as encoder-decoder, skip connections, and asymmetric convolutions. These
techniques will be discussed in more detail in the next section.

4.2 The Proposed Method

This section presents a novel CNN architecture, specifically designed for the task
of segmenting ruling lines in table images. The proposed method prioritizes the
accurate segmentation of long lines, while minimizing the detection of noisy, small
lines that can compromise the overall performance.

A detailed overview of the proposed method is provided below, starting with an
introduction to the underlying principles and followed by a presentation of the
proposed architecture.

4.2.1 Basic Principles

Encoder-Decoder Architecture

Many successful segmentation architectures, such as SegNet [105] and UNet [106],
employ an encoder-decoder style network. The encoder is responsible for summa-
rizing features from the input image into compact feature maps, while the decoder
converts these maps back to pixel space to obtain a semantic classification.

Inception Architecture

Inception is a well-known architecture introduced by Szegedy et al. [107]. The
design of an inception module features different filter sizes within each layer of
convolution. The combination of all the features learned from the different filter
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sizes leads to an increase in representational power. Following this idea, we used
multiple kernel sizes in our encoder and decoder networks.

Asymmetric Convolutions

Typically, CNNs are built with squared shape convolution kernels, such as a 3x3
kernel. However, a convolution kernel can have any dimensions. Asymmetric
convolutions are kernels in which the dimension is not a squared shape, e.g., 1x3.
In practice, these types of kernels are used as a low-complexity alternative to square-
shaped filters. This is done by combining two consecutive asymmetric convolutions.
As shown in Ref.[108], a 3x3 kernel can be replaced by a 1x3 followed by a 3x1
kernel. Later, Peng et al. demonstrated an application of these convolutions in their
studies for capturing long-range relations[109]. In Ref. [104], authors employed
this approach to create an efficient segmentation model.

4.2.2 Network Architecture

Our network uses asymmetric convolutions to prioritize the segmentation of long
lines while suppressing noisy small lines. Figure 4.1 shows the proposed encoder-
decoder network architecture. The input image is first fed into a two-layer CNN,
the second layer having a stride of two. The first CNN layer’s output is then
routed through an encoder block, which includes four convolutional paths, two of
which use asymmetric convolutions and the others use conventional convolutions.
The encoder block’s output is then fed into the decoder block, which only uses
asymmetric convolutions. To facilitate information flow, skip connections are used to
concatenate the blocks’ input and output. Finally, a classification layer, implemented
as a convolutional layer, is used to generate the final output.

As shown in Figure 4.2, each encoder and decoder block contains multiple types
of CNN layers. The encoder block features four convolutional paths, with two
using asymmetric convolutions and the other two using traditional convolutions. In
contrast, the decoder block only uses asymmetric convolutions. Skip connections, a
well-established technique in CNNs, are also employed to concatenate the input and
output of the blocks, promoting the flow of information.

The design of our network is motivated by the desire to focus the model on features
corresponding to long lines, rather than small, noisy ones. The kernel dimensions for
asymmetric convolutions are selected empirically, taking into account the dimensions
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Fig. 4.1: A representation of the proposed method. (All diagrams are made with
Net2vis [110]).

(a) Encoder block

(b) Decoder block

Fig. 4.2: Encoder and Decoder blocks.

of the feature maps. Specifically, after downsampling twice, the feature maps have
dimensions of 32 x 64. The kernels used for asymmetric convolutions are 15 x 3 and
45 x 5, allowing the model to capture both short-range and long-range relationships
in the feature map space.

4.2.3 Implementation Details

Training a Convolutional Neural Network with images of varying sizes can be a
challenging task. To address this issue, we employed a patch-based approach,
extracting patches from the images while preserving their original aspect ratio. To
reduce computational time, we resized larger images, ensuring that all images had a
dots per inch (DPI) range of 72 to 200.

Given the predominant aspect ratio of greater than one in the dataset, we selected
input dimensions of 128x256 pixels for the height and width, respectively. Dur-
ing both training and testing phases, images were divided into patches of these
dimensions and fed into the model, allowing for efficient processing and analysis.

The Tensorflow framework [111] is used for the implementation of the network.
The batch normalization [112] and PRelu [113] are planted after each convolution.
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The model is trained solely on the train set for 4 epochs with the batch size of 8.
The SGD optimizer is employed with an initial learning rate of 0.01. The learning
rate decays exponentially with a rate of 0.1 after each epoch. Also, the Focal loss
[114] is employed to prevent the negative samples from overwhelming the classifier.
The training process took 1 hour using a single RTX 3090 GPU.

4.3 Evaluation and Results

4.3.1 Dataset

The DeepFigures dataset [115] is one of the most extensive free-to-use datasets
available for graphical page object detection. It comprises over 1.4 million docu-
ments, including information on the boundaries of tables and figures. The dataset
was created by leveraging scientific articles from public databases such as PubMed
and arXiv.

For our experiment, we collected a subset of the DeepFigures dataset and created a
new dataset called TabLines1. To create this dataset, we converted PDF files into
images and cropped the table areas. We then altered the text color of the PDF files to
white, making only the table lines visible. Finally, we converted the altered PDF files
into images and cropped the table areas. The resulting dataset consists of 35,000
images, with 31,000 used for training and 4,000 used for testing.

Data Augmentation

Most datasets for Table Structure Recognition contain only digitally-born images
[116, 115, 117, 118]. However, real-world images captured by scanners or smart-
phones often contain noise and deformation. To simulate real-world scenarios, we
applied a series of augmentations to the dataset images using the Imgaug library
[119]. This library provides a comprehensive set of augmentations designed for
image understanding tasks.

The types and frequencies of the augmentations used are summarized in Table 4.1.
All of these distortions were applied to every image in the dataset with a random
factor of severity, ensuring that the images are realistic and the trained model is
better equipped for real-life scenarios. For geometrical artifacts, both the images and

1Available at: https://github.com/minouei-kl/TabLine
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the ground truth underwent distortion. For more information on the augmentations
used, please refer to [119].

Tab. 4.1: Distortions frequency

Distortion Probability Magnitude
Gaussian Blur 0.3 Sigma=(0, 1.5)
Motion Blur 0.3 K=(3, 7)
Average Blur 0.3 K=(1, 3)

Contrast scaling 1 alpha=(0.45, 1.25)
Brightness scaling 0.3 Range=(-30, 30)
Shadow distortion 0.3 Scale=(0.7, 1.3)

Gaussian noise 1 Scale=(0.0, 12.75)
SaltAndPepper 1 P=0.001

Color channel multiply 0.7 Scale=(0.7, 1.3)
Hue and saturation scaling 1 Scale=(0.6, 1.4)

Perspective Transform 1 Scale=(0.001, 0.01)
piece-wise affine 0.7 Scale=(0.0021, 0.0042)

Tab. 4.2 shows the effect of using asymmetric convolution on the model’s perfor-
mance. The total parameters of the model are less than a Million which is fairly
lightweight. As presented, replacing the squared shaped kernels with the asymmetric
ones results in fewer Parameters and FLOPs. The inference time is computed by
averaging the time needed for inferring a single image.

Tab. 4.2: Network parameters, FLOPs (FLoating-point OPerationS), and inference speed.

Method Params (M) FLOPs (M) inference (ms)
without asymmetric 0.88 512 51

with asymmetric 0.86 321 49

4.3.2 Results

In this section, we compare our method with the approach described in Ref. [101].
Since their method is not directly compatible with the segmentation task, we em-
ployed a fair comparison strategy. First, we executed their method on the ground
truth of the test set and saved the recognized lines as images, which can be consid-
ered as the upper bound for their method. We then applied the same steps to obtain
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results on the test set images and evaluated these samples against the ground truths
using the same metrics as our method.

Our results show that while their method performs well on images without noise,
it struggles in the presence of distortions. In contrast, our approach demonstrates
improved robustness to distorted images.

To demonstrate the effectiveness of asymmetric convolutions, we conducted an
additional experiment where we removed the asymmetric convolutions from the
encoder block and replaced them with regular convolutions in the decoder block.
Figure 4.3 illustrates a case where the impact of asymmetric convolutions is clear.
As shown, the asymmetric method is more successful in preserving long lines and
eliminating small noises.

Table 4.3 summarizes the common metrics evaluated on the test set for these three
experiments. Furthermore, Figure 4.4 presents samples of the distorted inputs and
the outputs of these three methods. It is evident that our network provides plausible
results in terms of both qualitative and quantitative measures.

Notably, our findings contrast with those reported in Ref. [104], where the authors
found that using asymmetric convolution did not improve accuracy. However, our
application differs in nature from their studies, and we are specifically focusing
on line segmentation. In our experiments, using asymmetric convolution actually
increased the accuracy, highlighting the importance of carefully evaluating the
effectiveness of different techniques in the context of specific tasks.

Tab. 4.3: Results

Method Precision Recall F1 Mean IOU
CascadeTabNet[101] 62.450 58.451 60.148 48.896

Ours (without asymmetric) 80.666 84.820 82.691 84.395
Ours (with asymmetric) 81.163 85.787 83.411 84.954

4.4 Conclusion

This chapter addressed the challenge of accurately identifying ruling lines in noisy
table images, which is a critical step in table structure recognition. Unlike previous
methods that rely on hand-crafted features or traditional image processing tech-
niques, we used a proposed dataset, TabLines, which contains 35,000 labeled images
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(a) Test image (b) Without asymmetric convolutions

(c) With asymmetric convolutions

Fig. 4.3: The effect of using Asymmetric convolutions.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 4.4: (a) and (b) are images from the test set. (c) and (d) are the outputs of the
CascadeTabNet’s line detection method. (e) and (f) are the outputs of our method
without asymmetric convolution. At last, (g) and (h) are the outputs of our
method.
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with various distortions. This dataset addresses the scarcity of publicly available
data for training and evaluating ruling line detection algorithms.

We created a custom CNN that uses asymmetric convolutions to improve line detec-
tion. Our proposed method outperformed a traditional approach, detecting ruling
lines with significantly greater accuracy and robustness, even in the presence of noise
and distortions. The network was designed to be lightweight, so it could run on
smartphones or be embedded in other networks for real-time line segmentation.

The outcome of this research has the potential to improve the accuracy of table
understanding methods that rely on line information, and our approach could be
applied to various applications, such as the analysis of ancient documents, where line
detection is a crucial step. This approach is more robust than traditional methods
and can be utilized in real-time applications, making it a valuable resource for future
research in this area.
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Imbalanced Document
Classification

5

„You are exactly where you are supposed to be.
Because you make terrible decisions.

— Dave Tarnowski

5.1 Introduction

The issue of data scarcity in deep learning remains a significant, unresolved problem.
Many existing works in this domain operate under the assumption that models have
access to a comprehensive and balanced dataset that covers all conceivable class
conditions. However, real-world scenarios often involve imbalanced and incomplete
data, creating considerable challenges. Addressing these challenges is crucial for
developing robust models capable of handling diverse and unevenly distributed
data.

Documents come in various forms, including administrative paperwork, contractual
agreements, research articles, and more. Document classification plays a vital
role in efficiently organizing and managing extensive archives of documents for
large corporations and organizations, enabling them to streamline their document
management processes and ensure effective retrieval. Inspired by the success of
Convolutional Neural Networks in image classification tasks, many researchers have
applied CNNs to document classification as well. However, document images differ
from natural images as they encompass two distinct modalities: textual information
and visual information.

Classifying document images based solely on visual or textual information can be
suboptimal due to their inherent similarity. To overcome this limitation, researchers
have proposed methods that leverage both modalities, integrating textual and vi-
sual data sources. This integration has shown significant improvements in the
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performance of document classification tasks. By combining textual and visual fea-
tures, these approaches capture a more comprehensive representation of documents,
leading to enhanced classification accuracy and robustness.

In this chapter, we propose a multi-modal approach for tackling the challenge of
imbalanced document image classification, which combines both image-based and
text-based information to effectively address class imbalance. As shown in Figure 5.1,
the approach consists of three main steps. For the visual stream, we employ a two-
phase classification strategy using ResNet. During the first phase, the model is
trained with cross-entropy loss; in the subsequent phase, the Influence-Balanced (IB)
loss function is employed. Next, an OCR engine is utilized to extract textual content
from document images, and BERT is employed for text classification. Lastly, the
outputs of the ResNet and BERT models are combined, and appropriate techniques
are applied to mitigate class imbalance. Our method aims to improve both the
accuracy and robustness of imbalanced document image classification tasks. The
following sections detail each step, describing the methods used and the rationale
behind our approach.

