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Abstract

Visually rich documents have been widely used in many scenarios because of their user-
friendliness for human readers. However, with the surging number of these documents, it
has been far beyond the capacity of humans to manage, extract critical information and
mine useful knowledge from these documents efficiently, making it necessary to develop
tools to manage and interpret these documents automatically. Typically, a document can
contain different types of components, such as Regular Text areas, Tables, and Figures,
and these components usually require different processing methods. Since tables are usu-
ally used to summarize vital information, and their two dimensions and complex structures
make the semantic recognition challenging, this thesis focuses on the semantic recognition
task on tables. With the development of Large Language Models (LLMs), applying LLMs
to semantic recognition tasks has become a popular choice, as many studies have demon-
strated the remarkable capacities of LLMs for semantic recognition tasks. Considering that
even though multi-model LLMs can process images directly, their performance on semantic
recognition tasks with images containing dense text is still far behind text-only LLMs, this
thesis proposes to apply text-only LLMs on semantic recognition task on the table images
from visually rich documents. Since the tables from visually rich documents are usually
images, this thesis introduces a complete solution to fill the modality gap between table
images and text-only LLMs, including Table Detection (TD) and Table Structures Recog-
nition (TSR) models, and further use Table Question Answering (Table-QA) problem as
an example of semantic recognition tasks. Comprehensive experiments are conducted on
various datasets for models in the TD, TSR and Table-QA, and the experimental results
demonstrate the superiority of the proposed solution.
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Chapter 1

Introduction

Portable Document Format (PDF) and scanned documents are the dominant data for-
mats in business scenarios and on the internet. However, these documents cannot provide
enough metadata to fully describe their contents and structures. With the surging number
of these documents, it has been far beyond the capacity to manage and mine knowledge
from these documents for human readers, making it necessary to develop tools to manage,
interpret, and understand them. Generally, a visually rich document can combine several
components, such as Text Area, Figure, Formula, and Table. Among these components,
Tables are usually used to summarize critical information but are challenging to interpret
because a table’s structure can be very complex and cannot be processed as a flat sequence.
Therefore, this thesis focuses on the semantic recognition problem of table images from
visually rich documents and proposes a complete solution to extract, process and inter-
pret the tables from the visually rich document images. More specifically, as shown in
Figure 1.1, the proposed solution formulates the problem as a Table Detection (TD) task,
a Table Structure Recognition (TSR) task and a Table Question Answering (Table-QA)
task. TD aims to detect and extract tables from document images, and its results are fur-
ther processed by the TSR model and the OCR model to transform the table images into
structured or semi-structured text formats, such as HTML sequences. At last, the con-
verted text sequences are the inputs of the Table-QA model as the semantic recognition
task. The Table-QA model in this pipeline only needs to take text-only inputs, making it
easier to utilize large language models (LLMs). This thesis employs detection models for
the TD and TSR tasks, which can be trained end-to-end, and uses a prompting method
for the Table-QA task without training.

1



Table detection
Table structure 
recognition

Document 
images

（a） （b） （c） （e）

<table>
    <tr>
            <td rowspan="2"></td>
            <td colspan="4">Finland</td>
    </tr>
    <tr> 
            <td>Female</td>
            <td>Male</td>
            <td>Total</td>
            <td>15-24</td>
    </tr>

... ...
    <tr>
            <td>2005</td>
            <td>8.6</td>
                                 ... ...
            <td>20.1</td>
    </tr>
</table>

OCRPost-processing

（d）

Pipeline

Outputs
<table>
    <tr>
            <td rowspan="2"></td>
            <td colspan="4"></td>
    </tr>
    <tr> 
            <td></td>
            <td></td>
            <td></td>
            <td></td>
    </tr>

... ...
    <tr>
            <td></td>
            <td></td>

... ...
            <td></td>
    </tr>
</table>

Table-QA

（f）

Question: What is the number 
of  Female in 1995?

Answer: 15.1

Figure 1.1: Workflow of the solution proposed in this thesis. This solution contains TD and
TSR to extract and transform table images from visually rich documents into a structured
or semi-structured text format, such as HTML sequence, and then use text-only LLMs for
the Table-QA task.

1.1 Table Detection

TD is the first task for the proposed pipeline to locate and extract tables from the visually
rich documents, as shown in Figure 1.1. Many studies have proposed datasets and solutions
for the TD problem. However, existing datasets either suffer from limited samples or are
too noisy. For example, ICDAR2013 [1], ICDAR2017 [2], and ICDAR2019 [3] are manually
labeled, which means that the annotations are more reliable and consistent, but the number
of training sample in these datasets are usually limited. TableBank [4] and PubLayNet [5]
are annotated by parsing metadata of electronic documents, making these annotations
noisy and inconsistent, even though these datasets are much larger. Besides, the annotation
definitions across these datasets are often different, which means we cannot simply merge
these datasets together to form larger datasets. Figure 1.2 shows two samples from the
TableBank test set. One typical issue of these meta-data generated datasets is that the
bounding box can be larger than an ideal bounding box, as shown in Figure 1.2 (a), which
can make the evaluation unreliable when the Intersection over Union (IoU) threshold is
high. Another issue is that some tables are missed or the bounding box is not large enough
to cover the whole table, as shown in Figure 1.2 (b). The quality of a table detection
set is critical for the TD problem because a successful TD application should avoid losing
information presented in the tables. The noisy labels in the test set can influence the
model evaluation, especially for widely used evaluation metrics threshold by IoU scores. It
is worth mentioning that even though manually annotated datasets have a higher quality
of annotations, there are still many noisy samples in both their training and testing sets.
Therefore, this thesis revisits several well-annotated datasets, including ICDAR2013 [1],

2



ICDAR2017 [2], ICDAR2019 [3], Marmot [6] and TNCR [7], aligns the labeling definition
of these datasets, cleans the noisy samples and merge them together to form a larger
dataset, termed with Open-Tables. The new Open-Tables dataset can minimize the side
effects of noisy samples on the model evaluation and provide more reliable results. Besides
the issues of noisy labels, the data sources of open datasets are limited, primarily from
academic publications or public governmental documents, making the intra-class variance
and the inter-class variance of these documents small because these documents have to be
written following a series of writing principles. In other words, detection models can easily
achieve a promising performance on these datasets, which also cannot reflect the complexity
of real enterprise applications. Therefore, this thesis proposes a new TD dataset using
datasheets from the Information and Communications Technology (ICT) domain. It is a
more challenging dataset because of the domain-specific samples, layout and appearance
variances. Figure 3.3 shows some samples from our proposed dataset, which can hardly
be found in the public datasets. For example, Figure 3.3 (a) is a special table containing
several sub-tables, and Figure 3.3 (7) is a table containing figures as the content of some
table cells. More details regarding the proposed datasets are included in Chapter 3.

On the other hand, Table Detection (TD) is typically formulated as an object detection
problem defining tables as the detection targets. Current state-of-the-art methods [8,9] for
the TD problem usually employ two-stage object detectors, which require dense candidates
and apply data augmentation and multiple-stage transfer learning techniques. However,
tables in visually rich documents are usually well formatted and large so that human readers
can easily interpret them. Besides, the number of tables in a single document image is
typically small, which means their distribution in a single document is sparse. Based
on these observations, this thesis uses SparseR-CNN [10] as the base model, which is a
competitive detector using sparse learnable regional proposals. It is worth mentioning that
many state-of-the-art studies for the TD problem often employ two-stage detectors using
dense candidates and multiple-stage transfer learning techniques, which are usually more
complex than the proposed method. This thesis also proposes using image-size regional
proposals to cover all the information on target tables in the proposal boxes and using the
noise augmentation method to enrich the diversity of proposal boxes. Since information
extraction tasks often follow TD tasks, it is vital to avoid information loss. Therefore, a
larger prediction box is preferable to a smaller box that can lose information even when
the latter box has a larger IoU score with the ground truth. Figure 1.3 uses a table as an
example to further illustrate this observation. The green box in Figure 1.3 has an IoU score
of 0.77 with the red ground truth box, while the blue box has an IoU score of 0.82. Even
though the blue prediction has a larger IoU score, the green prediction is preferable for TD
tasks. These observations show that the IoU score cannot directly reflect the information
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(a) (b)

Noisy Ground Truth

Ideal Ground Truth

Missed Ground Truth

Figure 1.2: Two noisy samples from the TableBank test dataset. Red bounding boxes
are the ground truth boxes provided by the dataset. In Figure (a), the bounding box is
larger than the ideal bounding box, which can make the evaluation unreliable when the
IoU threshold is high. Figure (b) shows a sample in which the bounding box is not large
enough, only covering part of the table. Besides, the table at the bottom of Figure (b) is
missing. It is worth mentioning the images’ low resolution is caused by the images provided
by the dataset.

loss of a prediction box. Therefore, this thesis proposes to decouple the IoU score into two
terms: a ground truth coverage term and a prediction coverage term, in which the former
term can be used to measure the information loss for the prediction boxes. It is worth
mentioning that the proposed decoupled IoU score termed the Information Coverage Score
(ICS), can replace the IoU score in the IoU-based loss functions and evaluation metrics.
Besides, label assignment in object detection models is to define the classification and
regression targets for anchors [11]. Many studies [11,12] have shown that label assignment
plays a vital role in the success of a detector, and the one-to-one scheme used in SparseR-
CNN [10] is not optimal. SparseR-CNN employs a cascade architecture that uses the
outputs of ith Dynamic Head as the inputs of the i + 1th Dynamic Head to refine the
predictions, as shown in Figure 4.1, which means that the proposal quality of each Dynamic
Head varies. Therefore, inspired by the studies [11–15], this thesis leverages a SimOTA [15]
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based many-to-one label assignment approach to further improves the SimOTA by adopting
a dynamic scheduling scheme to adjust the number of positive assignments dynamically
and integrating the proposed ICS loss to the cost function. The details of the proposed
SparseR-CNN-based TD model and the decoupled IoU are discussed in Chapter 4.

Ground Truth

Prediction Box1

Prediction Box2

Figure 1.3: Preferable prediction for TD tasks. The IoU scores of green and blue predic-
tions are 0.77 and 0.82, respectively. Even though green prediction’s IoU is smaller, it is
preferable for TD tasks.

1.2 Table Structure Recognition

After the TD task in the proposed solution, as shown in Figure 1.1, TSR aims at trans-
forming table images into a structured format, such as an HTML sequence. TSR studies
can roughly be categorized into three groups based on their problem formulations: image-
to-sequence, graph-based, and detection-based models. Image-to-sequence models usually
follow the encoder-decoder architecture and directly generate structured outputs, such as
HTML sequences. Some image-to-sequence models [16, 17] also integrate the OCR task
into the model to make the model end-to-end without using extra OCR tools [18, 19] to
extract text contents from the images. However, since these models use auto-regressive
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decoders, they often suffer from error accumulation [20], and their OCR capacity usually
cannot generalize well because of the limitation of training data. On the other hand,
graph-based models usually use segmentation or detection methods to extract table cells,
treat extract table cells as nodes of a graph, and further build the relation among the
graph nodes. This graph-based definition makes it easier to deal with the scenarios in
which table images are collected from the wild, such as rotated, distorted tables. How-
ever, graph-based models introduce extra complexity because they need to build extra
graph models compared with detection-based models. By contrast, detection-based mod-
els are more straightforward in detecting the table components directly and post-processing
the detection results with a deterministic rule-based method for reconstructing the table
structure. However, detection-based methods can fail to deal with rotated and distorted
samples. Besides, detection-based models usually cannot perform as well as other types of
solutions regarding cell-level TSR metrics, such as TEDS [21]. Therefore, these different
types of approaches have their benefits and must be selected based on the application sce-
narios. This thesis focuses on applying detection-based TSR models to process the table
images from well-formatted documents.

There have been many studies [22–24] using detection models together with a post-
processing method to solve the TSR task. However, existing studies either over-simplify
the problem or define a multi-label detection task, which is challenging for two-stage ob-
ject detectors. For example, some studies [22, 23] do not define the Column Header as a
detection target, making it impossible to provide information regarding the header cells.
By contrast, PubTables1M [24] defines six types of components, including Table, Column,
Row, Spanning cell, Column Header, and Projected Row Header, which can provide as
much structure information as other types of TSR models. However, PubTables1M [24]
does not consider that some Column Headers and Projected Row Headers can share identi-
cal bounding boxes with corresponding Rows, making this definition a multi-label detection
task. Besides these issues of problem formulation, detection models used in these studies
are trained to optimize their detection performance. However, since the complex structures
of tables are processed by a post-processing step inferring defined table components, such
as Columns and Rows, a model with good detection performance cannot necessarily lead to
good performance in TSR metrics, such as TEDS. Moreover, some critical characteristics
of detection models are not considered in existing studies’ model design and problem for-
mulation. For example, typical two-stage detection models, such as Cascade R-CNN [25],
are not suitable for multi-label detection tasks, while transformer-based detection models,
such as DETR [26] and SparseR-CNN [10], can achieve promising results on multi-label
detection tasks. Another example is that for two-stage detection models, regional proposal
generation plays a crucial role in the model’s performance, and the defined components in
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table images have different aspect ratios compared with common objects. At last, many
studies apply deformable convolution [27] to improve the models’ performance regarding
detection evaluation metrics, such as COCO metric [28]. However, simply applying de-
formable convolution can degrade the model’s performance regarding the TEDS, and it is
necessary to extract long-range dependencies while improving the local feature extraction.
Therefore, this thesis comprehensively revisits existing detection-based solutions and fur-
ther explores the possible reasons hindering the performance of detection-based models for
the TSR task. Based on the findings and analysis, this thesis applies three simple meth-
ods to a typical two-stage detection model, Cascade R-CNN, including tuning the aspect
ratios and increasing the number of region proposals in regional proposal generation, trans-
forming the multi-label detection task into the single-label task, and introducing a Spatial
Attention Module to build long-range dependencies. The experimental results show that
the proposed method can achieve state-of-the-art performance with very simple methods,
demonstrating that the findings can be a guideline for further improvement of detection-
based solutions. More details regarding the proposed detection-based TSR solution are
discussed in Chapter 5.

1.3 Table Question Answering

Table Question Answering (Table-QA) is the last task in the proposed solution, which is
a typical semantic recognition task. Typically, tables can be easily categorized into two
groups: structured and semi-structured tables. Structured tables are usually from rela-
tional database systems with explicit schema describing their structures and data types,
meaning the programming languages, such as SQL, can naturally process them. By con-
trast, tables from other sources, such as web pages and visually rich documents, are usually
semi-structured without schema requirements, resulting in complex structures and hetero-
geneous data types, making the QA task on these semi-structured tables more challenging.
This study focuses on the Table-QA problem on the semi-structured tables, which is a
more challenging setting.

As pointed out by many studies [29–31], Large Language Models (LLMs) suffer from
some limitations in their arithmetic calculation and complex reasoning capacities. There-
fore, many prompting tuning methods have been proposed to enhance LLMs’ capacities.
For example, Chain of Thought (CoT) [31] is a popular prompting method providing rea-
soning rationales to trigger LLMs’ reasoning capacities. PAL [29] and PoT [30] propose
to offload the reasoning steps to Python code. However, these typical prompting meth-
ods cannot perform well in the semi-structured Table-QA problem because of the complex
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structures, heterogeneous data types, and sometimes huge tables with numerous columns
and rows. More specifically, prompt methods without applying programming languages
must first extract the correct information from semi-structured tables before reasoning,
which is challenging for LLMs, especially when the table is huge [32]. Figure 1.5 contains
a failure example of CoT, which interprets 1936/37 as two years and fails to extract the
correct Year 1953/54. Similarly, programming-aided solutions, such as PAL and PoT,
can also suffer from this information extraction issue if we define the relevant information
as Python variables. Applying Pandas Library [33, 34] can alleviate this information ex-
traction issue [35] by providing proper selection criteria, but introducing extra difficulties
caused by the heterogeneous data types. Figure 1.5 shows a PoT example using Pandas
Library, which fails to run because the values in column Year cannot be directly com-
pared with 1936. Besides, complex structures of semi-structured tables can often lead to
wrong results, especially for program-aided solutions. Figure 1.4a shows an example from
WikiTableQA [36] dataset, which contains several spanning cells across multiple columns
and rows, and inconsistent data types, such as the column Season. Even though some
methods [24] can transform this table into a standard table by repeating table spanning
cells into multiple single table cells so that SQL or Python Pandas library can process it,
its structure still can lead to wrong results. For example, when an LLM is prompted to
generate Python code to answer the question ”What is the maximum League Apps after
2004?”. Two Totals in the column Season will be compared with correct Seasons, which
leads to wrong results. Besides, the generated code needs to compare the values from the
column Season, which can lead to an error of execution because ” > ” operation cannot be
applied to the string ”2011-12” and the integer 2004, as highlighted in Figure 1.4b, which
is another failure example caused by the heterogeneous data types. Along with applying
Python to enhance the LLMs, some studies [37, 38] apply SQL to the Table-QA problem.
However, SQL is a programming language designed for structured tables, meaning that
semi-structured tables need to be transformed into structured format first so that tables
can be imported into the relational databases to execute SQL queries, which is another
challenging task for the semi-structured Table-QA problem discussed in this study. Be-
sides, as pointed out by some studies [37,39], some questions are not answerable by merely
using SQL. Therefore, considering the flexibility of Python and the limitations of applying
SQL to the semi-structured Table-QA task, Python is applied in this thesis.

Besides the issues of applying prompting methods to the semi-structured Table-QA
problem, current studies only focus on optimizing the prediction accuracy without consid-
ering their inference cost. As mentioned, some tables can be huge, which can lead to long
prompts and inference time. Even though some solutions [38, 40] propose decomposing
huge tables into sub-tables for further reasoning, they need to prompt the full huge table
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(a) A sample table with a complex structure from the WikiTableQA dataset.

 #solution in Python
 import pandas as pd
 def solution(table_dict):
         df = pd.DataFrame(table_dict)
         # Filter the rows after 2004
         df_after_2004 = df[df['Season'] > 2004]
         # Find the maximum League Apps
         max_league_apps = df_after_2004['League Apps'].max()
         return max_league_apps

(b) A sample of generated Python code to answer the question What is the maximum League
Apps after 2004?.

Figure 1.4: An example of a semi-structured table and its failed Python code because
of the heterogeneous data types and the table’s complex structure. The Python code is
generated by Mixtral-8*7B.
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Demonstration selection and sub-table extraction
<Task Conducting Prompt: Instructions, Demonstrations, SubTable, Question >

<Task Planning Prompt: Instructions, Demonstrations, Statistical Table, Question >

Answer: 
def solution(table_dict):   <----- reasoning function
        ... More lines here ...
        winning_year = df[(df['League'] == 'ASL') & (df['National Cup'] == 'Champion') & (d-
f['Year'] > 1936)]['Year'].min()
        return winning_year - 1936
Therefor, the final answer is {1}.    <----- default answer when Python function fails to run
<Task Correction Prompt: Instructions, Demonstrations, SubTable, Error Code, Question >
def normalize_year(year):  <----- data normalization function for error correction
        ...More lines here ...

Answer: Relevant columns :{Year, National Cup}, Operations: {ADDITION/DIFF}, 
Programming Steps

Question: how long did it take for the new york americans to win the national cup after 1936?

<PoT Prompt: Instructions, Demonstrations, Full Table, Question>

<CoT Prompt: Instructions, Demonstrations, Full Table, Question>

CoT

New York Americans (soccer)

Proposed

PoT

Answer:
def solution(table_dict):
        ... More lines here ...
        winning_year = df[(df['League'] == 'ASL') & (df['National Cup'] == 'Champion') & (d-
f['Year'] > 1936)]['Year'].min()
        return winning_year - 1936

Answer: The New York Americans won the national cup in 1936 and 1937. Therefore, it took 
them one year to win the national cup after 1936.

Data normalization and re-run Task-conducting Function

Figure 1.5: Comparison of CoT, PoT and the proposed method. It is worth mentioning
that many details are omitted due to space limitations. The details of the prompts are
attached in Appendix .4.
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into the LLM first. Some studies [32] truncate the huge tables, which can drastically re-
duce the inference cost but introduce the risk of losing critical information in the tables and
sometimes make it impossible to give the correct answer. Besides, ensemble methods, such
as self-consistency decoding and majority voting, are often employed to improve the perfor-
mance further [38,40,41], but also drastically increasing the inference cost simultaneously.
Moreover, current studies [30,37,38,40,42–44] are usually built upon Open-AI’s commercial
LLMs, which is not practical for many scenarios with data security and hardware consider-
ations. Even though some open-source LLMs can show promising performances on various
public benchmarks [45, 46], these open-source LLMs can show different behaviours from
state-of-the-art commercial LLMs, because of their number of parameters, training and
instruction tuning datasets, and many other factors. For example, study [32] demonstrates
that CoT [31] can improve the prediction accuracy on the Table-QA task with GPT3 [47].
However, our experiments show that the benefits of CoT [31] are incremental with various
open-source LLMs with different scales of parameters and released by multiple companies.

Lastly, most of these studies are based on In Context Learning (ICL), using demon-
strations to guide the LLM in conducting target tasks, while crafting and selecting proper
demonstrations is still an open issue. Many studies [48, 49] pointed out that the content,
number and order of demonstration can all influence the results. Therefore, a series of
atomic operations is first defined to measure the complexity of a query question in the
given table and describe the steps with the defined atomic operations, which can be a
metric for the demonstration selection when crafting prompts. To mitigate the issues
limiting the performance of LLMs, including the complex table structure, heterogeneous
data types, huge tables, and the inherent limitations of LLMs in reasoning capacities, a
three-stage prompting solution is proposed containing task-planning, task-conducting and
task-correction stages, as shown in Figure 1.5. The task-planning stage prompts the LLM
to analyze the statistical information of the given table and provide programming steps,
data requirements, and relevant columns to solve the query question and generate a plan.
Then, the task-conducting stage first generates a default answer as the final answer when
the generated Python code fails to execute and then generates the Python code based on
the plan from the first stage. When a task-conducting stage fails to execute, the heteroge-
neous data types are usually the reason. Therefore, we also include a task-correction stage,
which can generate normalization functions to normalize the data and correct the error
in the task-conducting stage. It is worth mentioning that the proposed method can avoid
huge tables as a part of the prompt, which can drastically reduce the number of prompting
tokens when the tables are huge. More details regarding the proposed Table-QA solution
are discussed in Chapter 6.

It is worth mentioning that, as shown in Figure 1.1, an OCR tool is needed to extract
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text content from the images so that the table images can be converted into structured
or semi-structured text formats. Since there have been many OCR tools, such as Easy-
OCR [19] and MMOCR [18], achieving very promising performance, this thesis simply
employs open-source OCR tools for text extraction.

1.4 Contributions

To sum up, the contributions of this thesis are four-fold:

1. This thesis revisits existing open-source datasets, addresses the issues of inconsistent
annotations, noisy annotations and limited data sources, and proposes two highly
high-quality datasets by merging cleaned open-source datasets and annotating col-
lected data from the Information and Communications Technology (ICT) domain,
termed with Open-Tables and ICT-TD datasets.

2. This thesis proposes a Sparse R-CNN based TD solution, incorporating a series of
methods to improve its performance, including adapting a dynamic scheduling scheme
to the label assignment, proposing a decoupled IoU loss and applying a Gaussian
Noise Augmented Image Size region proposal method.

3. This thesis revisits existing detection-based TSR solutions and further analyzes the
limitations of existing solutions, including the over-simplified problem formulation,
the mismatch of detection and TSR metrics, the mismatch of multi-label detection
formulation and the detection models. After the analysis of these issues, this thesis
proposes three simple methods to improve a Cascade R-CNN-based method, includ-
ing tuning the aspect ratios and the number of region proposals, extending the multi-
label detection to regular single-label detection method by generating pseudo-class,
and a Spatial Attention Module to build long dependencies.

4. This thesis formulates a Table-QA task, taking the results of the TSR task and
Questions as inputs, and further explores programming language-aided prompting
methods to utilize the remarkable abilities of LLMs. More specifically, a series of
atomic operations are defined to describe and measure the similarities of QA tasks,
which can be a guide to craft demonstrations and a distance metric for demonstration
selection. Besides, a three-stage prompting solution is proposed, including task-
planning, task-conducting and task-correction stages, to mitigate the issues caused
by the semi-structured tables and the limitations of LLMs.

12



The rest of this thesis is organized as follows: Chapter 2 discusses related studies, in-
cluding object detection models, table detection datasets, table detection models, table
structure recognition, pre-trained language models and large language models. Chap-
ter 3 revisits open-source TD datasets and introduces proposed Open-Tables and ICT-
TD datasets. Chapter 4 introduces the proposed SparseR-CNN based model for the TD
task. Chapter 5 revisits existing detection-based TSR solutions and presents the proposed
Cascade-RCNN based TSR model. Chapter 6 discusses the proposed methods for the
Table-QA task. At last, conclusions and future directions are discussed in Chapter 7.
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Chapter 2

Related Work

Since both TD and TSR problems are formulated as Object Detection problems in this the-
sis, this chapter first discusses the state-of-the-art Object Detection models, then discusses
tasks and related datasets used in this thesis, including TD, TSR, Pre-trained Language
Models, Large Language Models, LLM-based Table-QA Methods, Table-QA datasets and
Prompting Methods. It is worth mentioning that this section focuses on machine learning
and deep learning approaches because these methods have become the dominant solutions
for these tasks.

2.1 Object Detection Models

Object detection problem has been widely discussed in recent years. Object detection
models are often categorized into one-stage and two-stage models based on their number of
regression steps. Popular one-stage models includes YOLO [50] and its variants [15,51–53],
SSD [54], FCOS [55], and many others. These one-stage models do not contain the step of
generating region proposals. For example, YOLO series models divide the images into grids
first, then classify the class of grid cells and directly predict the bounding boxes and their
confidences. The simple design of one-stage detectors leads to faster training and inference
time compared with two-stage detectors. In contrast, two-stage models usually first use a
region proposal network to generate a series of regional proposals, then further regress and
classify the regional proposals by well-designed models. Typical two-stage models includes
Faster-RCNN [56], MaskR-CNN [57], CascadeR-CNN [58] and many others.

On the other hand, some studies [10, 59] categorize the popular detectors from the
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perspective of Non-maximum Suppression (NMS), which is widely used to reduce the re-
dundant predictions from the detectors. From this perspective, popular detectors can be
categorized into end-to-end and none end-to-end models based on whether NMS is needed.
DETR [26] is a typical end-to-end detector introducing transformer architecture [60], set
prediction loss, and one-to-one label assignment to the object detection problem. Fol-
lowing the design of DETR, many variants of DETR have been proposed to improve the
performance further and accelerate the convergence, such as Deformable-DETR [61] and
DAB-DETR [62]. Sparse R-CNN [10] refactors the DETR model and proposes to use
sparse learnable regional proposals to replace dense regional proposals and utilize a dy-
namic instance interactive head to regress and classify the proposals in an iterative manner.
Study [63] analyses the success of end-to-end detectors and argues that the one-to-one label
assignment method in end-to-end detectors contributes to the success of the end-to-end
models but is not sufficient to fully remove the NMS from the pipeline. This study further
points out that the classification cost in the matching cost when applying one-to-one label
assignment plays a key role in the success of these end-to-end models. Study [59] further
analyzes combinations of the label assignment methods and queries and argues that sparse
queries with one-to-one label assignment can degrade the recall, and dense queries with
one-to-one label assignment are hard to optimize. To address these issues, study [59] pro-
poses a dense distinct queries (DDQ) method to select distinct queries from dense queries
using a class-agnostic NMS, achieving promising precision and recall. SQR [64] points out
that the stages in DETR series detectors have different unbalanced responsibilities and
proposes to collect and select intermediate queries for subsequent stages. It is worth men-
tioning that these end-to-end detectors can easily be extended to none end-to-end solutions
by adapting many-to-one label assignments [12] and NMS. This thesis refers to models us-
ing transformer architecture, set prediction loss, and their variations as transformer-based
detection models, such as DETR, Sparse R-CNN and Deformable-DETR [61], and the pro-
posed method in this thesis is based on SparseR-CNN and uses the image size initialization
considering the requirements of TD applications as discussed in Chapter 1.

Besides these object detection models, loss functions used in object detectors’ regression
and classification tasks have also been discussed widely. For the regression task, it is
a natural choice to use ln-norms and their variants, such as smooth-l1 [65], as the loss
function. However, these functions are not aligned with the widely accepted evaluation
metric IoU score, meaning that for some cases, minimizing these loss functions cannot lead
to better IoU scores [66, 67]. IoU-based loss functions can alleviate this issue and become
the most popular choice. IoU loss [68] has the gradient vanishing issue when the prediction
and ground truth boxes have no overlaps. GIoU loss [66] extends the IoU loss by adding
an extra penalty term to alleviate the gradient vanishing problem when two boxes have no
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overlap. More specifically, assuming that A, B denote two arbitrary convex shapes and C is
the smallest enclosing convex, then the term used in GIoU loss is defined as |C−A∪B|

|C| , where
− means the complementary operation. A limitation of GIoU loss is that it can be degraded
to IoU loss for enclosing bounding boxes. To address this limitation of GIoU loss, DIoU
loss [69] proposes to use the distance between two boxes’ centers as the additional term,
which can lead to faster convergence and alleviate the gradient vanishing problem. CIoU
loss [70] also considers the geometric factors of bounding boxes and proposes an aspect ratio
term, a distance term, and the IoU term. Besides these popular IoU-based loss functions,
there are other loss functions without IoU, such as SCALoss [67] and KLLoss [71]. SCALoss
defines two terms considering side overlap and corner distance. KLLoss requires the output
to be a distribution instead of location coordinates.

