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Abstract

Documents play a pivotal role in conveying information, serving as integral carriers of knowledge
across various domains. Their importance lies in their ability to encapsulate ideas, facts, and insights,
thereby facilitating communication and record-keeping. Document analysis, as a field, involves
the systematic examination of documents to extract meaningful insights, patterns, or information.
While current document analysis tools have made strides, they face challenges such as limited
accuracy, scalability issues, and struggles in handling diverse document formats. This highlights the
pressing need for more robust and advanced document analysis tools.

This research work attempts to address some of the broad domain difficulties associated with doc-
uments and their analysis. This research explains the solutions in the domain of domain adaptation
based document layout detection, Detecting and Recognizing Tables within document images.

Secondly, the Large Language Models (LLMs) proved to achieve state-of-the-art results on
extensive, and complex NLP related tasks. But sometimes LLMs fails to solve basic mathematical
reasoning tasks. Focusing on this, I’ve worked on proposing a extensive mathematical dataset
for training LLMs to enhance their mathematical reasoning capabilities and proposed a efficient
approach for solving physics problems using Reinforcement Learning with Human & Al feedback.

As this works focuses on patterns in the documents and the problems in the LLMs. That is why
the title of this thesis is -

“PATTERNS and PROBLEMS: Analyzing Document Layouts and Improving
Mathematical Reasoning of LLMs”.

il
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Chapter 1

Introduction

In the world of knowledge exchange and data preservation, documents serve as fundamental
vessels, whether they manifest as physical pages or digital files. A document, at its core, is designed
to communicate thoughts, data, and insights from one entity to another, playing a crucial role in
daily communications, professional operations, and even historical record-keeping. The enduring
relevance of documents in an increasingly digital landscape highlights their importance across
various sectors and disciplines.

The systematic examination of these documents, known as document analysis, employs a range
of methodologies to decode the textual and visual information they contain. This field is pivotal for
extracting usable data from a sea of information. It supports a wide array of applications[I.I—from
processing financial transactions and managing patient records in healthcare to aiding historians
and legal professionals in interpreting complex archives. Through document analysis, static content
is transformed into actionable insights, making it an invaluable tool in the modern data-driven
environment.

Document
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Figure 1.1: Use-Cases of Document Analysis

Despite its extensive applications, the field of document analysis faces significant challenges.
Traditional tools often struggle with accuracy when dealing with complex document layouts or
diverse formats, such as documents that combine text with graphical elements like tables and images.
These tools also frequently lack the scalability needed to process large volumes of data efficiently,
hindering their effectiveness and reliability.

Addressing these challenges, this research work introduces advanced methods for improving
document layout detection and the recognition of tables within document images. By incorporating
techniques from domain adaptation, the research aims to enhance the precision and adaptability of
document analysis tools, ensuring robust performance across various document types.

Parallel to the advancements in document analysis, Large Language Models (LLMs) have
revolutionized the field of Natural Language Processing (NLP). Models such as GPT and BERT,
trained on vast amounts of text, excel in tasks that involve understanding and generating human-
like text. They have set new benchmarks in translation, summarization, and sentiment analysis,



demonstrating a deep understanding of language nuances and context.

However, these models often fall short when tasked with mathematical reasoning. Despite their
linguistic prowess, LLMs struggle with basic arithmetic and complex problem-solving that requires
structured thinking. This gap in capability reveals a crucial limitation in their training and overall
function, particularly in scenarios that demand high levels of precision and logical reasoning.

To bridge this gap, this work also proposes the development of a specialized mathematical
dataset to train LLMs in mathematical reasoning, complemented by a novel approach to problem-
solving using reinforcement learning. This approach, which integrates human and Al feedback,
particularly focuses on solving physics problems, aiming to simulate real-world learning processes
and enhance the models’ application of mathematical concepts in practical situations.

Through these endeavors, this research seeks not only to address and overcome the limitations
of current technologies in both document analysis and NLP but also to pave the way for more
sophisticated and capable systems. These systems are expected to meet the complex demands of
our information-driven world more effectively, marking significant progress in both fields.

Key Contributions:

1. Introduction of the RanLayNet dataset for Domain Adaptation, aiding in training layout
detection models adaptable to different domains [7].