5.2 Background

Imbalanced learning refers to the challenges and methodologies associated with
training machine learning models on datasets where certain classes are significantly
underrepresented compared to others. This imbalance can lead to biased models
that perform poorly on the minority classes.

Existing works in the field of imbalanced learning can be categorized into four
groups: balanced data, balanced feature representation, balanced loss, and balanced
prediction [120]. These approaches aim to address the challenges posed by imbal-
anced datasets by modifying the data distribution, improving feature representation,
adjusting the loss function, and balancing the final predictions.

Over/under-sampling is a common technique to address imbalanced datasets [121].
However, it can result in over-fitting for tail classes and reduced generalization. It
is crucial to carefully consider these drawbacks when making decisions on how to
effectively handle class imbalances.

Feature selection methods are employed to improve the model’s ability to differen-
tiate between classes by selecting the most significant features. In [122], a set of
parametric class-wise learnable centers is proposed. Furthermore, domain-specific
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attributes or semantic embedding are incorporated to enrich the feature space in
works such as [123, 124].

To tackle imbalanced data, modifying the loss function during network optimization
is considered one of the most effective approaches. This allows the model to
prioritize minority classes, reducing the bias towards the majority class. Various
techniques can be employed to achieve this, such as using weighted loss functions
or Focal loss [114].

Another course is to focus on enhancing the inference process. Wang et al. intro-
duced a technique aiming to balance the accuracy of both head and tail classes [125].
They achieve this by training multiple experts concurrently and then combining their
predictions through an ensemble approach.

Influence balanced loss

A novel approach for addressing imbalanced datasets presented in [126]. This
method, called Influence-Balanced loss, applies re-weighting to samples based on
their influence on the decision boundary. The fundamental concept behind the IB
loss is to identify the most influential samples that contribute to over-fitting the
model in favor of the majority classes and mitigate their impact. This is achieved by
estimating the relative influence of a training sample, (x, y), through the calculation
of the gradient magnitude with respect to the model parameters W , denoted as
∥∇wL(y, f(x, w))∥1. This gradient provides valuable insights into how the loss
function changes concerning the model’s parameters, allowing for the identification
of influential samples during the training process.

Due to the significant impact of changes in the last fully connected layer of the
model on the decision boundaries, a weighting factor for IB loss can be formulated
as follows:

influence weight(x; w) = ∥f(x, w)− y∥1 · ∥h∥1 (5.1)

This equation measures the relative influence of a training sample (x, y) on the
model’s behavior. It consists of two components: |f(x, w) − y|1 represents the L1

norm of the prediction error, capturing how much the model’s predictions differ from
the ground truth labels, while |h|1 denotes the L1 norm of the hidden feature vector
h, signifying the magnitude of the learned features for the sample. By multiplying
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these components, the IB loss identifies influential samples impacting the model’s
decision boundaries and behavior.

The IB weighting factor is then incorporated into the loss function, resulting in the
IB Loss (LIB):

L′(y, f(x, w)) = L(y, f(x, w))
influence weight(x; w) (5.2)

In this equation, L(y, f(x, w)) may denote either the cross-entropy or the Focal loss
function, which measures the disparity between the predicted outputs f(x, w) and
the ground truth labels y. By dividing the loss L(y, f(x, w)) by the IB weighting
factor, influence weight(x; w), the loss is effectively down-weighted for influential
samples, especially those coming from dominant classes. This approach helps in
addressing class imbalance challenges and leads to improved handling of imbalanced
datasets.

To further account for class imbalance, the preliminary practice of down-weighting a
sample against its class population can be employed. The weight of a sample will be
in inverse proportion with the population of the class that it belongs to. To formulate
this, if there are C classes in the dataset: {c1, c2, ..., ci, ..., cC}, and the number of
samples in the class that the sample x belongs to is denoted by |cx|, then:

αx =
1

|cx|∑C
i=1

1
|ci|

(5.3)

where |ci| is the number of samples in the ith class. αx is the second factor of
weighting sample x in contributing to the model’s learning. The final weights, W t+1

are updated as in (5.4):

W t+1 = W t − η · ∇ · αx ·
L(y, f(x, w))

influence weight(x; w) (5.4)

with W t denoting the current weights and η, the learning rate.

5.3 Proposed Method

In this section, we propose a multi-modal approach for tackling the challenge of
imbalanced document image classification, which combines both image-based and
text-based information to effectively address class imbalance. As shown in Figure 5.1,
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our approach consists of three main steps. For the visual stream, we employ a two-
phase classification strategy using ResNet. During the first phase, the model is
trained with cross-entropy loss; in the subsequent phase, we employ the IB loss
function to mitigate the effects of imbalanced data.

Next, an OCR engine is utilized to extract textual content from document images,
and BERT is employed for text classification. Lastly, the outputs of ResNet and
BERT models are combined, and appropriate techniques are applied to mitigate
class imbalance. Our method aims to improve both the accuracy and robustness of
imbalanced document image classification tasks. The following sections detail each
step, describing the methods used and the rationale behind our approach.

5.3.1 Visual stream

For classifying images based on their visual features, a robust CNN is needed. In
the previous section, we looked at how various CNNs have been used to classify
document images. In our study, we experimented with multiple CNNs, including
well-known architectures like VGGNet [127], which is commonly used in image
classification, ResNet [25], known for its deep layers and skip connections, and
EfficientNet [128], a more recent model that has shown promise in various tasks.
Although each of these networks had their own strengths, in our case their perfor-
mance were roughly the same. To maintain clarity and focus in our discussions, we
have decided to primarily discuss the results from ResNet.

A two-stage approach is implemented to address the imbalanced task, as shown
in Figure 5.1. In the first phase, the model is trained for a specified number
of epochs, denoted as T1, utilizing the cross-entropy loss function to establish a
baseline performance. In the second phase, which covers the remaining T − T1

epochs, the training process continues and incorporates the IB loss. The IB loss is
a specialized loss function designed for imbalanced data. It evaluates the relative
influence of each training sample and applies class-wise re-weighting to mitigate the
impact of influential instances. This approach leads to a more balanced and robust
training process, ultimately improving the model’s performance on the imbalanced
task.
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Fine-tuning the linear layers

Fine-tuning the BERT model

Balanced
sampler

Fig. 5.1: Overview of the Proposed Multi-Modal Approach. It involves three primary parts,
including the utilization of a two-phase classification strategy using ResNet, the
incorporation of advanced OCR techniques for text classification using BERT, and
the fusion of outputs from ResNet and BERT models.
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(c) Tesseract

Fig. 5.2: Visualization the OCR results of docTR and tesseract engines.

5.3.2 Textual stream

The BERT model is a highly effective language model that has been pre-trained on
massive textual data. Due to its great encoder representation for text, it is widely
used for text classification tasks. It is common practice to achieve high performance
by fine-tuning a pre-trained BERT on a small dataset with only a few epochs.

To begin, we first extract text from the document images using docTR - an advanced
OCR tool developed by Mindee [129]. Figure 5.2 showcases the superiority of docTR
over tesseract by presenting two sample dataset images along with their respective
OCR outputs from docTR and tesseract. The extracted text is then fed into the
BERT model for training. The input text is tokenized, padded and truncated to
a fixed length to ensure consistency. For our classification task, we simply add a
classification head on top of BERT’s pooled output. After training for a few epochs
using cross-entropy loss, the model adapts well to our specific task. The output of
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this textual stream model can be used independently or combined with the visual
stream output, which we discuss next.

5.3.3 Fusion network

The core of our multi-modal document classification framework lies in the fusion
of image and text networks, with the goal of leveraging the combined strengths
of visual and textual data. This fusion combines the discriminative capabilities of
visual features extracted by ResNet with the contextual understanding derived from
textual content using BERT, enriching the representation of document images to
improve classification accuracy.

After classifying images and text separately, each stream produces a 16-dimensional
vector representing class probabilities. These vectors are combined into a single 32-
dimensional vector. During this process, it is crucial to mention that all layers before
the fully connected and fusion layer are frozen. This means that the pre-trained
features are preserved and not modified during this phase.

Due to the inherent differences between visual and textual information, the fused
vector may contain noise. To mitigate this, we utilize batch normalization on
the concatenated vector to normalize its elements, enhancing generalization and
learning efficiency across classes. Following batch normalization, a normalized
vector is obtained and passed through a final classification layer. The result is
an output vector that merges information from both modalities, capturing precise
classification probabilities for each class.

Moreover, the fusion process integrates a class-balanced sampler technique to ensure
equal representation of all classes by oversampling underrepresented classes. By
deliberately oversampling the underrepresented classes, the model gains better
familiarity with less common classes during training. This proactive step helps
prevent bias towards majority classes, especially crucial as the final connected
layers are prone to overfitting. In essence, this strategy results in enhanced overall
performance in classification assignments.

5.3.4 Implementation details

The implementation and training of all models in the paper were conducted using
PyTorch [130]. The official implementations of ResNet-50 and BERT were used for
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image and text classification tasks, respectively. These models are trained on a single
NVIDIA GTX 3090.

For the visual model, the input image was resized to 256x256. The training was
conducted over 16 epochs using the cross-entropy loss. Following that, an additional
8 epochs were dedicated to training with the IB loss, resulting in a total training
span of 24 epochs. The initial learning rate was set at 4e-4, with a batch size of 64
for data processing.

For the text model, we selected the base pre-trained model of BERT. The model was
fine-tuned for four epochs, starting with a initial learning rate of 2e-5 with decay. A
batch size of 32 was used for this training process. These exact hyper-parameters
were also employed for training the fusion model.

Throughout all training processes, the AdamW optimizer [131] was employed. To
dynamically adjust the learning rate, the cosine scheduler with warmup was applied.
This scheduler managed the decrease of the learning rate by utilizing the values
of the cosine function between the initial learning rate set in the optimizer and 0.
The scheduling took place after a warmup period, during which the learning rate
gradually increased from 0 to the initial rate defined in the optimizer.

5.4 Experiments and Results

5.4.1 Dataset

The RVL-CDIP dataset is widely recognized as the benchmark standard for eval-
uating document classification model performance. It consists of a collection of
400,000 grayscale images across 16 different classes. These classes represent various
document types, making it an invaluable resource for training machine learning
models. Notably, Figure 5.3 showcases a selection of sample images from this dataset.
Originally, the dataset is balanced, with each class in the training set containing
20,000 images and each class in the validation and test sets containing 2,500 images.
However, to examine the effects of our contribution, we have introduced a protocol
to create an unbalanced version of the RVL-CDIP dataset.

In a long-tailed distribution, the sample sizes across classes exhibit an exponential
decay pattern. This decay is characterized by the parameter ρ, which represents the
ratio between the most and least frequent classes. To align with common practices
in the literature, we have set ρ to 0.01. Consequently, in our modified dataset, the

60 Chapter 5 Imbalanced Document Classification



first class contains 20,000 samples, while the last class is represented by only 200
samples. Figure 5.4 provides a visual representation of the class distribution in our
imbalanced train set. In order to ensure a fair comparison, we have maintained the
original test set without any modifications.

To evaluate our approach, multiple experiments were conducted and the results
were documented. We compare our method against two SOTA methods, namely
LayoutLMv2 and DocFormer, as well as a baseline model, to highlight its performance
enhancements in handling imbalanced datasets.

• LayoutLMv2: An advanced model that combines textual and layout informa-
tion for document understanding, representing a significant benchmark in the
field [132].

• DocFormer: A novel transformer architecture that integrating visual and
spatial features throughout the model using residual connections [133].

• ResNet+CE: Utilizes the ResNet architecture with cross-entropy loss, setting
the baseline for performance comparison.

• ResNet+CE+IB: Enhances the baseline by incorporating IB loss alongside
cross-entropy loss.

• ResNet+CE+IB+Focal: Further extends the previous setup by adding Focal
loss to address class imbalance more effectively.

• BERT: Employs the BERT model to focus on textual data analysis, diverging
from visual features.

• Proposed Model: Our approach that integrates the strengths of ResNet trained
with CE+IB+Focal losses and BERT, aiming to leverage both visual and textual
data for improved classification performance.