At last, label assignment methods are another widely discussed aspect of detection
models. Typically, label assignment methods can be categorized into Fixed Label Assign-
ment and Dynamic Label Assignment [11]. Fixed Label Assignments are methods defining
fixed criterion to determine the positive and negative samples of each ground truth. For
example, Region Proposal Network (RPN) in FasterR-CNN [56] defines two IoU scores as
the thresholds to the positive and negative proposals. YOLO [50] uses the closest anchor
points to the center of ground truths as positive anchor points. In contrast, Dynamic
Label Assignment methods often formulate the problem as an optimization problem and
solve the problem more dynamically. For example, OTA [11] formulates the label assign-
ment problem as an Optimal Transport (OT) problem, which can be optimized by the
Sinkhorn-Knopp algorithm. SimOTA [14,15] uses the tok-K candidates whose centers are
in the ground truth bounding boxes to avoid the time-consuming optimization process.

2.2 Table Detection Datasets

There have been many public datasets that can be used for the TD problem. Some of these
datasets are created only for the TD problem, such as ICDAR2013 [1], ICDAR2017 [2],
ICDAR2019 [3] and TNCR [7]. The ICDAR2013 dataset is a widely used benchmark in
many studies, and it contains 238 images collected from public governmental documents.
Some images in the ICDAR2013 dataset do not contain tables, resulting in 150 tables.
Since this dataset is relatively small, many studies have achieved 100% F1-score, following
the evaluation metric setting of ICDAR2013 competition [1] whose IoU threshold is 0.5.
The ICDAR2017 and ICDAR2019 datasets are the other two datasets used in the respective
competitions. The ICDAR2017 dataset consists of a training set with 1600 images and a
testing set with 817 images. The documents in the ICDAR2017 are collected from CiteSeer,
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which is a source of academic publications. ICDAR2019 has two separate collections,
including archival and modern document images. This thesis only considers the modern
document set of the ICDAR2019 dataset, which contains 600 images for training and
240 for testing. TNCR [7] also collects the Public Governmental Documents and further
defines five types of tables, including Full-lined, No-lined, Merged-cells, Partial lined, and
Partial lined merged cells. TNCR contains 4634, 987, and 1000 images for training, testing
and validation, respectively. IIIT-AR-13K [72] is another dataset defining five types of
document objects, including Table, Figure, Natural Image, Logo and Signature. IIIT-AR-
13K dataset uses business annual reports as the data source and consists of 9000 training
images, 2000 testing images and 2000 validation images.

There are also some datasets generated by parsing the meta-data of Microsoft Word files
or latex sources, which are often much larger than manually annotated datasets. Table-
Bank [4] is a typical automatically generated dataset containing two parts: latex-generated
samples and Microsoft Word-generated samples. The Word files are collected from the
internet, and the latex source codes are from open academic publications. Similarly, Pub-
LayNet [5] dataset is generated by parsing the XML format documents of academic pub-
lications. PubLayNet defines five types of document components, including Text, Title,
List, Table and Figure. The statistics of these open datasets are summarized in Table 3.2.

As discussed in Chapter 1, the open datasets discussed here have some obvious limita-
tions. Firstly, the annotation definitions across these datasets can be different, especially
for the ambiguous samples. Second, the data sources of these datasets are limited, mainly
from academic publications and open governmental documents. Even though there are
other data sources, such as business annual reports, the samples from these sources are
usually simple and similar to those from other open datasets. Third, these open datasets
can be noisy, especially for these automatically generated datasets, which can make the
model evaluation using these datasets are not reliable. Besides, the data sources of these
datasets are very limited, mainly from academic publications and open governmental doc-
uments. These limitations make the models trained with datasets hardly have good gen-
eralization ability to the different domains. Besides, the noise samples in the training set
can hinder the model performance, and the noise samples in the testing set can make
the model evaluation unreliable. Therefore, to alleviate these limitations, this thesis pro-
poses the Open-Tables and ICT-TD datasets, which have consistent annotation and less
noise. Besides, this thesis also builds the benchmarks for the cross-domain setting, which
is challenging but useful for TD applications.
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2.3 Table Detection Models

Table Detection is a fundamental step for downstream tasks such as key information extrac-
tion and visually rich document understanding. Many studies have recently discussed the
TD problem. One of the most popular formulations for the TD problem is defining Tables
in visually rich documents as objects and then applying popular object detectors. Fol-
lowing this problem formulation, the object detection approaches discussed in section 2.1
can be easily adapted to the TD problem and widely used as benchmark models in many
studies [7]. Considering the special characters and requirements for the TD problem, many
studies further optimized the popular object detection methods to improve the model per-
formance. Due to the limited number of training samples for the TD problem, transfer
learning methods are widely used. CascadeTabNet is based on Cascade Mask R-CNN [73]
with HRNet [74] as the backbone network. In addition, CascadeTabNet also employs an
image augmentation method, which can thicken the text regions and reduce the areas of
blank space, applying a two-stage transfer learning approach and various augmentation
methods to train the model in an iterative manner. Similarly, TableDet [8] is based on
Cascade R-CNN [58], proposes a Table Aware Cutout augmentation method, and also
leverages a two-step transfer learning approach to improve the model performance further.
Besides two-stage detectors, one-stage methods, such as YOLO [50] and its variants, also
have been adapted to the TD problem. Considering the difference between objects in
natural images and tables in the image documents, YOLOv3-TD [75] proposes an anchor
optimization strategy and two post-processing methods to adjust the detection method.
The authors of YOLOv3-TD observe that the width of a table is usually larger than its
height unless the table is large. Based on this observation, they propose a K-means based
method to optimize anchors and obtain more “horizontal” anchors. Besides, they also
erase the white space margin from predicted regions and filter the noisy page objects as
the post-processing methods to improve the model performance further. Besides these
one-stage and two-stage methods, transformer-based approaches such as DETR [26] and
Deformable-Detr [61], also have been applied to the TD problem [7, 24]. There are many
other studies discussing the TD problem, including DeepDeSRT [76], TableDet [8] and
many others [77,78]. All in all, these studies usually adopt popular object detection mod-
els to the TD problem and use some specifically designed methods to improve the model
performance based on the characteristics of the TD problem. As discussed in Chapter 1,
it is critical to avoid information loss for the TD task, and the tables in the documents are
often sparsely distributed and well-formatted. Therefore, applying detection models with
sparse region proposals might be a better option than existing studies relying on one-stage
models or two-stage models with dense region proposals. The proposed solution in this

18



thesis is based on Sparse R-CNN, which will be discussed in Chapter 4.

2.4 Table Structure Recognition

There have been many studies [79–83] discussing the TSR problem in recent years. As
mentioned in Chapter 1, we can roughly categorize these solutions into image-to-sequence,
detection-based, and graph-based models. Image-to-sequence based models usually de-
fine the ground truth as structured sequences, such as HTML sequences, built on the
transformer architecture [60], and follow an encoder-decoder architecture. For instance,
TableMaster [17] is a typical image-to-sequence based model that can generate HTML se-
quences. More specifically, TableMaster follows the architecture of MASTER [84], which
is originally designed for the scene text generation following the transformer architec-
ture [60], and further improved the encoder part by introducing a Multi-Aspect Global
Context Attention. Besides, TableMaster has two branches designed for the HTML se-
quence generation and bounding box regression. Similarly, MTL-TabNet [16] also follows
the encoder-decoder architecture but contains three decoders for the cell box regression,
cell content recognition, and HTML sequence generation, respectively. DRCC [20] argues
that the error accumulation problem degrades the performance of image-to-sequence TSR
models, especially when the input image is large. Therefore, DRCC proposes a two-step
decoder architecture, which first decodes the input image into rows and then decodes the
rows in cell sequences. VAST [85] pays more attention to the imprecise bounding boxes
of table cells and proposes a Coordinate Sequence Decoder to improve the model’s abil-
ity to generate accurate bounding boxes and introduces a visual-alignment loss to align
the visual and structural information. To sum up, this type of method is usually based
on the encoder-decoder architecture and can be trained end-to-end without using post-
processing methods. Since the ground truth sequences used in image-to-sequence models
usually contain information regarding spanning cells and header cells, these models can
handle complex structures with spanning cells and identify header cells.

On the other hand, detection-based models usually define the problem as detecting
different table components and applying a post-processing method to reconstruct table
structures. DeepTabStR [22] proposes to detect columns and rows to obtain the table
cells. However, DeepTabStR ignores the row/column span in the tables, which means
that it cannot recover the hierarchical structures of tables. TableStrRec [86] extends the
DeepTabStR, defining four types of table components: regular columns, irregular columns,
regular rows, and irregular rows. Then, the spanning cells across multiple columns can
be inferred from the difference between the regular and irregular columns when they are
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overlapped, and the spanning cells across multiple rows can be inferred from regular and
irregular rows similarly. PubTables1M [24] is another typical detection-based approach that
defines six table components: table, column, row, spanning cell, Projected Row Header,
and Column Header, in which Projected Row Header and Column Header are for the
function analysis, and other components can be used to reconstruct the complex table
structure. Among these formulations, only the problem formulation of PubTables1M can
provide as much information as image-to-sequence models because it can provide header
cell information and reconstruct the complex table structure. Besides, these detection-
based models need an extra deterministic rule-based post-processing method to infer the
table structure from detected table components, meaning they are not end-to-end.

At last, graph-based methods usually apply either detection or segmentation methods
to obtain the locations of table cells and further build the relation among table cells. For
instance, TGRNet [87] formulates the cell location detection and cell logical location pre-
diction jointly in a multi-task architecture, which is modularized by a segmentation based
method and graph convolutional network (GCN), respectively. Similarly, TSRNet [88] pro-
poses a unified GNN-based approach modeling table detection and table structure recog-
nition tasks together. More specifically, TSRNet also employs a semantic segmentation
module to extract primitive regions, then applies k-nearest neighbors and line-of-sight
neighbors to construct the graph and further classify the graph nodes and edges to filter
the noise regions, merge, and build relations. In contrast, LGPMA [89] proposes a Lo-
cal Pyramid Mask Alignment Module and Global Pyramid Mask Alignment Module to
localize table cells, which are formulated as detection and segmentation problems and can
be implemented by MaskR-CNN [57]. To construct the structure of the table, LGPMA
further proposes a pipeline of cell matching, empty cell searching, and empty cell merging
using the Maximum Clique Search algorithm and rule-based methods. Besides building
graphs explicitly, some studies [90–92] predict the table grids or separators first and then
merge grid elements, which are also treating grid elements as graph nodes. SPLERGE [90]
is a typical method following this strategy consisting of a Split Model and Merge Model,
in which the Split Model consists of a Row Projection Network and a Columns Projection
Network to obtain the table grid, and the Merge Model is used to merge the grid cells.
Similarly, SEM [91] employs a segmentation model to segment columns and rows and gen-
erate the table grid with a post-processing method. After the table grid is obtained, SEM
introduces an Embedder network to extract and fuse the features from textual and visual
modalities. A Merger network takes the fused features from Embedder as inputs to merge
the grid elements. TSRFormer-DQ-DETR [93] leverages a DETR [26] based separation
line prediction model, termed DQ-DETR, to predict the reference points on separation
lines, followed by a Relation Network based cell Merging module to merge grid elements.
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RobustTabNet [94] employs a spatial network to predict Row and Column separation lines
and further introduces a Grid CNN module to merge and build relations of table cells. Since
these graph-based models identify the graph nodes first, defining a cell-type classification
task is necessary if they want to provide information regarding header cells.

This thesis focuses on the well-formatted tables suitable for detection-based approaches.
However, as discussed in Chapter 1, current studies usually have improper problem formu-
lations and lack explorations of the underlying reasons for different design aspects. There-
fore, considering that the defined columns and rows are densely and closely distributed in
tables, this thesis proposes a Cascade R-CNN based approach, explores and explains the
critical factors in the model design, including the problem formulation, regional proposal
generation, feature extraction, and the alignment of optimization target with TSR metrics,
which will be discussed in detail in Chapter 5.

2.5 Pre-trained Language Model

As mentioned in Chapter 1, since there is no formal definition for large language models, we
term language models whose number of parameters is smaller than 1 billion as Pre-trained
Transformer-based Models in this thesis. There have been many Pre-trained Transformer-
based models for the text, image, and multi-modal tasks. For these models with text
inputs, their model architectures usually rely on the Transformer Encoder, Decoder, or
both Encoder and Decoder. For example, BERT [95] is a typical pre-trained model built
on the Transformer Encoder architecture with text inputs. During training, BERT is
trained with two self-supervised tasks: Masked LM [95] and Next Sentence Prediction [95].
RoBERTa [96] follows the architecture of BERT and further optimizes BERT in the training
procedure, such as increasing the batch size, using large BPE vocabulary, and achieving
more robust and promising results on the downstream tasks. ALBERT [97] also follows the
architecture of BERT, introduces parameter reduction techniques to increase the training
speed, and proposes a new loss to model inter-sentence coherence, resulting in better
performance on downstream tasks. Instead of relying on Transformer Encoder, GPT [98]
and its successors are built with Transformer Decoder architecture. GPT uses the self-
supervised task of predicting the next word in a sequence based on the previously known
words, often an auto-regressive pre-train task. Besides the models built with Transformer
Encoder or Decoder only, BART [99] uses the Encoder-Decoder architecture combining
Bidirectional and Auto-Regressive Transformers, applies five self-supervised pre-training
tasks, including Token Masking, Token Deletion, Text Infilling, Sentence Permutation
and Document Rotation [99]. It is worth mentioning that there are a lot of other Pre-
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trained Transformer-based Models [100, 101], and these models can be applied to analyze
the tabular data once the tabular data is transformed into text sequences [102]. Besides
these models trained with large-scale text corpus, some studies further optimize them with
large-scale tabular data for tabular understanding tasks. For example, TaPas [103] collects
6.2M tables from Wikipedia to further optimize BERT for tabular tasks. Based on TaPas,
Omnitab [104] further proposes to use synthetic tabular data to pre-train the model for
the Table-QA problem in the few-shot setting. Even though these Pre-trained Language
Models can achieve promising results on the Table-QA tasks, they need to be fine-tuned
on the downstream tasks and can only deal with text inputs.

On the other hand, many studies have proposed Pre-trained Transformer-based Mod-
els with image and multi-modal inputs. We only discuss document understanding models
that are related to our Table-VQA problem. LayoutLM [105] is a typical multi-modal
model following BERT architecture using both layout and image embeddings as inputs.
During the fine-tuning stage of LayoutLM, both layout and image embeddings are used
for the downstream tasks. Similarly, LayoutLMv2 [106] further extends LayoutLM, con-
sidering the layout, text, and image information of visually rich document images. It uses
Masked Visual-Language Modeling, Text-Image Alignment, and Text-Image Matching as
pre-trained tasks. There are many similar studies, such as Donut [107], Ernie-layout [108].
Since these models all use full document images as a training corpus, they are not opti-
mized for the table images, making them lack the capacity to understand complex table
structures and reason over table images.

2.6 Large Language Model

In this section, we briefly review the large language models (LLMs) whose number of pa-
rameters is larger than 1 billion. Overall, we can also categorize these models into two
groups based on whether they can process multi-modal inputs: text-only and multi-modal
LLMs. A LLM trained from scratch usually contains multiple training stages, including
Pre-training, supervised fine-tuning and iterative Reinforcement Learning with Human
Feedback (RLHF) stages [109]. GPT3.5 [110] is the breakthrough LLM, which has demon-
strated remarkable performance on a variety of NLP tasks, but it is a closed source. After
GPT3.5, a variety of open source LLMs released using similar pre-training techniques, such
as Llama2 [109], Falcon [111], Mixtral-8*7B [112] and many others. Besides models trained
from scratch, there are many models fine-tuned on the open-source LLMs. Alpaca [113]
and Vicuna [114] are two popular models fine-tuned based on Llama [115]. More specifi-
cally, Alpaca utilizes 52K instruction-following data generated by self-instruct method [116]
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to fine-tune the Llama, which achieves similar performance with GPT-3.5. Similarly, Vi-
cuna [114] uses 70K samples collected from ShareGPT to fine-tune the Llama, achieving
more than 90% quality of GPT3.5 based on the evaluation of GPT-4 [117].

Along with the fast development of text-only LLMs, multi-modal LLMs, which can take
images as inputs, are also developing fast and have shown promising performance. GPT-
4V(vision) [117, 118] is the leading multi-modal LLM, but it is closed-sourced, and its
implementation details are unknown. For the open source alternatives, they often freeze
or use parameter-efficient methods to fine-tune the text-only LLM and the Pre-trained
Vision Model and align the vision embedding with text embedding by adding extra layers
and fine-tuning with new data, such as Blip-2 [119], MiniGPT4 [120], MiniGPT-v2 [121],
Flamingo [122]. Even though these multi-modal models have shown promising potential,
there are still many challenges, such as the limited image resolution and the hallucinations.
To increase the resolution of input images, Monkey [123] proposes to divide an image with
a high resolution into uniform patches and process the patches in parallel with individual
adapters to obtain the local features. Besides, the original image is also resized to the size
of each patch to obtain the feature, and the local features and the global features are fused
by a Shared Resampler. Monkey is trained with public document datasets and can show
promising results on various image-based Document QA datasets. LLaVA-UHD [124] is
another study for high-resolution images and further extends it to deal with various aspect
ratios. More specifically, LLaVA-UHD divides original images into smaller variable-sized
instead of fixed-size patches in Monkey [123] and uses a compression layer to compress the
length of tokens to reduce the computations. Besides, the spatial information is fed to the
LLM together with the visual tokens in LLaVA-UHD to improve its performance further.
Similar to the text-only LLMs, some studies [125,126] also apply RLHF to the multi-modal
models to alleviate the hallucinations. For example, RLAIF-V [125] proposes a candidate
response generation strategy to generate high-quality data pairs and apply an iterative
alignment framework to mitigate the distribution shift. The directions discussed in this
section are developing fast, and many studies have discussed these topics. Since these
discussed methods usually have high computation resources and dataset requirements,
this thesis focuses on the training-free prompting engineering methods for the Table-QA
problem.
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2.7 Table Question Answering

2.7.1 LLM-based Methods for Table Question Answering

Since this study focuses on applying LLM to the Table-QA problem, we only include
recent studies using LLM to solve the Table-QA problem in this section. Specifically,
most of the studies applying LLMs to the Table-QA task can be categorized into in-
struction tuning based and prompt engineering based approaches. Instruction-tuning ap-
proaches usually need to collect large-scale datasets and then further fine-tuned LLMs
with parameter-efficient fine-tuning methods, such as LORA [127] and LongLORA [128].
TableLLAMA [129] and TAT-LLM [130] are typical examples of applying instruction tun-
ing for the table processing. TableLLAMA is a generalist model for tables fine-tuned on
Llama2 [109] with LongLORA. For fine-tuning TableLLAMA, a dataset collection named
TableInstruct is proposed by collecting table-based samples from 14 datasets for 11 tasks.
TAT-LLM is another fine-tuned LLAMA2 model specifically for the discrete reasoning over
tables, which decomposes the Table-QA into three steps: Extractor, Reasoner and Execu-
tor. To construct the dataset for the model fine-tuning, TAT-LLM proposes a template to
guide LLM in generating data following the proposed step-wise pipeline.

On the other hand, prompting engineering based solutions focus on proposing proper
prompts to the language model to elicit LLMs’ capacities. Since Table-QA needs to ex-
tract relevant information and evidence from tables and perform reasoning, decomposing
the Table-QA task into multiple steps is also widely adopted in prompting engineering-
based solutions. Besides, as LLM often fails to process large tables and complex reasoning,
many studies [32, 38, 130, 131] propose to decompose large tables into small tables in the
extraction step and divide the complex reasoning task into more straightforward reason-
ing questions. For example, StructGPT [132] defines specialized interfaces for information
extraction and linearizes the extracted sub-tables as inputs to the LLM for question an-
swering. EEDP [133] is another example proposing a prompt method containing four steps:
Elicit, Extract, Decompose and Predict.

Besides these studies decomposing the Table-QA into extraction and reasoning steps
and dividing difficult extraction and reasoning tasks into simpler ones, programming lan-
guages, such as SQL and Python, are also widely leveraged in these solutions to overcome
the limitations of LLMs in arithmetic calculation and reasoning. Dater [38] is a typical
solution following the multi-step design and leveraging SQL to conduct reasoning. More
specifically, Dater decomposes both large evidence and complex questions into relevant and
simpler ones, applies SQL queries to produce numerical and logical reasoning results to
the decomposed sub-questions, and generates the final results based on the sub-results and
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extracted evidence with ICL. Binding [37] is another example of applying Python and SQL
for table processing, which proposes a unified API to map tasks into executable programs.

All in all, as the complexities of Table-QA in the information extraction and reasoning,
breaking Table-QA into multiple steps and decomposing difficult extraction and reasoning
tasks into simpler ones have been the dominant solution, and external tools such as SQL
and Python can compensate for the limitations of LLMs in arithmetic calculation and
reasoning. Therefore, considering the limitations of LLMs, this thesis also employs Python
code for the reasoning steps. Besides, as the generated Python often fail to execute because
of the heterogeneous data types of tables and complex table structures, this thesis proposes
a three-stage prompting approach, including planning, reasoning and correction. More
details of the proposed solution will be discussed in Chapter 6.

2.7.2 Table Question Answering Datasets

There have been many studies [36, 102, 134, 135] proposing datasets and solutions for the
Table-QA problem. These datasets often use Wikipedia as the data source and generate
questions and answers through crowdsourcing. WikiTableQuestions [36] is a popular Table-
QA dataset using tables from Wikipedia and annotated by crowdsourcing. Two crowd-
sourcing tasks were created, the first to develop the questions based on the tables and 36
generic prompts and the second to answer the questions from task one. SequentialQA [134]
further extended the WikiTableQuestions dataset, decomposing complex questions into a
series of simple, interrelated question sequences so that the dataset can be used to explore
the conversational QA setting. Different from WikiTableQuestions and SequentialQA, us-
ing short-form entities as Answers, FetaQA [135] uses free-form text as Answers, resulting
in many more words in Answers. Besides these datasets focusing on the information en-
tirely from the tables, HYBRIDQA [102] develops the question in a heterogeneous setting,
meaning the information should be from heterogeneous sources, such as text passages and
tables. Besides these datasets using short-term entities and free-term text as Answers, the
Fact Verification task can be a variation of a typical Table-QA problem, which usually
uses Evidence and Claim pairs as inputs and gives the result of whether the Evidence
supports, refutes, or cannot verify the Claim. Similar to the aforementioned datasets,
Fact Verification datasets also consider text and table information separately or jointly.
For example, SEM-TAB-FACTS [136] is a dataset focusing on tabular data in scientific
documents using generated tables. TabFact [137] is another dataset that focuses on the
tables but collects them from Wikipedia. FEVEROUS [138] is another Fact Verification
dataset using Wikipedia as the data source but considers both text and table sources.
Different from the datasets mentioned above, GeoTSQA [139] is a special dataset created
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by collecting multiple choices questions in the geography domain from China’s high-school
exams given tables as context information, meaning that the answers are one choice in four
choices for each question. Studies proposing these datasets also include their solutions for
the Table-QA problem, mainly using text-only pre-trained models, such as BERT [95] and
their variations.

There are also a few multi-modal datasets for the QA problem. For example, MMQA [140]
collects tables, attaching images, and text paragraphs to create the dataset, requiring the
capacity of reasoning over multiple modalities and using short-from entities as answers.
VQAonBD [141] merely focuses on the table images from the business documents with
questions in text format and also uses short-form entities as answers, which means that it
is also a multi-modal dataset. We summarize the key aspects of these datasets in Table 2.1.
Since WikiTableQuestions and TabFact are the two most popular datasets in Table-QA
studies, we use these two datasets to verify the proposed Table-QA solution in this thesis.

Table 2.1: Summary of Table-QA and Table-VQA datasets.

Datasets Modality Data Source Answer Format Avg # Words in Answer
FetaQA [135] Text Wikipedia Free-form Text 18.9

WikiTableQuestions [36] Text Wikipedia Short-form Entity 1.7
SequentialQA [134] Text Wikipedia Short-form Entity 1.2

GeoTSQA [139] Text High-school Exams Answer Choice 1.0
HYBRIDQA [102] Text Wikipedia Short-form Entity 2.1
FEVEROUS [138] Text Wikipedia Verification Result 1.0

SEM-TAB-FACTS [136] Text Scientific Documents Verification Result 1.0
TabFact [137] Text Wikipedia Verification Result 1.0
MMQA [140] Image & Text Wikipedia Short-form Entity 2.1

VQAonBD [141] Image & Text Business Documents Short-form Entity 1.0

2.8 Prompting Methods

This section focuses on recent prompting methods for LLMs. As some of these methods
have also been applied to the Table-QA problem, some methods included in this section
can be overlapped with the discussed studies in Section 2.7. There have been many studies
demonstrated that prompting LLMs with a few demonstrations and intermediate reasoning
steps can elicit the reasoning capacities of LLMs, which often refer to In Context Learning
(ICL) [47] and CoT [31]. Although ICL and CoT are useful, writing proper prompting
demonstrations is non-trivial and time-consuming. Therefore, some studies [142–144] pro-
pose to use LLMs to generate demonstrations. Auto-CoT [142] proposes to prompt LLMs
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with Zero-shot CoT to generate reasoning rationales but finds that the generated rationales
often contain mistakes. To mitigate the wrong demonstration issue, Auto-CoT proposes
clustering and sampling the questions first and then applying simple heuristics to sample
simpler questions and rationales to construct demonstrations. Synthetic Prompting [143]
is another typical solution for constructing demonstrations with LLMs, containing forward
and backward processes. In the backward process of Synthetic Prompting, a topic word, a
target complexity and a self-generated reasoning chain are used as conditions to generate
the synthetic question, and the synthetic question is used in the forward process to generate
the precise synthetic reasoning chain. Along with these studies focusing on demonstration
generation with LLMs, ensemble methods are also effective for reasoning. For example,
self-consistency decoding [41] first generates a set of candidate outputs from the LLM
with different sampling methods, such as temperature sampling, and then aggregates the
sampled outputs and uses the most consistent output as the final result. Multi-Chain
Reasoning [145] is another ensemble method mixing information from multiple reasoning
chains. Different from studies [41] to ensemble results of multi-reasoning chains, Multi-
Chain Reasoning collects evidence from multiple reasoning chains and prompts the LLM
to give the final answer.

In addition to these prompting methods, the integration of programming languages
and other external tools holds great potential for overcoming the limitations of LLMs.
For instance, LLMs often struggle with precise arithmetic calculations, especially division
operations, and staying updated with the latest information. To address these issues,
PoT [30], PAL [29], and many other studies [146] leverage Programming Language to assist
the reasoning steps. Some studies [147] introduce the concept of Agent and call external
tools by parsing the LLM outputs to enhance the LLM’s capabilities. These advancements
in our field inspire optimism about the future of LLM research and its potential for further
improvement.
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Chapter 3

Revisiting Table Detection Datasets

3.1 Motivation

As discussed in Chapter 1, TD is the first step of the proposed pipeline in this thesis. There
have been some public datasets for the table detection problem, such as ICDAR2013 [1],
ICDAR2017 [2], ICDAR2019 [3] and TNCR [7]. However, these open-source datasets are
suffering from the following issues. First, the labelling definitions across these datasets
are different, making it difficult to merge smaller ones into large datasets. Second, the
data sources of these datasets are very limited, primarily from academic publications or
public governmental documents, which means that these datasets also cannot reflect the
complexity of real enterprise applications. Third, these open-source datasets are often
noisy, especially the ones generated by parsing metadata of documents. Therefore, this
thesis proposes two new table detection datasets, Open-Tables and ICT-TD. The former
dataset is constructed by cleaning data noise, aligning labelling definitions and merging
several small open datasets. The latter dataset is constructed with datasheets from the
ICT domain, containing various samples that hardly appear in the open-source datasets.
For example, Figure 3.3 (1) is a special table containing several sub-tables, and Figure 3.3
(7) is a table containing figures as the content of some table cells.

To sum up, this chapter covers the following aspects of the proposed datasets.

1. This chapter revisits several open-source TD datasets, aligns their annotations, cleans
the noisy labels, and merges them to form a new Open-Tables dataset. The Open-
Tables dataset can provide a more reliable model evaluation, minimizing the side
effects of noisy labels.
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2. A new manually annotated dataset, ICT-TD, is proposed using the PDF files of
ICT commodities containing many domain-specific training samples. The ICT-TD
dataset provides a new data source with many unique samples that can hardly be
found in other open-source datasets.

3. In addition to various strong baselines using different types of state-of-the-art object
detection methods, this chapter also presents benchmarks in the cross-domain setting.

The rest of this chapter is organized as follows: Sections 3.2 and 3.3 introduce the
proposed Open-Tables and ICT-TD datasets. Section 3.4 builds the baselines, analyzes the
characteristics of the proposed datasets, and discusses the potential applications. At last,
Section 3.5 summarizes this chapter and discusses possible research directions regarding
the TD datasets.