2. Development of TC-OCR for efficient Table Detection and Recognition of Table Structure &
Content [6].

3. Proposing the MathQuest dataset aimed at improving the problem-solving capabilities of
Large Language Models in mathematics, with fine-tuning of LLMs (LLaMA-2 [64]], Wizard-
Math [45], MAmmoTH [78]]) and achieving strong benchmark results [5].

4. Proposing a approach called RLHAIF for efficient physics problems solving using LLMs
with the help of Reinforcement Learning with Human and Al feedback.
(Submitted in ACMMM °24)



Chapter 2

Background

“The theory, hypothesis, framework or background knowledge held by an

investigator can strongly influence what is observed.”
~ Norwood Russell Hanson

In this section, We will be discussing the base concepts, the foundations of the topics related to
OCR, Information Extraction, Domain Adaptation, Transformers, and Large Language models.
This section will help readers to understand the basic concepts which I have used in this research
work to get familiar with the technical stuff.

2.1 Table Detection & Recognition

o o Pesticide: CODEX MRL EU MRL Pesticides CODEXMRL EU MRL
R (mg/ke)  (me/ke) (mg/ke)  (mg/ke)

< Paraquat 0.2 0.05 Ethion - 3
Methidathion 0.5 0.1 Profenophos - 0.1
Clothianidin 0.7 0.7 Propiconazole - 0.1
Fentrialthrin 2 2 24-D - 0.1
Chlorpyrifos 2 0.1 Phosalone . 0.1
Deltamethrin 5 5 Hexaconazole - 0.05
Propargite 5 5 L-cyhalothrin . I
Endosulfan 10 30 Fenazaquin . 10
Etoxazole 15 0.05 Thiacloprid . 10
Permethrin 20 0.1 Flufenoxuron . 15
Thiamethoxam 20 20 Hexythiazox . 4
Cypermethrin 15 0.5 Acctamiprid . 0.05
Bifenthrin 30 5 Quinalphos . 0.1
Flubendiamide 15 0.02 Glyphosate - 2.0
Dicofol 50 20 Oxyfluorfen - 0.05
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Table Detection g

(TD)

Figure 2.1: Table Detection & Text Recognition from Document Image [6]]

Table Detection & Recognition is a task of detect and extract information from tables within the
images of the documents. It is an important application of OCR, which is a method for recognizing
text in visuals of scanned documents and photographs. OCR consists of two main steps: Text
Detection and Text Recognition. Text detection refers to the process of identifying and locating
regions that contain text in an image, and text recognition is the process of translating the text in the
image into editable, searchable, and storable text.

2.1.1 Text Detection (Bounding Box Detection)

One common method for text detection is bounding box detection, which is a technique to
draw rectangular boxes around the text regions in the image. It is a crucial component in OCR
systems. It involves identifying the regions of interest (ROI) within an image that contain text. These
regions are represented as rectangular bounding boxes that enclose the text elements. Bounding box
detection is essential for isolating text from other visual elements in an image, such as graphics,
tables, or background noise.



Accurate bounding box detection is achieved through advanced computer vision techniques,
including deep learning models. Research papers often focus on improving the precision and recall
of bounding box detection algorithms to ensure that text regions are accurately identified. Some
examples of bounding box detection algorithms are DBNet [16], EAST [86]], and CRAFT [8].

2.1.2 Text Recognition

After detecting the bounding boxes, the next step is to recognize the text inside them. This can
be done by using algorithms that can handle various challenges, such as different languages, fonts,
sizes, orientations, and noises. Some examples of text recognition algorithms are PP-OCR [18]],
Tesseract [S8]], and CRNN [73]].

In recent research, PP-OCR [[18] has demonstrated advancements in text recognition accuracy.
By integrating deep learning models, it achieves SOTA results in recognizing text from bounding
boxes, enhancing the overall performance of OCR systems.

These OCR techniques, along with bounding box detection and text recognition algorithms,
play a pivotal role in automating the extraction of structured information, particularly in tasks like
table detection and recognition within documents. Advances in these technologies contribute to
improved document understanding and data extraction capabilities.

2.2 Layout Detection & Domain Adaptation

2.2.1 Layout Detection

Layout detection stands as a pivotal component in the domain of document analysis and
comprehension, addressing the intricate challenge of deciphering the structure and arrangement of
information within diverse documents. This process involves the identification and categorization
of different elements such as text, images, tables, and other visual components within a document,
providing a foundation for subsequent data extraction and comprehension.