5.4.2 Evaluation Metrics

Evaluation metrics are essential in both assessing classification performance and
guiding model development. While accuracy is commonly used, it becomes problem-
atic when dealing with class imbalance issues. In such cases, a high accuracy score
may not accurately reflect the classifier’s ability to identify rare classes. For instance,
if only 1 percent of training data belongs to a rare class, an extremely simple strategy
can achieve high accuracy by always predicting the majority class. This highlights
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(a) letter (b) form

(c) email (d) handwritten

Fig. 5.3: Sample images from RVL-CDIP dataset.
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the limitations of using accuracy as the sole evaluation metric in certain applications
where identifying rare cases is crucial.

Accuracy

Accuracy is the ratio of correctly predicted instances to the total instances. It is
defined as:

Accuracy = TP + TN

TP + TN + FP + FN
(5.5)

where:

• TP (True Positive): Correctly predicted positive instances

• TN (True Negative): Correctly predicted negative instances

• FP (False Positive): Incorrectly predicted positive instances

• FN (False Negative): Incorrectly predicted negative instances

F1 Score

The F1 score is the harmonic mean of precision and recall, providing a balance
between them. It is defined as:

F1 Score = 2 · Precision · Recall
Precision + Recall

(5.6)

where:
Precision = TP

TP + FP
(5.7)

Recall = TP

TP + FN
(5.8)

Confusion Matrix

The confusion matrix is a table that summarizes the performance of a classification
model by displaying the actual vs. predicted classifications. It is structured as
follows:
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Predicted Positive Predicted Negative
Actual Positive TP FN
Actual Negative FP TN

Tab. 5.1: Confusion Matrix

5.4.3 Results

Table 5.2 presents the results, where we have 16 classes, and multiple columns
correspond to different experimented approaches under each metric. The analysis of
accuracy and F1-scores reveals a trend of decreasing performance as the number of
instances per class decreases. Notably, some majority classes achieve high accuracy
but lower F1-scores. For instance, the ‘form‘ class exhibits this phenomenon, with
high accuracy but a lower F1-score, indicating a significant number of mislabeled
samples despite the majority being correctly predicted. This decline in performance
is consistent with the challenges associated with class imbalance, where models tend
to underperform on minority classes. Specifically, LayoutLMv2 demonstrates good
performance across most classes but struggles with less represented classes, while
DocFormer displays the weakest performance in these minority classes.

Comparing the baseline ResNet+CE to the ResNet+CE+IB demonstrates notice-
able improvements. Furthermore, incorporating Focal loss with the IB loss leads
to additional gains in many cases, showing the complementary effects of these
strategies. The impact of using IB loss is also visible in the loss curves shown in
Figure 5.5. Initially, while the training loss decreased, the validation loss showed
signs of overfitting. However, after the sixteenth epoch, when training continued
with IB loss, the validation loss noticeably dropped, demonstrating the effectiveness
of this loss.

Markedly, the BERT model shows greater resilience, potentially attributed to its abil-
ity to leverage distinct textual information for accurate classification. For instance,
the ‘resume‘ class, despite limited samples, showcases BERT’s capability to identify it
through unique textual cues.

In the baseline approaches, the majority classes display high accuracy but low F1-
score. This pattern indicates that samples from potentially minority classes are
being misclassified as belonging to the more populated majority classes, which is a
common issue when dealing with imbalanced datasets.

The proposed method, however, has been successful in maintaining a balanced
performance across both the majority and minority classes.
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The fusion method consistently outperforms others in handling class imbalance
challenges, as evidenced by the results. It significantly boosts F1-scores for classes
with limited sample sizes, such as ‘resume‘, ‘questionnaire‘, and ‘memo‘.

Furthermore, the confusion matrix, represented as CM(i, j), provides a visual
summary of multi-class classification performance (Figure 5.6). Each column corre-
sponds to an actual class, while each row represents a predicted class. The diagonal
elements of the confusion matrix indicate accurate classification predictions where
i = j.

Taking a closer look at the confusion matrix, we can identify areas where the model
faces difficulty distinguishing between very similar classes. For example, the ‘memo‘
and ‘letter‘ classes are challenging due to their resemblance, particularly since the
‘memo‘ class has only 200 samples. Similarly, the ‘budget‘ and ‘invoice‘ classes
have similarities that make telling them apart tricky. Additionally, some samples
are ambiguous and could belong to more than one label. For instance, the class
“questionnaire” includes handwritten forms that are filled out.

Considering the provided analysis, the proposed approach has effectively preserved
accuracy in the majority classes, which naturally demonstrate high accuracy, while
also substantially improving accuracy in the minority classes. The results also prove
the effectiveness of the fusion of the image and text modalities.

5.5 Conclusion

This chapter addressed the significant challenge of class imbalance in document
image classification, where some classes have far fewer examples than others. To
tackle this issue, a novel multi-modal approach was developed, combining both
visual and textual information from document images.

The proposed method consisted of two streams: a visual stream using a ResNet
architecture with Influence-Balanced loss, and a textual stream using an OCR engine
and the BERT model. The outputs of these two streams were fused and normalized
using batch normalization to reduce noise and improve generalization.

The approach was evaluated on a modified version of the RVL-CDIP dataset, de-
signed to simulate real-world imbalanced scenarios. The results showed that the
proposed method outperformed state-of-the-art methods, including LayoutLMv2 and
DocFormer, as well as baseline models.
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Fig. 5.6: Confusion matrix of the proposed method.
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The experiments demonstrated a significant performance improvement, with an
overall accuracy boost of 13 percent and a more than 40 percent improvement in
certain minority classes. The results highlighted the importance of combining both
visual and textual features and employing specialized techniques, like IB loss, to
address the negative impact of imbalanced datasets.

In summary, this research introduced a novel multi-modal approach that effectively
addresses the challenges of class imbalance in document classification. By combining
ResNet with IB loss, BERT, and a fusion strategy, the method significantly improved
overall accuracy and performance on minority classes. This work provides a solid
foundation for future research in this area and underscores the importance of using
specialized techniques for imbalanced datasets.
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Structural Information
Extraction Using LLMs

6

„Don’t hesitate to ask the universe for more;
you probably won’t get it anyway.

— Dave Tarnowski

6.1 Introduction

Document understanding aims to interpret and extract meaningful information from
documents, which is made challenging by the numerous variations in document
layouts, such as invoices, tax forms, and other structured formats. These documents
often have complex elements such as tables and key-value pairs, necessitating
sophisticated methods for accurate information extraction. The field evolved from
heuristic methods [134] to specialized deep neural network techniques [135] and,
more recently, to the application of LLMs [136].

Natural language processing has been transformed by the advent of LLMs, which
have outperformed earlier SOTA methods in tasks such as text understanding, gen-
eration, and information extraction. Models like GPT [137] and Llama [138] have
demonstrated remarkable capabilities thanks to their huge scale (often consisting
of hundreds of billions of parameters) and extensive training on a wide range of
datasets. These models can perform tasks without the need for task-specific training
data due to their exceptional performance in zero-shot and few-shot learning. How-
ever, applying LLMs to visually dense, structured documents remains difficult due to
a lack of layout information in the text, which is required for accurate information
extraction.

This chapter explores the use of LLMs for structural information extraction, with a
focus on fine-tuning techniques and the integration of layout information via HTML
representations. We begin by reviewing existing methods for documenting under-
standing, followed by a thorough discussion of LLMs and their fine-tuning process.
Finally, we present our proposed method, which uses HTML representations and
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tailored instruction prompts to improve LLM performance on structured document
tasks.

6.2 Background

The development of models that incorporate text, layout, and visual information
has resulted in significant advances in document understanding. The LayoutLM
series [139, 132, 135] takes a major step forward by combining language models
with spatial and visual contexts. LayoutLM introduced 2-D positional and image
embeddings for tokens, while LayoutLMv2 improved visual data integration with a
multimodal transformer architecture. LayoutLMv3 simplified the structure by using
Vision Transformers [140] and focusing on tasks like masked language modeling
and word-patch alignment.

FormNet [141] employed innovative techniques like rich attention and super-tokens
to capture structural details in documents. This procedure computes attention scores
based on spatial relationships between tokens, whereas super-tokens incorporate
embeddings from neighboring tokens via graph convolutions. These approaches
have produced impressive results when dealing with structured documents.

Donut [142] proposed an end-to-end encoder-decoder model that bypasses OCR by
directly mapping raw input images to desired outputs. This approach simplifies the
pipeline but may struggle with documents requiring precise layout understanding.

Recent work by Perot et al. [143] introduced LMDX, a method for extracting informa-
tion from semi-structured documents using LLMs. LMDX uses text position encoding
and a grounding mechanism in five stages: OCR, chunking, generating prompts, LLM
inference, and decoding. This pipeline successfully identifies and locates entities in
documents, demonstrating the power of LLMs for document understanding.

Despite these advancements, there are still challenges in using LLMs for structured
document tasks, particularly due to a lack of layout information in text. Our work
addresses this limitation by introducing a machine-friendly HTML representation
that preserves both textual content and spatial layout, enabling more accurate and
precise analysis.
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6.2.1 Large Language Models

Large language models are a class of deep learning models designed to understand
and generate human-like text. They are typically based on the Transformer archi-
tecture [144], which is a groundbreaking deep learning model that powers from
self-attention mechanisms. LLMs are trained on large text corpora to predict the
next words in a sequence, allowing them to identify complex linguistic patterns and
semantic relationships, improving their language proficiency. Modern models, such
as GPT [137] and Llama [138], have enormous size, often comprising hundreds of
billions of parameters. can generalize across tasks without the need for task-specific
training data.

The Transformer architecture consists primarily of two components: an encoder and
a decoder. The encoder processes the input sequence to produce rich, continuous
representations, and the decoder generates the output sequence using these encoder
representations and previously generated tokens. The versatility of the Transformer
architecture allows for a wide range of configurations, each tailored to a specific
task. The encoder-decoder configuration is used for sequence-to-sequence tasks
like machine translation when the input and output sequences differ. Encoder-
only configurations, on the other hand, are adequate for tasks that require only
the comprehension of an input sequence, such as text classification or sentiment
analysis. The decoder-only configuration is used for generative tasks such as text
generation or language modeling.

Figure 6.1 illustrates the original Transformer architecture as described in [144].
The key components of the Transformer architecture include the following:

• Multi-head self-attention: enables the model to focus on different parts
of the input sequence simultaneously, allowing for the capture of complex
relationships between tokens.

• Positional encodings: provide information about the order of tokens in the
input sequence, which is essential for understanding the context and structure
of the input data.

• Feed-forward networks: apply non-linear transformations to the outputs of
the self-attention mechanism, enabling the model to refine its representations
and generate more accurate outputs.

• Layer normalization: stabilizes the training process by normalizing the acti-
vations of each layer, which helps to prevent vanishing or exploding gradients.
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• Residual connections: enable the model to learn much deeper representations
than would be possible with a standard feed-forward architecture, by allowing
the model to preserve and reuse previously learned features.

At the heart of LLMs lies the self-attention mechanism, which computes attention
scores between all pairs of tokens in a sequence. Given an input sequence of token
embeddings X = [x1, x2, . . . , xn], the self-attention mechanism computes:

Attention(Q, K, V) = softmax

(
QKT

√
dk

)
V, (1)

where:

• Q = XWQ, K = XWK , and V = XWV are the query, key, and value
matrices, respectively.

• WQ, WK , and WV are learned weight matrices.

• dk is the dimensionality of the key vectors, used to scale the dot product.

The output of the self-attention layer is a weighted sum of the value vectors, where
the weights are determined by the compatibility between queries and keys. This
allows the model to focus on relevant parts of the input sequence when generating
text or making predictions.