3.2 Open-Tables Dataset

As discussed in Section 2.2, ICDAR2019 contains archival and modern documents. This
thesis only uses its modern documents. Since there are five find-grained types of tables
in the TNCR dataset, all these annotations are transformed into a single type, namely
tables. Even though the annotation quality of the datasets used here is relatively higher,
many samples still have noisy annotations that have the issues shown in Figure 1.2. These
samples in the test set can influence the model evaluation, and noisy samples in the training
set can degrade the model performance. Therefore, these noisy samples are first corrected.

Besides the noisy annotations, as discussed in Chapter 1 and 2.2, the table definition
across these open-source datasets can differ. This issue is caused by ambiguous samples.
Figure 3.1 shows two ambiguous samples from the TNCR dataset. The first ambiguous
sample shows two alternative bounding boxes that can cause inconsistent annotation issues.
The ground truth (green box) provided by the TNCR dataset excludes the explanation part
of the table. The second ambiguous sample is labeled as a table but is unnecessary in other
datasets because it can also be defined as a document footer. To address these ambiguous
samples, this thesis defines the following rules to align the datasets. First, the thesis uses
the table lines as the priority, meaning that all the content bounded by the table lines
should be included. However, when table lines do not bind a table explanation part, it
should not be defined as part of the table. Second, a table should at least have two lines
and two columns. Following these two rules, the explanation part of the first sample should
be included, and the second sample should be defined as none-table, as shown in Figure 3.1.
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(a)

(b)

Ambiguity 
Ground Truth

Ideal Ground 
Truth

Figure 3.1: Three ambiguity samples. Figure (a) shows two alternative annotations of a
table. The green bounding box in Figure (a) is the ground truth provided by the TNCR
dataset, which excludes the table explanation part. The red bounding boxes in Figure (b)
are defined ground truth but are not tables in other datasets.
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After data cleaning and ambiguity resolving, the training sets of ICDAR2017, IC-
DAR2019, Marmot, and TNCR datasets are merged as the training set of the Open-Tables
dataset, and the samples from the test sets of ICDAR2013, ICDAR2017, ICDAR2019, and
TNCR datasets are merged as the test set. At last, the TNCR’s validation set is used as
the Open-Tables dataset’s validation set. Since the Open-Tables dataset is an ensemble of
public datasets, the statistics of these datasets are summarized in Tables 3.1 and 3.2 re-
garding the number of tables in training, testing, and validation sets, average image, table
sizes, data sources and others. It is worth mentioning that there is no small object whose
size is less than 32 * 32 in these datasets following the definition of COCO metric [28].

Table 3.1: Statistics of the datasets. The numbers reported in the columns of Training,
Validation, and Testing denote the number of tables.

Dataset Training Testing Validation Avg. Image Size Avg. Table Size
ICDAR2013 - 156 - 2,170 * 1,626 648 * 1172
ICDAR2017 713 321 - 1,081 * 802 198 * 421
ICDAR2019 981 449 - 1,078 * 812 261 * 582

Marmot 1,436 - - 1,120 * 800 282 * 516
TNCR 6,384 1,346 1,427 1,548 * 1,277 439 * 917

Open-Tables 9,537 2,272 - 1,378 * 1,092 388 * 805
ICT-TD 6,082 1,700 1,427 1,963 * 1,487 452 * 987

3.3 ICT-TD Dataset

To create the ICT-TD dataset, 175,682 PDF documents for 370 different ICT commodities
are harvested from the internet. Since each PDF file may have more than one page, each
page is transformed into an image with a resolution of 200 DPI, resulting in 3,581,805
images. Then, a random sampling method is employed to select 5,000 samples from these
images and manually annotate the bounding boxes of all the tables in the images. It
is worth mentioning that all these PDF documents are well-formatted. Therefore, there
are no distorted tables in the ICT-TD dataset. The statistics of the ICT-TD dataset
and some public datasets are summarized in Tables 3.1 and 3.2 for comparison purposes.
ICDAR2013 [1] is a small dataset without providing a training set. ICDAR2017 [2], IC-
DAR2019 [3], Marmot [6], and TableBank [4] are all using academic publications or public
governmental documents as the data sources, making these datasets cannot reflect the
complexity of real enterprise cases and hard to be adapted to the ICT domain.
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Figure 3.2: A sample of a single row figure that is not annotated as table. The single-row
figure is highlighted with a green box.

(1)

(2)

(3)

(4)

(5)

(6)

(7)

Figure 3.3: Table examples from the proposed dataset.
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(a) A sample whose appearance looks like a non-lined table but is not annotated as a table
following our defined annotations rules.

(b) A sample which is described as a table but is not annotated as a table following our defined
annotations rules.

Figure 3.4: Two samples are not annotated as tables because they do not describe ICT
commodities and are not useful for downstream tasks.
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Since many ambiguous cases exist in the ICT domain documents, the following rules
are defined to annotate tables. First, a table must at least have two rows and two columns
because a table should be a summary of critical information. The ones with a single
row or column are treated as plain text or figures. Figure 3.2 shows an example of a
single-row figure whose appearance resembles a table but should not be annotated as a
table following this rule. Instead, it should be a figure. Second, tables should contain
information describing the commodities because this information is useful for domain-
specific applications. Some information can be formatted like tables, such as the index
page of the document, but not useful for the downstream tasks. Figure 3.4 shows two
samples that are not annotated as tables because they are the index of content without
containing information on any commodities. However, their appearances are similar to
tables, making this dataset more challenging. Third, table titles and table notes should
not be included in the tables unless there are lines to have them as parts of a table because
we focus on the TD problem. Table titles and table notes should be treated as different
components in a document, which is beyond the scope of this study.

Following these rules, tables in the proposed ICT-TD dataset can be grouped into four
categories based on the content and the structure of tables: fully-lined tables, partially-
lined tables, non-lined tables, and other unique tables. Figure 3.3 shows some samples of
these different types of tables in the proposed ICT-TD dataset. Figure 3.3 (a) is a special
table comprising many sub-tables. Since each of these sub-tables describes a parameter of
the commodity, the union of these sub-tables is treated as a single special table. Figures 3.3
(d) (e) are two examples of non-lined and partially-lined tables, respectively. Figures 3.3
(b) (c) (f) (g) are fully-lined tables with unique appearances. For example, Figure 3.3
(f) is a combination of two sub-tables. Figure 3.3 (g) uses small figures as the content of
table cells. These tables are challenging for the models trained with open-source datasets
because open-source datasets can hardly contain similar samples.

3.4 Experiments Results and Analysis

3.4.1 Main Results

This section presents the experiments and baselines for the proposed datasets. Four state-
of-the-art approaches are selected as baseline models, including TableDet [8], Diffusion-
Det [13], Deformable-DETR [61] and Sparse R-CNN [10]. TableDet is built on Cascade-
RCNN [58] leveraging transfer learning and table-aware data augmentation to improve the
performance for the TD problem further. Deformable-DETR is a typical transformer-based
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Table 3.2: Statistics of the ICT-TD dataset and public datasets. Notably, the values in
this table are the number of images, not the number of tables. * means the datasets are
used to create the Open-Tables dataset.

Dataset Type Training Testing Validation Data Source
TableBank Generated 130, 463 5, 000 10, 000 Word and Latex
PubLayNet Generated 86, 950 3, 772 3, 950 PubMed

ICDAR2013* Manual − 238 − Governmental Documents
ICDAR2017* Manual 1, 600 817 − CiteSeer
ICDAR2019* Manual 600 240 − Journals, Financial STMT

Marmot* Manual 2, 000 − − E-book and CiteSeer
TNCR* Manual 4, 634 1000 1, 015 Governmental Documents

IIIT-AR-13K Manual 9, 000 2, 000 2, 000 Annual Reports
Open-Tables Manual 88, 34 2, 295 1, 015 Merged dataset

ICT-TD Manual 4, 000 1, 000 − ICT PDF Documents

approach, and DiffusionDet introduces diffusion process [148, 149] to the object detection
problem with random region proposals. Sparse R-CNN is a typical method using learnable
region proposals. Thus, baseline models contain a two-stage model, a transformer-based
model, a model with random proposals, and a model with learnable region proposals to
cover the most popular object detectors. It is worth mentioning that one-stage detectors
are not included as baseline models because one-stage detectors are usually not as good as
other types of detectors included here for the TD task. TableDet is re-implemented with
Detectron2 [150], keeping the table-aware augmentation method. The implementation of
Deformable-DETR can be found in detrex [151]. DiffusionDet and Sparse R-CNN have
their official implementations. All these baseline models use ResNet50 [152], pre-trained on
ImageNet [153] as the training start point. Notably, the original design of TableDet uses
pre-trained CascadeMaskR-CNN on COCO dataset [28] as the initialization. The default
model parameter configurations of these benchmark models are used, but some parame-
ters are tuned regarding the training scheduling of DiffusionDet, Deformable-DETR, and
Sparse R-CNN because their default training scheduling parameters are tuned based on
the COCO dataset. Some key parameters are summarized in Table 3.3. It is worth men-
tioning that since all these benchmark models are built on Detection2, terms in Table 3.3
are also following Detectron2. For the training of all models, we use the validation set for
the model selection and hyper-parameter tuning.

Precision, recall, and F1-score are employed as the evaluation metrics. An IoU score
is used as the threshold to determine whether a table is detected, which can be calculated
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Table 3.3: Key parameters of the benchmark models.

Method TableDet DiffusionDet Deformable-DETR Sparse R-CNN
OPTIMIZER SGD AdamW AdamW AdamW
MAX ITER 25,000 50,000 50,000 50,000

MAX EPOCH 100 200 200 200
STEPS - 37,500 37,500 37,500

SCHEDULER - MultiStepLR MultiStepLR MultiStepLR
BASE LR 1.0e-03 1.0e-05 1.0e-04 2.5e-05
GAMMA - 0.1 0.1 0.1

IMS PER BATCH 16 16 16 16

by Equation 3.1. Then, the True Positive is the number of predictions whose IoU scores
to one of the ground truth bounding boxes are larger than an IoU threshold, and these
corresponding ground truth bounding boxes are treated as being detected. Similarly, the
False Positive can be calculated as the number of predictions whose IoU to all ground
truths bounding boxes that are less than the IoU threshold, and the False Negative is the
number of ground truth bounding boxes that are not detected. At last, the Precision,
Recall and F1-score can be calculated by Equation 3.2, 3.3 and 3.4, respectively.

As mentioned in Chapter 1, the TD problem requires the detectors to maintain adequate
precision and recall when the IoU threshold is high, and scores with larger IoU thresholds
are more discriminate. Therefore, this thesis follows the ICDAR2019 competition [3] to
use weighted F1-score as the primary evaluation metric, defined as Equation 3.5. 80%,
85%, 90%, and 95% are chosen as the IoU thresholds instead of 60%, 70%, 80%, and 90%
used in the ICDAR2019 competition.

Figures 3.5 and 3.6 present some prediction samples of the baseline models. Sub-
Figures (a) (b) (c) (d) (e) (f) are the original image, the ground truth, and the results
of TableDet, DiffusionDet, Deformable-DETR, and Sparse R-CNN, respectively. For the
table in Figure 3.5, its ground truth should contain the table explanation part because
a bottom line bounds the explanation texts. However, the prediction box of TableDet is
not large enough to cover all the explanation texts. Deformable-DETR does not treat
explanation texts as part of the table, but its prediction box can fit other parts well. By
contrast, DiffusionDet and Sparse R-CNN can detect this table very well. For the table in
Figure 3.6, TableDet and DiffusionDet can detect two tables successfully, even though their
prediction boxes cannot fit the table precisely. By contrast, Deformable-DETR detects two
tables as a single table, and Sparse R-CNN missed the second table at the bottom. These
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Table 3.4: Experimental results on the ICT-TD dataset with F1-score. 4000 and 1000 are
the number of samples.

Dataset Model F1 under IoU thresholds WAvg. F1
Training Testing 80% 85% 90% 95%

ICT-TD
Training Set

(4000)

ICT-TD
Test set
(1000)

TableDet 93.9 92.4 89.6 75.9 87.5
DiffusionDet 95.5 94.2 91.3 76.5 88.9

Deformable-DETR 95.1 93.8 91.6 82.1 90.3
Sparse R-CNN 94.3 92.9 90.4 79.3 88.9

samples show that the baseline models have different weaknesses in detecting tables from
the proposed Open-Tables dataset, demonstrating that the Open-Tables dataset can be a
useful source for TD studies. Similarly, several prediction samples on the ICT-TD dataset
are included in Figures 3.7 and 3.8. The ideal boxes of tables in Figure 3.7 should cover
their table header cells that are not bounded by lines. However, only TabeDet can cover
these header cells, but it detects the upper table as two tables. Figure 3.8 shows a sample
where all four baseline models recognize a figure as a table. It is worth mentioning that
samples in Figures 3.7 and 3.8 are domain-specific, making the ICT-TD dataset a useful
source for ICT domain and cross-domain applications.

IoU =
Overlap Area of two Boxes

Union Area of two Boxes
(3.1)

Precision =
True positive

True positive + False positive
(3.2)

Recall =
True positive

True positive + False negative
(3.3)

F1-score = 2 ∗ Precision ∗ Recall

Precision + Recall
(3.4)

Weighted Avg. F1-score =

∑4
i=1 IoUi · F1@IoUi∑4

i=1 IoUi

(3.5)
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(c) (d)

(e) (f)

(a) (b)

Figure 3.5: Prediction samples of the baseline models on the Open-Tables test set. Figures
(a) (b) (c) (d) (e) (f) are the original document image, the ground truth boxes, and the
results of TableDet, DiffusionDet, Deformable-DETR, and Sparse R-CNN, respectively.
The confidence scores in sub-figures are 100%, 94%, 97% and 96%, respectively.
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(c) (d)

(e) (f)

(a) (b)

Figure 3.6: Prediction samples of the baseline models on the Open-Tables test set. Figures
(a) (b) (c) (d) (e) (f) are the original document image, the ground truth boxes, and the
results of TableDet, DiffusionDet, Deformable-DETR, and Sparse R-CNN, respectively.
The confidence scores in sub-figures are 99%, 96%, 95%, 95%, 96% and 64%, respectively.
Notably, there are two prediction boxes in Figures (c) and (d) and one prediction box in
Figures (e) and (f).
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(c) (d)

(e) (f)

(a) (b)

Figure 3.7: Prediction samples of the baseline models on the ICT-TD test set. Figures
(a) (b) (c) (d) (e) (f) are the original document image, the ground truth boxes, and the
results of TableDet, DiffusionDet, Deformable-DETR, and Sparse R-CNN, respectively.
The confidence scores in sub-figures are 100%, 61%, 99%, 87%, 82%, 96%, 96%, 95%
and 87%, respectively. Notably, there are three prediction boxes in Figure (c) and two
prediction boxes in Figures (d), (e) and (f).
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(a) (b)

(c) (d)

Figure 3.8: Prediction samples of the baseline models on the ICT-TD test set. Figures
(a) (b) (c) (d) are the results of TableDet, DiffusionDet, Deformable-DETR, and Sparse
R-CNN, respectively. The confidence scores in sub-figures are 100%, 100%, 96%, 94%,
93%, 97%, 73%, and 96%, respectively. Notably, each sub-figure contains two prediction
results, in which the upper ones are falsely detected figures.
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Table 3.5: Experimental results on the Open-Tables dataset with F1-score. 8834 and 2295
are the number of samples. * means the models are trained with noisy samples.

Dataset Model F1 under IoU thresholds WAvg. F1
Training Testing 80% 85% 90% 95%

Open-Tables
Training Set

(8834)

Open-Tables
Test set
(2,295)

TableDet 95.8 94.7 91.7 83.2 91.1
DiffusionDet 97.8 96.6 93.6 84.9 93.0

Deformable-DETR 96.0 94.8 93.1 87.5 92.6
Sparse R-CNN 97.3 96.0 93.8 87.9 93.5

Noisy
Open-Tables
Training Set

(8834)

Open-Tables
Test set
(2,295)

TableDet* 95.4 94.2 91.7 81.7 90.4
DiffusionDet* 97.1 96.1 93.6 84.8 92.6

Deformable-DETR* 95.7 94.6 91.9 85.3 91.6
Sparse R-CNN* 96.8 95.7 93.5 86.6 92.9

3.4.2 Cross Domain Table Detection

This section discusses the potential of using the proposal dataset in a cross-domain setting.
As discussed in Section 3.3, ICDAR2013, ICDAR2017, ICDAR2019, Marmot, and TNCR
are also manually annotated datasets with high-quality annotations, and their data sources
are academic publications and open governmental documents. Therefore, these datasets
are merged to form the Open-Tables dataset, which contains 8834 training samples, 1015
validation samples and 2295 testing samples. It is worth mentioning that TNCR has five
different groups of tables, as discussed in Section 2.2. All these groups are merged into a
single group as tables. After the cleaning tasks discussed in Section 3.2, two cross-domain
settings are used to build the benchmarks. First, the ICT-TD’s training set is used to
train the detection baseline models, and the Open-Tables’ test set is used to evaluate the
model’s performance. The experimental results of this setting are shown in Table 3.6. In
the second setting, the training set of the Open-Tables dataset and the test set of the
ICT-TD dataset are used to build the benchmarks, and the results are shown in Table 3.7.
It is worth mentioning that the same evaluation metrics are used as in section 3.4.1, and
the * in Table 3.7 means the models are trained with the noisy version of Open-Tables
dataset.

The experimental results show that Deformable-DETR, which performs best for the
ICT-TD dataset, also has the best generalization capacity in the cross-domain setting.
However, the cross-domain setting is much more challenging, and all the benchmark models’
performance degrades by a large margin compared with results in Table 3.4 and Table 3.5.
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Table 3.6: Experimental results with F1-score in the cross domain setting. 4000 and 2295
are the number of samples.

Dataset Model F1 under IoU thresholds WAvg. F1
Training Testing 80% 85% 90% 95%

ICT-TD
Training Set

(4,000)

Open-Tables
Test set
(2,295)

TableDet 80.0 76.6 69.9 51.0 68.7
DiffusionDet 84.1 80.9 75.1 60.0 74.5

Deformable-DETR 84.8 82.5 78.2 69.3 78.3
Sparse R-CNN 82.1 79.2 73.9 62.0 73.8

3.4.3 The Impact of Noise in Open-Tables Dataset

This section presents extra experiments and discusses the impact of noise in the Open-
Tables dataset. In the experiments, the training set of Open-Tables with noise is used to
train the benchmark models, and the test set of the ICT-TD dataset is used to evaluate the
model performance. As shown in Table 3.7, the cleaned version of the Open-Tables dataset
can improve the performance of all models, especially when the IoU threshold is above 80%.
The experimental results verify the necessity of noise cleaning and label alignment when we
create the Open-Tables dataset. Besides, these models with the cleaned Open-Tables test
set are also evaluated, and the experimental results are given in Table 3.5. Similar to the
results shown in Figure 3.7, the models trained with the cleaned Open-Tables training set
perform better than their counterparts trained with the noisy Open-Tables training set. It
is worth mentioning that the Open-Tables test set is created by sampling the cleaned test
set of ICDAR2013, ICDAR2017, ICDAR2019, and TNCR datasets, as shown in Table 3.2.
Therefore, the results shown in Table 3.5 also reflect that these existing datasets can benefit
from the proposed Open-Tables dataset.

3.4.4 Comparison with Automatically Generated Datasets

This section presents further experiments to compare the automatically generated datasets
with the proposed Open-Tables dataset in the cross-domain setting. More specifically, Pub-
LayNet and TableBank are two large datasets created by parsing meta-data, whereas the
Open-Tables is the ensemble of manually labeled small datasets. Since PubLayNet is de-
signed for Layout Analysis, only its annotations on Tables are used in the experiments,
resulting in 86,460 training samples. TableBank consists of two sub-sets created by parsing
latex and word files, respectively. These two sub-sets are applied separately in the experi-
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ments. The experimental results are shown in Table 3.7. Similar to experiments discussed
in Section 3.4.3, DiffusionDet, Deformable-DETR, and Sparse R-CNN show better perfor-
mance than TableDet. The models trained with PubLayNet and TableBank perform worse
than the models trained with the Open-Tables, even though PubLayNet and TableBank
have a much larger number of training samples than Open-Tables, demonstrating the crit-
ical importance of annotation quality in model training. Since DiffusionDet performs best
among the models trained PubLayNet and TableBank, some prediction results of Diffu-
sionDet models trained with different datasets are shown in Figure 3.9. These models show
different capacities of detecting tables, and the samples in Figure 3.9 show that models
trained with automatically generated datasets can more easily fail to detect tables.

3.4.5 Analysis of the Open-Tables Sub-sets

This section discusses the models trained with the Open-Tables dataset and their per-
formance on the Open-Table sub-sets. More specially, the Sparse R-CNN trained with
Open-Tables training set is used as an example, and its performance on ICDAR2013,
ICDAR2017, ICDAR2019, and TNCR test sets is reported in Table 3.8 because it perfor-
mances best based on the results in Table 3.5. It is worth mentioning that there are no
results on the Marmot dataset because it does not have a test set, as shown in Table 3.2. As
shown in Table 3.8, Sparse R-CNN shows promising results on all these sub-sets, especially
on the ICDAR2013 dataset. The prediction results on these datasets are further visualized
and checked. For Sparse R-CNN, there are two major issues with its prediction results.
First, Sparse R-CNN can fail to detect some tables, especially when multiple similar tables
are closely distributed, such as the example in Figure 3.6 (f), or the table is relatively small
and has a unique style, such as the example in Figure 3.10 (a). Second, Sparse R-CNN
can predict inaccurate boxes when the table has no explicit lines, as shown in Figure 3.10
(b). Notably, different models have shown different capacities in detecting tables and can
have other issues, as shown in Figures 3.5 and 3.8.

3.4.6 Potential Applications

This section discusses the potential applications of the proposed two datasets. As men-
tioned earlier, the ICT-TD dataset is created using real documents from the ICT domain.
The cross-domain setting that uses Open-Tables’ training set to train the models and then
test them on the ICT-TD test set does not perform well, as shown in Table 3.7. By con-
trast, as shown in Table 3.4, the models trained with the ICT-TD training set can achieve
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(c) (d)

(e) (f)

(a) (b)

Figure 3.9: Prediction samples of DiffusionDet models. Figures (a) and (b) are the original
image and its ground truth. Figures (c), (d), (e) and (f) are the predictions of models
trained with the Open-Tables, PubLayNet, TableBank Latex subset, and TableBank Word
subset, respectively.
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(a) (b)

Figure 3.10: Two failure cases of Sparse-RCNN trained with the Open-Tables training set.
These two images are from the TNCR test set. Notably, the green boxes are the ground
truth boxes of two failed predictions.
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much better results when tested on the ICT-TD test set. Therefore, the proposed ICT-TD
dataset can be used to train and evaluate ICT domain-specific models and applied to the
ICT supply chain optimization problems [154] as part of the information processing step.
Besides, the proposed ICT-TD dataset can also enrich the data sources of public datasets
and be used to evaluate models’ generalization ability in cross-domain settings. On the
other hand, the Open-Tables dataset focuses on addressing the noise issues of existing pub-
lic datasets. As shown in Table 3.7, a cleaned version of Open-Tables’ training set improves
the models’ generalization ability in the cross-domain settings. Furthermore, the Open-
Tables test set is created by merging the cleaned test sets of ICDAR2013, ICDAR2017,
ICDAR2019, and TNCR datasets, which means that it can provide more reliable evaluation
results.

3.5 Summary of the Chapter

This chapter revisits some popular datasets with high-quality annotations but different an-
notation definitions, cleans the noisy samples, and aligns the annotations of these datasets
to form a larger, high-quality dataset termed Open-Tables. Since the data sources of popu-
lar datasets are very limited, a new ICT-TD dataset is proposed using the datasheets from
the ICT domain. The proposed ICT-TD dataset contains many domain-specific samples
that hardly appear in other open-source datasets, which makes it useful in cross-domain
settings. The revisited Open-Tables dataset is consistent and larger, making it more re-
liable for evaluating the model performance. These two datasets can be more reliable
benchmarks to build reliable TD applications that should avoid losing any information
in the tables and alleviate the side effects of noisy samples to the model evaluation. At
last, strong baselines using state-of-the-art object detection models are built for the ICT-
TD dataset and a cross-domain setting. The experimental results show that cross-domain
settings are more challenging for the TD problem.

Most existing studies for the TD problem use object detection evaluation metrics that
need an IoU threshold. However, these evaluation metrics are indirect to the actual per-
formance of extracting information from tables. For instance, a larger prediction box that
can cover all the information of the target table but has a lower IoU score is preferable
to the box with a higher IoU score but can lose some information from the target table.
Therefore, evaluating models with other metrics can be a good direction for further work
to compensate for the drawback of using IoU score based metrics. Besides, the experi-
mental results show that larger datasets do not necessarily result in better performance.
Developing automated methods to create, filter, and select proper data for model training
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can also be a future direction.

48



Table 3.7: Experimental results with F1-score in the cross domain setting. 8834, 1000,
86460, 187199 and 73383 are the number of image samples. * means the models are
trained with noisy samples.

Dataset Model F1 under IoU thresholds WAvg. F1
Training Testing 80% 85% 90% 95%

Open-Tables
Training Set

(8,834)

ICT-TD
Test set
(1,000)

TableDet 83.1 80.1 76.1 65.0 75.7
DiffusionDet 87.9 86.1 81.6 67.0 80.2

Deformable-DETR 84.1 82.2 79.7 70.1 78.7
Sparse R-CNN 84.2 81.9 78.5 67.8 77.7

Noisy
Open-Tables
Training Set

(8,834)

ICT-TD
Test set
(1,000)

TableDet* 81.0 78.2 73.8 61.1 73.1
DiffusionDet* 86.2 84.0 79.8 66.3 78.6

Deformable-DETR* 81.9 80.4 77.9 67.7 76.7
Sparse R-CNN* 85.0 82.5 78.4 64.2 77.1

PubLayNet
Training Set

(86,460)

ICT-TD
Test set
(1,000)

TableDet 53.9 50.9 45.6 35.9 46.2
DiffusionDet 71.8 69.2 62.6 50.8 63.1

Deformable-DETR 69.2 65.0 58.9 48.6 59.9
Sparse R-CNN 70.0 66.7 61.2 49.7 61.4

TableBanklatex

Training Set
(187,199)

ICT-TD
Test set
(1,000)

TableDet 69.9 66.1 61.6 48.1 60.9
DiffusionDet 79.9 76.9 71.1 56.7 70.6

Deformable-DETR 78.8 76.2 71.2 57.0 70.3
Sparse R-CNN 79.0 76.1 70.7 55.4 69.8

TableBankword

Training Set
(73,383)

ICT-TD
Test set
(1,000)

TableDet 70.0 68.5 65.3 56.7 64.8
DiffusionDet 76.4 75.1 71.7 60.1 70.4

Deformable-DETR 76.0 73.6 70.4 58.6 69.2
Sparse R-CNN 75.7 73.5 70.5 60.6 69.7

Table 3.8: Experimental results on the sub-sets of Open-Tables. The values are the per-
formance of Sparse R-CNN trained with the Open-Tables training set.

Dataset F1 under IoU thresholds WAvg. F1
Training Testing 80% 85% 90% 95%

Open-Tables
Training Set

(8834)

TNCR (1000) 97.6 96.0 93.3 87.5 93.3
ICDAR2019 (240) 97.5 97.0 95.0 88.7 94.3
ICDAR2017 (817) 94.9 94.0 92.5 85.9 91.6
ICDAR2013 (238) 99.3 99.3 98.9 95.0 98.0
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Chapter 4

Table Detection

4.1 Motivation

As discussed in Chapter 1, TD is the first step of the proposed pipeline in this thesis, aiming
at locating and extracting tables from visually rich document images. Existing state-of-the-
art methods [8, 9] usually employ two-stage object detectors with data augmentation and
multi-stage transferring learning techniques. However, tables from visually rich documents
are usually well-formatted and sparsely distributed, which means that a two-stage detector
with dense region proposals might not be necessary. Therefore, this thesis uses Sparse
R-CNN [10] as the base model, which leverages sparse learnable region proposals. To
improve the base Sparse R-CNN model and avoid information loss for a successful TD
model, the following methods are applied to the Sparse R-CNN. First, image size region
proposals are applied to cover all the information of target tables in the proposal boxes,
and a noise augmentation method is proposed to enrich the diversity of proposal boxes.
Second, the IoU score is decoupled into two terms: a ground truth coverage term and a
prediction coverage term, which can replace the IoU score in the IoU-based loss functions
and evaluation metrics. Based on the decoupled IoU, an Information Coverage Score
(ICS) loss is defined, which can guide the model to minimize information loss. At last, a
SimOTA [15] based many-to-one label assignment approach is leveraged, which can further
improve the SimOTA by adopting a dynamic scheduling scheme to adjust the number of
positive assignments dynamically. It is worth mentioning that since the Dynamic Heads
in the Sparse R-CNN model also contain Multi-head Attention layers, we consider Sparse
R-CNN a transformer-based approach.

To sum up, this chapter covers the following aspects of the proposed Sparse R-CNN
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based TD method:

1. This chapter introduces a decoupled IoU score, termed Information Coverage Score
(ICS), which can reflect the information loss of the prediction boxes when it is used
as evaluation metrics and encourage the model to alleviate the information loss when
it is used as loss functions.