'ML ) ‘lr_1li =

Figure 2.2: Example showing Layout Detection on document Images

The significance of layout detection lies in its role as a precursor to effective information
extraction from documents. It is extensively utilized in various domains where structured data
is embedded within unstructured documents. In academia and research, layout detection finds
applications in digital libraries, archives, and information retrieval systems, enabling efficient
categorization and retrieval of relevant content.

Advanced techniques, particularly those rooted in deep learning, have emerged as robust
solutions to the challenges of layout detection. Research papers such as LayoutLM [72], Layout-
DETR [76] have pioneered the integration of textual and layout information, leveraging pre-trained
language models in achieving SOTA performance in document understanding tasks. These mod-
els not only discern the textual content but also capture the spatial relationships and hierarchical
structures present in documents.



2.2.2 Domain Adaptation

The complexities associated with layout detection arise from the diverse array of document for-
mats, styles, and languages within various domains. Each domain presents distinct challenges, with
documents featuring unique layouts characterized by differences in column structures, font sizes,
and spatial arrangements. Notably, the structure of financial and medical documents significantly
differs from that of research papers or academic documents. This divergence encapsulates what is
commonly known as the problem of Domain Shift. Traditional rule-based approaches encounter
limitations when confronted with the intricate nature of domain shift, unable to effectively address
the complexity and variability inherent in real-world documents.

Domain shift refers to phenomenon where the statistical properties of the original domain,
where a model undergoes training, differ significantly from the objective domain, where the
trained model is applied. Domain shift arises when the characteristics of the documents used for
training differ from those encountered in real-world scenarios or diverse applications. Domain

=

iz
|
|

Patents Laws & Regulations Scientific Articles Manuals Financial Reports
Figure 2.3: Document Images from different domains showing domain shift

Adaptation [19, 43] aims to mitigate the adverse effects of domain shift, enhancing the model’s
robustness and generalization capabilities across diverse document domains. Domain adaptation
techniques are employed to ensure that models trained on a source domain can effectively adapt
to the nuances of target domains. Recent research has explored innovative approaches to domain
adaptation in document layout detection. Methods like self-training, where the model labels
additional unlabeled data during adaptation, and adversarial training, which encourages the model
to disregard domain-specific characteristics, have shown promise. Domain adaptation methods are
crucial for improving the flexibility and effectiveness of models in various real-world document
scenarios.

2.3 Document Parsing

Image-based Text Extraction (OCR) Parsing Tools (PyPDF, PDFMiner)
OCR may struggle with complex document layouts, | Parsing tools heavily relies on the structure of PDF
intricate fonts, or unconventional text arrangements. document. If document has a complex layout, non-

standard encoding, or uses custom fonts, these tools
may not accurately extract text.

OCR systems may struggle with handwritten text or | Maintaining formatting, such as indentation, font
fonts that deviate significantly from standard type- | styles, or table structures, can be challenging for pars-

faces. ing tools.

Poor-quality images, low resolution, or images with | Maintaining formatting, such as indentation, font

noise can degrade OCR accuracy. styles, or table structures, can be challenging for pars-
ing tools.

Table 2.1: Challenges in Image-based OCR tools & PDF Parsing tools



2.3.1 Pdf-to-Text Conversion & Information Extraction

PDF to text converters are tools or software applications designed to convert Portable Document
Format files into plain text files. These converters play a crucial role in extracting textual content
from PDF documents, making it more accessible and editable. They are utilized in various scenarios,
including document management, text analysis, and content extraction.

The process of converting PDF to text typically involves the following steps:

* Parsing the PDF File: The converter first parses the PDF file, interpreting its structure and
layout. PDFs can contain a mix of text, images, and other elements.

¢ Text Extraction: The converter identifies and extracts text content from the PDF. This
includes text from paragraphs, headings, lists, and other textual elements.

* Maintaining Formatting: Some converters attempt to preserve the formatting of the original
document, such as line breaks, font styles, and indentation. This helps in retaining the
document’s structure and readability.

* Handling Images and Graphics: In cases where the PDF contains images with embedded
text, OCR (Optical Character Recognition) may be employed to recognize and extract text
from these images.

* Output as Plain Text: The final result is a plain text document that mirrors the content of the
original PDF. This text file can be easily edited, searched, or used for further analysis.