LLMs are not limited to just generating text; they have the potential to transform
how we understand documents. Their applications are diverse, including tasks
such as extracting information, conducting semantic searches, and summarizing
documents [136]. The few-shot learning capability of LLMs is particularly useful in
domains where labeled data is scarce or expensive to obtain [145]. By providing
a limited number of examples, LLMs can adapt to specific tasks, achieving SOTA
performance without extensive fine-tuning. However, their effectiveness in doc-
ument understanding tasks depends heavily on how input data is prepared and
structured.
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Fig. 6.1: Visual representation of the Transformer architecture, highlighting the encoder-
decoder structure, self-attention and feed-forward layers, and positional encodings.
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6.3 Methodology

6.3.1 Fine-Tuning Large Language Models

Fine-tuning is a supervised learning method that improves an LLM’s ability to perform
specific tasks by updating its weights with labeled datasets. Unlike pre-training,
which involves training on massive amounts of unstructured textual data, fine-
tuning focuses on task-specific adaptations. Instruction fine-tuning, in particular, has
emerged as a powerful strategy for improving model performance on a wide range
of problems. This method aligns the model’s behavior with human-like instructions,
allowing it to generalize more effectively for multiple tasks and domains.

Instruction fine-tuning involves training the model on datasets built up of prompt-
completion pairs, each of which contains an instruction and the desired outcome.
To improve a model’s summarization ability, for example, the dataset could include
prompts such as "Summarize the following text", along with appropriate completions.
This method teaches the model how to generate responses that are consistent
with the instructions provided. The ability of instruction fine-tuning to bridge the
gap between the model’s pre-trained knowledge and the specific requirements of
downstream tasks is critical to its success.

During fine-tuning, the model generates completions for prompts from the training
dataset and compares them to the labeled responses. The loss, calculated with the
cross-entropy function, is used to update the model’s weights via backpropagation.
This process is repeated over several epochs to improve the model’s performance on
the intended task. The selection of hyperparameters, such as learning rate, batch
size, and epoch count, is critical in determining the efficacy of fine-tuning. A precise
learning rate, for example, ensures that the model converges to the best solution
without overfitting or underfitting the data. A validation dataset is used to measure
accuracy, while a test dataset is used to evaluate final performance. Fine-tuning
creates a new version of the base model, also known as a "instructed model", that is
more appropriate for the tasks for which it was fine-tuned. This process improves
both task-specific performance and the model’s ability to generalize to previously
unseen but related tasks.

Our approach uses HTML representations to preserve both textual content and spatial
layout, addressing the issue of missing layout information in text. We convert the
OCR output of documents into HTML, which is used as input for the LLM. This input
is accompanied by an instruction prompt that describes the task and the expected
JSON output structure, which is based on the ground truth. By incorporating HTML,
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Fig. 6.2: An overall representation of our approach. Having prepared the inputs and
expected outputs of the documents, the model is fine-tuned in a supervised
manner.

we maintain the document’s structural and semantic relationships, allowing the
model to better understand and process complex layouts.

We fine-tune the LLM with tailored instruction prompts to help it better understand
and process document content. The fine-tuned model generates JSON outputs
containing key-value pairs for each page, making information extraction more
accurate. Figure 6.2 shows the overall process, including data preparation, prompt
generation, fine-tuning, and evaluation. This end-to-end pipeline ensures that the
model is not only accurate, but also resistant to variations in document structure
and content.

We use CodeLlama [146], a variant of Llama 2 [138] that has been fine-tuned for
datasets containing code, markup languages, and natural language text. CodeLlama
is specifically designed to handle long input contexts (up to 16,384 tokens) and
performs well under detailed instructions, making it ideal for programming and data
manipulation tasks. Its ability to handle structured inputs, such as HTML, makes it
ideal for our document understanding tasks.

For fine-tuning, we use the Parameter-Efficient Fine-Tuning (PEFT) library [147]
combined with a Low-Rank Adaptation (LoRA) configuration [148]. The PEFT
library offers several options for fine-tuning a small number of extra parameters in
large language models, significantly lowering computational costs. LoRA provides
an efficient method for fine-tuning LLMs by introducing smaller low-rank matrices
into each layer rather than directly modifying the original weight matrices. This
method involves freezing the pre-trained model weights and injecting trainable
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low-rank decomposition matrices into the model architecture. Only these smaller
matrices are updated during training, which significantly reduces the number of
trainable parameters and memory requirements while maintaining competitive
performance.

A = N(0,σ²)

B = 0

 r 
Pretrained Matrix

Wpt
Rdxd

X

h

d

Fig. 6.3: Low-Rank Decomposition for Efficient Neural Network Fine-tuning. Schematic
representation of low-rank adaptation in neural networks. The fine-tuned weights
(Wft) are decomposed into pre-trained weights (Wpt) plus a low-rank update (AB),
where A ∈ Rd×r and B ∈ Rr×d. The right panel illustrates the matrix dimensions
and initialization strategy, where A is initialized from N (0, σ2) and B from zero.
This decomposition enables memory-efficient model adaptation while preserving
the pre-trained weights.

Figure 6.3 illustrates the Low-Rank Adaptation framework. In this framework, the
fine-tuned weights (Wft) are represented as the sum of the original pre-trained
weights (Wpt) and a weight update (∆W ). The key innovation lies in approximat-
ing this weight update using a low-rank decomposition, expressed as the product
of two matrices A and B. While the original weight matrices exist in a high-
dimensional space (Rd×d), the decomposition matrices A and B have reduced
dimensions (A ∈ Rd×r and B ∈ Rr×d, respectively), where r is significantly smaller
than d. This decomposition dramatically reduces the number of trainable parameters
while maintaining model performance. The right panel of the figure provides addi-
tional implementation details, showing that matrix A is initialized with a normal
distribution N (0, σ2) and matrix B is initialized at zero, and illustrates how these
matrices interact with the input (x) and hidden (h) dimensions of the network.
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By utilizing LoRA, we achieve a balance between computational efficiency and model
performance. This method allows us to fine-tune large models like CodeLlama on a
single GPU, making it possible to adapt the model to multiple tasks without requiring
extensive hardware resources.

6.3.2 HTML Representation

HTML is an ideal format for representing complex layout structures of documents.
In the past, OCR engines such as Tesseract [149] have offered a specialized HTML
representation in hOCR format [150]. Unlike plain text, HTML elements can capture
how textual components spatially relate to one another within a rich formatting
structure, which is particularly useful in scenarios that involve key-value inputs and
require maintaining the relationships between words. As studied in [151], HTML
serves as an interpretable structured medium for LLM.

In our application, we implemented a pre-processing step that transforms OCR
output into HTML format. The details of this conversion is outlined in Algorithm 3.
We use bounding box coordinates to arrange the text elements into a <table> layout,
with <tr> rows and <td> cells, based on their relative positions. The algorithm then
sorts and organizes these elements to create a coherent HTML structure that retains
original spatial positioning relationships. Figure 6.4 shows a sample document and
corresponding HTML encoding generated by this process.
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Algorithm 3: Convert OCR results to HTML Table
Data: List of texts and bounding boxes
Result: HTML table

1 Function ConvertOCRtoHTML(List of texts and bounding boxes):
2 foreach bounding box do
3 Calculate row and column based on bounding box coordinates;
4 Append (row, column, text) to data list;

5 Sort data_list by row and then by column;
6 Initialize table_html;
7 foreach (row, column, text) in sorted_data do
8 if row ̸= current_row then
9 if current_row ̸= 0 then

10 Add "</tr>" to table_html;

11 Add "<tr>" to table_html;
12 Update current_row and reset last_col;

13 Calculate colspan based on column and last_col;
14 if colspan > 0 then
15 Add empty <td> with colspan to table_html;

16 Add <td> with text content to table_html;
17 Update last_col with current column;

18 Add "</tr></table>" to table_html;

6.3.3 Prompt Generation

LLMs can be guided to perform specific tasks by using instruction prompts that
clearly define the expected behavior. The Llama LLM uses two types of prompts: a
system prompt and an instruction prompt. The system prompt sets the general tone
and expectations for the interaction and is placed at the beginning. Meanwhile, the
instruction prompt specifies the particular task or type of response expected from
the model for that exchange.

We have designed the system prompt as follows:

“Below is an instruction that describes a task, paired with an input that
provides further context. Your response is a JSON object that appropriately
completes the request. The JSON must be between [JSON] and [/JSON]
tags.”
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125 West 55th St
New York, NY 10019

Contract # 26790171 Changes as of: 1/27/2020 at 11:42 AM Version: Original Order
CPE: 23/26/383 Flight: 2/17/20 - 2/23/20 Station: KTAB Con Type: POLITICAL/VOTE

Agency: DAVIS LENZ MEDIA Advertiser: Jon Francis Campaign Market: Abilene Total $: $5,135.00
6060 N CENTRAL
EXPRESSWAY

Product: POLITICAL Office: DALLAS Total Spots: 24

SUITE 560 Agency Order #: 9307478 Service: Nielsen Total CPP: $0.00
DALLAS, TX 75206 Buyer: Beth Davis, Haley Primary Demo: Total GRP:

Salesperson: ANDREA KRAUS
214-525-2617

Assistant: JACOB BURNETT
214-525-2681

Traffic #: 2357708

Separation: Sep:15
Comments: Separation: 15

2/17 - 2/23 Total Total
# Day/Time DP Program Rate Len 2/17 2/18 2/19 2/20 2/21 2/22 2/23 Spots $ CPP* GRP*

 1
M-F
5:30a-7a KTAB Daybreak $145.00 30 1 1 1 1 1 0 0 5 $725.00 $0.00 0.0

 2
M-F
7a-9a CBS This Morning $110.00 30 1 0 0 1 0 0 0 2 $220.00 $0.00 0.0

 3
M-F
10a-11a The Price is Right $280.00 30 1 0 1 0 0 0 0 2 $560.00 $0.00 0.0

 4
M-F
12n-12:30p KTAB Noon News $115.00 30 0 1 0 1 0 0 0 2 $230.00 $0.00 0.0

 5
M-F
2p-3p Lets Make A Deal $105.00 30 1 0 1 0 0 0 0 2 $210.00 $0.00 0.0

 6
M-F
4:30p-5p Jeopardy $115.00 30 0 0 1 0 0 0 0 1 $115.00 $0.00 0.0

 7
M-F
5p-5:30p KTAB 5P News $190.00 30 1 1 0 1 0 0 0 3 $570.00 $0.00 0.0

 8
M-F
6p-6:30p KTAB 6 P News $375.00 30 1 1 1 1 0 0 0 4 $1,500.00 $0.00 0.0

 9
M-F
6:30p-7p Wheel of Fortune $450.00 30 0 1 0 1 0 0 0 2 $900.00 $0.00 0.0

 10
Su
9:30a-10a Face the Nation $105.00 30 0 0 0 0 0 0 1 1 $105.00 $0.00 0.0

TOTALS: 6 5 5 6 1 0 1 24 $5,135.00 $0.00 0.0

Printed on 01/27/2020 at 04:09 PM | * Stats based on Primary Demo Page 1 of 2
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Face the
Nation

$105.00 30 0 0 0 0 0 0 1 1 $105.00 $0.00 0.0

TOTALS: 6 5 5 6 1 0 1 24 $5,135.00 $0.00 0.0

Printed on
01/27/2020 at
04:09 PM | * Stats
based on Primary
Demo

Page
1 of 2

(b)

Fig. 6.4: Comparison between the original document (a) and its corresponding HTML
representation (b). Sample from VRDU benchmark.
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This prompt sets the format and expectations for the model’s response.

Following this, the instruction prompt provides specific directions for the task,
guiding the language model to accurately extract and organize the necessary infor-
mation:

“Given the following HTML table, extract key details and organize them
into a single JSON object. Please provide values for the fields includ-
ing ‘advertiser’, ‘property’, ‘agency’, ‘tv_address’, ‘contract_num’, ‘product’,
‘gross_amount’, ‘flight_from’, ‘flight_to’, and ‘line_item’ is an array (with
‘channel’, ‘program_desc’, ‘program_end_date’, ‘program_start_date’, and
‘sub_amount’). Ensure that the extracted information accurately reflects
the content of the HTML. Output must be JSON.”

With these instructions and the aforementioned HTML representation of the docu-
ment, the final prompt is formed.

6.3.4 Implementation Details

We followed the best practices outlined in [152] and applied LoRA to all linear
layers, including the query, key, and value layers within each attention block. In
our implementation, we chose an alpha value of 64 to control the scale of low-rank
updates applied to model weights. The rank of the low-rank matrices was set to 16,
meaning the size of the trainable matrices. To reduce overfitting, we used a 0.05
dropout rate in the LoRA layers.