2. This chapter introduces an improved SimOTA method by adapting a dynamic schedul-
ing scheme and integrating the ICS loss, proposes a Gaussian Noise Augmented Image
Size region proposal method, and applies them to the SpareR-CNN model to further
improve the performance of the proposed method.

3. Extensive experiments are conducted using IoU-based evaluation metrics and loss
functions on various manually annotated datasets to demonstrate the efficiency and
effectiveness of our proposed detection model. Then, further experiments are con-
ducted to demonstrate the benefits of the proposed ICS score when it is applied to the
TD problem. The experimental results show that the proposed method can consis-
tently outperform the state-of-the-art benchmark models under different evaluation
metrics.

The rest of this chapter is organized as follows: Section 4.2 introduces the formal
problem definition and the proposed SparseTableDet model. Section 4.3 presents the ex-
periments and discusses the design aspects of the proposed method. At last, the contents
of this chapter and future research directions are summarized in section 4.4.

4.2 Proposed Method for Table Detection

4.2.1 Overall Architecture

Following the architecture of Sparse R-CNN [10], the proposed method also consists of an
Initialization Module, a Feature Pyramid Network, and a series of Dynamic Heads. The
Initialization Module is used to initialize the learnable proposal boxes and the learnable
proposal features. Feature Pyramid Network (FPN) [155] is the backbone network to
generate image features for every Dynamic Head. The Dynamic Heads are used to do the
regression and classification tasks. Dynamic Head t+ 1 takes the image features generated
by FPN and the outputs of Dynamic Head t, including the Refined Proposal Features
and Refined Proposal Boxes, as the input to further refine the predictions of Dynamic
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Figure 4.1: The overall architecture of the proposed method. Notably, all Dynamic Heads
share an identity structure. For simplicity, only the details of Dynamic Head 1 are shown
in this figure.

Head t when t > 1. Since the predictions of each Dynamic Head are used to calculate
the loss, a label assignment process is operated on these predictions to further calculate
the losses. Since the proposed refinements to the Sparse R-CNN model are mainly on the
proposal initialization, label assignment, and the loss functions, which will be discussed in
section 4.2.2, 4.2.3 and 4.2.4, the default implementations of Sparse R-CNN are kept for
other parts which are detailed described in the study [10].

4.2.2 Noise Augmentation to Region Proposals

As discussed in Chapter 1, TD applications typically require predictions to avoid infor-
mation loss, and the tables in the documents are usually large and have no overlaps.
Considering these characteristics of TD applications, using Image Size to initialize the re-
gion proposals becomes a good choice compared with other initialization methods, such as
Random Initialization [10] and Grid Initialization [10], because it can avoid information
loss at the first step of the detector. However, simply using a number of the same propos-
als may not be optimal. Therefore, this thesis proposes a simple but effective method to
augment the region proposals by adding Gaussian Noise to enrich the proposals’ diversity.
More specifically, assuming that a proposal box is represented by its box center, width,
and height, namely b = {cx, cy, w, h}, then the augmented proposal box can be defined as
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Equation 4.1, where N means Gaussian Distribution. In the implementation, boxes are
normalized, meaning that an image size box can be represented as b = {0.5, 0.5, 1, 1}, and
µ, σ2 are set as 0 and 0.01, respectively.

baug = f({cx, cy, w, h}) = {cx + ϵx, cy + ϵy, w − 2 · |ϵx|, h− 2 · |ϵy|}, ϵx ∈ N (µ, σ2), ϵy ∈ N (µ, σ2)
(4.1)

It is worth mentioning that adding noise to the region proposal boxes can be interpreted
as a movement of these boxes. Since initial boxes are set to Image Size, any movement ϵ of
the center leads to 2ϵ reduction of height or width, as shown in Figure 4.2. The addition
of noise to the Image Size region proposals can enrich the diversity of region proposals,
making the model more robust and improving the performance.

x

x

x

x

y
y

y

y

Figure 4.2: A sample of noise augmentation to a region proposal box. The green box is
the original box, the dashed red box is the result of center movement, and the blue box is
the result box after augmentation.

4.2.3 Many-to-One Label Assignment

As discussed in Chapter 1 and Section 2.3, label assignment plays a key role in the object
detection models. Sparse R-CNN employs Hungarian algorithm [26] to perform one-to-one
label assignment so that the Non Maximum Suppression (NMS) can be removed from the
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processing pipeline. However, as aforementioned, tables in documents are usually large
and have no overlaps, meaning that applying NMS to the TD problem does not necessarily
lead to drawbacks caused by the NMS, such as the performance degradation caused by
the object overlaps [156]. Moreover, the cascaded Dynamic Heads take input proposal
features and boxes with different qualities, making it necessary to determine the label
assignment dynamically. Many studies [11, 12, 14] have demonstrated that Many-to-One
label assignment can bring benefits to the model performance. Therefore, SimOTA [14] is
adapted as the base label assignment method.

SimOTA is a simplified version of OTA [11], which can avoid the complex optimiza-
tion process of OTA. More specifically, SimOTA directly uses the top-k candidates whose
centers are in the ground truth bounding boxes as the positive samples, as defined by
Equation 4.2, which contains a classification cost, a regression cost, and a center cost. It
is worth mentioning that the cost function of Sparse R-CNN is the sum of the cls cost and
regression cost in Equation 4.2.

costSimOTA = λcls · costcls︸ ︷︷ ︸
cls cost

+λl1 · costl1 + λgiou · costgiou︸ ︷︷ ︸
regression cost

+λcenter · costcenter︸ ︷︷ ︸
center cost

(4.2)

SimOTA employs a dynamic method to determine the number of positive samples
assigned to each ground truth box using the sum of the top 10 IoU scores between a
ground truth box and its corresponding prediction boxes without considering the difference
of Dynamic Heads. Considering that the inputs of Dynamic Head t + 1 should contain
higher quality boxes than that of t after the refinement of Dynamic Head t, the Dynamic
Head t+1 should have more positive samples. Therefore, this dynamic method of SimOTA
is further extended by adding a scheduling scheme as defined by Equation 4.3, where N
is the number of Dynamic Heads, IoUi is the IoU matrix between the predictions and
the ith ground truth, n is a hyperparameter and ki

t means the number of positive samples
assigned to the ith ground truth for Dynamic Head t. Notably, the key consideration for the
scheduling scheme is that with the increasing quality of region proposals to the Dynamic
Head, the number of assigned proposals to each ground truth can also be larger. Therefore,
as defined by Equation 4.3, the quality of region proposals is implicitly estimated by the
IoU, and when the t is larger, the number of assigned region proposals also becomes larger.

ki
t = SUM(TOPK(IoUi, n− 0.5 ∗ (N − t))), t ∈ [1, N ] (4.3)

At last, the loss function is defined as the sum of all the Dynamic Heads’ loss, as defined
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by Equation 4.4. For the classification loss, cross entropy and focal loss [157] are employed
for binary and multi-class classification, respectively.

L =
N∑
t=1

losst =
N∑
t=1

λclsloss
t
cls + λl1loss

t
l1 + λgiouloss

t
giou (4.4)

It is worth mentioning that some studies, such as YOLOX [15] and Dynamic Sparse
R-CNN [12], use similar Label Assignment approaches. Dynamic Sparse R-CNN intro-
duces an assignment scheduling scheme to the OTA method [11] to dynamically adjust the
number of positive label assignments. However, the OTA method requires a complex opti-
mization procedure, which is significantly more time-consuming than SimOTA. Therefore,
SimOTA is leveraged and further improved by adapting the assignment scheduling scheme
and the proposed ICS loss function.

4.2.4 Information Coverage Score

As discussed in Chapter 1, the IoU score cannot directly reflect the information coverage
of the prediction boxes. This section discusses our proposed decoupled IoU, the Informa-
tion Coverage Score (ICS). Assume that G and P are the ground truth and prediction
boxes, respectively. IoU is the ratio of the intersection of G and P to the union of G
and P , as defined by Equation 4.5. In contrast, ICS contains a ground truth coverage
term (GT Coverage) and a prediction coverage term (Pred Coverage), as defined by Equa-
tion 4.6. The ground truth coverage term is the ratio of the intersection of G and P to
the G, which can directly measure the information covered by the prediction box. Sim-
ilarly, the prediction coverage score is defined as the ratio of the intersection of G and
P to the P . Since the ICS consists of the GT Coverage and Pred Coverage balanced by
a hyper-parameter λ, setting a higher λ value can encourage the model to predict boxes
covering larger portions of ground truth, which is preferable for the TD task, as discussed
in Chapter 1. Figure 4.3 shows three cases for the calculation of ICS, in which green boxes,
red boxes, and yellow areas represent the ground truth boxes, prediction boxes, and their
intersection areas. It is worth mentioning that the proposed ICS can be used to replace
IoU in a variety of IoU-based loss functions, such as GIoU loss [66] and DIoU loss [69]. A
simple ICS loss can be defined as Equation 4.7.

IoU =
|G ∩ P |
|G ∪ P | (4.5)
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Figure 4.3: Three cases for the Information Coverage Score. λ is set to 0.5. All the boxes
are squares.

ICS = λ
|G ∩ P |
|G|︸ ︷︷ ︸

GT Coverage

+ (1 − λ)
|G ∩ P |
|P |︸ ︷︷ ︸

Pred Coverage

(4.6)

ICS loss = 1 − ICS (4.7)

4.3 Experimental Results and Analysis

This section compares the proposed method with state-of-the-art models using IoU-based
evaluation metrics and loss functions. Then, experiments are conducted to demonstrate
the benefits of using ICS as the evaluation metrics and loss functions. Lastly, an ablation
study is conducted to demonstrate the effectiveness of the proposed many-to-one label
assignment method and Gaussian Noise Augmented Image Size region proposal.

4.3.1 Experiment settings and Main results

Many datasets have been proposed for the TD problem. These datasets can be categorized
into two groups: human-annotated datasets and generated datasets by parsing meta-data.
The former dataset type usually has higher-quality annotations, but the number of samples
is usually limited. In contrast, the latter type can have a large number of samples but often
contain much noise. In this chapter, only the datasets with high-quality annotations are
considered, including ICDAR2017 [2], ICDAR2019 [3], TNCR [7] and ICT-TD datasets.
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The TD problem is often the pre-processor step of the information extraction tasks,
which requires models to avoid missing tables or predicting other document components
as tables. Therefore, the widely used evaluation mAP [28] for the detection models cannot
fulfill this requirement. Hence, Precision, Recall, and F1 scores are used as evaluation
metrics, which are also widely used in other studies [1–3, 7]. However, the IoU thresholds
for these metrics vary among studies, making it hard to compare these models directly.
Therefore, in this study, the evaluation metric is aligned for all datasets with Weighted
Average F1, as defined in Equation 8, whose thresholds are 60%, 70%, 80% and 90%. The
detailed results containing Precision, Recall and F1 under the IoU thresholds from 50%
to 95% with a 5% interval are attached in appendix .2.3. Notably, the evaluation metric
used here is identical to the one used in ICDAR2019 competition [3] and other evaluation
metrics, such as mAP. The metrics in other competitions [1,2] can be found in the detailed
experimental results in appendix .2.2.

Weighted Avg. F1 =

∑4
i=1 IoUi · F1@IoUi∑4

i=1 IoUi

(4.8)

Table 4.1: Key training parameters of the proposed model.

Parameter Value Description
IMS PER BATCH 16 number of training samples in an iteration
MAX ITER 40,600 total number of mini-batch
STEPS 29,000 the mini-batch to apply the learning rate schedule
SCHEDULER MultiStepLR the scheduler to change the learning rate
BASE LR 2.5e-05 the learning rate before applying the scheduler
WEIGHTS r50 300pro 3x model initialization weight of the model
NUM HEADS 6 the number of Dynamic Head
NUM PROPOSALS 300 number of region proposals
OPTIMIZER AdamW the optimizer to train the model
LABEL N 8 the hyper parameter N defined by Equation 4.3
NOISE MEAN 0 mean value of the Gaussian Noise
NOISE VAR 0.01 variance value of the Gaussian Noise
NMS THRESH 0.9 non-maximum suppression threshold

For the benchmark models, all the types of popular object detection models discussed
in section 2.3 are included, including FasterR-CNN [56], MaskR-CNN [57], TableDet [8],
DiffusionDet [13], Deformable-DETR [61], Sparse R-CNN [10], RetinaNet [157], FCOS [55],
YOLOX-X [15], YOLOR-X [158], YOLOv5-X [159], YOLOv7-X [160], YOLOv8-X [161].
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Table 4.2: Experimental results on ICDAR2017 dataset.

Model F1 under IoU thresholds Weighted Avg. F1
IoU(60%) IoU(70%) IoU(80%) IoU(90%)

RetinaNet 96.0 93.4 91.7 87.3 91.6
FCOS 96.0 93.8 92.1 87.6 91.9

YOLOX-X 97.7 95.5 92.3 80.0 90.4
YOLOR-X 97.1 95.3 93.4 89.7 93.5
YOLOV5-X 98.5 96.8 95.4 91.9 95.3
YOLOV7-X 97.6 96.3 94.6 91.5 94.6
YOLOV8-X 97.9 96.2 95.3 92.5 95.2

FasterR-CNN 97.1 96.0 93.8 89.6 93.7
MaskR-CNN 96.8 96.0 94.8 91.1 94.4

TableDet 98.8 97.1 95.0 90.4 94.9
DiffusionDet 98.3 97.0 94.9 90.3 94.7

Deformable-DETR 97.5 96.7 94.4 91.4 94.6
Sparse R-CNN 98.3 97.9 96.1 94.0 96.3

SparseTableDet 99.5 99.4 98.2 94.8 97.7

FasterR-CNN, MaskR-CNN, TableDet, DiffusionDet, Deformable-DETR, and Sparse R-
CNN are trained with 120 epochs, and other one-stage detectors are trained with 300
epochs. The detailed settings of these benchmark models are included in Chapter .2.1.
The proposed SparseTableDet is built on the code base of Sparse R-CNN, and the key
training parameters are summarized in Table 4.1. It is worth mentioning that the parameter
names in Table 4.1 are aligned with the names in Detectron2 [150]. More specifically,
IMS PER BATCH is the total number of training samples in an iteration. MAX ITER
and STEPS refer to the total number of mini-batch used in the training and the mini-
batch to apply the learning rate scheduler, respectively. WEIGHTS is the initialization
weight of the model. In our implementation, the Sparse R-CNN model pre-trained with
COCO dataset [28] is used as the initialization weight. NUM HEADS and LABEL N
are two custom parameters in the proposed SparseTableDet, which refer to the number
of Dynamic Head and the hyperparameter N defined by Equation 4.3, as discussed in
section 4.2. At last, the model is trained with AdamW [162] optimizer. For the training of
all models, we use the validation set for the model selection and hyperparameter tuning.

The experimental results for the ICDAR2017, ICDAR2019, TNCR and ICT-TD datasets
are shown in Table 4.2, 4.3, 4.4 and 4.5, respectively. The experimental results show that
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Table 4.3: Experimental results on ICDAR2019 dataset.

Model F1 under IoU thresholds Weighted Avg. F1
IoU(60%) IoU(70%) IoU(80%) IoU(90%)

RetinaNet 98.0 96.7 94.5 86.8 93.4
FCOS 97.6 96.5 93.6 85.7 92.7

YOLOX-X 97.1 96.0 94.6 89.2 93.8
YOLOR-X 98.6 98.2 97.2 93.4 96.6
YOLOV5-X 99.0 98.9 98.2 95.7 97.8
YOLOV7-X 99.2 98.6 98.0 94.1 97.2
YOLOV8-X 99.2 99.1 98.1 94.7 97.5

FasterR-CNN 97.4 96.2 95.0 90.4 94.4
MaskR-CNN 98.2 97.0 95.8 91.9 95.4

TableDet 98.1 96.8 94.9 91.5 94.9
DiffusionDet 98.9 97.4 95.8 91.3 95.5

Deformable-DETR 98.4 97.9 96.5 92.7 96.0
Sparse R-CNN 98.6 98.1 97.5 94.9 97.1

SparseTableDet 99.3 99.1 98.9 96.3 98.3

the proposed SparseTableDet can consistently outperform the state-of-the-art benchmark
models regarding the Weighted Average F1 score. The proposed model is also compared
with other state-of-the-art models optimized for the TD problem following the evaluation
protocols of ICDAR2013, ICDAR2017, and ICT-TD datasets, and the results are in ap-
pendix .2.2. With these competition evaluation protocols, the proposed method can still
consistently outperform the benchmark models.

4.3.2 ICS for model training and evaluation

As discussed in section 4.2.4, GT Coverage term in the ICS is a direct metric to measure
whether the prediction box covers all the target content. This section uses the GT Coverage
as the evaluation metric to evaluate the model performance. More specifically, the IoU
score defined in Equation 4.8 is replaced with GT Coverage to define a new Weighted
Average F1 score as the evaluation metric, as defined by Equation 4.9. To demonstrate
the effectiveness of ICS as the loss function, the cost giou in Equation 4.2 and GIoU loss
in Equation 4.4 are replaced with their ICS-based counterparts. For simplicity, Mgiou and
Mics are used to represent the model trained with GIoU loss and ICS loss, respectively. As
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Table 4.4: Experimental results on TNCR dataset.

Model F1 under IoU thresholds Weighted Avg. F1
IoU(60%) IoU(70%) IoU(80%) IoU(90%)

RetinaNet 92.7 92.0 90.6 84.8 89.6
FCOS 90.8 89.9 88.8 83.3 87.8

YOLOX-X 90.6 89.3 86.1 79.6 85.8
YOLOR-X 94.2 93.4 91.8 86.4 91.0
YOLOV5-X 95.8 95.5 94. 89.6 93.5
YOLOV7-X 95.2 95.0 93.7 89.3 93.0
YOLOV8-X 96.1 95.5 94.6 90.1 93.7

FasterR-CNN 91.5 91.0 90.3 84.4 88.9
MaskR-CNN 92.5 92.2 90.9 84.7 89.6

TableDet 94.7 94.4 93.3 87.7 92.2
Deformable-DETR 94.4 94.1 92.9 89.3 92.4

DiffusionDet 95.4 94.6 93.1 88.5 92.5
Sparse R-CNN 95.1 94.9 94.4 90.9 93.6

SparseTableDet 96.3 96.2 95.8 92.7 95.1

shown in Table 4.6, when the IoU-based metrics are used, Mgiou can perform better than
Mics. However, as aforementioned in section 1 and 4.2.4, GT Coverage term defined in the
ICS is a direct measure to evaluate the ground truth information covered by the prediction.
GT Coverage-based evaluation metric is used, Mics can perform better. Figure 4.4 shows
two prediction results of Mgiou and Mics. Using an ICS-based loss function can encourage
the model to alleviate the information loss during the optimization process because the
GT Coverage term in the ICS is a direct measure of the information loss and is more
sensitive to the information loss. Some other prediction samples of these two models are
in appendix .3. Notably, bias might be introduced when using the GT Coverage score
as the evaluation metric because the GT Coverage score cannot reflect the difference of
prediction boxes once the predictions can cover the ground truth. However, the proposed
ICS and GT Coverage scores can provide more insights regarding the quality of predictions
and complement IoU-based metrics.

Weighted Avg. F1 =

∑4
i=1GT Coveragei · F1@GT Coveragei∑4

i=1GT Coveragei
(4.9)
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Table 4.5: Experimental results on the ICT-TD dataset.

Model F1 under IoU thresholds Weighted Avg. F1
IoU(60%) IoU(70%) IoU(80%) IoU(90%)

RetinaNet 95.8 93.6 91.0 83.7 90.4
FCOS 91.8 90.4 87.9 82.3 87.6

YOLOX-X 95.8 93.6 90.1 81.6 89.5
YOLOR-X 97.5 96.0 94.3 89.0 93.8
YOLOV5-X 98.0 97.2 95.8 91.7 95.3
YOLOV7-X 98.6 97.6 95.7 92.6 95.8
YOLOV8-X 97.9 97.2 95.6 92.3 95.4

FasterR-CNN 96.8 94.7 92.9 86.8 92.3
MaskR-CNN 96.2 94.8 92.8 87.9 92.5

TableDet 96.9 95.7 93.6 89.1 93.4
DiffusionDet 97.6 96.8 95.5 91.1 94.9

Deformable-DETR 97.4 96.5 95.0 91.2 94.7
Sparse R-CNN 97.1 95.9 94.3 90.4 94.1

SparseTableDet 98.2 97.9 97.2 94.2 96.7

4.3.3 Ablation Study

This section discusses the effectiveness of the proposed Image Size region proposals, Noise
Augmented Proposals, and the Many-to-One label assignment method. Sparse R-CNN
acts as the baseline model in this section, which uses Hungarian Matching for the label
assignment and random region proposals. The ICDAR2019 dataset is used to conduct
experiments and use the Weighted Average F1 scores defined by Equation 4.8 and Equa-
tion 4.9 as the evaluation metrics. It is worth mentioning that 60%, 70%, 80% and 90%
are chosen as thresholds to align with the metric in section 4.3.1. The experimental re-
sults are shown in Table 4.7 and 4.8, where Sparse R-CNN(R), Sparse R-CNN(I) are the
Sparse R-CNN initialized with the random proposals and image size proposals, respec-
tively. ManytoOne and Noise represent the proposed many-to-one label assignment and
the Noise Augmentation to region proposals. The experimental results show that using
image size region proposals, adding noise to the region proposals, and Many-to-One label
assignment can improve the performance of the base Sparse R-CNN model.
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(a) ICS-based loss (b) IoU-based loss

Figure 4.4: Prediction samples of models trained with ICS-based loss and IoU-based loss.

4.4 Summary of the Chapter

In this chapter, Sparse R-CNN [10] based method is proposed, which is further improved by
introducing Noise Augmented region proposal generation, Many-to-One label assignment,
and a decoupled IoU. The experimental results show that the proposed method can consis-
tently outperform benchmark models regarding the Weighted Average F1 score on various
datasets. Furthermore, considering the requirement of TD applications, GT Coverage in
ICS is used to replace IoU to act as the evaluation metric and ICS is used to replace
IoU to derive ICS-based loss functions. The experimental results demonstrate that the
GT Coverage can be a better metric reflecting the prediction’s information loss, and ICS-
based loss can guide models to cover more information of the target objects. In this chapter,
all the area in a ground truth box is assumed to contain information without considering
the inner structure of tables. However, some tables contain extra spaces, meaning that
some smaller prediction boxes than their ground truth boxes do not lead to any informa-
tion loss. Therefore, it can be a direction to consider the inner structure of a table to
build more reliable evaluation metrics for the TD applications. Besides, as aforementioned
in section 4.3.2, the proposed GT Coverage score cannot reflect the difference in box size
once the prediction box can cover the whole ground truth. Therefore, it can be another
direction to integrate the size of boxes to the GT Coverage score to make it more versatile.
Moreover, as mentioned in Section 3.4.5, Sparse R-CNN may fail for some cases, such as
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Table 4.6: Experimental results on ICDAR2019 dataset evaluated by Weighted Average
F1 scores using GT Coverage and IoU as thresholds.

Loss Function Metric F1 under IoU thresholds Weighted Avg. F1
60% 70% 80% 90%

GIoU IoU 99.3 99.1 98.9 96.3 98.3
ICS IoU 99.4 98.8 98.1 92.9 97.0

GIoU GT C 99.6 99.5 99.1 98.3 99.1
ICS GT C 99.7 99.6 99.5 98.6 99.3

Table 4.7: The effectiveness of each component using IoU scores as thresholds.

F1 thresholded by IoU Weighted Avg. F1
60% 70% 80% 90%

Sparse R-CNN (R) 98.6 98.1 97.5 94.9 97.1
Sparse R-CNN (I) 99.1 98.7 98.2 95.3 97.6

I+ManytoOne 99.4 99.1 98.8 95.3 97.9
I+Noise+ManytoOne 99.3 99.1 98.9 96.3 98.3

the case containing multiple tables closely distributed. For the proposed method in this
chapter, the prediction may sometimes generate a large prediction box covering all the
tables together. At last, as shown in Section 4.3, even though the proposed method can
consistently outperform benchmark models, sometimes the margin is small, making the
measurement of uncertainty in these models important. However, since some benchmark
models did not provide pre-trained weights to reproduce their results, these models need
to be reproduced from scratch. Therefore, this thesis leaves the uncertainty analysis as
future work.
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Table 4.8: The effectiveness of each component using GT Coverage scores as thresholds.

F1 thresholded by GT C Weighted Avg. F1
60% 70% 80% 90%

Sparse R-CNN (R) 98.7 98.7 97.9 96.7 97.9
Sparse R-CNN (I) 99.1 99.0 98.3 97.6 98.4

I+ManytoOne 99.4 99.4 99.2 98.1 98.9
I+Noise+ManytoOne 99.6 99.5 99.1 98.3 99.1
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Chapter 5

Table Structure Recognition

5.1 Motivation

As discussed in Chapter 1, Table Structure Recognition (TSR) aims to transform table
images into semi-structured or structured formats. Existing TSR models can be roughly
categorized into three groups: image-to-sequence, graph-based and detection-based models.
Considering the complexities of these types of approaches, this chapter focuses on the
detection-based models.

Many studies have discussed the detection-based TSR methods [22–24, 86]. However,
these methods have the following issues. First, the problem formulations cannot fully rep-
resent the complex structures of tables. For example, some studies [22,23,86] do not define
Headers as detection targets, making it impossible to transform the header information.
Figure 5.1a shows the problem formulation of study [86], which can infer the spanning
cells but cannot provide header information. Second, even though some studies define all
necessary detection targets, they ignore that their formulations are multi-label detection
problems, which must be considered in the detection model design. For example, Fig-
ures 5.1b and 5.1c are the definitions of PubTables1M [24], which define Tables, Columns,
Rows, Spanning Cells, Projection Row Headers, and Column Headers. However, the pro-
jected row headers can share identical bounding boxes with rows, as shown in Figure 5.1b,
and the column header can share an identical bounding box with a defined row, as shown
in Figure 5.1c. Therefore, this multi-label detection definition needs to be considered in
the detection model design. Third, studies employing two-stage object detection mod-
els for the TSR task are not specifically designed based on the characteristics of table
images. Table images from visually rich documents can have extreme aspect ratios and
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dense detection targets. Therefore, it is necessary to properly tune and design a regional
proposal network of two-stage detectors. Besides, the difference between using two-stage
and transformer-based detectors is also not well-explored. Fourth, detection-based TSR
solutions usually apply detection metrics, such as COCO metrics, to evaluate the model
performance. However, COCO metrics are not aligned with TSR metrics, such as TEDS.
Lastly, the role of feature extraction in the detection models for the TSR task has not
been well-explored. Deformable convolution is widely used in detection models to improve
detection performance. However, sometimes, it can degrade the TSR performance in terms
of the TEDS score.

Therefore, this chapter discusses and explores the underlying reasons for these issues
of existing studies and proposes simple methods to alleviate these issues. To sum up, this
chapter covers the following aspects:

1. This chapter comprehensively revisits existing detection-based TSR models and ex-
plores possible reasons hindering the performance of these models, including the
improper problem formulation, the mismatch issue of detection metrics and TSR
metrics, the inherent characteristics of detection models, and the impact of feature
extraction. The analysis and findings can be a guideline for further improving the
performance of detection-based TSR models.

2. Based on the analysis and findings, three simple methods are applied to improve
Cascade R-CNN, including proposing a pseudo-class generation method to transform
multi-label detection into a regular single-label detection problem, adjusting the ratio
aspects and the number of regional proposals in the region proposal generation,
applying the deformable convolution and introducing a Spatial Attention Module to
build the long-range dependencies and context information in the backbone network.

3. Extensive experiments are conducted to evaluate the proposed solution on vari-
ous datasets, including SciTSR [79], FinTabNet [81], PubTabNet [21] and PubTa-
bles1M [24] with both detection metrics and cell-level TSR metrics. The experimen-
tal results show that the proposed solution can outperform state-of-the-art models
in terms of detection and cell-level TSR metrics.

4. The analysis and findings are further verified with experiments. The insights from
the experimental results are discussed and summarized for further model design.

The rest of this chapter is organized as follows: Section 5.2 revisits existing detection-based
solutions. Section 5.3 describes our proposed solution. Section 5.4 shows the experimental
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Regular RowRegular Column Irregular Row Irregular Column

(a) Four types of defined table components in [86]. This definition can infer spanning cells but
cannot provide header information. Besides, the projected row headers are treated as rows, which
can lead to a wrong structure.

Spanning CellRowColumnTable Column Header Projected Row Header

(b) Six types of defined table components in [24]. The defined projected row headers in this
sample share identical bounding boxes with two corresponding rows.

RowColumnTable Column Header

(c) Four types of defined table components in [24]. In this sample, the defined column header
shares an identical bounding box with a defined row.

Figure 5.1: Different problem formulations for the detection-base TSR.

67



results and discusses the design aspects of the proposed method. At last, Section 5.6
includes the summary of this chapter and possible research directions.

5.2 Rethinking Detection-based TSR Models

5.2.1 Preliminaries

Since most existing detection-based TSR models are based on two-stage and transformer-
based detectors, Cascade R-CNN [25] and Sparse R-CNN [10] are used as two examples of
these two types of detectors. This section briefly reviews their critical designs.