PDF to text converters find applications in scenarios where access to the raw text content of a
PDF document is essential. This includes text mining, content indexing, data extraction for analysis,
and making PDF content compatible with systems that require plain text input. Popular PDF to text
python-based conversion tools include libraries such as PyPDFﬂ PDFMine Textrac

Model CPU Time (sec.) System Time (ms) Total Time (sec.)
EasyOCR 7.17 454 7.62
pyPDF 0.129 1.87 0.131

Table 2.2: Processing time for text extraction from a 2-page document using EasyOCR and pyPDF.

Text extraction from images using OCR is a process of converting images of text into editable
text files. Text extraction using parsing tools like pyPDF or pdfMiner is a process of studying
the internal structure and metadata of PDF files and extracting the text elements. Both methods
have some advantages and disadvantages. Addressing the challenges discussed in Table [2.1] of
image-based text extraction using OCR and parsing tools often requires a combination of OCR
technologies with advanced algorithms, ML models, or DL approaches. These methods aim to
enhance the robustness of text extraction across various document types, layouts, and languages.
Additionally, the development of tools that integrate OCR with parsing capabilities can provide
more comprehensive solutions for accurate text extraction from diverse documents.

https://github.com/py—pdf/pypdf
https://github.com/pdfminer/pdfminer.six
https://github.com/deanmalmgren/textract
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Figure 2.4: Optical Character Recognition from Images

2.4 Large Language Models

Before discussing Large Language Models, we first need to understand the birth of transformers.
Natural Language Processing (NLP) tasks predominantly relied on traditional approaches such
as rule-based systems, statistical models, and early neural network architectures. Rule-based
systems [47, 35,161}, 23] often involved handcrafted linguistic rules, which were limited in their
ability to capture the complexity and variability of natural language. Statistical models, including
Hidden Markov Models (HMMs) [32,160] and Conditional Random Fields (CRFs) [28] 12], focused
on probabilistic relationships between words but struggled with capturing long-range dependencies
and contextual nuances. Early neural network architectures, like feedforward neural networks,
faced challenges in handling sequential data and maintaining context across sentences. One

i Softmax )
',( Add & Normalize ) Linzar )
( Feed Forward ) ( Feed Forward ) L
H o
""""""""""""""" Z % %
l,b( . Add & Normalize . ) :"( P PPTT—— )
:\. _(_ ______ T _____ S_e_lf_-/_“ffrjt_ifrj . _1 ) E ( Feed Forward ) ( Feed Forward )
,b( Add & Normalize ) I.*( Add & Normalize )
k ! [} 4
( Feed Forward ) ( Feed Forward ) ,‘"C Encoder-Decoder Attention )
____________________________ ‘~-------.’..................-*
';( Add & Normalize ) ,»C Add & Normalize )
: L) [} ; [} )
L C Self-Attention ) P seltAenion )
Ty S 3 ;8 ;S
ENCODING
X1 X2
Thinking Machines

Figure 2.5: Transformer Architecture [2]]

notable approach was the use of recurrent neural networks (RNNs) [75], which attempted to
address the sequential nature of language by introducing hidden states that could capture contextual
information. However, RNNs suffered from vanishing and exploding gradient problems, limiting
their effectiveness in modeling long-range dependencies. These challenges led to difficulties in
capturing intricate language structures and hindered the overall performance of NLP systems.
The limitations of pre-transformer approaches became more apparent as NLP tasks grew in



complexity, demanding a better understanding of context, semantics, and hierarchical relationships
within textual data.

2.4.1 Transformers

Transformers addressed the shortcomings of earlier approaches, leading to significant advance-
ments in the field of NLP. The Transformer architecture was introduced in 2017 by Vaswani et al.
in their paper ”Attention Is All You Need” [65]. Transformers have revolutionized the field of NLP
by introducing attention mechanisms, enabling the efficient processing of long-range dependencies
and contextual information, pushing the state-of-the-art for a number of tasks, such as machine
translation, text summarization, question answering, and text generation.

Several variants and extensions of the transformer architecture have been proposed, such as
BERT [17], GPT [10], BART [36], and T5 [56], which leverage large-scale pre-training and
fine-tuning to achieve impressive results on various NLP benchmarks.

based models might have parameters in the
range of millions. The smaller size limits
their ability to capture and generalize com-
plex language patterns.