An NVIDIA A100 GPU was used for training with over 1,000 iterations. We used
a baseline learning rate of 1 × 10−4 with a cosine learning rate scheduler. This
scheduler gradually reduces the learning rate over the training period using a cosine
curve, resulting in a smooth and controlled optimization process.

As shown in Figure 6.5, during inference, documents with multiple pages are split
and individually converted to HTML duplicates, which are then fed into the LLM with
the appropriate instruction prompt. Afterwards, we combine the predicted outcomes
from all pages into a single JSON object with the structure that the evaluation code
requires. To ensure proper evaluation, we sort the key values in both the JSON
object and the ground truth.
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split pages

Input document

convert to
HTML

building the complete
prompt with instruction

and HTML input.

the JSON
output of LLM

LLM

for each page

combine
to single
JSON

the evaluation

Fig. 6.5: Evaluation workflow: Documents are split into pages, converted to HTML, pro-
cessed by the LLM with custom prompt, and outputs are compiled into a single
JSON. The final output is compared with the ground truth for assessment.

6.4 Experiments and Results

In this section, we review the experiments and their results. First, we evaluate the
Ad-buy dataset from VRDU under various settings defined by the benchmark. Next,
we focus on a specific subset of the Ad-buy dataset, comprising only 100 training
samples and a test set with unseen templates. This subset serves as challenging
testing ground to conduct additional experiments. Using this subset, we assess
the model’s performance using a different input encoding, evaluate how the LLM
performs without any training, and compare the results with another LLM. Lastly,
we test the Consolidated Receipt Dataset (CORD) [153] to determine the versatility
of our encoding approach.

6.4.1 Datasets

The VRDU benchmark includes two datasets: Ad-buy Forms and Registration Forms.
The Registration Forms dataset has simpler layout with fewer details to extract. In
contrast, the Ad-buy Forms dataset is more challenging, containing 641 documents
primarily made up of invoices and receipts related to political advertisements. These
documents have complex layouts with tables and detailed elements such as product
names, flight dates, and total prices typical of invoices. The main challenge of this
dataset is the accurate extraction and interpretation of structured data from these
documents. This involves a variety of data types, including prices, dates, addresses,
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and nested entities, as well as complex features like tables, multi-column layouts,
and key-value pairs.

The benchmark provides high-quality OCR extraction results for text and their corre-
sponding positions within the documents. It includes two tasks: Mixed Template
Learning (MTL) and Unseen Template Learning (UTL). MTL evaluate the models’
ability to handle various templates by incorporating multiple templates across train-
ing and testing sets. UTL evaluates the models’ capacity to adapt to templates not
seen during training. Each task in the VRDU dataset consists of 300 documents in the
testing set, with four different training sets of 10, 50, 100, and 200 samples, respec-
tively. This structure allows for assessing models on their efficiency with data and
their performance with limited training data. Additionally, the authors implement
a type-aware matching algorithm to accurately assess performance. The algorithm
uses specific matching functions tailored to each entity’s data type. For example,
it employs numeric comparisons for monetary values to ensure that differences in
formatting do not affect the matching results.

Additionally, the CORD [153] contains a thousand of Indonesian receipt images
receipts. It comes with rich annotations for OCR and multi-level semantic labels
for each word. The dataset is divided into training (800 receipts), validation (100
receipts), and test sets (100 receipts).

6.4.2 Evaluation on VRDU benchmark

Table 6.1 compares our proposed model with others, including LMDX, FormNet,
and different versions of LayoutLM, evaluated on the Ad-buy dataset. It shows the
performance of these models with varying data sizes and whether the templates in
training/testing were mixed or unseen. The performance metrics include Micro-F1
and Line-Item F1 scores as defined in [154].

Our model shows significant improvement over the baseline methods such as the
FormNet and the LayoutLM family in all settings. As the size of the training set
increases, there is a consistent improvement in performance. The extraction of line
items, which contain nested or itemized information, is particularly challenging
because the evaluation process is strict; missing even a single item in a group results
in it being marked completely incorrect.

Although the proposed method performs well, it has not reached the top performance
achieved by LMDX due to several factors. First, LMDX has a larger architecture with
greater processing capabilities. Additionally, LMDX benefits from pre-training on a
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Tab. 6.1: Performance on Ad-buy dataset across various train sizes and template setting in
train/test (mixed, unseen). The reported numbers are sourced from [143].

Size Model
Mixed Template Unseen

Micro-F1 Line Item F1 Micro-F1

10

FormNet [141] 20.47 5.72 20.28
LayoutLM [139] 20.20 6.95 19.92

LayoutLMv2 [132] 25.36 9.96 25.17
LayoutLMv3 [135] 10.16 5.92 10.01

LMDX PaLM 2-S [143] 54.35 39.35 54.82
Proposed 38.06 19.66 37.76

50

FormNet [141] 40.68 19.06 39.52
LayoutLM [139] 39.76 19.50 38.42

LayoutLMv2 [132] 42.23 20.98 41.59
LayoutLMv3 [135] 39.49 19.53 38.43

LMDX PaLM 2-S [143] 75.08 65.42 75.70
Proposed 58.16 42.72 56.87

100

FormNet [141] 40.38 18.80 39.88
LayoutLM [139] 42.38 21.26 41.46

LayoutLMv2 [132] 44.97 23.52 44.35
LayoutLMv3 [135] 42.63 22.08 41.54

LMDX PaLM 2-S [143] 78.05 69.77 75.99
Proposed 65.9 52.51 63.71

200

FormNet [141] 43.23 21.86 42.87
LayoutLM [139] 44.66 23.90 44.18

LayoutLMv2 [132] 46.54 25.46 46.31
LayoutLMv3 [135] 45.16 24.51 44.43

LMDX PaLM 2-S [143] 79.82 72.09 78.42
Proposed 74.74 64.24 71.82

private dataset, enhancing its performance. LMDX also utilizes multiple inferencing
techniques, leading to higher accuracy at a higher computational cost. Lastly, LMDX
undergoes more training with 4,000 iterations compared to our 1,000 iterations.
These factors, considering the computational cost and limitations in our experiments,
explain the superior performance of the LMDX model in this context.

Table 6.2 shows the detailed performance of our model on the Ad-buy dataset for
different fields, under different template sample frequencies (10, 50, 100, 200). For
both mixed and unseen templates, as the number of samples increases, there is an
improvement in F1 scores across most fields. Some fields such as ‘gross amount’,
‘product’, ‘agency’, and ‘advertiser’ consistently show higher F1 scores across both
template types and all data sizes, indicating the model’s effectiveness in these areas.
Conversely, fields like ‘tv address’, ‘line item’, have lower F1 scores, especially in
template with fewer samples, which means the model struggles more with these
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Tab. 6.2: F1-Scores per field on the Ad-Buy dataset across various train sizes and template
setting in train/test (mixed, unseen).

Template Size A
dvertiser

A
gency

C
ontract

N
um

Flight
From

Flight
To

G
ross

A
m

ount

Product

TV
A

ddress

Property

Line
Item

M
acro

U
nrepeated
entities

M
icro

Mixed 10 82.19 76.18 76.75 71.09 72.55 88.57 84.64 44.77 67.85 19.66 68.43 74.21 38.06
Mixed 50 94.32 85.01 93.18 88.81 86.76 94.92 90.15 75.96 82.84 42.72 83.47 88.46 58.16
Mixed 100 94.14 88.05 95.17 91.41 92.08 96.63 93.2 79.17 86.98 52.51 86.94 91.15 65.9
Mixed 200 97.58 93.16 96.69 94.43 94.66 97.21 95.13 84.77 93.18 64.24 91.11 94.32 74.74
Unseen 10 78.48 71.95 77.64 73.48 73.55 90.85 83 42.77 68.33 19.33 67.94 73.9 37.76
Unseen 50 93.86 87.53 93.73 88.53 87.19 94.15 92.37 76.6 83.69 40.66 83.83 88.94 56.87
Unseen 100 94.24 91.81 93.78 89.29 90.42 96.02 93.32 78.99 86.58 49.26 86.37 90.63 63.71
Unseen 200 96.21 95.16 96.56 90.49 91.15 95.94 94.62 85.53 93.44 60.14 89.92 93.32 71.82

{
  "advertiser": "POL/ Martha McSally / R / 
US SEN / AZ",
  "property": "KMSB",
  "agency": "FP1 Strategies, LLC/POL",
  "tv_address": null,
  "contract_num": "1996189",
  "product": "FP1",
  "gross_amount": "$700.00",
  "flight_from": "05/08/20",
  "flight_to": "05/14/20",
  "line_item": [
  {
  "channel": "KMSB",
  "program_start_date": "05/08/20",
  "program_end_date": "05/13/20",
  "program_desc": "Local News @ 7-9a 
M-FCM DAYBREAK - RATE",
  "sub_amount": "$120.00"
  }
  ]
}

{
  "advertiser": "POL/ Martha McSally / R / 
US SEN / AZ",
  "property": "KMSB",
  "agency": "FP1 Strategies, LLC/POL",
  "tv_address": null,
  "contract_num": "1996189",
  "product": "FP1",
  "gross_amount": "$700.00",
  "flight_from": "05/08/20",
  "flight_to": "05/14/20",
  "line_item": [
  {
  "sub_amount": "$120.00",
  "channel": "KMSB",
  "program_start_date": "05/08/20",
  "program_end_date": "05/13/20",
  "program_desc": "Local News @ 7-9a 
M-FCM"
  }
  ]
}

(a) (b) (c)

Fig. 6.6: (a) Sample image form VRDU. (b) Expected result. (c) Predicted result.

fields. The address field often contain multi-line text, while line item refers to groups
of information presented in tabular form within these documents.

Figure 6.6 shows a sample document, ground truth, and model predictions. While
most details are accurately extracted, there are instances where parts of the program
description are missed. Such mistakes lead to a decline in the performance of the
line-item.

6.4.3 Evaluation with Coordinate Embedding

As presented in [143], one encoding approach is to directly embed the normalized
x|y coordinate pair of each word into the text input. As the authors state, this spatial
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Tab. 6.3: Evaluation coordinate in text on unseen template 100 subset (F1-Scores).

Model A
dvertiser

A
gency

C
ontract

N
um

Flight
From

Flight
To

G
ross
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Product
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A

ddress

Property

Line
Item

M
acro

U
nrepeated
entities

M
icro

Coordinate 91.05 85.65 96.04 87.95 90.54 96.51 89.53 75 85.28 45.4 84.29 89.05 60.52
Proposed 94.24 91.81 93.78 89.29 90.42 96.02 93.32 78.99 86.58 49.26 86.37 90.63 63.71

Tab. 6.4: Evaluation zero-shot on unseen template 100 subset (F1-Scores).

Model A
dvertiser

A
gency

C
ontract

N
um

Flight
From

Flight
To

G
ross
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m

ount

Product

TV
A

ddress

Property

Line
Item

M
acro

U
nrepeated
entities

M
icro

CodeLlama [146] 72.5 44.03 46.61 49.2 57.75 50.39 84.32 13.23 42.81 2.48 46.33 51.66 21.99
Proposed 94.24 91.81 93.78 89.29 90.42 96.02 93.32 78.99 86.58 49.26 86.37 90.63 63.71

context helps language models infer document layout relationships. For comparison,
we train the LLM with this “coordinate-in-text” representation on a subset of dataset.
As table 6.3 shows, our model generally outperforms the "coordinate" model in most
fields, as indicated by higher F1 scores.

6.4.4 Zero-Shot Evaluation

In this experiment, we pass the input prompt to our LLM to evaluate its performance
without tuning. Table 6.4 compares the proposed fine-tuned model against this
zero-shot baseline on a subset of the VRDU dataset with unseen templates. We
observe that certain information, such as advertiser and product names, can be
extracted even without fine-tuning, due to their simple layout and straightforward
availability for the LLM to detect. However, fine-tuning provides substantial gains,
more than doubling scores across all categories by tailoring the model to the specific
domain.

6.4.5 Evaluation of DeciLM-7B

To showcase the effectiveness of our encoding approach utilizing another LLM, we
conducted a comparison with DeciLM-7B [155], a recently introduced instruction-
following LLM that can handle long input contexts up to 8k. To ensure a fair
comparison, we fine-tuned DeciLM-7B on the Ad-buy dataset using the same steps
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Tab. 6.5: Evaluation DeciLM-7B on unseen template 100 subset (F1-Scores).