Cascade R-CNN

Cascade R-CNN [25] is a typical two-stage detection model containing a Backbone Net-
work, a Region Proposal Network (RPN), and a series of Cascade Heads, as shown in
Figure 5.2. The RPN is the first regression step of a two-stage detection model responsible
for generating region proposals. More specifically, a set of predefined anchor boxes are
defined and slides across the feature map to generate the fix-length of feature vectors for
the classification and regression tasks in the RPN [56]. The classification task classifies
anchor boxes into object and background, and the regression task coarsely regresses the
anchor boxes to generate higher-quality region proposals. Since the RPN only coarsely
classifies and regresses the anchor boxes, the parameters of defining anchor boxes play a
key role in the performance of the RPN, such as the number of anchor boxes, the aspect
ratios of anchor boxes, and the scales of applied feature maps.

The Backbone Network is used to extract features of the input images, which is often
followed by Feature Pyramid Network (FPN) [155] to extract and fuse features from dif-
ferent scales. The extracted features, together with the region proposals generated by the
RPN, are fed into the first cascade head for the classification and regression tasks, and
the regression results would be the inputs of the subsequent Cascade Head, as shown in
Figure 5.2. Since there are multiple Cascade Heads, all the outputs of these Cascade Heads
are used to calculate the loss. Moreover, the final loss of the model can be defined as the
sum of these Cascade Heads loss and the RPN loss, as defined by Equation 5.1, where N is
the number of Cascade Heads. It is worth mentioning that there are three Cascade Heads
in Figure 5.2 following the most popular Cascade R-CNN model. Each Cascade Head has
a REG Head and a CLS Head for the regression and classification tasks, respectively. The
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Figure 5.2: Overall architecture of Cascade R-CNN.

input features of these REG Heads and CLS Heads ecls, ereg are extracted by applying ROI
Pooling operations to the features from Backbone Network with the proposal boxes b, which
can be defined by Equations 5.2 and 5.3 where PROJ,ROI POOL, and BACKBONE
are the Projection layer, ROI Pooling operations, and the Backbone Network. Therefore,
for a trained model, the input features of the CLS Heads ecls are determined by the input
image x and the proposal boxes b, meaning that a single proposal box cannot be classified
into multiple classes because CLS Heads are not multi-label classifiers.

L = Lrpn +
N∑
i=1

(Li
cls + Li

reg) (5.1)

ecls = PROJcls(ROI POOL(BACKBONE(x), b)) (5.2)

ereg = PROJreg(ROI POOL(BACKBONE(x), b)) (5.3)

Sparse R-CNN

Sparse R-CNN is a popular end-to-end transformer-based detection model. Similar to
Cascade R-CNN, Sparse R-CNN also employs a cascade architecture containing a series of
Dynamic Heads, as shown in Figure 5.3. In each Dynamic Head, an ROI Pooling layer is
applied to extract features from the feature map based on the given proposal boxes, and the
extracted features, together with the learnable proposal features, are fed to the Dynamic
Instance Interactive Head to generate final features for the classification and regression
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Figure 5.3: Overall architecture of Sparse R-CNN.

tasks. Therefore, the features fed into CLS Head and REG Head of each Dynamic Head
can be defined as Equations 5.4 and 5.5, where BACKBONE, DYN HEAD, and PROJ
are the Backbone Network, Dynamic Instance Interactive Head and the Projection layer,
respectively, and x, b, f are the input image, the proposal boxes and the learnable proposal
features. It is worth mentioning that Sparse R-CNN does not use any RPN network to
generate regional proposals. Instead, it proposes to use a set of learnable proposal boxes
paired with a set of learnable features, in which learnable proposal boxes can be initialized
by some pre-defined methods, such as image size initialization, random initialization, and
grid initialization. Once the model is trained, the proposal boxes can be treated as an
identical value, such as the box of image size, and their classification and regression results
are mainly determined by their corresponding learnable proposal features f and the input
image x. Therefore, for a multi-label detection problem, when objects belonging to different
classes can share an identical box, the learnable proposal features can be different for these
objects, making it possible for Sparse R-CNN to deal with multi-label detection tasks.

ecls = PROJcls(DYN HEAD(ROI POOL(BACKBONE(x), b), f)) (5.4)

ereg = PROJreg(DYN HEAD(ROI POOL(BACKBONE(x), b), f)) (5.5)
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5.2.2 Rethinking Problem Formulations

As aforementioned in Chapter 1 and Section 5.1, there have been many detection-based
solutions [22–24,86] with different problem formulations that either oversimplified the TSR
task or ignored its multi-label characteristic. More specifically, following image-to-sequence
TSR models, a detection-based TSR model should be able to fully reconstruct the structure
of both regular and spanning table cells, as well as provide information regarding header
cells. However, studies [22,23] formulate the problem as only detecting columns and rows,
making it impossible to deal with spanning cells and identify header cells. TableStrRec [86]
further extend the formulation by defining regular column, regular row, irregular column,
and irregular row so that the spanning cell can be inferred from these four types of compo-
nents, as shown in Figure 5.1a. However, this formulation still cannot provide information
regarding header cells, which oversimplifies the TSR task. Besides, these formulations treat
the Projected Row Header as a regular row, resulting in over-simplified table structures.
By contrast, PubTables1M [24] defines six types of components, including Table, Column,
Row, Spanning Cell, Column Header, and Projected Row Header, as shown in Figures 5.1b
and 5.1c, which can provide as much structure information as image-to-sequence TSR mod-
els. However, this formulation does not consider that some Column Headers and Projected
Row Headers can share identical bounding boxes with corresponding Rows. For example,
as shown in Figure 5.1b, the bounding boxes of the two Projected Row Headers can also
be classified as Rows. Similarly, as shown in Figure 5.1c, the Column Header’s bounding
box is also the Row’s bounding box. Therefore, the problem definition of study [24] is
a multi-label detection problem, which must be considered when we choose and design
detection models. It is worth mentioning that all these problem formulations use extracted
table images as inputs. Even though many studies [163] have achieved very promising
performance on the Table Detection (TD) task, it is still difficult to guarantee that all the
table content can be fully included in the detection results. Therefore, in practice, the
detected bounding boxes of tables from the TD model are often padded with extra pixels,
making it necessary to define a Table component for TSR.

5.2.3 Revisiting Region Proposal Generation

As aforementioned in Section 5.2.1, the parameters of generating anchor boxes in the RPN
play a key role in two-stage detection models, while transformer-based detection models,
such as DETR and Sparse R-CNN, use learnable queries or proposals without the need
to tune the RPN. If two-stage detection models are chosen as based models, such as Cas-
cade R-CNN which is used in TableStrRec [86], it is necessary to identify the difference
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(b) Aspect ratios of the COCO training set.

Figure 5.4: Statistics of aspect ratio values of COCO and FinTabNet training sets. When
an aspect ratio is less than 1, its multiplicative inverse counts the number of aspect ratios.

between the TSR detection problem and widely discussed common object detection prob-
lem, because the default settings of detection frameworks, such as Detectron2 [150] and
MMDetection [164] are often tuned on COCO [28] dataset. Therefore, the statistics of
the COCO dataset with a popular TSR dataset, FinTabNet [81], are compared regarding
the number of objects in each image and the aspect ratios of objects. More specifically,
the COCO training set contains 118287 images and 860001 target objects, resulting in an
average of 7.27 objects in each image, while the FinTabNet training set contains 78537
images, 1628298 target objects, resulting in an average of 20.73 objects in each image.
Besides, the aspect ratios of objects in these two datasets are also very different, as shown
in Figure 5.4. The vast majority of target objects in the COCO training set have aspect
ratios between 1 and 10, while objects in the FinTabNet training set have much larger
aspect ratios. Therefore, it is necessary to consider these differences when tuning the pa-
rameters of RPN if a two-stage object detection model is employed for the TSR task, such
as increasing the number of region proposals and adjusting the aspect ratios of anchor
boxes. On the other hand, transformer-based detection models, such as Sparse R-CNN
and DETR, can alleviate the issues caused by these differences intrinsically because they
use learnable queries (learnable proposals) instead of an RPN, as discussed in Section 5.2.1.
However, increasing the number of learnable queries for each image might also be useful
for transformer-based detection models because TSR datasets contain more objects than
common object detection datasets.
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5.2.4 Rethinking Detection and TSR Metrics

As mentioned in Chapters 1 and 2, detection-based TSR models need a deterministic rule-
based post-processing method to transform the detected table components into structured
sequences. Existing studies [22,23,86] usually use the detection performance to evaluate the
model performance before applying the post-processing method. However, the detection
metrics are not aligned with cell-level TSR metrics. COCO [28] and TEDS [21] metrics can
be two examples for further analysis. The COCO metrics employ mean Average Precision
(mAP) to evaluate the model performance, which can be defined by Equation 5.6 where
N , precisioni(r) and dr in Equation 5.6 are the number of classes, and the precision at a
given recall level r for class i. In practice, the precision-recall curves in COCO metrics are
computed for each class at a series of IoU thresholds, and the integral of precisioni(r) often
is approximated by the discrete sum. The IoU score can be defined by Equation 5.7, where
A∩B and A∪B are the intersection and union of bounding boxes A and B. In practice, in
many studies, mAP is represented by AP and calculated by averaging the mean precision
scores of all categories at IoU thresholds from 0.5 to 0.95 with 0.05 intervals. AP50 and
AP75 are the mean precision scores of all categories at IoU thresholds of 0.5 and 0.75,
respectively. Therefore, COCO metrics are IoU-based evaluation metrics. By contrast,
TEDS can be defined by Equation 5.8, where EditDist is the tree-edit distance, and T is
the number of nodes in the tree, meaning that TEDS is not correlated with IoU scores.

mAP =
1

N

N∑
i=1

(∫ 1

0

precisioni(r) dr

)
(5.6)

IoU =
A ∩B

A ∪B
(5.7)

TEDS(Ta, Tb) = 1 − EditDist(Ta, Tb)

max(| Ta |, | Tb |)
(5.8)

On the other hand, TSR datasets usually use a canonicalization procedure [24] or
annotate the bounding boxes following the lines in tables, which makes the ground truth
boxes larger than the minimum box that can recover the structure of the table. Figure 5.5
shows an example from the FinTabNet dataset, whose ground truth boxes are larger than
the minimum bounding boxes for table structure. Considering the four prediction boxes in
Figure 5.5, since the prediction 1 is smaller than the minimum box for table structure, and
the prediction2 can cover all content of the minimum box for table structure and has a larger
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Figure 5.5: A sample from the FinTabNet dataset with ground truth boxes larger than the
minimum bounding boxes for table structure. For simplicity, we only show the annotations
of columns.

IoU with the ground truth box, prediction 2 can lead to better performance regarding both
COCO and TEDS metrics than prediction 1. By contrast, prediction 3 has a larger IoU with
the ground truth box than prediction 2, which can lead to better detection performance.
However, when it comes to TEDS, prediction 3 cannot show any superiority compared to
prediction 2, because both of them can cover the minimum box for table structure. When
comparing prediction 2 and prediction 4, prediction 4 has a larger IoU with the ground truth
box, making it better on detection performance, but it loses information of the row, making
its performance in TEDS worse than prediction 2. Therefore, because of the definitions
of COCO and TEDS metrics and the procedure of annotating datasets, a detection-based
TSR model might be over-optimized towards detection performance without increasing the
TEDS performance and sometimes can decrease the TEDS performance.

5.2.5 Rethinking Feature Extraction

As mentioned in Chapter 1 and Section 5.1, deformable convolution [27] has been applied
in detection-based TSR [22, 86] and other related solutions [77, 165], demonstrating its
effectiveness in improving detection performance. Deformable convolution uses a learnable
grid offset to sample the grid points from the feature map and then apply the convolution
operation to the sampled grid points, as defined by Equation 5.9,

zp0 =
∑
pn∈R

w(pn)x(p0 + pn + ∆pn) (5.9)

where p0 is the location on the output feature map z, pn is the nth grid point in grid
R, and ∆pn is the nth learnable offset. Since the offset ∆pn applied to the deformable
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convolution is usually obtained by a regular convolution with small kernels, such as a 3 *
3 kernel, it can only improve the local feature instead of building long-range dependencies.
However, building the long-range dependencies for the TSR task is important because
of the characteristics of table components. More specifically, different parts of a single
table component are often sparsely distributed across the table instead of a single area of
compact pixels like common objects. Figure 5.6 shows a sample with its Row annotations.
Taking the first Row as an example, as shown in Figure 5.6, it mainly contains three parts,
which are distributed sparsely, and there is a large space between the first part and the
second part, even though they all belong to a single target component. Therefore, it is
important to build long-range dependencies together with improving local features, such
as applying deformable convolution. Methods over-optimized local features, such as only
applying deformable convolution, might degrade the performance of the TEDS.

Row

1 2 3

Figure 5.6: A sample from the FinTabNet dataset. Only Row annotations are showed for
simplicity. The first Row in this Figure contains three major parts numbered 1 to 3.

5.3 Proposed Method

This section demonstrates how to fill the performance gap between detection-based and
other types of TSR models by applying very simple methods to tailor the Cascade R-CNN
model based on our analysis and findings in the previous sections. More specifically, this
section introduces the refined problem formulation and gives the details of the proposed
methods, including adjusting the parameters of the RPN, applying deformable convolution,
and introducing the Spatial Attention Module.

75



5.3.1 Proposed Problem Formulation

As mentioned in Sections 5.2.1 and 5.2.2, the definition of PubTables1M [24] can provide
as much information as other types of solutions and is a multi-label detection problem,
which is challenging for two-stage detectors. Therefore, we follow PubTables1M to define
six table components: Table, Column, Row, Spanning Cell, Projected Row Header, and
Column Header, and transform the formulation into a single-class detection problem. More
specifically, Rows that share their bounding boxes with the Projected Row Header are
removed, as shown in Figure 5.7a, and a Pseudo Class is used to replace the Rows and
Column Headers when they share identical bounding boxes, as shown in Figure 5.7b. It
is worth mentioning that only the Row, Projected Row Header, and Column Header are
shown because the Table, Column, and Spanning Cell are the same as PubTables1M.
These two samples are also in Figures 5.1b and 5.1c, which show their original definition
in PubTables1M.

Formally, the ground truth Y in PubTable1M’s definition for each image is a set of
tuples containing bounding boxes and their corresponding labels, as defined by Equa-
tion 5.10, where bi, ci are the ith bounding box and its class, and values from 0 to 5 are the
defined Table, Column, Row, Spanning Cell, Projected Row Header and Column Header,
respectively.

Y = {(bi, ci)}Ni=1, ci ∈ {0, 1, 2, 3, 4, 5},∀i ̸= j, (ci ̸= cj) ∧ ((bi = bj) ∨ (bi ̸= bj)) (5.10)

By contrast, in this chapter, considering the observation that the defined Projected
Row Headers are all Rows at the same time, only the Projected Row Headers samples
are kept during the training. Since some Column Headers can share identical bounding
boxes with corresponding Rows, a pseudo-class is derived for these overlapped samples
and the original overlapped samples are removed. Therefore, during the training stage,
the ground truth for each image is refactored to the regular single-label classification, as
defined by Equation 5.11, where values 0 to 6 are the Table, Column, Row, Spanning Cell,
Projected Row Header, Column Header and the Pseudo Class, respectively. During the
testing stage, the results of Project Column Header are duplicated once to generate their
corresponding prediction Rows, and the results of the pseudo-class are duplicated twice to
generate the corresponding prediction Rows and Headers, so that the formulation defined
by Equation 5.10 still can be followed to evaluate the model performance. Notably, this
problem formulation is only applied to the tailored Cascade R-CNN model, and all other
detection benchmark models are following the formulation of PubTables1M.
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Row

Column Header

Projected Row Header

Keep these Rows and 
Column Header when 
they do not share an 
identical box.

Remove the Row; only 
keep the Projected 
Row Header.

(a) An example of our problem formulation. In this example, two Rows are removed because
their bounding boxes are identical to two Projected Row Headers.

Row

Pseudo Class

Remove the Row and 
Column Header; derive 
a Pseudo Class .

(b) An example of our problem formulation. In this example, a Pseudo Class is derived because
its bounding box simultaneously belongs to a Row and a Column Header.

Figure 5.7: Examples of our proposed problem formulation. Since the definitions of Table,
Column, and Spanning Cells are the same with PubTables1M, only Row, Column Header
and Projected Row Header are shown for simplicity.

Y = {(bi, ci)}Ni=1, ci ∈ {0, 1, 2, 3, 4, 5, 6},∀i ̸= j, (ci ̸= cj) ∧ (bi ̸= bj) (5.11)

5.3.2 Tuning Parameters of RPN

As mentioned in Sections 5.2.1 and 5.2.3, regional proposal generation is a critical step in
two-stage detectors, which need to be carefully considered for the TSR problem. Therefore,
Aspect Ratios are adjusted, and the number of generated regional proposals is increased
for the tailored model. More specifically, aspect ratios control the shape of the generated
anchor boxes. Popular implementations of Cascade R-CNN, such as Detectron2 [150],
usually use 0.5, 1.0, and 2.0 as default values, which can work well for detecting common
objects, such as the objects in COCO [28] dataset. However, in the context of TSR, the
range of aspect ratios is much larger because of the shape of the table components, as
discussed in Section 5.2.3. Without proposing fancy new modules to select suitable values,
the values are selected based on the statistics of the training sets. Taking the FinTabNet
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dataset as an example, the aspect ratios of the defined components are shown in Figure 5.4.
The maximum value is 140, far larger than the popular choices in common object detection.
Besides, the majority of aspect ratios in Figure 5.4 are in the range between 1 and 60.
Therefore, this parameter is extended for the proposed model as [0.0125, 0.025, 0.0625,
0.125, 0.25, 0.5, 1.0, 2.0, 4.0, 8.0, 16, 40, 80]. A further detailed parameter table is
provided in Section 5.4. It is worth mentioning that when an aspect ratio is less than
1, its multiplicative inverse is applied to count the number of aspect ratios in Figure 5.4.
This parameter is not further tuned through validation, which means that it might not
be optimal. But this parameter has improved the model performance by around 2.7% as
shown in Section 5.4.3. Besides, since increasing the number of proposals has been applied
in existing studies [86] and demonstrated its effectiveness, it is increased for both the base
Cascade R-CNN and our proposed model.

5.3.3 Spatial Attention and Deformable Convolution

As discussed in Section 5.2.5, building long-range dependencies for detecting the defined
components is important. Inspired by the recent studies using large convolution ker-
nels [166, 167], a Spatial Attention Module is introduced for the proposed solution, whose
architecture is shown in Figure 5.8. For the design of the Spatial Attention Module, a sim-
ilar architecture with MSCA [168] is used containing multiple branches and large kernel
convolutions and spatial and depthwise separable convolution [169,170] are used to reduce
the number of parameters. More specifically, for the spatial separable convolution, a pair
of 7 ∗ 1 and 1 ∗ 7 kernels is used to replace a typical 7 ∗ 7, use the pair of 11 ∗ 1 and 1 ∗ 11,
and the pair of 21× 1 and 1× 21 is used to replace 11∗ 11 and 21∗ 21 kernels, respectively.
For the depthwise separable convolution, the convolution is applied independently to each
channel of the feature maps. Then, the outputs of the three branches are concatenated
together as the input of a convolution layer with 1×1 kernel to make the channel dimension
the same as the inputs. The proposed Spatial Attention Module can be easily inserted into
the Backbone Network between two blocks because they do not change the feature shapes.
For example, for a typical backbone network implemented by ResNet [152] containing a
STEM block and four Residual Blocks, as shown in Figure 5.8, the Spatial Attention Mod-
ule can be inserted after the last three Residual Blocks to generate the spatial attention,
then the spatial attention can be applied to the original outputs of each Residual Block
by Element-wise Multiplication. It is worth mentioning that the Spatial Attention Module
shown in Figure 5.8 have independent trainable parameters, and all the feature maps are
padded correspondingly to keep the size of the feature maps.

On the other hand, as discussed in Section 5.2.5, deformable convolution [27] can im-
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STEM Block

Spatial Attention Module
Elementwise Multiplication

7 * 1 11 * 1 21 * 1

1 * 7 1 * 11 1 * 21
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Figure 5.8: Architecture of proposed Spatial Attention Module. A ResNet backbone con-
sists of a STEM Block and four stages of Residual Block. Our proposed Spatial Attention
Module is inserted between the blocks of the backbone to build long dependencies.

prove the local feature generation and has been demonstrated to help improve the detection
performance on the document image detection tasks by many studies [77, 86, 165]. There-
fore, in this study, the proposed Spatial Attention Module and deformable convolution are
applied to build long-range dependencies and improve local features together.

5.4 Experiments

5.4.1 Datasets and Experimental Settings

Four datasets are utilized to evaluate the proposed solution, including SciTSR [79], FinTab-
Net [81], PubTabNet [21] and PubTables1M [24]. As discussed in the study [171], FinTab-
Net and SciTSR datasets contain noise annotations that harm the model performance.
Therefore, we use their cleaned versions proposed in the study in [171]. Each image sam-
ple in these four datasets contains only a table with extra padding pixels to ensure the
entire table is extracted. The SicTSR dataset is collected from academic publications
containing 7453, 1034, and 2134 samples for training, validation, and testing. PubTa-
bles1M dataset is a large-scale dataset for the TSR problem collected from the PMCOA
corpus, containing 758849 training samples, 94959 validation samples, and 93834 testing
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samples. Since the PubTabNet dataset does not provide original PDF files, it is impossible
to process it to make detection annotations. Besides, its testing is not publicly available.
Therefore, its validation set is used to evaluate the model trained with the PubTable1M
dataset. Following the study in [171], the code base in [172] is used to process the datasets
and align the formats of these datasets. FinTabNet is also a large dataset widely used
for the TSR problem, containing 78537, 9289, and 9650 samples for training, testing, and
validation. FinTabNet is collected from the annual reports of companies, making its data
source different from the other datasets. Table 5.1 summarizes the datasets used in this
study for the model evaluation.

Table 5.1: Summary of datasets.

Dataset Train Validation Test
SciTSR [79] 7,453 1,034 2,134

FinTabNet [81] 78,537 9,650 9,289
PubTabNet [21] 500,777 9,115 -

PubTables1M [24] 758,849 94,959 93,834

Since the TSR problem in this study is formulated as an object detection problem, we
use both detection and cell-level TSR metrics for the model evaluation. For the detection
metric, the widely accepted COCO metrics [28] are employed, which has been discussed in
Section 5.2.4. More specifically, mean Average Precision (mAP), AP50, AP75, APs, APm,
APl, and object-specific AP scores are used as metrics, where AP50, AP75 are the APs
using 0.50 and 0.75 as IoU thresholds, respectively. APs, APm, and APl are the APs of
different target object sizes, defined by Equation 5.12.

object size =


small if area <322 px

medium if 322 <area <642 px

large otherwise

(5.12)

For the TSR metric, structure-only Tree-Edit-Distance-Based Similarity(TEDS) [21]
is used, which is firstly introduced in the study to overcome the drawbacks of adjacency
relation metrics and can be defined as Equation 5.8 as discussed in Section 5.2.4. Structure-
only TEDS only considers the HTML tags without extracting their contents to avoid the
influence of OCR tools. The testing samples can be categorized into simple and complex
groups based on whether they have cells spanning multiple columns and rows. Notably, for
the evaluation of detection performance, the formulation defined in Equation 5.10 is used,
which is also the problem definition of PubTables1M [24], and the results generated by
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our single-label detection can be easily transformed into the multi-label detection results
defined by PubTables1M [24], as discussed in Section 5.3.1.

5.4.2 Implementation Details and Experimental Results

To verify the effectiveness of our proposed solution, all three types of state-of-the-art
methods are included, as discussed in Chapter 2. For the detection-based methods, Cascade
R-CNN [25], Deformable-DETR [61] and Sparse R-CNN [10] are used as benchmark models,
in which Cascade R-CNN [25] is also the based model of the proposed methods, Deformable-
DETR and Sparse R-CNN are two state-of-the-art transformer-based detection models. For
the image-to-sequence models, EDD [21], TableFormer [173], TableMaster [17], VAST [85]
and MTL-TabNet [16] are included. TSRFormer-DQ-DETR [93] and RobustTabNet [94]
are two state-of-the-art models following the pipeline of detecting separation lines and then
merging cell grids, which can be treated as a graph-based model as discussed in Chapter 2.
TSRNet [88] is also a graph-based methods which detect table cells first, then applies GNN
to build the relations among the detected cells.

Table 5.2: Key training parameters of the proposed model. MAX ITER and STEPS are
for the FinTabNet dataset as examples.

Parameter Value Description
RESNETS.NORM nnSyncBN Batch Normalization for the Backbone Network
MAX ITER 112,500 total number of mini-batch
STEPS 84,375 the mini-batch to apply the learning rate schedule
SCHEDULER MultiStepLR the scheduler to change the learning rate
NMS THRESH 0.9 non-maximum suppression threshold
PRE NMS TOPK TRAIN 4000 RPN proposals to keep before applying NMS in training
PRE NMS TOPK TEST 2000 RPN proposals to keep before applying NMS in testing
POST NMS TOPK TRAIN 4000 RPN proposals to keep after applying NMS in training
POST NMS TOPK TEST 2000 RPN proposals to keep after applying NMS in testing
DEFORM ON PER STAGE [True, True, True, True] whether to use deformable convolution in backbone stages

Cascade R-CNN and the proposed method are implemented based on the Detection2 [150],
the Deformable-DETR is based on detrex [174], and the Sparse R-CNN is based on its offi-
cial codebase. The default parameters of Deformable-DETR and Sparse R-CNN are used.
For the Cascade R-CNN baseline, the number of regional proposals and the batch nor-
malization method are aligned to the proposed solution, as shown in Table 5.2. All these
detection models are using ResNet50 [152] pre-trained with ImageNet [153] as the back-
bone network. TableMaster [17] is also re-trained with the FinTabNet dataset based on its
official code base. The proposed method is termed with TSRDet for fast reference. For the

81



implementation of the proposed TSRDet, aspect ratios in the anchor box generation are
set as [0.0125, 0.025, 0.0625, 0.125, 0.25, 0.5, 1.0, 2.0, 4.0, 8.0, 16, 40, 80], and other key
parameters are summarized in Table 5.2. Notably, to calculate the structure-only TEDS,
the scripts provided by study in [172] are used to generate the HTML sequences from the
detected components and all benchmark models, except the proposed model, using the
original definition of PubTables1M, which treats all table components independently with
its multi-label detection setting. All the models are trained with 240, 120, and 60 epochs
for the SciTSR, FinTabNet, and PubTables1M datasets, respectively. For the training of
all models, we use the validation set for the model selection and hyperparameter tuning.

Table 5.3: Experimental results on SciTSR dataset with structure-only TEDS score. Sim.
means the tables without spanning cells and Com. represents the tables with spanning
cells.

Model
TEDS-struc.(%)

Sim. Com. All
Cascade R-CNN 77.31 84.74 79.09

Deformable-DETR 98.17 94.59 97.30
Sparse R-CNN 99.08 95.92 98.30

TSRDet(Proposed) 98.59 97.88 98.41

Table 5.4: Experimental results on FinTabNet dataset with structure-only TEDS score.
Sim. means the tables without spanning cells and Com. represents the tables with spanning
cells.

Model
TEDS-struc.(%)

Sim. Com. All
EDD [21] 88.40 92.08 90.60

TableFormer [173] 97.50 96.00 96.80
TableMaster [17] 98.36 98.28 98.32

VAST [85] - - 98.63
MTL-TabNet [16] 99.07 98.46 98.79

TSRFormer-DQ-DETR [93] - - 98.40
Cascade R-CNN 82.17 92.50 87.49

Deformable-DETR 98.08 97.54 97.81
Sparse R-CNN 98.36 97.91 98.13

TSRDet(Proposed) 99.08 99.02 99.05
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The experimental results regarding the structure-only TEDS and COCO metrics are
shown in Tables 5.3, 5.4, 5.5, 5.6 and 5.7, which can demonstrate the superiority of
the proposed solution. For the SciTSR dataset, the proposed TSRDet can improve the
baseline Cascade R-CNN by 19.32% regarding the structure-only TEDS, outperforming
Deformable-DETR and Sparse R-CNN. When it comes to COCO metrics, the mAP of the
proposed TSR is as good as Deformable-DETR, outperforming other benchmark models.
Similarly, the proposed TSRDet can also outperform benchmark models regarding both
COCO metrics and structure-only TEDS on the FinTabNet and PubTables1M datasets. It
is worth mentioning that PubTabNet dataset does not provide original PDF files, making
it hard to generate detection annotations. Therefore, the model performance reported in
Table 5.6 is calculated using the model trained with the PubTable1M dataset. Although
the PubTable1M and PubTabNet datasets have misalignments regarding the ground truth
HTML sequences, the proposed method still shows competitive performance compared
with other state-of-the-art methods, as shown in Table 5.6. Figure 5.9 shows a predic-
tion sample and its generated HTML sequence after post-processing, demonstrating the
capacities of the proposed solution.

Table 5.5: Experimental results on PubTables1M dataset with structure-only TEDS score.
Sim. means the tables without spanning cells and Com. represents the tables with spanning
cells.