Characteristics | Language Model Large Language Model

Architecture Traditional LMs like n-gram models or | LLMs, such as GPT series, BERT, and T5
earlier neural network-based models (e.g | are based on the transformer architecture.
RNNs, LSTMs) have simpler architectures. | This architecture allows them to effectively
They often focus on capturing local context | capture long-range dependencies and under-
and may struggle with long-term dependen- | stand context over larger spans of text.
cies.

Number of Traditional LMs have significantly fewer | LLMs are characterized by their massive

Parameters parameters. For instance, earlier RNN- | number of parameters. For example, GPT-

3 has 175 billion parameters, and GPT-4
goes even beyond that. The large number of
parameters allows these models to capture
a wide range of language nuances.

Training Process

Traditional LMs are trained on smaller
datasets due to their limited capacity. They
often require careful feature engineering
and domain-specific tailoring.

LLMs are trained on extensive and diverse
datasets, often encompassing a large por-
tion of the publicly available internet text.
They employ techniques like unsupervised
learning, self-supervision, or transfer learn-
ing, enabling them to learn a broad range of
language patterns.

Model Examples

Hidden Markov Models, or Neural Network
models like LSTMs, Bi-LSTMs etc.

OpenATI’s GPT series (GPT-2, GPT-3, GPT-
4), LLaMA, BERT, and T5 models

Table 2.3: Characteristics Difference between LMs and LLMs

Attention Mechanism

Self-attention, also known as intra-attention, is an attention mechanism that establishes con-
nections between different positions within a single sequence to generate a representation of the
sequence. It has proven successful in various tasks such as reading comprehension, abstractive sum-
marization, textual entailment, and learning task-independent sentence representations. Essentially,
self-attention is the technique employed by the Transformer to incorporate the “understanding” of
other relevant words into the one currently being processed.



The attention function can be defined as a process that maps a query and a set of key-value
pairs to an output, where the query (A), keys (B), values, and output are all vectors. The output is
computed as a weighted sum of the values, with the weight assigned to each value determined by a
compatibility function between the query and the relevant key.

Attention (A, B,V) = soft (ABT) v @.1)
ention (A, B,V) = softmazr | —— .
Vi

LMs and LLMs

The key difference lies in the scale, which impacts their abilities. Large Language Models, with
their vast number of parameters and advanced architectures, are more adept at understanding and
generating human-like text, capturing nuances, and performing a wide range of NLP tasks with
minimal task-specific tuning. In contrast, traditional Language Models are more constrained in
their capabilities but are less resource-intensive and can be more transparent and interpretable. The
detailed difference between the characteristics of LMs and LLMs are shown in Table



Chapter 3

Literature Review
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“Discoveries are made by pursuing possibilities suggested by existing knowledge’
~ Michael Polanyi

3.1 Domain Adaptation & Layout Detection

In recent years, tremendous progress has been achieved in the domain adaptation sector [33]],
tackling the complexities of transferring knowledge from a source domain with distinct data distri-
bution to a target domain. A particularly notable advancement is presented in the study by Zhang
et al. [82], where they proposed a progressive self-training framework designed for unsupervised
domain adaptation. This method systematically uses both labelled data from the original domain
and unlabeled information from the desired domain, refining the model’s predictions and integrating
samples from the target domain through iterative steps.

Initial approaches to document layout analysis depended on rule-based systems and heuristic
approaches [1]. However, there has been a paradigm shift towards addressing these challenges
through the adoption of deep learning techniques. This involves leveraging object detection models
(23,122,157, 115, 162], which have shown significant improvements in both accuracy and speed over
the last decade. Importantly, contemporary object detection methods are user-friendly, allowing
for easy training and implementation with minimal effort, Standardised ground-truth formats for
data [42] and popular deep learning frameworks [70]]. Reference datasets like PubLayNet [84]] and
DocBank [39] conveniently provide their data in the widely accepted COCO format [42].

3.2 Table Detection & Text Recognition

Recognizing table structures has emerged as a complex and unresolved challenge in the
document-analysis community. Addressing this difficulty, several open challenges have been
organized [20, 24} 31]. The intricacy of this issue can be attributed to various elements.