Model A
dvertiser

A
gency

C
ontract

N
um

Flight
From

Flight
To

G
ross
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Line
Item

M
acro

U
nrepeated
entities

M
icro

DeciLM-7B [155] 90.79 86.13 95.61 85.56 90.8 96.04 90.35 78.3 82.83 46.35 84.28 88.85 61.11
Proposed 94.24 91.81 93.78 89.29 90.42 96.02 93.32 78.99 86.58 49.26 86.37 90.63 63.71

Tab. 6.6: Evaluation on CORD Dataset.

Size Model n-TED accuracy

50

Donut [142] 75.44
LayoutLMv3LARGE [135] 87.29

LMDX PaLM 2-S [143] 93.80
proposed 89.9

800

Donut [142] 90.23
LayoutLMv3LARGE [135] 96.21

LMDX PaLM 2-S [143] 96.3
proposed 91.4

as our proposed model. Table 6.5 presents the results, showing that both mod-
els perform similarly. However, in our specific application, CodeLlama generally
outperforms DeciLM-7B.

6.4.6 Evaluation on CORD Dataset

We expanded our evaluation to include the CORD receipt dataset in two different
settings: using only the first 50 samples to assess the model’s few-shot learning
capabilities, and using the complete dataset of 800 samples, in line with [143].

We followed the same procedure for prompt creation, training, and testing as applied
to the VRDU dataset. However, this dataset presents an additional challenge as its
lines in the OCR results are not aligned due to the presence of rotated and folded
papers, making it difficult to construct the equivalent HTML.

Table 6.6 compares the n-TED accuracy [142] of various models on the CORD dataset,
as reported in [143]. The results indicate that our model performs competitively
in both training scenarios. With 50 samples, it achieves a higher n-TED accuracy
compared to Donut and LayoutLMv3LARGE, but lower than LMDXPaLM 2-S. With
800 samples, the model’s accuracy increases and remains higher than Donut.
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6.5 Discussion

As we continue our research on using LLMs for various tasks, we encourage the
community to adapt their inputs to be more easily understood by machines. LLMs
that are familiar with HTML and JSON formats could be particularly advantageous.
Our goal has been to demonstrate the practical utility of using HTML versions
created from OCR data for information extraction with LLMs. For further accuracy,
we recommend using any available proprietary software equipped with advanced
features such as layout analysis, table detection, and superior OCR capabilities.
Having additional metadata can greatly enhance the creation of precise HTML
representation of a document.

The evaluation metric proposed by the dataset has a low tolerance for incomplete
answers, as it does not accept partially correct responses. This might lead to an
unfair comparison when a model’s answer is marked incorrect due to missing a few
characters.

6.6 Conclusion

This chapter explored the effective utilization of LLMs for structural information
extraction from visually rich documents. Despite their impressive capabilities in
natural language processing, LLMs often struggle with complex layouts, limiting
their ability to accurately extract information. To address this challenge, a novel
method was introduced, focusing on preparing input data to preserve the document’s
layout information.

The proposed approach involves transforming OCR outputs into structured HTML
representations, which capture the spatial relationships and layout context of the
document. This enables LLMs to understand not only the textual content but also
its arrangement within the document, critical for accurate information extraction.
The method leverages instruction-based prompting, where specific instructions
and HTML representations are used as input for the LLM, fine-tuned to generate
structured JSON outputs containing the extracted information.

The study utilized CodeLlama, a variant of Llama 2, designed to handle long contexts,
understand HTML and JSON, and follow detailed instructions. The model was
fine-tuned using PEFT with Low Rank Adaptation, reducing computational costs.
Experiments on the VRDU benchmark demonstrated a significant improvement in
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the LLM’s ability to understand complex visual layouts and extract information
accurately, with a more than 20 percent increase over baseline performances.

The findings highlight the effectiveness of the HTML representation and instruction-
based prompting in improving LLM performance. The results also demonstrate the
importance of input formatting and the choice of LLM in document understanding,
with performance comparable to other SOTA methods. This research contributes to
bridging the gap between the capabilities of LLMs and the practical requirements of
visually rich document understanding, providing an efficient method for using LLMs
in real world applications.

In summary, this research introduced a new approach for leveraging LLMs to extract
information from visually rich documents with complex layouts. By converting OCR
outputs into HTML format, the method preserves spatial layout and textual content,
enabling LLMs to accurately extract information into a structured JSON format. The
findings emphasize the importance of input formatting and the choice of LLM in
document understanding, providing a valuable contribution to the field.
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Zero-Shot Document
Information Extraction using
MLLM

7

„The journey is the reward. And all of the trauma
and mental health issues you accumulate along
the way are the bonus prizes.

— Dave Tarnowski

7.1 Introduction

Multimodal Large Language Models (MLLMs) are a significant advancement in artifi-
cial intelligence, going beyond typical language models to integrate and understand
a wide range of input types, including text, images, audio, and video. MLLMs process
multiple modalities simultaneously to achieve a more comprehensive understand-
ing that reflects real-world interactions, in contrast to unimodal models that are
restricted to a single input type [156]. MLLMs are essentially LLM based models that
can receive, reason about, and output multimodal information. Their development
was inspired by the success of large language models, which relied on principles
such as large scale pre-training, human like text generation, and few-shot learning
capabilities. This has resulted in unexpected emergent capabilities in MLLMs, such
as image captioning, visual question answering, and text recognition [157].

This chapter focuses on using powerful MLLMs to improve document understanding,
particularly for visually rich documents. Understanding VRDs requires models to fully
understand not only the words on the page but also their spatial layout and visual
cues, such as tables, figures, and varying font sizes, in order to accurately extract and
interpret information. We will look at how to extract structured information from
various types of documents, effectively categorize their content, and understand
the relationships between different document elements. Our discussion will center
on the shortcomings of MLLMs and how they impact accuracy. We’ll also include a
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benchmark to assess how well models understand documents, as well as discuss the
art of prompt engineering for document analysis.

7.2 Background

Traditional approaches to document information extraction have been limited by
several kinds of restrictions. Rule based systems, while interpretable, necessitate
extensive manual engineering and frequently fail to generalize across different
document types. Template based extraction methods rely on known document
structures, which limits their applicability to new formats. Supervised learning
approaches, such as deep learning models, have shown significant improvements in
extraction accuracy, but they require large annotated datasets for each document
type. This results in a bottleneck in real-world deployment scenarios where new
document types frequently emerge, and obtaining labeled data is costly and time
consuming [157].

In contrast, LLM based key information extraction pipelines, particularly those
utilizing prompt engineering, significantly reduce the system’s reliance on large
training datasets. They can quickly process industrial data with high accuracy
without needing a lot of varied training examples, making them a practical approach
for LLM and KIE applications in industry [158]. Furthermore, LLM based methods
demonstrate superiority in handling OCR noise compared to traditional named entity
recognition models. Integrating robust OCR tools with LLMs allows for more reliable
data acquisition and can mitigate the impact of noise.

Despite their capabilities, using vision language models for document extraction
faces several challenges. LLMs require sophisticated methods to ensure consistent
quality and reliability in document information extraction tasks. Without proper
prompting, these models frequently produce outputs with varying confidence levels
and accuracy rates, making them unreliable for practical applications [156]. Main-
taining consistency and coherence across extracted data is a continuous challenge
for zero-shot document extraction systems. Developing robust consistency checking
and error correction mechanisms is still a critical challenge for practical deployment
of such systems.

Prompt engineering is the process of developing effective instructions, or "prompts",
to guide a large language model. Prompting allows users to specify the processing
and output formats for information extraction. This involves defining the required
fields, their data types, and the overall structure, which helps the LLM understand the
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task and the expected outcome. Essentially, the prompt acts as a blueprint, specifying
how the model should interpret the input and then respond in a predefined format,
like a JSON schema.

Zero-shot prompting refers to a model’s ability to perform tasks without receiving
any examples of those tasks during training. This capability is a valuable feature
of LLMs and MLLMs, allowing them to generalize to new tasks with little or no
task specific data. Instruction tuning further enhances zero-shot performance by
framing tasks with clear instructions [157]. For instance, a zero-shot prompt for key
information extraction might instruct the model to identify specific fields and their
values from a document based purely on a textual description of what’s needed.

While prompting reduces reliance on data, its zero-shot nature can result in a
high number of errors, especially when the model is unfamiliar with the required
output content types or conversions. Overall, research shows that providing detailed
instructions improves performance and increases reliability. [159, 158].

Multimodal models integrating visual and textual inputs have demonstrated poten-
tial in image understanding [160], yet they frequently encounter difficulties when
analyzing complex, text-rich document images. These models must concurrently
identify text, interpret visual layout signals, and comprehend the spatial relation-
ships among different document elements. Many MLLMs encounter difficulties in
accurately capturing fine grained textual details present in images, as evidenced
by benchmarks like TextVQA and OCR-VQA [156]. These benchmarks show how
important it is for vision language architectures to have strong OCR capabilities.

Maintaining consistency across modalities is challenging, especially when there are
differences between OCR text and image content [157]. The difficulty increases
when documents, such as invoices, forms, tables, and technical diagrams, rely
heavily on spatial arrangement to convey meaning. Recent research indicates that
dividing visually complex documents into semantically coherent sections significantly
improves extraction performance [161]. The BLOCKIE addresses these challenges
by breaking down a document into "semantic blocks" and analyzing each one
individually. A semantic block is a localized visual region containing text that can
be interpreted independently of the rest of the document. This improves focused
reasoning and improves generalization to novel layouts, resulting in more effective
extraction of important information from complex documents.

Many of the current MLLMs analyze complete document images uniformly, pre-
suming that all visual regions possess equal significance. This "one pass" approach
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often impairs the focus on critical areas, resulting in inaccurate responses and hal-
lucinations as the model attempts to navigate its inherent biases. To address this
issue, the method proposed in [162] employs a coarse-to-fine reasoning manner.
For datasets such as SROIE, relevant regions, or boxes, are initially identified based
on the user’s query. A blur reverse mask is then applied to enhance the focus of
the MLLM on critical boxes while blurring the remaining parts of the image. The
integration of targeted region selection and masking enables the MLLM algorithm to
extract essential fields with greater precision from masked images, which decreases
noise from unrelated areas and focuses computational resources on the document’s
most informative sections.

Document information extraction has moved from rule-based and template-based
methods to more integrated systems. These systems use block segmentation, so-
phisticated prompt engineering, and text, image, and LLM driven reasoning. Each
innovation improves previous methods, but cross modal consistency, spatial under-
standing, and error correction require further research and practical improvement.

7.3 Methodology

7.3.1 Baseline Prompt

To provide a clear comparison for our 3-phase framework, we use a unified prompt
template. Table 7.1 contains the baseline prompt. This template is used with three
different input modalities: text only, image only, and text plus image. The model
receives the same set of instructions and output requirements in each case, but the
format of the document varies depending on the baseline being evaluated—whether
it is presented exclusively as OCR extracted text, exclusively as an image, or a
combination of both.

The model is told that it is an expert in document analysis, and that its goal is to
quickly identify the document’s main topic, followed by extracting all factual and
structured information into a valid JSON object. The JSON guidelines specify de-
scriptive and self explanatory keys, tabular data under a dedicated "tables" key (with
each table formatted as a nested object or array of objects), and the preservation of
original formatting, including dates, currency symbols, and domain specific conven-
tions, exactly as they appear in the source. The instructions also explicitly state that
the model should not summarize the document, infer any data that is not explicitly
present, and use a null value whenever a specific data point is missing or ambiguous.
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Instruction: You are a highly skilled document analysis expert. Your objective
is to thoroughly analyze a given document and perform two primary tasks:

• Topic Identification: Concisely determine the document’s main topic.

• Structured Information Extraction: Extract all factual and structured
information from the document, presenting it in a well formatted JSON
object.

Follow these guidelines for the JSON output:

• Use descriptive and self explanatory keys for all data points (e.g.,
"invoice_number", "customer_name", "total_amount").

• Represent tabular data under a "tables" key, with each table structured
as either a nested object or an array of objects.

• Preserve the original formatting of values, including dates, currency
symbols, and other document specific formats.

• If specific data points are absent or ambiguous, include the correspond-
ing key with a value of null.

• Ensure that the JSON output is valid and well structured, with no syntax
errors or missing commas.