Model
TEDS-struc.(%)

Sim. Com. All
Cascade R-CNN 82.73 85.21 83.78

Deformable-DETR 97.54 93.14 95.73
Sparse R-CNN 99.04 95.90 97.72

TSRDet(Proposed) 99.19 97.66 98.55

5.4.3 Ablation Study

In this section, experiments are conducted on the FinTabNet dataset to demonstrate the
effectiveness of the applied methods, including using the proposed single-label detection
formulation, tuning parameters of RPN, and applying the deformable convolution and spa-
tial attention. It is worth mentioning that tuning RPN parameters includes increasing the
number of proposals and adjusting the aspect ratios. Since other studies have successfully
applied the effectiveness of increasing the number of proposals, it is applied to both the
Cascade R-CNN baseline and the proposed TSRDet, as discussed in Section 5.2.3 and 5.4.2.

83



Table 5.6: Experimental results on PubTabNet validation set with structure-only TEDS
score. Sim. means the tables without spanning cells and Com. represents the tables
with spanning cells. The proposed model is trained with PubTable1M dataset, while the
benchmark models are trained with PubTabNet dataset.

Model
TEDS-struc.(%)

Sim. Com. All
EDD [21] 91.10 88.70 89.90

RobustTabNet [94] - - 97.00
TSRNet [88] - - 95.64
VAST [85] - - 97.23

TableFormer [173] 98.50 95.00 96.75
MTL-TabNet [16] 99.05 96.66 97.88
TSRDet(Propsed) 96.99 94.99 96.58

Table 5.7: Experimental results with Mean Average Precision (mAP).

Dataset Model mAP AP50 AP75 APs APm APl Table Column Row Spanning Cell Projected Row Header Column Header

SciTSR

Cascade R-CNN 93.89 95.27 94.80 95.81 93.89 92.96 98.96 98.63 96.33 88.58 83.80 97.01
Deformable-DETR 96.28 97.39 97.01 96.75 96.55 96.07 98.96 98.63 97.26 93.84 90.86 98.15

Sparse R-CNN 94.78 96.17 95.48 95.49 95.07 90.08 98.98 98.30 97.93 88.06 86.92 98.49
TSRDet(Proposed) 96.28 96.79 96.57 99.01 96.42 95.65 98.97 99.25 98.57 95.30 87.06 98.50

FinTabNet

Cascade R-CNN 95.23 97.53 96.90 87.32 95.31 93.08 99.00 96.69 96.96 84.43 96.63 97.64
Deformable-DETR 96.68 98.42 97.98 75.17 95.53 95.58 99.00 97.55 96.95 91.91 96.62 98.04

Sparse R-CNN 96.38 98.37 97.69 62.11 96.22 95.86 99.01 97.79 97.84 88.39 97.29 97.97
TSRDet(Proposed) 97.50 98.33 98.09 91.60 97.40 97.15 99.01 98.83 97.99 94.62 96.61 97.93

PubTables1M

Cascade R-CNN 93.40 95.38 94.76 85.75 93.32 92.57 99.01 98.76 87.56 82.18 95.81 97.11
Deformable-DETR 94.82 97.43 96.79 78.33 92.55 94.48 98.99 97.89 95.84 85.04 95.43 95.74

Sparse R-CNN 96.46 98.14 97.60 84.25 95.73 96.45 99.00 98.42 98.03 87.85 97.91 97.57
TSRDet(Proposed) 97.72 98.26 98.04 94.76 97.43 97.33 99.01 98.99 98.41 94.21 97.88 97.85
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(a) A prediction sample after post-processing.

<table>
    <thead>
            <th></th>
            <th rowspan="2"></th>
            <th colspan="2"></th>
            <th colspan="2"></th>
    </thead>
    <thead>
            <th></th>
            <th></th>
            <th></th>
            <th></th>
            <th></th>
     </thead>
     <tr><td colspan="6"></td></tr>
     <tr>
            <td></td> <td></td> <td></td> <td></td><td></td> <td></td>
     </tr>
     <tr><td colspan="6"></td></tr>
     <tr>
            <td></td><td></td><td></td><td></td><td></td><td></td>
     </tr>
     <tr>
            <td></td><td></td><td></td><td></td><td></td><td></td>
     </tr>
     <tr>
             <td></td><td></td><td></td><td></td><td></td><td></td>
     </tr>
     <tr>
             <td></td><td></td><td></td><td></td><td></td><td></td>
     </tr>
</table>

(b) The generated HTML sequence after post-processing.

Figure 5.9: A sample of prediction result from the FinTabNet testing set.
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Therefore, only the impact of adjusting the aspect ratios for tuning parameters of RPN is
discussed in this section.

The experimental results are shown in Tables 5.8 and 5.9, in which Asp Ratio Tuning,
Single Label, DEFORM, and S Attn are shorts for applying aspect ratio tuning, single la-
bel formulation, deformable convolution, and spatial attention, respectively. Even though
Cascade R-CNN baseline can reach 95.06% regarding the mAP, its overall structure-only
TEDS only reaches 82.70%. After tuning the aspect ratios for the anchor generation, the
structure-only TEDS is increased to 90.23%, even though the mAP is only increased from
95.06% to 95.54%. Applying deformable convolution without other methods can improve
the detection performance significantly but lead to a worse structure-only TEDS if we
compare Ablation 1 and the Cascade R-CNN baseline. Ablation 3 and Ablation 4 show
that transforming the multi-label detection formulation into a single-label formulation can
significantly improve the performance and also make deformable convolution improve the
model performance. Applying both deformable convolution and spatial attention together
can further improve the model performance from the results of Abliation 4, 5 and TSRDet,
as shown in Table 5.8. On the other hand, when it comes to detection metrics, applying
deformable convolution always brings performance improvements from the results of Abla-
tion 1 and Ablation 4, which can verify our analysis on the mismatch of detection metrics
and cell-level metrics in Section 5.2.4.

Table 5.8: Ablation study results on FinTabNet dataset with structure-only TEDS score.
Asp Ratio Tuning, Single Label, DEFORM, and S Attn are shorts for applying aspect
ratio tuning, single-label formulation, deformable convolution, and spatial attention.

Model
Asp Ratio

Single Label DEFORM S Attn
TEDS-struc.(%)

Tuning Sim. Com. All
Cascade R-CNN 82.17 92.50 87.49

Ablation 1 ✓ 81.45 87.11 84.35
Ablation 2 ✓ 84.27 95.80 90.23
Ablation 3 ✓ ✓ 95.17 98.63 96.95
Ablation 4 ✓ ✓ ✓ 96.44 99.14 97.83
Ablation 5 ✓ ✓ ✓ 96.95 98.75 97.88

TSRDet(Proposed) ✓ ✓ ✓ ✓ 99.08 99.02 99.05
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Table 5.9: Ablation study results regarding mean Average Precision (mAP). The model
names are aligned with models in Table 5.8.

Model mAP AP50 AP75 APs APm APl Table Column Row Spanning Cell Projected Row Header Column Header
Cascade R-CNN 95.23 97.53 96.90 87.32 95.31 93.08 99.00 96.69 96.96 84.43 96.63 97.64

Ablation 1 97.22 98.03 97.90 90.11 96.72 96.76 99.00 98.95 96.16 94.98 96.01 98.19
Ablation 2 95.54 97.54 96.91 87.43 95.79 94.04 99.00 97.04 97.64 84.84 96.67 98.02
Ablation 3 95.51 97.56 96.94 88.43 95.52 93.76 99.00 97.31 97.87 84.74 96.82 97.28
Ablation 4 97.83 98.37 98.13 91.91 97.65 97.58 99.00 98.96 98.33 95.78 96.98 97.93
Ablation 5 96.97 97.84 97.58 90.32 96.88 96.21 99.00 98.83 98.03 91.97 96.58 97.37

TSRDet(Proposed) 97.50 98.33 98.09 91.60 97.40 97.15 99.01 98.83 97.99 94.62 96.61 97.93

5.5 Discussions and Analysis

Sections 5.4.2 and 5.4.3 have demonstrated the effectiveness of the proposed solution. This
section further discusses some observations from the experimental results and how these
observations verify the analysis in Section 5.2.

5.5.1 Multi-label Detection

As discussed in Sections 5.2.1 and 5.2.2, multi-label detection tasks are difficult for two-
stage detection models, but transformer-based detection models with learnable proposals
can deal with multi-label detection tasks. Besides, the problem formulation of PubTa-
bles1M is a multi-label task, making it difficult for two-stage detection models. The ex-
perimental results from sections 5.4 can demonstrate this analysis. For example, as shown
in Table 5.3, the performance of Deformable-DETR and Sparse R-CNN are 97.81% and
98.13% regarding the structure-only TEDS, which are very close to the performance of
proposed TSRDet (98.41%) and far better than the Cascade R-CNN baseline (79.09%).
Notably, as mentioned in Section 5.4, all the models, except the proposed TSRDet, are
using the multi-label detection setting. Therefore, two transformer-based detection models
show promising results in the multi-label detection setting. Similarly, the experiments on
the FinTabNet and PubTables1M datasets also show similar results. For example, the
structure-only TEDS performance of Sparse R-CNN, TSRDet, and Cascade R-CNN base-
line are 97.72%, 98.55%, and 83.78% on the PubTables1M dataset, 98.13, 99.05, and 87.49
on the FinTabNet dataset.

5.5.2 The Misalignment of Metrics

The experimental results in Sections 5.4.2 and 5.4.3 show the misalignment of COCO and
TEDS metrics many times. For example, in Table 5.7, both the Deformable-DETR and
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(a) A sample prediction result of the Ablation 1 model. The mAP and structure-only TEDS are
97.22 and 84.35, respectively. We only include the columns’ predictions for simplicity.

(b) A sample prediction result of the Ablation 3 model. The mAP and structure-only TEDS are
95.51 and 96.95, respectively. We only include the columns’ predictions for simplicity.

Figure 5.10: Comparison of results from Ablation1 and Ablation3 models. Even though
Ablation 1 can achieve better detection performance, its performance regarding structure-
only TEDS is much lower than that of Ablation 3 model.

our proposed TSRDet can reach 96.28% regarding mAP on the SciTSR dataset, which is
better than that of Sparse R-CNN. However, when it comes to structure-only TEDS, as
shown in Table 5.3, both TSRDet and Sparse R-CNN can perform better than Deformable-
DETR. Similar results also appear in the experiments on the FinTabNet dataset. As shown
in Table 5.7, the mAP of Sparse-RCNN and Deformable-DETR are 96.38% and 96.68%,
while their structure-only TEDS are 97.81% and 98.13%. More similar results can be
found in the results of the ablation study, such as Ablation 1 and Ablation 3, as shown in
Tables 5.8 and 5.9. To further verify the discussion in Section 5.2.4, prediction results of
Ablation 1 and 3 are shown in Figure 5.10. As discussed in Section 5.2.4, COCO metrics
are relied on IoU scores, while TEDS is not. Therefore, as shown in Figure 5.10a, Ablation
1 with deformable convolution can better fit the extra white areas to improve the detection
performance, but it cannot improve the TEDS compared with Ablation 3 whose result is
shown in Figure 5.10b. It is worth mentioning that the ground truth of the sample in
Figure 5.10 has been shown in Figure 5.5.
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5.5.3 Deformable Convolution and Spatial Attention

As discussed in Sections 5.2.4 and 5.2.5, both generating good local features and building
long-range dependencies are essential for a detection-based TSR model, and deformable
convolution can improve the local feature generation but has the risk leading to the over-
optimization to the detection performance. The ablation study’s experimental results can
somewhat demonstrate our analysis. Considering the performance of Ablation 1 with
deformable convolution in Tables 5.8 and 5.9, its TEDS is 84.35%, lower than the Cascade
R-CNN baseline (87.49%), but its mAP is improved from 95.23% to 97.22%. These results
not only show the misalignment of COCO and TEDS metrics but also demonstrate that
merely improving local features can make the model fit empty spaces better, as shown
in Figures 5.10a, but does not help alleviate the multi-label detection issue. Therefore,
deformable convolution needs to be applied with other methods. On the other hand,
the proposed Spatial Attention Module can improve the mAP and structure-only TEDS
simultaneously, comparing the performance of Ablation 3 and 4, and also can be used with
deformable convolution together to improve the structure-only TEDS further, as shown in
Figure 5.8, demonstrating the effectiveness of building long-range dependencies.

5.5.4 Other Observations

Besides the observations discussed in previous sections, the experimental results also show
other phenomena that can be helpful in the model design. One observation is that Cascade
R-CNN has better detection performance on small objects than Sparse R-CNN. For exam-
ple, on the FinTabNet dataset, APs of Sparse R-CNN is only 62.11%, while the Cascade
R-CNN baseline and our proposed TSRDet reach 87.32% and 91.60%. This phenomenon
might be caused by their methods of generating regional proposals. As discussed in Sec-
tion 5.2.1, Cascade R-CNN uses RPN to generate regional proposals, which regress and
classify anchor boxes, and the anchor boxes are generated by sliding the pre-defined boxes
with different aspect ratios and sizes on the feature map of multiple scales. Therefore,
Cascade R-CNN uses a dense proposal generation method [10] with more region proposals,
meaning that Cascade R-CNN can use the parameters of RPN to generate more high-
quality small region proposals. By contrast, Sparse R-CNN uses sparse learnable regional
proposals to replace dense proposals generated by the RPN, which can avoid parameter
tuning of RPN but limit its performance on small objects. Another interesting observa-
tion is that the baseline Cascade R-CNN can work better on complex tables than simple
tables, which is very different from other benchmark models. This phenomenon is caused
by the fact that the spanning cells in complex tables are usually in the Column Row
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Headers, which can alleviate the multi-label detection issue. For example, Figures 5.1b
and Figures 5.1c show two samples from PubTables1M dataset, in which the former is a
complex table and the latter is a simple table. Because of the existence of Spanning Cells
in Figure 5.1b, the Column Header does not share its bounding box with any rows, which
avoids multi-label detection. By contrast, the sample in Figure 5.1c does not contain any
Spanning Cell, making its Column Header share its bounding box with a Row, which is the
challenging multi-label detection to Cascade R-CNN. As comparisons, Deforamble-DETR
and Sparse R-CNN can deal with multi-label detection, and their performance on sim-
ple tables is better than complex tables regarding the structure-only TEDS, as shown in
Tables 5.3, 5.4and 5.5.

5.5.5 Summary of Insights

This section summarizes the key insights and critical design aspects for a detection-based
TSR model. It is worth mentioning that the rationale behind these insights, along with the
experiments validating them, has been thoroughly discussed in Sections 5.2, 5.4, and 5.5.
First, a detection-based TSR solution needs to define the target table components prop-
erly to provide full table structural information. Some studies [22, 23, 86] over-simply the
target detection components without Headers and Projected Row Headers, making them
unable to fully recover the complex table structures. Furthermore, the problem formu-
lation should align with the capacities of the employed detection model. For instance,
PubTable1M [24] defines six types of target table components to fully reconstruct the
complex table structures. However, it presents a multi-label detection definition, posing
challenges for two-stage detection models. Therefore, this thesis further develops the for-
mulation of PubTable1M by introducing a pseudo-class to transform multi-label detection
to regular single-label detection, as discussed in Section 5.3.1. Thirdly, existing studies usu-
ally employ COCO metrics to evaluate the detection-based TSR models. However, COCO
metrics are insufficient for evaluating the TSR models because ground truth boxes often
exceed the minimum bounding boxes required for capturing table structures, as discussed
in Section 5.2.4, and models may optimize towards accommodating easier components with
additional spaces, rather than effectively identifying challenging components. Hence, this
thesis incorporates structure-only TEDS for model evaluation and introduces a Spatial At-
tention Module. The module is designed to establish long-range dependencies, enhancing
the model’s ability to explore and address challenging components effectively. Fourthly,
two-stage and transformer-based detection models have different capacities in the context
of the TSR task. This thesis leverages Cascade R-CNN and Sparse R-CNN as illustrative
examples to highlight their differing capacities. More specifically, Sparse R-CNN excels

90



in handling multi-label detection tasks without the need for tuning the region propos-
als because of its utilization of sparse learnable proposals, as discussed in Sections 5.2.1
and 5.2.3. By contrast, Cascade R-CNN cannot deal with multi-label detection tasks and
needs to carefully tune the parameters of proposal generation because of the aspect ratios
of defined table components, as discussed in Section 5.2.1, 5.2.2 and 5.2.3. Additionally,
Cascade R-CNN demonstrates superior performance on small objects compared to Sparse
R-CNN, partially attributed to its dense and tunable proposal generation, as illustrated
in Section 5.4.2. At last, while enhancing local feature extraction, such as employing de-
formable convolution, often leads to improved detection performance, it may not necessarily
translate to enhanced TSR performance. It is necessary to build long-range dependencies,
as discussed in Section 5.2.5. To sum up, it is imperative to ensure proper alignment
between the problem formulation, capacities of detection models, evaluation metrics, and
feature extraction in the context of a detection-based TSR solution. Our proposed Cas-
cade R-CNN can be a demonstrative application of these insights in designing an effective
detection-based TSR model.

5.6 Summary of the Chapter

This chapter first revisits existing detection-based TSR solutions and analyzes the critical
design aspects for a successful detection-based TSR model, including the problem formu-
lation, the characteristics of detection models, and the characteristics of TSR tasks. The
analysis can be a guideline for improving the performance of a detection-based model. To
demonstrate the analysis and findings, TSRDet is proposed by applying simple methods to
tailor the Cascade R-CNN, which can outperform different types of state-of-the-art mod-
els, including image-to-sequence and graph-based models. Even though only very simple
methods are applied to a two-stage detection model, there should be other methods to
improve the model further based on our analysis. For example, vision transformers can
be considered for building long-range dependencies. Transformer-based detection models,
such as Sparse R-CNN, can also be considered as base models with the benefits of deal-
ing with multi-label detection tasks and learnable proposals. Besides, since the proposed
method is detection-based and focuses on well-formatted, visually rich documents, one ma-
jor limitation is that it may fail to deal with irregular tables, such as rotated and distorted
tables. Integrating instance segmentation with detection models or applying graph-based
approaches can be further directions for dealing with irregular tables.
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Chapter 6

Table Question Answering

Question Answering (QA) is a widely discussed problem formulation aiming to answer the
query question based on the given context information, where the context information can
be plain text [175–177], knowledge base [178–180], images [181], videos [182] and other
sources. Since tables are widely used to summarize critical information in many data
sources, such as visually rich documents and web pages, Table Question Answering (Table-
QA) [103,104,130,183,184] has recently drawn much research attention. Typically, tables
can be easily categorized into two groups: structured and semi-structured tables. Struc-
tured tables are usually from relational database systems with explicit schema describing
their structures and data types, meaning the programming languages, such as SQL, can
naturally process them. By contrast, tables from other sources, such as web pages and
visually rich documents, are usually semi-structured without schema requirements, result-
ing in complex structures and heterogeneous data types, making the QA task on these
semi-structured tables more challenging. This chapter focuses on the Table-QA problem
on the semi-structured tables, which is a more challenging setting.

6.1 Motivation

As discussed in Chapter 1, table question answering is the last step of the proposed first
solution in this thesis, taking TSR models’ outputs and corresponding questions as inputs.
As tables from visually rich documents are usually images, this focuses on semi-structured
tables, which can be obtained by applying the proposed TD and TSR methods. Since
the limitations of LLMs, such as their capacities for arithmetic calculation and reasoning,
applying programming languages such as Python and SQL is a popular choice. However,
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semi-structured tables can contain complex structures and inconsistent data types and
sometimes can have numerous columns and rows, making it challenging to prompt LLMs
to generate runnable programming codes. Besides, the performance of LLMs heavily relies
on the prompts and the demonstrations when ICL is applied, and how to craft and select
demonstrations remains an open issue. Therefore, this thesis defines a series of atomic
operations that can guide the demonstration, crafting, and selection. Besides, a multi-
stage prompting method is proposed to mitigate the issues caused by reasoning errors and
inconsistent data types. To sum up, this chapter covers the following aspects:

1. This chapter introduces a series of atomic operations to describe and measure the
similarities of QA tasks. The defined operations can be a guide to craft demonstra-
tions and a distance metric for demonstration selection.

2. A three-stage prompting method is proposed, including task-planning, task-conducting
and task-correction stages, which can alleviate the issues caused by the complex struc-
tures, heterogeneous data types, huge tables and the limitations of LLMs and reduce
the inference cost.

3. Comprehensive experiments are conducted on WikiTableQA and TabFact datasets
with open-source language models. The experimental results demonstrate that our
proposed method can outperform the baseline models by 4% to 23% in various ex-
periment settings, achieving state-of-the-art performance. Our experimental results
can also be the benchmark for open-source LLMs for the Table-QA problem, as most
current studies rely on commercial LLMs.

The rest of this chapter is organized as follows: Section 6.2 describes the proposed method
for the Table-QA task. Section 6.3 shows the experimental results and discusses various
aspects of the proposed method. At last, Section 6.5 summarizes the key points of this
chapter.

6.2 Proposed Method for Table-QA

6.2.1 Overall Workflow

As discussed in Chapter 1, this chapter explores prompting open-source LLMs to generate
Python code for the semi-structured Table-QA problem to mitigate the issues caused by
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Question: what was the total number of points scored by the tide in the last 3 games combined?

Relevant columns :
    {Result}
Operations: 
    {ADDITION/DIFF}
Programming Steps:
    select points from Result
 and add them together

 #solution in Python
def  solution(table_dict):
    df = pd.DataFrame(table_dict)
    total_points = df['Result'].tail(3).sum()
     return total_points
Therefore, the final answer is {68}.

Answer: 68

1994 Alabama Crimson Tide football team

| Last Entry
| January 2, 1995
| vs. #13 Ohio State
| #6
| Citrus Bowl Orlando, FL (Florida Citrus Bowl)
| ABC
| W 24-17
| 71,195

Column
Date
Opponent
Rank
Site
TV
Result
Attendance

| Dtype 
| object 
| object 
| object 
| object 
| object 
| object
| object 

| First Entry                                  
| September 3                              
| Tennessee-Chattanooga        
| #11                                                
| Legion Field Birmingham, AL 
| NAN                                              
| W 42-13                                         
| 82,109 | 71,195

Task Planning Prompt

Statistics table

<Demonstrations>
<Instruction>

<Statistics table>
<Question> Stage1 Outputs

Result
W 42-13
W17-7
... more rows ...
W 21-14
L 23-24
W 24-17

Task Conducting Prompt

<Selected Demonstrations>
<Instruction>

<Sub-table>
<Question>

Open-source LLM

Sub-table 
extraction

Demonstration 
    Selection

Programming 
Steps extraction

select points from 
Result and add 
them together

Demonstrations

Open-source LLM
Generated Reasoning Code, Default Answer

Execution
Task Correction Prompt

<Demonstrations>
<Instruction>

<Sub-table>

<Question>

Open-source LLM

def  normalize_result(result_str):
        return int(result_str.split(" ")[-1].split("-")[0]) 

Generated Normalization Code
Success

Failed

<Reasoning Code>

Figure 6.1: The workflow of the proposed solution.

complex table structures, heterogeneous data types, huge tables, and limitations of LLMs.
Specifically, we propose a three-stage prompting method, including task-planning, task-
conducting and task-correction stages. The proposed workflow is shown in Figure 6.1, in
which the question is the total number of points scored by the tide in the last 3 games com-
bined. To answer this question, the statistics table of the given table contains information
regarding the column names, data types, and the first and last entries, which are first gen-
erated as a part of the task-planning prompt, together with instructions, demonstrations,
and questions, as shown in Figure 6.2. Then, the task-planning prompt is fed into the
open-source LLM to make the reasoning plan, including Relevant Columns, Operations,
and Programming Steps. It is worth mentioning that the statistics table can be far more
compact than the original table when the original table is huge, which can reduce the num-
ber of prompt tokens. With the Relevant Columns, Operations and Programming Steps
from the results of the task-planning step, the Relevant Columns are used to extract the
contents of these columns, the Operations are used to select the demonstrations, and the
Programming Steps are parts of the instructions to guide the reasoning function genera-
tion. With these processed results, the task-conducting prompt is constructed and fed into
the open-source LLM to generate the reasoning Python function and a default answer, in
which the default is treated as the final answer if the code fails to run. Notably, since
we use the Pandas library in our solution, the original table needs to be represented as a
dictionary of the list and fed into the generated function as a parameter. As running the
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generated Python code is almost cost-free compared with LLM inference, and some tables
do not need to be normalized, we try to execute the reasoning function first. If there is
no error from the execution, then the result of the execution should be the final result.
However, if the execution fails, we construct the task-correction prompt containing the
content of Relevant columns and reasoning code to generate the normalization function,
apply the normalization to the original table, and then feed the normalized original table
as the parameter to the reasoning function to run it again. For the example in Figure 6.1,
we need to extract the string ”W 21-14”, ”L 23-24” and ”W 24-17” first and then extract
the scores ”21”, ”23”, ”24” and convert them into integers, which beyond the capacities
of the LLM. Therefore, the first run of the reasoning function would fail, even though
its reasoning logic is correct. While the normalization function can correctly extract and
convert the points from the string to integers, the second run of the reasoning function
should be successful.

6.2.2 Demonstration Crafting and Selection

As shown in Figure 6.1, three prompts need to be constructed to answer a question; the
demonstrations used in these three prompts are critical for the LLM’s performance, es-
pecially for the task-conducting stage to generate the reasoning function. Therefore, we
defined a series of atomic operations to describe the reasoning logic to answer questions,
as shown in Table 6.1. For the task-planning step, we craft a question-and-answer pair for
each type of operation and instruct the LLM to generate the Relevant Columns, Opera-
tions and Programming Steps, as shown in Figure 6.2. For the task-conducting prompts,
we construct two question and reasoning function pairs for each defined operation and
use operation as the metric to select these pairs. Even though we prompt the LLM to
select one defined operation as output, the LLM can generate results without following
the instructions. Therefore, when the Operations cannot be matched, the default setting
contains all the question and function pairs. Figure 6.3 shows an example of COUNT
operation, which includes a Meta Information table, Column Details and two questions
with their Python solutions and default answers.
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You defined 5 types of operations to answer the questions based on the given table. The operations are defined as 
follows:
1. SelectTable: select the content from the given table based on some criteria
2. ADDITION/DIFF: addition or subtraction
3. AVG: average of several numbers
4. COUNT: count the number of spans
5. MAX/MIN: select the maximum/minimum one from given numbers
To answer the questions, one of these operations might be needed. You are going to analyze two tables. Select one 
operation from defined operations as needed Operation and also give Programming Steps and Revelant Columns to 
the questions.
Read the table below regarding "2008 Clasica de San Sebastian" to give the needed operations, reasoning
steps and revelant columns to the following questions.
Column | Dtype | First Entry | Last Entry
Rank | int64 | 1 | 10
Cyclist | object | Alejandro Valverde (ESP) | David Moncoutie (FRA)
Team | object | Caisse d’Epargne | Cofidis
Time | object | 5h 29’ 10 | + 2
UCI ProTour Points | int64 | 40 | 1
Question: who ranked at the 7th place?
Programming Steps: Column Rank contains the ranking information, column Cyclist contains the names of cyclists. 
To answer this question, select cyclist from column Cyclist ranked at the 7th place based on column Rank.
Operations:{SelectTable}.
Revelant Columns: {Rank,Cyclist}.

...More Lines...

Question: What is the average points of all cyclists listed in the table?
Programming Steps: Columns UCI ProTour Points contains the points information. To answer this question, calculate 
the mean value of all points from UCI ProTour Points
Operations:{AVG}.
Revelant Columns: {UCI ProTour Points}.
Read the table blow regarding " + <title> + " to answer the following one question:
<Statistics Table>
<Question>

Figure 6.2: The task-planning prompt. The defined operations and the statistics table are
highlighted in green and yellow. <title>, <Statistics Table> and <Question> are from
the table to be analyzed.

Table 6.1: Defined operations for Demonstration selection for code generation.

Operation Type Operation Name Description

Reasoning

SelectTable select a cell from the table based on a criteria
ADDITION/DIFF addition or subtraction
TIMES/DIVISION production or quotient of two numbers

AVG average of several numbers
COUNT count the number based on a criteria

MAX/MIN select the maximum/minimum one from given numbers
ARGMAX/ARGMIN select key with highest/lowest value from key-value pairs
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You have the following 2 tables' meta information and the detailed content of some columns. Answer the questions based on the 2 tables:
Read the first table's meta information below regarding 2008 Clasica de San Sebastian to answer the following questions with Python codes.

Meta Information:
Column | Dtype | First Entry | Last Entry
Rank | int64 | 1 | 10
Cyclist | object | Alejandro Valverde (ESP) | David Moncoutie (FRA)
Team | object | Caisse d'Epargne | Cofidis
Time | object | 5h 29' 10 | + 2
UCI ProTour Points | int64 | 40 | 1

Column Details:
Rank | Cyclist | Team | Time | UCI ProTour Points
1 | Alejandro Valverde (ESP) | Caisse d'Epargne | 5h 29' 10 | 40
2 | Alexandr Kolobnev (RUS) | Team CSC Saxo Bank | s.t. | 30
3 | Davide Rebellin (ITA) | Gerolsteiner | s.t. | 25
4 | Paolo Bettini (ITA) | Quick Step | s.t. | 20
5 | Franco Pellizotti (ITA) | Liquigas | s.t. | 15
6 | Denis Menchov (RUS) | Rabobank | s.t. | 11
7 | Samuel Sanchez (ESP) | Euskaltel-Euskadi | s.t. | 7
8 | Stephane Goubert (FRA) | Ag2r-La Mondiale | + 2 | 5
9 | Haimar Zubeldia (ESP) | Euskaltel-Euskadi | + 2 | 3
10 | David Moncoutie (FRA) | Cofidis | + 2 | 1

Question:  how many players got less than 10 points?
Answer:
    #solution in Python
    def solution(table_dict):
        import pandas as pd
        df = pd.DataFrame(table_dict)
        #count the number of points less than 10 based on column UCI ProTour Points
        less_than_10_points = df[df["UCI ProTour Points"]< 10].shape[0]
        return less_than_10_points
    Therefore, the final answer is {4}.