Initially, tables present a diverse array of shapes and sizes, requiring an adaptable strategy
to properly manage their fluctuation. This becomes especially important when confronted with
intricate and demanding features of complex column and row headers. Secondly, a significant
challenge emerges due to restricted availability of data specifically designed for table structure
analysis. Nevertheless, substantial progress has been made in recent years, addressing the data
deficiency issue with the introduction of valuable datasets such as PubTabNet [83]], FinTabNet [81]],
and TableBank [38]].

Nguyen et al. [S1] introduced TableSegNet, a compact convolutional network that can perform
table separation and detection simultaneously. Zhang et al. [/9] presented a YOLO-based table
detection method, enhancing spatial arrangement learning involves improving efficiency by incor-
porating an involution into the network’s core & utilizing a basic feature pyramid network.

In the initial phases of table structure recognition, methods strongly relied on hand-crafted fea-

tures and heuristic rules [29,168]. These approaches were effective in handling basic table structures
or established data types. However, recent advancements, driven by the substantial success of deep
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learning in various computer vision tasks like object detection and semantic segmentation, have
given rise to several innovative deep learning-based methods for table structure recognition.

TableMASTER, as introduced by [26, 40], represents a Transformer-based model meticulously
crafted for the purpose of table structure recognition. This approach ingeniously merges the Trans-
former model with a text line detector to discern text lines within each table cell. Additionally,
the method incorporates a text line recognizer, drawing inspiration from the work of [44], extract
textual material from the identified lines.

Zhang et al. [80] put forward an end-to-end deep learning model designed for text reading and
information extraction within document understanding. Their approach involves a hierarchical
architecture, comprising a feature extraction module, a text reading module, and an information
extraction module. The authors rigorously evaluate their model using diverse public datasets. They
utilize SpaCy, for example, to extract private information from unstructured or loosely organized
data.

3.3 Educational AI & LLMs

Recent research has emphasized the potential of Large Language Models in the field of education.
They show promise in automating question generation and facilitating direct interactions within
the learning environment [30]. Additionally, investigations have delved into few-shot prompting
techniques applied to LLMs, specifically for addressing mathematical word problems [69, 85 21]].
The ”chain-of-thought” prompting approach [69] strategically employs explicit intermediate rea-
soning steps to enhance the LLM’s overall reasoning abilities. In response to arithmetic errors
often observed in LLMs [37, 27]], prior studies [14] have explored the use of external calculators to
execute operations generated by LLMs.

Several approaches aim to enhance mathematical problem-solving using Large Language Mod-
els (LLMs). Wang et al.’s self-consistency method [67], based on the CoT framework, evaluates
multiple potential reasoning paths and selects answers through a plurality of votes. Li et al. [41]
extend self-consistency by instructing a verifier to validate each step, while Madaan et al. [46] lever-
age recent LLMs like GPT-3.5 to generate an output, provide feedback, and prompt the model for
improvements. Wang et al. [66] assess pretrained language models on basic arithmetic expressions,
including addition (+) and subtraction (—), and Muffo et al. [49] expand the evaluation to include
multiplication (x) operations within the language model’s scope.

It’s crucial to recognize that, despite the effectiveness of Large Language Models (LLMs),
approaches such as CoT, ToT [69, [74] and knowledge graphs [S3] may still encounter limitations in
delivering responses that mimic human-like understanding to complex problems [9]].

The constraints associated with the aforementioned approaches have led to the emergence of a
new method called Reinforcement Learning from Human Feedback (RLHF). This method aims
to improve language models by aligning their outputs more closely with human preferences [71].
Initially, RLHF was utilized to enhance language models for specific tasks such as text summa-
rization [39] and question answering [50]. Over time, RLHF techniques have gained widespread
acceptance for more versatile, general-purpose language models.

11



Chapter 4

Contributions & Evaluations

“Research is formalized curiosity.”
~ Zora Neale Hurston

In this section, I'll delve into the research contributions and publications I’ve been involved
in during this period. Let’s start with the “PATTERNS” part of the thesis, which encompasses
two published research works. The first paper tackles Document Layout Detection, proposing a
diverse noisy dataset. This dataset aids in training a model to detect various layout labels like text,
headings, figures, tables, and charts in documents, along with providing bounding box annotations.
Published in ACM MMAsia 23, this work significantly enhances the robustness of document
layout detection performance, facilitating seamless adaptation to different domains. More details on
this work are covered in Section 4.1