Important Considerations:

• Do not summarize the document.

• Do not fabricate or infer information.

• Extract only data that is explicitly present in the document.

Tab. 7.1: Baseline prompt for expert level analysis of insurance and legal documents. This
structured instruction is tailored for multimodal models handling document
understanding tasks.

Finally, the prompt emphasizes that the output JSON must be syntactically correct,
with no missing commas or mismatched braces.

7.3.2 3-Phase Zero-Shot Extraction Framework

To address the aforementioned issues, we propose a 3-phase approach that divides
the complex task of document information extraction into manageable, sequential
steps. This framework builds on the strengths of modern vision language models
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while incorporating quality control mechanisms. The pipeline has three distinct
phases:

1. Document Analysis and Block Identification: This phase focuses on high
level document comprehension and structural analysis, identifying the domi-
nant language and segmenting the document into coherent units of related
information.

2. Schema Driven Extraction: The dynamic JSON schemas generated in Phase 1
guide the extraction process in Phase 2, resulting in well structured data.

3. Consolidation and Verification: The verification mechanism in Phase 3
increases robustness by catching errors that may have slipped through the
initial pass, ensuring the accuracy and reliability of the extracted data.

This zero-shot framework offers flexibility no need for per document template design
and reliability scheme enforcement and self review, making it a dependable solution
for document processing systems.

Phase 1: Document Analysis and Block Identification

The first phase of our framework focuses on obtaining a broad understanding of
the document’s structure and content. Rather than attempting to extract data right
away, this phase lays the groundwork for future operations with several key steps.

Initially, the model places the document in a broad category, such as invoice, con-
tract, or resume. This categorization allows downstream steps to use content and
formatting expectations that are specific to the category. The model then divides the
document’s content into discrete "information blocks", each representing a coherent
unit of related information (such as "sender address", "invoice details", or "product
table"). As shown in Table 7.2, each block is assigned a descriptive label, a brief
textual description, and a structural hint indicating the expected format (key value
pairs, table, list, free form text, or another category). The expected JSON schema is
provided as input, along with the prompt.

Phase 2: Data Extraction

Phase 2 automatically creates block specific JSON schemas based on assigned type
hints after Phase 1 produces labeled blocks and concludes the document is ready
for further processing. By defining each block’s expected structure in JSON, the
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system ensures that all subsequent outputs follow a predictable format suitable for
downstream consumption. During extraction, the model is given carefully crafted
prompts, as detailed in Table 7.3, that provide specific instructions on how to handle
each data type. The schema specifies field extraction for key value blocks, row
column structures for tables, and output format for narrative or list style content
(e.g., single string or array). The process preserves original formatting, such as dates,
currency symbols, and domain-specific conventions, to ensure that the values in the
resulting JSON match those in the document. By strictly adhering to the dynamically
generated schema, the model avoids common errors like missing required fields or
producing malformed JSON.

Instruction: You are a document analysis expert. Analyze the provided
document (image and OCR text). Your tasks are:
1. Document Language Identification: Identify the language of the OCR
TEXT.
2. Topic Identification (Summary and Classification):

• Provide a concise 1-2 sentence summary of the document’s main topic
or purpose.

• Provide a classification (document type like Invoice, Contract, Re-
sume).

3. Information Block Segmentation: Segment the entire content into distinct
information_blocks. For each block:

• block_name: English camelCase name (e.g., "invoiceDetails", "sender-
Address").

• description: Brief description of the block’s content.

• data_type_hint: (e.g., "key_value_pairs", "table").

• Include an otherRelevantInfo block for significant remaining text,
with description and hint free_form_text_summary.

4. Output Format: Return a SINGLE, VALID JSON object. The top-level
keys must be dominant_language_detected, summary, classification,
is_relevant, and information_blocks. Adhere strictly to the provided
JSON schema.

Tab. 7.2: Prompt for Phase 1: Document Understanding and Block Identification. This
structured instruction is tailored for multimodal models handling document
understanding tasks.

7.3 Methodology 97



Phase 3: Consolidation and Verification

Phase 3 introduces an additional LLM based verification step. This self correction
mechanism asks the language model to compare its own initial extraction results
against the original document. As outlined in Table 7.4, it actively corrects any
inaccuracies and fills in missing information, all while strictly adhering to the
established block structure. The verification process has three goals. It corrects
extraction errors by comparing with the original source, incorporates block-level
description information, and preserves the document’s formatting.

The results of the previous phases are organized into a cohesive final structure
after full verification. This organization provides detailed extraction status tracking,

Instruction: You are an expert data extractor.
Document Context: Type={doc_classification}, Sum-
mary={doc_summary}, Detected Language={doc_language_detected}.
Your task is to extract structured information from the provided document
(image and OCR text) for several pre-identified blocks of information.
General Extraction Guidelines (these apply to the content extracted for
EACH block): When extracting data for the current block:

• Use descriptive and self-explanatory keys for all data points (e.g.,
invoiceNumber, customerName, totalAmount).

• Preserve the original formatting of values as much as possible, including
dates, currency symbols, and other document-specific formats.

• Ensure your JSON output for this block is valid and well-structured.

• Do not fabricate or infer information. Extract only data that is explicitly
present in this block of the document.

Here are the blocks you need to process: {blocks_to_process_str}
Your entire response MUST be a single JSON object. The top-level keys of
this JSON object MUST be the exact ’Block Name’s listed above.
The value for each block_name key MUST conform to the expected
structure for its ’Expected Content Type Hint’ (e.g., an object of key-
values for "key_value_pairs", an array of objects for "table", an ar-
ray for "list_of_items", or an object for "single_value_text" or
"free_form_text_summary").
Adhere strictly to the provided overall JSON schema which defines this struc-
ture.

Tab. 7.3: Prompt for Phase 2: Consolidated Data Extraction. This structured instruction is
tailored for multimodal models handling document understanding tasks.
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showing which blocks were processed and which failed. This transparency allows
downstream systems to make informed decisions regarding data completeness and
reliability.

Instruction: You are a meticulous Quality Assurance specialist. An initial
automated extraction has been performed on a document.
The initial extraction attempt for various document blocks is provided below
as "Initial Extracted Data".
Your task is to review this "Initial Extracted Data" against the "Original
Document" (image and OCR text). Focus on:

1. Accuracy: Are the extracted values correct according to the document?
Correct any errors.

2. Completeness: Is any relevant information missing from a block that
should have been extracted based on its description and the document
content? If so, add the missing key value pairs within the existing block
structure.

3. Formatting: Ensure values preserve original formatting (dates, curren-
cies, etc.) where appropriate.

4. Structure: Maintain the existing block structure. If a block was ex-
tracted as an object, keep it an object. If it was a list, keep it a list. Add
or correct fields within these existing block structures. You may add
new blocks if necessary, but do not remove any existing blocks.

Output: A corrected and completed version of the JSON data, maintaining
the same overall block structure as the "Initial Extracted Data".

• If the initial extraction for a block is perfect, include that block as-is in
your output.

• If no changes are needed for the entire "Initial Extracted Data",
simply return it as is.

Your output should be a single JSON object representing the reviewed data,
with the same top-level keys as the "Initial Extracted Data" (which are
the block names).

Tab. 7.4: Prompt for Phase 3: Consolidation and Verification. This structured instruction is
tailored for multimodal models handling document understanding tasks.
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7.4 Experiments and Results

For evaluation, we selected two of the most recent SOTA MLLMs: InternVL3 8B
and Gemma3 12B. These models were chosen to assess how different underlying
MLLM capabilities impact the performance of our proposed zero-shot document
information extraction framework.

InternVL3 [163] is an open-source MLLM capable of understanding and reasoning
across text, images, and video. It represents a significant step forward for the
InternVL family, incorporating architectural and training methodology innovations
that enable superior performance across a wide range of multimodal tasks. InternVL3
uses a "ViT-MLP-LLM" architecture and pre-trained language models like Qwen2.5
to perform a variety of tasks, including document analysis, video reasoning, and
multilingual comprehension. Figure 7.1 shows the performance of the InternVL3
family.

Gemma3 [164] is Google’s newest generation of lightweight, open-weight AI mod-
els, designed for efficient deployment and diverse multimodal tasks. Building on
Gemma2 [165], it integrates text and image inputs. It has an extended context win-
dow (up to 128k tokens) enabled by optimized local global attention and upgraded
Rotary Positional Embeddings. Available in four parameter sizes (1B, 4B, 12B, 27B)
with multilingual support, Gemma3 significantly outperforms its predecessors, with
the 27B model matching Gemini 1.5-Pro in benchmarks [164]. This makes it ideal
for applications like document analysis and visual question answering.

Instruction:
You are a document analysis expert tasked with evaluating the accuracy and
completeness of four JSON files, each representing the content extracted from
the same PDF document.
For each JSON file, identify: numbers of errors in the extracted valuse.
Explanation: do not evaluate based on structure but rather on the accuracy of
the information it contains.
Provide your final response in JSON format.

Tab. 7.5: Prompt for Grand truth evaluation.
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Tab. 7.6: Error counts per document using the InternVL3 for text-only, image-only, im-
age+text, and proposed three-phase methods

Sample Baseline text Baseline image Baseline image + text Proposed
cv_1 3 30 4 5
cv_2 5 18 8 4
cv_3 4 14 0 1
cv_4 7 10 5 3
cv_5 13 50 7 7
cv_6 4 17 6 5
cv_7 3 12 5 6
cv_8 3 16 2 1
cv_9 7 18 5 9
cv_10 3 25 2 5
Insurance_1 1 8 2 10
Insurance_2 5 12 5 5
Insurance_3 7 12 4 0
Insurance_4 8 12 6 14
Insurance_5 4 10 3 2
Insurance_6 5 20 6 1
Insurance_7 10 15 11 7
Insurance_8 3 10 2 5
Insurance_9 5 16 4 6
Insurance_10 9 9 9 9
invoice_1 12 11 14 10
invoice_2 7 40 4 12
invoice_3 10 12 12 15
invoice_4 10 14 8 9
invoice_5 12 9 4 3
invoice_6 4 10 5 6
invoice_7 4 15 4 4
invoice_8 5 12 8 10
invoice_9 3 9 3 5
invoice_10 2 8 8 5
ticket_1 4 12 2 4
ticket_2 6 7 9 10
ticket_3 8 8 8 8
ticket_4 4 17 5 3
ticket_5 7 16 4 11
ticket_6 10 12 3 6
ticket_7 9 9 6 2
ticket_8 3 8 6 0
ticket_9 0 10 1 7
ticket_10 4 18 6 10
average 5.825 14.775 5.4 6.125
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Tab. 7.7: Error counts per document using the Gemma3 for text-only, image-only, im-
age+text, and proposed three-phase methods

Sample Baseline text Baseline image Baseline image + text Proposed
cv_1 1 8 5 2
cv_2 8 14 8 4
cv_3 7 16 4 3
cv_4 7 12 6 5
cv_5 4 8 4 2
cv_6 3 12 2 1
cv_7 2 15 2 2
cv_8 8 18 4 4
cv_9 4 16 3 1
cv_10 2 7 1 1
Insurance_1 9 15 5 2
Insurance_2 2 10 1 1
Insurance_3 6 7 6 2
Insurance_4 11 26 13 10
Insurance_5 4 18 2 4
Insurance_6 8 15 4 4
Insurance_7 3 16 7 6
Insurance_8 1 14 1 0
Insurance_9 4 18 7 2
Insurance_10 10 20 6 5
invoice_1 10 12 5 2
invoice_2 20 27 15 10
invoice_3 9 15 6 4
invoice_4 20 12 10 6
invoice_5 7 22 9 2
invoice_6 6 18 5 4
invoice_7 2 8 1 3
invoice_8 4 9 3 3
invoice_9 5 11 1 1
invoice_10 7 15 4 5
ticket_1 2 12 1 2
ticket_2 7 16 6 11
ticket_3 2 20 5 3
ticket_4 0 2 0 0
ticket_5 7 7 3 2
ticket_6 6 14 7 5
ticket_7 7 9 8 4
ticket_8 8 8 3 2
ticket_9 1 8 4 1
ticket_10 4 11 2 0
average 5.95 13.525 4.725 3.275
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Fig. 7.1: Performance of various MLLMs on the OpenCompass multimodal academic leader-
board. Reproduced from [163].