Question:  how many cyclists are from Italy?
Answer:
    #solution in Python
    def solution(table_dict):
        import pandas as pd
        df = pd.DataFrame(table_dict)
        #count the number of cyclists who are from Italy
        num_italy_cyclist = df[df["UCI ProTour Points"].str.contains("ITA")].shape[0]
        return num_italy_cyclist
    Therefore, the final answer is {3}.

Read the second table's meta information below regarding " + <title>  + " to to answer the following one question with Python code.
<Meta Information>
<Column Details>
<Question>

Figure 6.3: The task-conducting prompt. The Meta Information and Column Details are
highlighted with yellow, and the default answers are highlighted with blue. <title>, <Meta
Information>, <Column Details> and <Question> are from the table to be analyzed.
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6.3 Experiments and Analysis

6.3.1 Datasets and Experimental Settings

We evaluate our proposed solution on WikiTableQA [36] and TabFact [137] datasets. Wik-
iTableQA and TabFact are two datasets created by Wiki-tables without text context. Wik-
iTableQA mainly contains compositional questions, such as questions requiring counting
and ranking table contents. TabFact is a Fact Verification dataset, which can be treated as
a special setting of a typical Table-QA problem whose answer set is {True, False}. Since
the proposed solution of this chapter is based on ICL, which is a few-shot learning setting
without any training stage, we only use the test set of these two datasets to evaluate the
performance, which contains 4344 and 12828 QA pairs, respectively. TabFact dataset fur-
ther categorizes the test set into simple and complex sets, which include 4219 and 8609 QA
pairs, respectively. For the simple set, the QA pairs are usually obtained from a single row
or record in the table, reflecting unary facts without complex logical inference. By contrast,
for the complex set, the QA pairs are created by information from multiple columns and
rows and derived by complex semantic operations, such as argmax, argmin, and the table
records are also rewritten to include more semantic understanding. Considering the large
size of the TabFact dataset, some studies [37,38] conducted experiments on a small subset
of TabFact, which contains 1,005 simple and 1,019 complex QA pairs. To compare with
these studies, we also report the results on this small test subset of TabFact.

6.3.2 Implementation Details and Experimental Results

As many companies and institutions have security concerns of uploading documents to
the commercial LLMs, such as GPT-4 [117], we use open-source LLMs, including Mixtral-
8x7B 1, Mistral-7B 2, DeepSeek-67B 3 and DeepSeek-7B 4 to conduct our experiments.
Since the proposed solution in this chapter is a prompt engineering method, we include
Direct Prompting, CoT [31], PoT [30], Binder [37] and Dater [38] as benchmarks, in which
Binder and Dater are two solutions leveraging SQL. For the implementation of bench-
mark methods, we use the implementation of TableCoT5 [32] for the Direct Prompting
and CoT. We re-implemented the PoT method following the example prompts reported

1https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
2https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
3https://huggingface.co/deepseek-ai/deepseek-llm-67b-chat
4https://huggingface.co/deepseek-ai/deepseek-llm-7b-chat
5https://github.com/wenhuchen/TableCoT
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Table 6.2: Experimental results on WikiTableQA dataset with Exact Match Accuracy as
metric.

LLM Method EM Acc

Codex
Binder 61.90
Dater 65.90

Mixtral-8x7B

Direct 53.08
CoT 53.48
PoT 40.40

Tab-PoT 63.33

Mistral-7B

Direct 27.19
CoT 30.46
PoT 27.66

Tab-PoT 52.12

DeepSeek-67B

Direct 54.72
CoT 55.57
PoT 43.92

Tab-PoT 66.78

DeepSeek-7B

Direct 33.86
CoT 34.65
PoT 19.61

Tab-PoT 40.03

in PoT [30]. The results of Dater and Binder are directly from study [38]. Besides the
benchmarks using LLMs, we also include LogicFactChecker [185], TableFormer [186], Om-
niTab [104], TAPEX [187] and ReasTAP [188] as benchmark models, all of which follow the
pre-training, fine-tuning paradigm. It is worth mentioning that we use greedy decoding for
the experiments. At last, even though we employ ICL to provide demonstrations to guide
the LLM output of the final results in a ”{},” sometimes LLMs can fail to follow this out-
put format. Therefore, we use a simple answer alignment step to post-process the results
with incorrect formats. More specifically, we employ a direct prompting method by provid-
ing a few demonstrations containing the question, answer and formatted answer following
TableCoT [32]. It is worth mentioning that we use the default precision of parameters,
namely bfloat16, for the LLMs in this section.

We term our proposed solution as Tab-PoT, and the experimental results are shown
in Tables 6.2, 6.3 and 6.4. The experimental results show that our proposed solution
can perform competitively compared with state-of-the-art methods, including LLM-based
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Table 6.3: Experimental results on TabFact dataset with Exact Match Accuracy as metric.
full and small mean the full and small versions of TabFact dataset.

LLM Method Simpfull Compfull Allfull Simpsmall Compsmall Allsmall

Codex
Binder - - - - - 85.10
Dater - - - 91.20 80.00 85.60
Direct 80.59 69.98 73.47 81.29 70.56 75.89

Mixtral- CoT 83.53 74.94 77.77 86.07 74.19 80.09
8x7B PoT 73.33 69.07 70.47 76.02 70.66 73.32

Tab-PoT 86.49 76.06 79.49 88.36 75.07 81.67
Direct 73.57 64.83 67.70 73.13 62.71 67.89

Mixtral- CoT 73.31 67.52 69.43 73.73 67.12 70.41
7B PoT 66.11 63.58 64.41 65.97 66.54 66.25

Tab-PoT 77.48 66.83 69.75 76.82 66.93 71.84
Direct 84.36 74.19 77.53 84.68 72.62 78.61

DeepSeek- CoT 87.44 78.00 81.10 88.46 76.84 82.61
67B PoT 74.43 71.79 72.65 76.32 72.72 74.51

Tab-PoT 90.09 78.91 82.58 91.34 80.27 85.77
Direct 59.16 55.42 56.65 59.50 55.94 57.71

DeepSeek- CoT 69.31 61.18 63.85 70.65 59.76 65.17
7B PoT 63.71 58.26 60.06 64.88 58.98 61.91

Tab-PoT 70.42 62.13 64.86 70.75 61.04 65.86

methods and fine-tuning based models. The Exact Match is employed as the evaluation
metric, which is a relatively strict metric because even when the generated answer has the
same meaning as the ground truth, it may still be judged as incorrect due to differences
in format. The Tab-PoT with DeepSeek-67B can achieve state-of-the-art performance,
and the Tab-PoT with both Mixtral-8x7B and DeepSeek-67B can improve the original
PoT method by at least 22% on the WikiTableQA dataset. Besides, applying LLMs with
a larger number of parameters can significantly improve performance. The CoT does
not show many benefits in improving performance compared with direct prompting on
the WikiTableQA dataset while significantly improving the performance on the TabFact
dataset.
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Table 6.4: Comparisons with Fine-tuning based Models using Exact Match Accuracy as
metric.

Dataset Method EM Acc

WikiTableQA

TableFormer 52.6
OmniTab 61.2
TAPEX 57.2

ReasTAP 58.6
Tab-Pot 66.8

TabFactsmall

LogicFactChecker 74.3
TaPas 83.9

TAPEX 85.9
Tab-Pot 85.8

6.3.3 Discussion and Analysis

Ablation Study

As discussed in Section 6.2, our proposed solution consists of three stages: task-planning,
task-conducting and task-correction. The task-planning stage can output the relevant
columns and reasoning steps to answer the query question, which can be treated as a
step of table decomposition and question decomposition, which can also be applied to
the conventional PoT. In the task-conducting stage, we prompt the LLM to generate the
Python code and a default answer. The default answer is the final answer when the
Python code fails to run even after the task-correction stage. Since the default answer is
generated after the Python code, it can be treated as an implicit CoT where the Python
code is the reasoning rationales in the CoT. Finally, the third stage generates normalization
functions to correct the errors in the Python code caused by the heterogeneous data types,
which rely on the relevant columns generated by the first stage. Therefore, in this section,
we conduct four ablation experiments by applying task-planning, default answer in task-
conducting, task-planning and task-correction, and task-planning and default answer in
task-conducting to the conventional PoT. The experimental results are shown in Table 6.5,
where Plan, Correction and Default represent applying task-planning, task-correction and
the default answer in task-conducting stages. We use Mixtral-8x7B as the LLM, and
the experimental results demonstrate that each of the proposed three components can
significantly improve the PoT baseline.
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Table 6.5: Ablation study results on the WikiTableQA dataset with Exact Match Accuracy
as metric.

Model Plan Correction Default EM Acc
PoT 40.40

Ablation 1 ✓ 46.52
Ablation 2 ✓ 53.66
Ablation 3 ✓ ✓ 53.31
Ablation 4 ✓ ✓ 58.43
Tab-PoT ✓ ✓ ✓ 63.33

The impact of quantization

Since the LLMs usually have very high hardware requirements for inference, quantization
methods are widely used to compact LLMs using lower precision parameters. In this
section, we conduct experiments to compare the performance of quantization versions of
LLMs. Specifically, similar to the previous section, we also use Mixtral-8x7B to conduct
experiments on the WikiTableQA dataset and compare its 16-bit, 8-bit and 4-bit versions
of applying the proposed Tab-PoT solution and the experimental results are shown in
Table 6.6. For our proposed Tab-Pot, even though applying quantization methods can lead
to worse performance, the performance of 8-bit and 4-bit versions is still competitive. It is
worth mentioning that the 4-bit version shares a similar RAM footprint with the Mistral-7B
model but achieves much higher performance, as shown in Table 6.6 and Table 6.2.

Table 6.6: The impact of LLM quantization methods.

LLM Parameter Precision EM Acc

Mixtral-8x7B
16-bit 63.33
8-bit 62.20
4-bit 60.52

Analysis on different implementations of PoT

Since Python is a flexible programming language that can implement a function with
multiple implementations. In this section, we discuss the differences among these different
types of implementations. More specifically, one straightforward implementation is using
the Python Standard Library and following the extraction and reasoning steps, as shown
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in Figure 4. This method selects relevant data from the table, defines the data with a
List of Tuples, and then conducts reasoning over the defined List of Tuples. One obvious
drawback of this implementation method is that it needs to repeat the relevant columns
in the Python code, which can be very large when the table contains a large number of
rows, leading to more inference time. Therefore, a refined method can use the table as the
parameter of the solution function, then as shown in Figure 5. At last, since Pandas is a
widely used Python library to process tabular data, we can also use Pandas to finish the
reasoning tasks with a table dictionary as the input, as shown in Figure 6. We conduct
experiments on the WikiTableQA dataset to compare the performance of these three types
of implementations. Even though the implementation of applying Python Standard Library
can show some benefits regarding the EM Accuracy, it requires more Prompt Tokens and
Completion Tokens, as shown in Table 6.7, because this implementation needs to extract
relevant from the table directly and define them as a Python dictionary, List or variables.
On the other hand, both solutions introducing function parameters can reduce the number
of prompting tokens and completion tokens and applying Pandas Library can achieve better
performance than using the standard library.

Table 6.7: Ablation study results on the WikiTableQA dataset with Exact Match Accuracy
as metric.

Method EM Acc #AVG Prompt Tokens #AVG Completion Tokens
STDLib 44.96 2365 732

STDLib-Para 31.17 2157 114
Pandas 40.40 2241 88

Analysis on inference cost

Since the inference cost is highly correlated with the number of tokens, we use the prompt
tokens and generated tokens as the metrics to measure the inference cost in this section.
Therefore, we calculate the Average Prompt Tokens and Completion Tokens on the Wik-
iTableQA dataset. As shown in Table 6.8, the proposed Tab-PoT can introduce some
overhead compared with other methods regarding the average prompt tokens and average
completion tokens on the WikiTableQA dataset. Since the proposed Tab-Pot contains
three stages at most, each including instructions and demonstrations, it can reduce the
number of Prompt Tokens only when the input table is huge. We group the number of
table tokens into 15 bins and plot the relation between the number of table tokens and the
prompt tokens on the WikiTableQA dataset. When the number of a table’s tokens is larger
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than around 1867, our proposed Tab PoT can use fewer prompt tokens than that of PoT,
which means fewer computation operations and less inference time, as shown in Figure 6.4.
Since the WikitTableQA dataset contains a large portion of tables whose number of tokens
is smaller than 1158, the average prompt tokens of the proposed Tab-PoT is still larger
than the one of PoT overall, as shown in Table 6.8. As pointed out by some studies [32],
the LLM can perform well on small tables, meaning that we can easily extend the proposed
Tab-PoT with other methods, such as CoT, by applying a threshold regarding the size of
the input table, to reduce the number of prompt tokens and maintain the performance
simultaneously. It is worth mentioning that the price of prompt tokens and completion
tokens are different when using commercial LLMs, such as GPT-4 [117].

Figure 6.4: Comparison of Prompting Tokens between PoT and Tab PoT.

6.4 An Example of Deployment

As discussed in the previous sections, the proposed Tab-Pot is a prompting engineering
method without further training or fine-tuning. Besides, the experimental results demon-
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Table 6.8: Comparisons of Average Prompt Tokens and Completion Tokens.

Method #AVG Prompt Tokens #AVG Completion Tokens
Direct 1405 10
CoT 1599 44
PoT 2241 88

Tab-PoT 2022 92

strate that open-source LLMs can also achieve state-of-the-art performance with proper
prompting methods. Therefore, the proposed Tab-PoT method can be deployed in a lo-
cal setting together with other services, which is especially useful when using commercial
LLMs facing security concerns. Figure 6.5 shows an example of deployment in the IoT
environment. Specifically, a Prompt Management Module and a Post-processing Module
are deployed in the edge server, in which the former is responsible for the selection, man-
agement and creation of prompts and demonstrations for the requests from IoT devices,
and the latter is responsible for post-processing the results generated by the LLMs. With
the proposed Prompt Management Module and Post-processing Module, the system can be
easily extended to new tasks by adding tailored task-specific prompts in the Task-specific
Prompts Database, providing competitive performance for a wide range of tasks.

Edge Server with  LLM 

Task-specific Prompts Database

1.Task Request

IoT Devices

Prompt Management          
Module

2.Prompt Template  
Search Request

3.Prompt Template
Response

4.LLM Request

Post-processing 
Module

5.LLM Response6.Task Response

Optional Task Request

Open-source LLMs      

Task ID: <1>
Task Name: TQA
Task Step:<1>
Prompt Instruction: <...>
Prompt Demos:<...>

Task ID: <N>
Task Name: Translation
Task Step:<1>
Prompt Instruction: <...>
Prompt Demos:<...>

... ...

Figure 6.5: An Example of Deployment in the IoT environment.

105



6.5 Summary of the Chapter

In this chapter, we propose a three-stage prompting solution for the semi-structured Table-
QA problem, aiming to alleviate the issues caused by complex structures, heterogeneous
data types, huge tables, and the limitations of LLMs. The proposed solution uses a statis-
tics table in the first stage and sub-tables in the following stages, which can reduce the
inference cost and improve the performance when the original table is huge. We define a
series of atomic operations to guide the demonstration crafting and selection, which can
reduce reasoning errors. Besides, we use the task-correction stage to correct the failure
code caused by the heterogeneous data types and use a default answer as the final answer
when the generated Python code fails to run even after the task-correction step, which
can be caused by the complex structure or the limitations of the LLM. Our solution is
built on open-source LLMs considering the scenarios with data security considerations. As
demonstrated in Section 6.3.2, choosing LLM is crucial. With the number of parameters
increasing, the capacities of the LLM can also increase, which also introduces higher hard-
ware requirements. Therefore, instruction tuning for smaller LLMs with tabular data is a
future direction to balance the hardware requirements, inference cost and overall perfor-
mance.
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Chapter 7

Conclusion and Future Directions

As the number of visually rich documents surges in business scenarios and on the Internet,
the semantic recognition problem on these documents becomes an important research topic
to process them automatically and discover valuable knowledge from them. Since tables
in visually rich documents and web pages often contain critical information but cannot
be processed directly because of the modality gap and their unstructured format, this
thesis proposes a complete solution for detecting tables, transforming table images into
a text-only structured format and applying prompting method for a semantic recognition
task, Table-QA. Since the popular table datasets are only from a limited number of data
sources and often contain noisy samples, the models trained with these datasets suffer
from their generalization capacities on the data from a new domain. Therefore, this thesis
comprehensively discusses the issues of existing datasets for the TD problem, refines the
existing datasets, and proposes a new dataset created from the documents from the ICT
domain to enrich the data sources. Besides, various benchmarks in different experimental
settings, including the cross-domain setting, have been built. The experimental results
can demonstrate that the refinement of the existing datasets and the new proposed ICT-
TD dataset can improve the generalization ability of models, leading to more robust TD
models.

After discussing the TD datasets, a tailored Sparse RCNN-based solution is proposed
for the TD problem by improving the proposal initialization, loss functions, and label
assignment methods. Since popular object detection models are usually evaluated by the
IoU based metrics, such as COCO metrics, the optimization targets of these models are
not fully matched with the target of the TD problem because, for the TD problem, a larger
bounding box can cover the entire table with less IoU score is preferable than a bounding
box with higher IoU score but lost vital information in the table. Therefore, this thesis
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introduces the Information Coverage Score (ICS) to evaluate the detection performance
and proposes an ICS-based loss function to guide the model in avoiding information loss
during training. Besides, many other characteristics of the TD problem are considered to
improve the Sparse R-CNN based model, such as the sparse distribution of tables in the
document images and initializing the region proposals with image sizes. The experimental
results demonstrate that the proposed ICS score and the proposed ICS-based loss function
can lead to better table extraction results, and the tailored detection model can achieve
state-of-the-art performance on various datasets.

For the TSR task of transforming table images into text-only structured or semi-
structured formats, this thesis revisits the limitations of current detection-based solutions.
First, the problem formulations of many studies are not enough to fully recover the com-
plex structures of tables. Second, the characteristics of detection models are not fully
considered in the problem formulation and model training. Therefore, this thesis identifies
critical designs for the success of the TSR problem, including proper problem formulation,
building long-dependency features, and addressing the multi-label classification formula-
tion. Based on the observations, a tailored Cascade R-CNN based TSR model is proposed
with adjusted region proposals, a new multi-label classification formulation, and modules
to build long-dependency features, achieving state-of-the-art performance.

At last, a training-free prompting method for the Table-QA problem is proposed as a
demonstration to solve the semantic recognition task, considering the inference cost, the
limitations of LLMs, and the challenges caused by the complex table structures, heteroge-
neous data types, huge tables, and limitations of LLMs. The proposed prompting method
utilizes Python to extend the LLM and divide the Table-QA problem into three tasks,
including task-planning, task-conducting and task-correction stages, which can avoid in-
cluding huge tables as a part of the prompt and correct the generated Python code which
fails to run. Comprehensive experiments are conducted for all the models proposed in
this thesis, and the experimental results can demonstrate that the proposed models can
outperform state-of-the-art models by a large margin. Besides, each designed component
in the proposed solutions is carefully analyzed to reveal their effectiveness and efficiency.

Even though the proposed methods for the TD, TSR, and Table-QA can show signif-
icant benefits compared with benchmark models, there are still some limitations to the
models proposed in this thesis. First, the proposed models for the TD and TSR tasks are
designed for well-formatted tables, meaning their performance might be degraded when
the target table has an irregular shape, such as distorted tables. Second, as the proposed
pipeline consists of multiple steps, it has the issue of error accumulation, meaning that the
performance of the subsequent model in this pipeline depends on the models preceding it.
Third, because of the longer pipeline and the selected detection models, the inference time
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is also larger than some benchmark models, such as one-stage detection models. Finally,
for the Table-QA task, we only considered the Table-QA problem in a single table setting,
which means that our problem formulation cannot deal with cases requiring information
from multiple input tables.

Considering these limitations, models in each step can be further improved in many
directions. For the TD datasets, more datasets from other data sources can be further
added following the data creation protocols proposed in this thesis. For the TD model, the
proposed method follows the training of typical object models in the supervised manager,
while unsupervised methods, such as Self-Supervised Learning (SSL) [189], can be further
integrated to use large-scale documents without labels. For example, a backbone network
can be trained by SSL with a large scale of unlabeled documents, and a typical detection
model with the backbone can be fine-tuned with labelled datasets. Besides, domain adap-
tion can also be a direction to be explored to mitigate the issues caused by the domain
variance for the TD problem. For the TSR task, the model proposed in this thesis is
detection-based, while other types of models, such as transformer-based encoder-decoder
models, can also achieve promising performance. Encoder-decoder models are suitable for
integrating OCR capacities, making a fully end-to-end solution possible for the TSR task.
And SSL pre-training methods can also be beneficial for the TSR models. Another promis-
ing direction is applying graph-based TSR models to deal with the tables with irregular
shapes. For the Table-QA problem, a training-free prompting method, which contains three
prompting stages, is proposed. Even though the proposed method can reduce the training
cost, its performance heavily relies on the capacities of the base LLM, and it increases the
inference cost because of its larger number of prompt tokens. Therefore, the fine-tuning
of the LLM with fewer number parameters can be a direction when enough computation
resources are available. The performance of the Table-QA can also be further improved by
LLM-based Agent. For example, the provided table and its question can be the Agent’s
environment, and information extraction, reasoning and arithmetic calculations can be de-
fined as actions. Then, the Agent can use the demonstrations in the Memory module to
solve the questions by leveraging the defined actions based on the environment and use
a Reflection module to further refine the prompts. Besides these directions for improving
the models in each step, there are other important topics in document understanding. For
example, figures are also widely used to summarize critical information in various doc-
uments, making the problem of recognizing and understanding figures in documents also
necessary. Understanding the long text information from documents is also challenging and
essential because of the limitations of current LLMs, where Retrieval-Augmented Genera-
tion (RAG) can be a solution. Lastly, the solution reported in this thesis is to transform
tables in images into text format and utilize text-only LLMs. Multi-modal LLMs have

109



also attracted much research attention recently, and they can feed the table images into
the multi-modal LLM directly to obtain the final results. Some multi-modal models have
demonstrated promising potential for visually rich document understanding tasks, which
is also a good direction to explore further.
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APPENDICES

.1 Appendix for Revisiting Table Detection Datasets

(Chapter 3)

.1.1 Visualization result

This appendix section is to visualize and provide information on the ground truth of the
test sample in Figure 3.8, as shown in Figure 1.

Figure 1: Ground truth of the testing sample in Figure 3.8.
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.2 Appendix for Table Detection (Chapter 4)

.2.1 Model implementations and settings

In this section, we list the implementations and configuration files of the baseline models,
including RetinaNet [157], FCOS [55], YOLOX-X [15], YOLOR-X [158], YOLOv5-X [159],
YOLOv7-X [160], YOLOv8-X [161], FasterR-CNN [56], DiffusionDet [13], Deformable-
DETR [61], and SparseR-CNN [10], as summarized in Table 1. It is worth mentioning that
we modified the training epochs of the listed configuration files, trained FasterR-CNN,
MaskR-CNN, DiffusionDet, Deformable-DETR, and SparseR-CNN for 120 epochs, and
trained other one-stage detectors for 300 epochs.

Table 1: Summary of model implementations and settings

Model Implementation Setting File

RetinaNet Detectron2 https://github.com/facebookresearch/

detectron2/blob/main/configs/

COCO-Detection/retinanet_R_50_FPN_

3x.yaml

FCOS Detectron2 https://github.com/facebookresearch/

detectron2/blob/main/configs/

COCO-Detection/fcos_R_50_FPN_1x.py

YOLOX Official codebase https://github.com/

Megvii-BaseDetection/YOLOX/blob/main/

exps/default/yolox_x.py

YOLOR Official codebase https://github.com/WongKinYiu/yolor/

blob/main/cfg/yolor_csp_x.cfg

YOLOv5 Official codebase https://github.com/ultralytics/

ultralytics/blob/main/ultralytics/

cfg/models/v5/yolov5.yaml

YOLOv7 Official codebase https://github.com/WongKinYiu/yolov7/

blob/main/cfg/training/yolov7x.yaml

YOLOv8 Official codebase https://github.com/ultralytics/

ultralytics/blob/main/ultralytics/

cfg/models/v8/yolov8.yaml
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FasterR-CNN Detectron2 https://github.com/facebookresearch/

detectron2/blob/main/configs/

COCO-Detection/faster_rcnn_R_50_FPN_

3x.yaml

MaskR-CNN Detectron2 https://github.com/facebookresearch/

detectron2/blob/main/configs/

COCO-InstanceSegmentation/mask_rcnn_

R_50_FPN_3x.yaml

DiffusionDet Official codebase https://github.com/ShoufaChen/

DiffusionDet/blob/main/configs/diffdet.

coco.res50.300boxes.yaml

Deformable-DETR detrex https://github.com/IDEA-Research/

detrex/blob/main/projects/deformable_

detr/configs/deformable_detr_r50_two_

stage_50ep.py

SparseR-CNN Official codebase https://github.com/PeizeSun/

SparseR-CNN/blob/main/projects/

SparseRCNN/configs/sparsercnn.res50.

300pro.3x.yaml

.2.2 Compared with other Table Detection models

In this section, we include the experimental results using the evaluation protocols in IC-
DAR2013, ICDAR2017, and ICT-TD datasets. More specifically, for the ICDAR2013
dataset, the F1 score thresholded by 50% is the competition evaluation metric. For the IC-
DAR2017 dataset, Precision, Recall, and F1 scores thresholded by 60% and 80% are used
as evaluation metrics. For the ICT-TD dataset, Weighted Average F1 score, as defined
in Equation 3.5, is used as the evaluation metric whose thresholds are 80%, 85%, 90%,
and 95%. The experimental results of them are shown in Table 2, 3 and 3.4. It is worth
mentioning that the experimental results of TableDet [8], DeCNT [77], YOLOv3-TD [75],
DeepDeSRT [76], TableNet [190], GAN-TD [191], in Table 2, 3 are from study [8].
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Table 2: Experimental results on ICDAR2013 dataset (IoU = 50%).

Model Precision Recall F1

CascadeTabNet [9] 100 100 100
TableDet [8] 100 100 100
DeCNT [77] 99.6 99.6 99.6

YOLOv3-TD [75] 94.9 100 97.3
DeepDeSRT [76] 97.4 96.2 96.8
TableNet [190] 97.0 96.3 96.6

SparseTableDet (Proposed) 100 100 100

Table 3: Experimental results on ICDAR2017 dataset.

IoU Threshold Model Precision Recall F1

TableDet [8] 98.8 99.7 99.3
YOLOv3-TD [75] 97.2 97.8 97.5

60% DeCNT [77] 96.5 97.1 96.8
GAN-TD [191] 94.4 94.4 94.4

SparseTableDet (Proposed) 99.1 100.0 99.5
TableDet [8] 97.4 98.4 97.9

YOLOv3-TD [75] 96.8 97.5 97.1
80% DeCNT [77] 96.7 93.7 95.2

GAN-TD [191] 90.3 90.3 90.3
SparseTableDet (Proposed) 96.7 99.7 98.2

.2.3 Detailed experimental results

In this appendix section, we include the detailed experimental results on the TNCR and
ICT-TD datasets, as shown in Table 7 and Table 8. Besides, we also include some predic-
tion results for the models trained with IoU-based and ICS-based losses, as discussed in
section 4.3.2.
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Table 4: Experimental results on the ICT-TD dataset.

Model F1 WAvg. F1
IoU(80%) IoU(85%) IoU(90%) IoU(95%)

TableDet 93.6 91.6 89.1 75.7 87.1
DiffusionDet 95.5 94.2 91.1 76.4 88.9

Deformable-DETR 95.0 93.9 91.2 83.0 90.5
SparseR-CNN 94.3 93.0 90.4 78.8 88.8

SparseTableDet 97.2 96.4 94.2 81.8 92.1

Table 5: Detailed Experimental results on the ICDAR2017 dataset.