While the aforementioned work lays the groundwork for understanding document structure,
merely detecting it is not sufficient. To maximize its utility, a subsequent research project, pub-
lished in ACM MMIR ’23, addressed this gap. Consider scientific documents containing images,
tables, graphs, and text. Language models efficiently reason through text, and vision-based models
handle images. However, tables present a unique challenge due to their diverse structures—some
have borders, others don’t; some have merged rows and columns, while others contain missing
values. Extracting data from tables without any loss of information or structure is a daunting task.
Previous approaches often focused on singular aspects like Table Detection, Recognition, or Text
Extraction. However, there lacked a unified pipeline capable of handling all these tasks within
a single framework. Building on this, we introduced TC-OCR, a comprehensive framework for
detecting, recognizing table structures, and extracting content from document images, saved in CSV
format. This pioneering work outperforms previous state-of-the-art models like Table Transformer
and effectively analyzes table structures within documents. Refer to Section[d.2] for detailed insights
into the results.

In the “PATTERNS” segment of the thesis, we introduced the RanlLayNet dataset aimed at
enhancing robust document layout detection by addressing domain shift challenges. Additionally,
we presented a unified pipeline for detecting and recognizing table content from document images.
This innovative approach surpasses previous benchmark results for this task, paving the way for
further research in the realm of table understanding and reasoning.

Transitioning to the “PROBLEMS” segment of the thesis, we shift our focus slightly to a
different challenge. Large Language Models (LLMs) have gained prominence in the NLP domain
for their exceptional long-sequence understanding and reasoning capabilities. While LLMs excel
in general tasks, their performance in solving basic mathematical problems falls short. As LLMs
become integral to smart education, bridging this gap becomes imperative. The “PROBLEMS” part
of the thesis aims to enhance the mathematical reasoning abilities of open-source LLMs. Introducing
MathQuest published in NeurIPS’ 23, an Indian High-School Mathematics Dataset, this research
initiative seeks to provide a comprehensive collection of math problems covering various topics
and difficulty levels. By proposing this dataset alongside benchmark results utilizing the top-
performing LLM, MAmmoTH-13B, we pave the way for further advancements in mathematical
problem-solving. For a detailed discussion, refer to Section {.3]
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As it is said that:

“In the realm of problem-solving, mathematics is the trusted compass, steering us through the
vast terrain of physics.”
~ ChatGPT

In physics problem-solving, a comprehensive understanding of context and precise arithmetic
operations is essential, posing a challenge for conventional Large Language Models (LLMs). Our
focus is enhancing LLMs to tackle physics-related questions extracted from the PhyQA [3| 4]
dataset, which encompasses problem sets from Indian NCERT textbooks for 11th and 12th grades.
We employ a methodology called Reinforcement Learning with Human Feedback (RLHF) to
boost the efficacy and accuracy of LLMs in arithmetic reasoning. Various reinforcement learning
techniques, including Policy Optimization (PPO), Direct Preference Optimization (DPO), and
ReMax optimization, are examined to assess their performance in solving physics problems across
diverse scenarios. A pivotal aspect of our approach involves integrating human and artificial
intelligence feedback. This innovative strategy aids in training our models to produce more logical
and reasonable solutions to physics problems. This work is submitted for review in ACMMM *24.
A more detailed discussion is mentioned in Section
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4.1 RanLayNet: A Dataset for Document Layout Detection used for Domain Adaptation
and Generalization

Citation: Avinash Anand, Raj Jaiswal, Mohit Gupta, Siddhesh S Bangar, Pijush Bhuyan, Naman
Lal, Rajeev Singh, Ritika Jha, Rajiv Ratn Shah, and Shin’Ichi Satoh. 2024. RanLayNet: A Dataset
for Document Layout Detection used for Domain Adaptation and Generalization. In Proceedings
of the 5th ACM International Conference on Multimedia in Asia (MMAsia ’23). Association for
Computing Machinery, New York, NY, USA, Article 74, 1-6.