7.4.1 Dataset

Current benchmarks tend to focus on a narrow range of tasks or datasets, which
makes qualitative comparisons very hard[159]. Identifying appropriate metrics for
evaluating zero-shot performance is an additional challenge. In response to this
issue, we created a dataset of 40 real-world documents with various layouts and
content, divided into four categories: resumes, insurance documents, invoices, and
tickets. The documents are editable PDF format, allowing evaluation, and Tesseract
[149] was used for OCR processing. This diverse dataset enables a comprehensive
evaluation of the model’s zero-shot content understanding and the performance
gains achieved through targeted prompting strategies. The selected document types
encompass a diverse array of layouts and information structures, including semi-
structured data in invoices, unstructured text in resumes, and complex tabular
formats in insurance forms, each illustrating what is required in practical enterprise
applications. Figure 7.2 shows a few sample documents from our dataset that
demonstrate the variety.

7.4.2 Results

Our evaluation method uses GPT-4o-mini, an independent LLM [166], to assess
information extraction accuracy across various approaches. Reasoning models like
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(a) Invoice (b) Resume

(c) Insurance (d) Ticket

Fig. 7.2: Sample documents from the collected dataset. Each image represents one of the
four main categories used for evaluating zero-shot information extraction.
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Tab. 7.8: Comparison of error counts and detailed issues across different extraction methods
for sample invoice_5

Method Errors Count Issues
Baseline text 7 Line 5 & 6 amounts missing leading “$”; Line

7 amount mis-recorded as $1,250.00 (should
be $250.00); Lines 8 & 9 program/AD-ID
fields merged incorrectly; Line 10 AD-ID and
amount merged/missing “$”; Table headers con-
catenated (Scheduled Time/Scheduled Day/Air
Date/Length combined); Important “remarks”
text sometimes lumped into wrong column.

Baseline image 22 Account number wrong (“4786” vs “4706”); Ad-
vertiser name & ID mangled; Agency name & ID
wrong; Period and invoice date do not match
source; Client/brand fields do not correspond to
original; Buyer and terms fields invented (“CIA”,
“Net 30”); Estimate number wrong; Line items
completely mismatched (dates, programs, AD-
IDs, amounts); Total amount missing.

Baseline image + text 9 Column header typo (“. . . Length}”); Line 7
amount mis-recorded as $1,250.00 (should be
$250.00); Program name truncated for Good
Morning America; Remarks for lines 10–14
mis-transcribed (“Early Sam” vs “Early 5 am”);
Some fields (e.g., “Scheduled Day to Run Air
Date/Time Length}”) mis-split.

Proposed 2 Agency street number wrong (555 vs 650
Massachusetts Ave NW); Line 7 amount mis-
recorded as $1,250.00 (should be $250.00).
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GPT-4o-mini are ideal for detecting subtle errors and comparing complex information
structures. Table 7.5 describes that GPT-4o-mini functions as a document analysis
expert tasked with comparing four separate JSON output files, each representing
extractions from the same document, to the corresponding PDF document. The
model’s primary function is to detect and quantify errors in the values extracted
from each JSON file. Importantly, the evaluation focuses solely on the accuracy of
the informational content, ignoring structural differences in the JSON formatting.
The model’s final output is presented in a standard JSON format, allowing for more
consistent and efficient analysis.

When utilizing InternVL3 as the underlying MLLM (Table 7.6), the image-only base-
line performs the worst with a mean of 14.775 errors per document, confirming
that visual features alone are insufficient for text rich documents. Both the text-
only (5.875 errors) and image+text (5.400 errors) baselines achieve comparable
performance, with image+text showing a slight edge. Our proposed 3-phase frame-
work yields a mean error of 6.125, which is marginally higher than the image+text
baseline but close to the text-only baseline.

Analyzing individual document performance, our proposed method achieved the
lowest error count in 17 out of 40 test samples, while the image+text baseline
led in 13 documents and text-only in 15. This indicates that, with InternVL3, the
benefit of our zero-shot schema-driven approach is comparable to a straightforward
image+text prompt. However, it does not consistently outperform the image+text
baseline for every document, particularly struggling with forms requiring precise
OCR driven table parsing (like invoices and insurance documents). This suggests
that Phase 1 segmentation can be hindered if InternVL3’s underlying vision language
encoder doesn’t reliably detect block boundaries in such complex layouts.

In contrast, when Gemma3 serves as the MLLM (Table 7.7), we observe a clear
advantage for our proposed framework. The image+text baseline achieves a mean
of 4.725 errors, while our proposed method significantly reduces this to 3.275
errors—a 30 percent improvement. Compared to the text-only (5.950 errors) and
image-only (13.525 errors) baselines, the proposed method is substantially better
across the board.

Proposed + Gemma3 not only has the lowest mean error (3.275), but it also performs
best in 32 of 40 documents, outperforming image+text and text-only baselines. This
clearly shows that, when combined with a stronger underlying vision language
model, the 3-phase framework consistently produces more accurate extractions. The
dynamic schema generation and verification steps work well with Gemma3’s high
quality features, resulting in reliable performance across all document types.
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Table 7.8 compares the error counts and extraction issues in sample invoice 5.
The image-only baseline has 22 errors, misreading important fields like account
numbers, advertiser and agency identifiers, and line item details. Although the
text-only baseline reduces errors to 7, it still encounters issues with missing dollar
signs, merged AD-ID fields, and concatenated table headers that limit accurate
parsing. When both an image and text are provided, errors decrease to 9 as some
OCR inconsistencies are corrected, but header splitting and truncated program
names remain. Our 3-phase framework reduces errors to two, resulting in minor
street number errors and a single misrecorded line item amount. The schema
enforcement and LLM based verification effectively address extraction issues that
simpler baselines failed to.

7.5 Discussion

While our 3-phase zero-shot framework offers a flexible, schema driven approach to
multimodal document understanding, it is not without limitations. The framework’s
effectiveness is primarily influenced by the capabilities of the underlying vision
language model and the inherent challenges of real-world document processing. As
observed in our experiments, the framework relies heavily on the MLLM’s ability
to accurately segment documents into coherent information blocks, recognize key
value relationships, and precisely follow prompt instructions. Notably, when using a
less capable MLLM such as InternVL3, errors become significantly more frequent,
particularly with documents that feature complex layouts.

Another critical requirement is OCR accuracy. If OCR fails to correctly recognize
critical fields, the extracted JSON will inevitably contain errors. Furthermore, docu-
ments with highly irregular or deeply nested layouts can complicate the extraction
logic, resulting in misplaced or overlapping information. While Phase 3’s LLM based
verification can detect some of these errors, it cannot recover data that was never
correctly captured due to faulty segmentation or initial OCR errors.

Our evaluation utilized 40 real world documents across four categories: resumes,
insurance forms, invoices, and tickets. Although this selection covers a variety
of layouts, it doesn’t encompass the full spectrum of document types found in
enterprise environments. Therefore, the framework’s generalization to entirely novel
document categories remains an area for further investigation. In production settings
where new document categories emerge frequently, maintaining and validating these
prompt templates could also become labor intensive.
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Additionally, since Phase 3 utilizes the same LLM for self review, the model’s inherent
biases and tendencies towards hallucination remain a risk. If the LLM consistently
misinterprets a block in the same way during both extraction and verification, Phase
3 may fail to correct the mistake.

For very sparse documents (e.g., tickets with minimal fields), the overhead of block
segmentation can sometimes introduce unknown structure blocks, slightly increasing
false positives compared to a straightforward image+text baseline. Moreover, the
3-phase pipeline incurs additional LLM calls (one per phase), which can increase
inference time by up to three times compared to a single unified prompt. This
trade-off between accuracy and speed needs careful consideration in real-time or
high volume deployment scenarios.

7.6 Conclusion

In summary, this study presents a 3-phase, zero-shot information extraction frame-
work that leverages the capabilities of multimodal large language models to ad-
vance document understanding, particularly for visually complex documents. The
framework’s phased design, which includes document understanding and block
identification, schema driven data extraction, and LLM based verification, enables
dynamic schema generation and incorporates effective self correction mechanisms.
This structure allows the framework to adapt to a wide range of document types
without requiring explicit, template specific training.

The effectiveness of the framework is validated through experimental evaluations
with InternVL3 and Gemma3 as MLLM. While the framework’s performance with
InternVL3 is consistent with naive prompting strategies, making use of Gemma3
results in a 30 percent reduction in mean extraction errors. This emphasizes the
critical role of strong visual text alignment in achieving high accuracy and robustness
across various layouts.

However, several limitations remain, including the framework’s dependence on
precise OCR, its capacity to manage documents with irregular structures, the complex
nature of prompting, and the computational requirements of the multi phase pipeline.
Future research should investigate strategies to address these limitations, including
the implementation of secondary verification modules to improve accuracy, the
refinement of block type taxonomies for better document comprehension, and the
expansion of support to include a wider variety of document formats and types.
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Overall, this study provides a reliable and adaptable solution to the problem of
zero-shot document information extraction. By focusing on structured processing,
dynamic schema generation, and optional verification, the framework provides a
scalable path to more intelligent, automated document processing systems. Its
zero-shot nature allows for rapid adaptation across domains, resulting in extraction
performance suitable for real-world production environments.
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Conclusion 8
„You have survived all of your worst days, but

eventually one of them is going to get you.

— Dave Tarnowski

This thesis advances and challenges document understanding, particularly lay-
out analysis, table detection, and classification, which are crucial to structural
information extraction. The research improved document analysis accuracy and
robustness, especially in complex layout identification, table recognition, and doc-
ument classification, using deep learning. This work also provided new datasets,
model architectures, and strategies to fill gaps and improve data handling in these
processes.

8.1 Summary of Contributions

Chapter 2 demonstrated the efficacy of object detection principles for document
layout analysis, highlighting the potential of CNN architectures in this context. On
the PubLayNet dataset, our approach outperformed the baseline methods by 3
percent. Chapter 3 successfully mitigated catastrophic forgetting in table detection
by implementing continual learning techniques, particularly experience replay, which
resulted in a 15 percent reduction in the forgetting effect compared to traditional
fine-tuning methods. Chapter 4 introduced a novel CNN model and a custom dataset,
TabLines, for ruling line segmentation, and demonstrated the method’s effectiveness
on the TabLines dataset.

Furthermore, Chapter 5 tackled the issue of imbalanced document classification
through a multi-modal learning approach, integrating image and text data for
enhanced accuracy. The visual stream utilized ResNet, employing a two-phase classi-
fication strategy with cross-entropy loss and IB loss function to mitigate imbalance
effects. The combination of outputs from ResNet and BERT, along with techniques
to address class imbalance, resulted in improved performance.
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Finally, this thesis looked into the potential of Large Language Models for advanced
information extraction. Chapter 6 presented a novel approach for fine-tuning LLMs
to extract meaningful structural information from visually rich documents. By
converting OCR outputs to structured HTML representations and using instruction-
based prompting, we improved LLMs’ ability to understand and extract layout-
dependent information. Our fine-tuned CodeLlama model outperformed baselines
on the VRDU benchmark by more than 20 percent, yielding results comparable to
the SOTA.

Chapter 7 builds on this by presenting a three-phase, zero-shot information ex-
traction framework for complex documents that employs Multimodal LLMs. This
phased design (document understanding, schema-driven extraction, and LLM-based
verification) allows for dynamic schema generation and self-correction. Evalua-
tions revealed a 30 percent reduction in mean extraction errors with Gemma3 over
naive prompting, emphasizing the importance of strong visual-text alignment and
providing a scalable path to intelligent, automated zero-shot document processing.

The study’s findings have important implications for document understanding. Im-
proved document analysis accuracy and robustness may assist in the automation
of document processing tasks across a wide range of domains. Notably, this re-
search provides techniques for dealing with real-world data challenges such as data
variability, catastrophic forgetting, noise and scarcity, and class imbalance, as well
as enabling generalization with few or no task-specific examples (few-shot and
zero-shot learning). Furthermore, the study of LLMs and MLLMs in document under-
standing opens up new research opportunities for leveraging these powerful models
to extract meaningful information from complex documents. Overall, this study has
explored important challenges in document comprehension, laying the groundwork
for more dependable, efficient, and adaptable future research and applications in
this field.
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