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

RetinaNet P. 96.4 96.4 95.2 94.9 92.1 90.7 90.3 88.1 85.5 75.0 90.4
R. 97.8 97.8 96.9 96.3 94.7 93.8 93.2 91.6 89.1 80.1 93.1
F1 97.1 97.1 96.0 95.6 93.4 92.2 91.7 89.8 87.3 77.5 91.7

FCOS P. 97.3 96.3 95.2 94.9 92.4 90.8 90.2 87.6 84.9 72.7 90.2
R. 98.1 97.5 96.9 96.6 95.3 94.7 94.1 92.8 90.3 82.6 93.9
F1 97.7 96.9 96.0 95.7 93.8 92.7 92.1 90.1 87.5 77.3 92.0

YOLOX-X P. 97.0 97.0 96.3 95.5 94.1 93.3 91.2 87.1 78.8 54.2 88.5
R. 99.4 99.4 99.1 98.4 96.9 95.6 93.5 89.4 81.3 59.5 91.3
F1 98.2 98.2 97.7 96.9 95.5 94.4 92.3 88.2 80.0 56.7 89.9

YOLOR-X P. 97.5 97.4 96.4 95.1 94.3 93.4 92.2 92.2 88.1 79.9 92.6
R. 98.8 98.8 97.8 96.9 96.3 95.3 94.7 94.4 91.3 84.1 94.8
F1 98.1 98.1 97.1 96.0 95.3 94.3 93.4 93.3 89.7 81.9 93.7

YOLOV5-X P. 98.3 98.3 97.9 97.9 95.8 95.4 94.2 93.8 90.2 82.8 94.4
R. 99.7 99.7 99.1 99.1 97.8 97.2 96.6 96.3 93.8 86.6 96.6
F1 99.0 99.0 98.5 98.5 96.8 96.3 95.4 95.0 91.9 84.7 95.5

YOLOV7-X P. 98.0 97.1 97.0 95.9 95.3 94.1 93.3 93.3 89.8 80.7 93.5
R. 99.1 98.4 98.1 97.5 97.2 96.6 96.0 95.6 93.2 85.1 95.7
F1 98.5 97.7 97.5 96.7 96.2 95.3 94.6 94.4 91.5 82.8 94.6

YOLOV8-X P. 99.0 97.9 97.1 96.5 95.2 94.6 94.1 93.9 91.0 80.6 94.0
R. 100.0 99.1 98.8 98.1 97.2 96.9 96.6 96.3 94.1 85.1 96.2
F1 99.5 98.5 97.9 97.3 96.2 95.7 95.3 95.1 92.5 82.8 95.1

Continued on next page
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Table 5 Detailed Experimental results on the ICDAR2017 dataset (continued from previous page).

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

FasterR-CNN P. 97.8 96.9 96.7 96.6 95.4 94.0 92.9 91.3 88.2 79.4 92.9
R. 98.1 97.8 97.5 97.2 96.6 95.3 94.7 93.8 91.0 83.2 94.5
F1 97.9 97.3 97.1 96.9 96.0 94.6 93.8 92.5 89.6 81.3 93.7

MaskR-CNN P. 97.5 96.5 96.2 96.2 95.1 94.0 93.9 92.6 89.8 68.5 92.0
R. 98.1 97.8 97.5 97.2 96.9 96.0 95.6 94.7 92.5 76.6 94.3
F1 97.8 97.1 96.8 96.7 96.0 95.0 94.7 93.6 91.1 72.3 93.1

TableDet P. 99.4 98.6 98.5 98.5 96.4 95.1 94.1 93.5 89.0 78.8 94.2
R. 100.0 99.7 99.1 99.1 97.8 96.6 96.0 95.0 91.9 84.1 95.9
F1 99.7 99.1 98.8 98.8 97.1 95.8 95.0 94.2 90.4 81.4 95.0

DiffusionDet P. 98.1 98.0 97.6 97.1 96.1 94.6 93.9 92.5 89.1 77.8 93.5
R. 99.7 99.7 99.1 98.8 97.8 96.3 96.0 94.4 91.6 83.5 95.7
F1 98.9 98.8 98.3 97.9 96.9 95.4 94.9 93.4 90.3 80.5 94.6

Deformable- P. 97.2 97.2 96.8 96.8 95.8 93.7 92.6 91.3 89.7 78.6 93.0
DETR R. 98.8 98.4 98.1 98.1 97.5 96.6 96.3 95.0 93.2 83.2 95.5

F1 98.0 97.8 97.4 97.4 96.6 95.1 94.4 93.1 87.1 80.8 94.2
SparseR-CNN P. 99.3 98.3 97.8 97.8 97.0 95.9 94.8 94.8 92.7 84.6 95.3

R. 100.0 99.7 99.1 99.1 98.8 98.1 97.5 97.2 95.3 89.1 97.4
F1 99.6 99.0 98.4 98.4 97.9 97.0 96.1 96.0 94.0 86.8 96.3

SparseTableDet P. 99.7 99.7 99.1 99.1 98.9 97.5 96.7 95.6 93.1 83.6 96.3
(Proposed) R. 100.0 100.0 100.0 100.0 100.0 100.0 99.7 99.1 96.6 89.1 98.4

F1 99.8 99.8 99.5 99.5 99.4 98.7 98.2 97.3 94.8 86.3 97.3

Table 6: Detailed Experimental results on the ICDAR2019 dataset.

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

RetinaNet P. 98.6 98.4 97.4 97.2 96.2 94.3 93.9 90.5 85.3 72.8 92.5
R. 99.6 99.1 98.7 98.2 97.3 96.0 95.1 92.7 88.4 78.6 94.4
F1 99.1 98.7 98.0 97.7 96.7 95.1 94.5 91.6 86.8 75.6 93.4

FCOS P. 97.1 96.7 96.7 95.7 95.5 94.4 92.2 90.2 83.1 63.7 90.5
R. 98.9 98.4 98.4 97.8 97.6 96.9 95.1 93.5 88.4 75.7 94.1
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Table 6 Detailed Experimental results on the ICDAR2019 dataset (continued from previous page).

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

F1 98.0 97.5 97.5 96.7 96.5 95.6 93.6 91.8 85.7 69.2 92.3
YOLOX-X P. 97.5 97.1 96.3 95.7 95.3 94.3 94.1 92.2 88.3 70.4 92.1

R. 98.7 98.4 98.0 97.1 96.7 96.0 95.1 93.3 90.2 74.4 93.8
F1 98.1 97.7 97.1 96.4 96.0 95.1 94.6 92.7 89.2 72.3 92.9

YOLOR-X P. 98.7 98.7 98.2 98.2 97.5 97.5 96.6 95.6 92.5 82.1 95.5
R. 99.6 99.6 99.1 99.1 98.9 98.7 97.8 96.4 94.2 85.3 96.9
F1 99.1 99.1 98.6 98.6 98.2 98.1 97.2 96.0 93.3 83.7 96.2

YOLOV5-X P. 98.7 98.6 98.5 98.5 98.5 98.4 97.5 96.5 95.1 83.7 96.4
R. 99.8 99.8 99.6 99.3 99.3 99.3 98.9 97.8 96.4 86.6 97.7
F1 99.2 99.2 99.0 98.9 98.9 98.8 98.2 97.1 95.7 85.1 97.0

YOLOV7-X P. 99.5 98.6 98.6 98.4 98.1 97.7 97.6 96.7 93.3 81.0 95.9
R. 100.0 99.8 99.8 99.1 99.1 98.7 98.4 97.8 94.9 84.9 97.2
F1 99.7 99.2 99.2 98.7 98.6 98.2 98.0 97.2 94.1 82.9 96.5

YOLOV8-X P. 99.0 99.0 98.8 98.8 98.8 98.7 97.7 96.8 94.0 89.5 97.1
R. 99.8 99.8 99.6 99.3 99.3 99.1 98.4 98.0 95.3 92.0 98.1
F1 99.4 99.4 99.2 99.0 99.0 98.9 98.0 97.4 94.6 90.7 97.6

FasterR-CNN P. 97.9 97.8 96.8 96.8 95.6 94.5 94.5 93.5 89.7 76.0 93.3
R. 98.7 98.4 98.0 97.6 96.9 95.8 95.6 94.7 91.1 80.2 94.7
F1 98.3 98.1 97.4 97.2 96.2 95.1 95.0 94.1 90.4 78.0 94.0

MaskR-CNN P. 98.9 97.8 97.7 96.5 96.4 95.4 95.4 94.5 91.2 71.2 93.5
R. 99.3 98.9 98.7 98.0 97.6 96.9 96.2 95.8 92.7 76.6 95.1
F1 99.1 98.3 98.2 97.2 97.0 96.1 95.8 95.1 91.9 73.8 94.3

TableDet P. 98.5 97.5 97.5 97.4 96.3 95.3 94.4 93.5 90.7 77.2 93.8
R. 99.1 98.9 98.7 98.4 97.3 96.4 95.3 94.4 92.2 83.7 95.5
F1 98.8 98.2 98.1 97.9 96.8 95.8 94.8 93.9 91.4 80.3 94.6

DiffusionDet P. 98.5 98.3 98.3 97.6 96.4 96.0 95.0 92.6 90.3 74.4 93.7
R. 99.8 99.6 99.6 99.3 98.4 97.6 96.7 94.4 92.4 82.2 96.0
F1 99.1 98.9 98.9 98.4 97.4 96.8 95.8 93.5 91.3 78.1 94.8

Deformable- P. 98.7 97.9 97.6 97.1 96.9 96.5 95.3 94.1 91.0 80.2 94.5
DETR R. 99.6 99.3 99.1 98.9 98.9 98.7 97.8 96.7 94.4 86.6 97.0

F1 99.1 98.6 98.3 98.0 97.9 97.6 96.5 95.4 92.7 83.3 95.7
SparseR-CNN P. 98.4 97.9 97.9 97.9 97.1 96.5 96.4 96.1 93.5 86.0 95.8
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Table 6 Detailed Experimental results on the ICDAR2019 dataset (continued from previous page).

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

R. 99.8 99.6 99.3 99.3 99.1 98.9 98.7 98.2 96.2 91.8 98.1
F1 99.1 98.7 98.6 98.6 98.1 97.7 97.5 97.1 94.8 88.8 96.9

SparseTableDet P. 99.5 98.8 98.8 98.8 98.6 98.5 98.3 97.5 95.2 88.6 97.3
(Proposed) R. 100.0 99.8 99.6 99.6 99.6 99.6 99.6 98.9 97.3 92.0 98.6

F1 99.7 99.3 99.2 99.2 99.1 99.0 98.9 98.2 96.3 90.3 97.9

Table 7: Detailed Experimental results on the TNCR dataset.

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

RetinaNet P. 89.7 89.7 89.6 89.4 88.9 88.6 87.5 85.6 81.5 69.8 86.0
R. 96.2 96.2 96.1 96.0 95.3 95.0 94.1 92.3 88.2 78.2 92.8
F1 92.8 92.8 92.7 92.6 92.0 91.7 90.6 88.8 84.8 73.8 89.3

FCOS P. 87.8 87.7 87.6 87.3 86.7 86.3 85.6 83.1 79.4 68.5 84.0
R. 94.4 94.3 94.2 94.0 93.4 93.1 92.3 90.4 87.5 78.4 91.2
F1 91.0 90.9 90.8 90.5 89.9 89.6 88.8 86.6 83.3 73.1 87.5

YOLOX-X P. 87.1 86.8 86.5 86.1 85.5 84.4 83.0 80.6 76.7 57.9 81.5
R. 96.0 95.6 95.0 94.2 93.4 91.8 89.5 86.7 82.7 65.9 89.1
F1 91.3 91.0 90.6 90.0 89.3 87.9 86.1 83.5 79.6 61.6 85.1

YOLOR-X P. 90.4 90.3 90.2 90.1 89.6 89.2 88.2 86.0 82.9 75.1 87.2
R. 98.7 98.6 98.5 98.3 97.6 97.1 95.6 93.3 90.1 83.6 95.1
F1 94.4 94.3 94.2 94.0 93.4 93.0 91.8 89.5 86.4 79.1 91.0

YOLOV5-X P. 93.0 92.8 92.7 92.4 92.2 91.8 91.1 88.9 86.0 79.3 90.0
R. 99.3 99.2 99.1 99.0 98.9 98.5 97.9 96.1 93.4 88.2 97.0
F1 96.0 95.9 95.8 95.6 95.4 95.0 94.4 92.4 89.5 83.5 93.4

YOLOV7-X P. 92.0 91.9 91.8 91.7 91.6 91.3 90.3 88.6 85.8 77.3 89.2
R. 99.1 99.0 98.9 98.9 98.8 98.4 97.3 96.0 93.1 86.4 96.6
F1 95.4 95.3 95.2 95.2 95.1 94.7 93.7 92.2 89.3 81.6 92.8

YOLOV8-X P. 93.1 93.1 93.0 92.8 92.4 92.2 91.4 89.5 86.6 79.2 90.3
R. 99.3 99.3 99.3 99.2 98.9 98.6 98.0 96.3 93.9 87.6 97.0
F1 96.1 96.1 96.0 95.9 95.5 95.3 94.6 92.8 90.1 83.2 93.5
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Table 7 Detailed Experimental results on the TNCR dataset (continued from previous page).

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

FasterR-CNN P. 89.1 89.1 88.9 88.7 88.5 88.2 87.8 86.5 81.5 66.6 85.5
R. 94.3 94.3 94.2 94.1 93.7 93.4 93.0 91.7 87.5 76.1 91.2
F1 91.6 91.6 91.5 91.3 91.0 90.7 90.3 89.0 84.4 71.0 88.3

MaskR-CNN P. 90.2 90.0 90.0 89.8 89.7 89.1 88.2 86.3 81.7 64.4 85.9
R. 95.3 95.2 95.1 95.0 94.8 94.3 93.7 92.0 88.0 75.5 91.9
F1 92.7 92.5 92.5 92.3 92.2 91.6 90.9 89.1 84.7 69.5 88.8

TableDet P. 91.7 91.7 91.7 91.5 91.3 90.7 90.2 88.4 84.0 72.9 88.4
R. 98.1 98.1 98.0 97.9 97.7 97.0 96.6 95.2 91.7 83.6 95.4
F1 94.8 94.8 94.7 94.6 94.4 93.7 93.3 91.7 87.7 77.9 91.8

Deformable- P. 90.3 90.3 90.1 90.1 89.8 89.2 88.5 86.8 84.4 77.2 87.7
DETR R. 99.2 99.1 99.0 98.9 98.8 98.6 97.9 97.0 94.7 89.4 97.3

F1 94.5 94.5 94.3 94.3 94.1 93.7 93.0 91.6 89.3 82.9 92.3
DiffusionDet P. 91.7 91.6 91.6 91.3 90.8 90.2 89.4 87.7 84.6 74.0 88.3

R. 99.6 99.6 99.6 99.4 98.7 97.9 97.2 95.5 92.9 85.2 96.6
F1 95.5 95.4 95.4 95.2 94.6 93.9 93.1 91.4 88.5 79.2 92.3

SparseR-CNN P. 90.9 90.9 90.7 90.7 90.5 90.3 89.8 89.0 85.5 77.1 88.6
R. 99.9 99.8 99.8 99.7 99.7 99.7 99.5 98.7 97.1 89.9 98.4
F1 95.2 95.1 95.0 95.0 94.9 94.8 94.4 93.6 90.9 83.0 93.2

SparseTableDet P. 93.0 93.0 92.9 92.9 92.7 92.5 92.2 91.3 88.8 77.2 90.6
(Proposed) R. 100.0 100.0 100.0 99.9 99.9 99.8 99.6 99.0 96.9 87.9 98.3

F1 96.4 96.4 96.3 96.3 96.2 96.0 95.8 95.0 92.7 82.2 94.3

Table 8: Detailed Experimental results on the ICT-TD dataset.

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

RetinaNet P. 95.8 95.7 94.7 94.4 92.4 91.1 90.0 87.9 82.1 68.0 89.2
R. 97.3 97.2 96.9 96.2 94.8 93.3 92.1 90.7 85.4 72.1 91.6
F1 96.5 96.4 95.8 95.3 93.6 92.2 91.0 89.3 83.7 70.0 90.4

FCOS P. 92.0 91.8 90.8 90.5 89.4 88.1 86.8 84.4 80.5 66.8 86.1
R. 93.6 93.1 92.8 92.1 91.5 90.6 89.0 87.4 84.1 73.7 88.8
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Table 8 Detailed Experimental results on the ICT-TD dataset (continued from previous page).

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

F1 92.8 92.4 91.8 91.3 90.4 89.3 87.9 85.9 82.3 70.1 87.4
YOLOX-X P. 95.8 94.9 94.4 93.6 92.2 90.7 88.9 86.2 80.4 64.5 88.2

R. 98.7 97.8 97.3 96.7 95.1 93.5 91.4 88.3 82.9 67.9 91.0
F1 97.2 96.3 95.8 95.1 93.6 92.1 90.1 87.2 81.6 66.2 89.6

YOLOR-X P. 97.6 97.3 96.4 95.5 95.0 94.2 93.3 90.7 88.3 79.1 92.7
R. 99.4 99.1 98.6 97.9 97.1 96.5 95.3 92.1 89.8 81.1 94.7
F1 98.5 98.2 97.5 96.7 96.0 95.3 94.3 91.4 89.0 80.1 93.7

YOLOV5-X P. 97.4 97.2 97.2 97.0 96.4 95.6 94.8 93.7 90.7 81.2 94.1
R. 98.9 98.8 98.8 98.6 98.0 97.4 96.8 95.8 92.8 83.8 96.0
F1 98.1 98.0 98.0 97.8 97.2 96.5 95.8 94.7 91.7 82.5 95.0

YOLOV7-X P. 98.2 98.2 98.0 97.9 96.8 95.8 94.8 93.7 91.8 80.9 94.6
R. 99.5 99.4 99.3 99.1 98.5 97.8 96.7 95.6 93.4 83.5 96.3
F1 98.8 98.8 98.6 98.5 97.6 96.8 95.7 94.6 92.6 82.2 95.4

YOLOV8-X P. 97.9 97.1 97.0 96.9 96.4 95.6 94.7 93.6 91.4 82.4 94.3
R. 99.1 98.8 98.7 98.6 98.1 97.5 96.6 95.7 93.2 84.9 96.1
F1 98.5 97.9 97.8 97.7 97.2 96.5 95.6 94.6 92.3 83.6 95.2

FasterR-CNN P. 96.6 96.5 96.5 95.4 94.2 93.2 92.1 90.0 86.0 73.6 91.4
R. 97.4 97.2 97.1 96.4 95.3 94.8 93.7 91.7 87.6 76.5 92.8
F1 97.0 96.8 96.8 95.9 94.7 94.0 92.9 90.8 86.8 75.0 92.1

MaskR-CNN P. 96.6 96.5 95.5 95.3 94.2 93.1 92.1 90.0 86.9 74.4 91.5
R. 97.4 97.1 96.9 96.3 95.5 94.4 93.4 91.7 88.9 77.8 92.9
F1 97.0 96.8 96.2 95.8 94.8 93.7 92.7 90.8 87.9 76.1 92.2

TableDet P. 97.4 96.4 96.3 96.3 95.1 94.0 92.9 90.5 88.2 72.5 92.0
R. 98.2 97.9 97.5 97.2 96.3 95.5 94.4 92.7 90.1 79.3 93.9
F1 97.8 97.1 96.9 96.7 95.7 94.7 93.6 91.6 89.1 75.7 92.9

DiffusionDet P. 96.5 96.4 96.3 95.8 95.2 94.5 93.9 92.5 89.2 73.6 92.4
R. 99.3 99.2 99.0 98.8 98.4 97.8 97.2 96.0 93.1 79.5 95.8
F1 97.9 97.8 97.6 97.3 96.8 96.1 95.5 94.2 91.1 76.4 94.1

Deformable- P. 97.0 96.6 96.3 96.0 95.2 94.4 93.7 92.6 89.7 80.3 93.2
DETR R. 98.9 98.6 98.5 98.3 97.8 96.9 96.3 95.2 92.8 85.8 95.9

F1 97.9 97.6 97.4 97.1 96.5 95.6 95.0 93.9 91.2 83.0 94.5
SparseR-CNN P. 96.2 96.0 95.5 95.3 94.2 93.3 92.6 91.1 88.3 75.6 91.8
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Table 8 Detailed Experimental results on the ICT-TD dataset (continued from previous page).

Method
IoU

50% 55% 60% 65% 70% 75% 80% 85% 90% 95% Avg.

R. 99.0 98.9 98.7 98.4 97.7 97.0 96.2 94.9 92.5 82.4 95.6
F1 97.6 97.4 97.1 96.8 95.9 95.1 94.3 93.0 90.4 78.8 93.7

SparseTableDet P. 97.5 97.4 97.1 96.9 96.7 96.2 96.0 95.1 92.8 79.6 94.5
(Proposed) R. 99.3 99.3 99.3 99.2 99.2 98.7 98.5 97.8 95.6 84.1 97.1

F1 98.4 98.3 98.2 98.0 97.9 97.4 97.2 96.4 94.2 81.8 95.8

.3 Model Prediction Visualization

(a) ICS-based loss (b) IoU-based loss

Figure 2: Prediction samples of models trained with ICS-based loss and IoU-based loss.
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(a) ICS-based loss (b) IoU-based loss

Figure 3: Prediction samples of models trained with ICS-based loss and IoU-based loss.

.4 Appendix for Table Question Answering (Chap-

ter 6)
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Answer the questions based on the two given tables:

Rank | Cyclist                  | Team               | Time      | UCI ProTour Points
1    | Alejandro Valverde (ESP) | Caisse d'Epargne   | 5h 29' 10 | 40
2    | Alexandr Kolobnev (RUS)  | Team CSC Saxo Bank | s.t.      | 30
3    | Davide Rebellin (ITA)    | Gerolsteiner       | s.t.      | 25
4    | Paolo Bettini (ITA)      | Quick Step         | s.t.      | 20
5    | Franco Pellizotti (ITA)  | Liquigas           | s.t.      | 15
6    | Denis Menchov (RUS)      | Rabobank           | s.t.      | 11
7    | Samuel Sanchez (ESP)     | Euskaltel-Euskadi  | s.t.      | 7
8    | Stephane Goubert (FRA)   | Ag2r-La Mondiale   | + 2       | 5
9    | Haimar Zubeldia (ESP)    | Euskaltel-Euskadi  | + 2       | 3
10   | David Moncoutie (FRA)    | Cofidis            | + 2       | 1

Question: who is the cyclist after Alexandr Kolobnev in the table?
Answer:
    def solution():
        # Define the table as a list of cyclist names
        table = [
            "Alejandro Valverde (ESP)",
            "Alexandr Kolobnev (RUS)",
            "Davide Rebellin (ITA)",
            "Paolo Bettini (ITA)",
            "Franco Pellizotti (ITA)",
            "Denis Menchov (RUS)",
            "Samuel Sanchez (ESP)",
            "Stephane Goubert (FRA)",
            "Haimar Zubeldia (ESP)",
            "David Moncoutie (FRA)"]
        # Find the cyclist after Alexandr Kolobnev
        kolobnev_index = table.index("Alexandr Kolobnev (RUS)")
        if kolobnev_index != -1 and kolobnev_index < len(table) - 1:
            next_cyclist = table[kolobnev_index + 1]
            return next_cyclist
        else:
            return "Alexandr Kolobnev is either not in the table or is the last entry."
    Therefore, the final answer with python code is {print(solution())}
Question: which country had the most cyclists finish within the top 10?
Answer:
    def solution():
        # Define the table as a list of tuples containing cyclist names and their countries
        table = [
            ("Alejandro Valverde (ESP)", "ESP"),
            ("Alexandr Kolobnev (RUS)", "RUS"),
            ("Davide Rebellin (ITA)", "ITA"),
            ("Paolo Bettini (ITA)", "ITA"),
            ("Franco Pellizotti (ITA)", "ITA"),
            ("Denis Menchov (RUS)", "RUS"),
            ("Samuel Sanchez (ESP)", "ESP"),
            ("Stephane Goubert (FRA)", "FRA"),
            ("Haimar Zubeldia (ESP)", "ESP"),
            ("David Moncoutie (FRA)", "FRA")]
        # Count the occurrences of each country in the top 10
        country_count = {}
        for _, country in table:
            if country in country_count:
                country_count[country] += 1
            else:
                country_count[country] = 1
        # Find the country with the most cyclists in the top 10
        max_country = max(country_count, key=country_count.get)
        return max_country
    Therefore, the final answer with python code is {print(solution())}
...More Lines...
Read the table blow regarding " + <title> + " to answer the following one question:
<Full Table>
<Question>

Figure 4: PoT implementation of applying Python Standard Library. Some lines are
omitted due to the limited page.
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Answer the questions based on the two given tables:

Rank | Cyclist                  | Team               | Time      | UCI ProTour Points
1    | Alejandro Valverde (ESP) | Caisse d'Epargne   | 5h 29' 10 | 40
2    | Alexandr Kolobnev (RUS)  | Team CSC Saxo Bank | s.t.      | 30
3    | Davide Rebellin (ITA)    | Gerolsteiner       | s.t.      | 25
4    | Paolo Bettini (ITA)      | Quick Step         | s.t.      | 20
5    | Franco Pellizotti (ITA)  | Liquigas           | s.t.      | 15
6    | Denis Menchov (RUS)      | Rabobank           | s.t.      | 11
7    | Samuel Sanchez (ESP)     | Euskaltel-Euskadi  | s.t.      | 7
8    | Stephane Goubert (FRA)   | Ag2r-La Mondiale   | + 2       | 5
9    | Haimar Zubeldia (ESP)    | Euskaltel-Euskadi  | + 2       | 3
10   | David Moncoutie (FRA)    | Cofidis            | + 2       | 1

Question: who is the cyclist after Alexandr Kolobnev in the table?
Answer:
    def solution(table, header_dict):
        # Define the sub_table as a list of cyclist names
        sub_table = [row[header_dict["Cyclist"]] for row in table]
        # Find the cyclist after Alexandr Kolobnev
        kolobnev_index = sub_table.index("Alexandr Kolobnev (RUS)")
        if kolobnev_index != -1 and kolobnev_index < len(table) - 1:
            next_cyclist = table[kolobnev_index + 1]
            return next_cyclist
        else:
            return "Alexandr Kolobnev is either not in the table or is the last entry."
    Therefore, the final answer with python code is {print(solution(table, header_dict))}
Question: which country had the most cyclists finish within the top 10?
Answer:
     def solution(table, header_dict):
        # Define the sub_table as a list of cyclist names
        sub_table = [row[header_dict["Cyclist"]] for row in table]
        # Count the occurrences of each country in the top 10
        country_count = {}
        for cyclist_info in sub_table:
            country_start_index = cyclist_info.find("(") + 1
            country_end_index = cyclist_info.find(")")
            country = cyclist_info[country_start_index:country_end_index]
            if country in country_count:
                country_count[country] += 1
            else:
                country_count[country] = 1
        # Find the country with the most cyclists in the top 10
        max_country = max(country_count, key=country_count.get)
        return max_country
    Therefore, the final answer with python code is {print(solution(table, header_dict))}
...More Lines...
Read the table blow regarding " + <title> + "  to answer the following one question:
<Full Table>
<Question>

Figure 5: PoT implementation of applying Python Standard Library with parameters.
Some lines are omitted due to the limited page.
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Answer the questions based on the two given tables:

Rank | Cyclist                  | Team               | Time      | UCI ProTour Points
1    | Alejandro Valverde (ESP) | Caisse d'Epargne   | 5h 29' 10 | 40
2    | Alexandr Kolobnev (RUS)  | Team CSC Saxo Bank | s.t.      | 30
3    | Davide Rebellin (ITA)    | Gerolsteiner       | s.t.      | 25
4    | Paolo Bettini (ITA)      | Quick Step         | s.t.      | 20
5    | Franco Pellizotti (ITA)  | Liquigas           | s.t.      | 15
6    | Denis Menchov (RUS)      | Rabobank           | s.t.      | 11
7    | Samuel Sanchez (ESP)     | Euskaltel-Euskadi  | s.t.      | 7
8    | Stephane Goubert (FRA)   | Ag2r-La Mondiale   | + 2       | 5
9    | Haimar Zubeldia (ESP)    | Euskaltel-Euskadi  | + 2       | 3
10   | David Moncoutie (FRA)    | Cofidis            | + 2       | 1

Question: who is the cyclist after Alexandr Kolobnev in the table?
Answer:
    #solution in Python
    import pandas as pd
    def solution(table_dict):
        df = pd.DataFrame(table_dict)
        # Find the index of Alexandr Kolobnev in the DataFrame
        kolobnev_index = df.index[df["Cyclist"].str.contains("Alexandr Kolobnev")][0]
        # Extract the cyclist after Alexandr Kolobnev
        next_cyclist = df.iloc[kolobnev_index + 1]["Cyclist"]
        return next_cyclist
    Therefore, the final answer with python code is {print(solution(table_dict))}
Question: which country had the most cyclists finish within the top 10?
Answer:
    #solution in Python:
    import pandas as pd
    def solution(table_dict):
        df = pd.DataFrame(table_dict)
        #since country in the column Cyclist, extract the country code from the column Cyclist
        df["Country"] = df["Cyclist"].apply(normalize_cyclist)
        # Count the number of cyclists from each country in the top 10
        country_counts = df["Country"].value_counts()
        most_cyclists_country = country_counts.idxmax()
        return most_cyclists_country
     #since country can not be obtained directly and is in "()" in column Cyclist, define the function which
     #can extract country from the Cyclist
    def normalize_cyclist(cyclist_info):
        import re
        # Regex pattern to extract content in ()
        pattern = r"\((.*?)\)"
        # Find the substring within parentheses
        match = re.search(pattern, cyclist_info)
        if match:
            return match.group(1)
        else:
            return ""
    Therefore, the final answer with python code is {print(solution(table_dict))}
...More Lines...
Read the table blow regarding ‘ + <title> + ’ to answer the following one question:
<Full Table>
<Question>

Figure 6: PoT implementation of applying Python Pandas Library. Some lines are omitted
due to the limited page.
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