4.1.1 Abstract

The availability of large ground-truth datasets and recent advancements in deep learning tech-
niques have proven beneficial for layout detection. However, due to the limited diversity of layouts
in these datasets, training models on them necessitates a substantial number of annotated instances,
which is costly and time-consuming. Consequently, differences between the source and target
domains can significantly impact the effectiveness of these models. To address this issue, domain
adaptation methods have been developed to adjust models to the target domain using a small amount
of labelled data. In this study, we introduce a synthetic document dataset named RanLayNet, which
is enriched with automatically assigned labels indicating spatial positions, ranges, and types of lay-
out elements. Our objective is to create a versatile dataset capable of training models with resilience
and adaptability to various document formats. Through empirical experimentation, we demonstrate
that a deep layout identification model trained on our dataset outperforms a model trained solely
on authentic documents. Additionally, we conduct a comparative analysis by fine-tuning inference
models using both the PubLayNet and IIIT-AR-13K datasets on the Doclaynet dataset. Our results
underscore that models enriched with our dataset excel in tasks such as achieving 0.398 and 0.588
mAP9S5 scores in the scientific document domain for the TABLE class.
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Figure 4.1: RanLayNet generation workflow
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4.1.2 Methodology
Dataset

In this paper, we introduce the RanLayNet dataset. RanlayNet contributes to the field by
introducing greater variability in document layouts, exceeding the scope of existing datasets such as
Publaynet [84], Doclaynet [54], and IIIT-AR-13K [48]]. It specifically presents complex structures,
covering a wide range of layout classes to offer a balanced representation of document layout
components. This diverse set equips models to handle unpredictable real-world layouts. Deep
learning models trained on the The RanLayNet dataset provides insights into the spatial positions,
categories of elements, and extents within document layouts. Exposure to such diverse layouts
assists models in acclimating to real-world variations. The dataset’s generality enables the training
of models for a wide range of layouts, effectively addressing domain shift issues.

Label Count Percentage (%)
Text 95,227 45.52
Title 45,306 21.65
List 23,090 11.03
Table 22,146 10.58
Figure 23,493 11.22

Table 4.1: Distribution of different class labels in RanLayNet

The diverse structures within RanLayNet serve as a defense against overfitting, promoting
adaptable representations that mitigate domain disparities. Models trained on RanLayNet demon-
strate superior performance compared to those trained on PublayNet, highlighting robustness and
adaptability to various layouts, thus reinforcing domain adaptation. The count and distribution of
class labels in RanLayNet are presented in Table. 4.1]

This work aims to construct a dataset conducive to developing robust and versatile models. A
model trained on this dataset can process data in diverse formats efficiently. Our approach com-
mences by utilizing the source dataset Publaynet [84]], which includes fixed labels such as Text, Title,
List, Figure, and Table. This dataset is employed for the initial training of our model. Following
this, a target dataset is carefully curated, featuring an expanded class structure and diverse domains.
The primary challenge in domain adaptation is mitigating the disparities between the source and
target datasets. An essential aspect of this method involves systematically expanding the RanLayNet
dataset. We meticulously incorporate diverse layout structures and distinct data distributions as
patches onto the dataset canvas. This augmentation enhances the dataset’s complexity and variance,
exposing the model to a larger spectrum of scenarios.

RanLayNet Generation: Generating the RanLayNet dataset, comprising packed images
and related label information entails multiple steps. Initially, a .csv file containing details about
the images and their associated bounding boxes is supplied from Publaynet [84]. Utilizing the
‘smart_plot* function, positions and gaps are determined to effectively accommodate each image or
crop within a composite image. Upon successful position and gap calculation, a blank canvas is
generated as the base for the composite image.

Subsequently, the function iterates through each determined position. Based on the provided
data, it selectively crops specific regions from the images or pastes entire images onto the composite
canvas at the designated positions. Throughout this process, the coordinates of bounding boxes are
updated, and these new coordinates are stored in a label file. Iterating through all positions, the
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function orchestrates the arrangement and placement of images or crops onto the composite canvas,
creating a comprehensive representation.

Ultimately, the output comprises the composite image itself, along with a label file containing
adjusted bounding box information. The entire workflow is visually represented in Figure.

4.1.3 Results & Analysis

In this study, we conducted fine-tuning of YOLOVS across various datasets for 40 epochs,
utilizing a batch size of 16 and setting num_workers to 4. The optimization was performed using
the SGD optimizer with a learning rate of le-3. In our context, Noise Labelinéf] is employed
for a document layout identification model with the goal of enhancing the model’s capability to
accurately detect various elements within diverse types of documents spanning different domains.
Our experimentation reveals that the “Table” class exhibits the highest mean average precision,
indicating its significance and potential impact across various applications.

Domain IIIT-AR-13K IIT-AR-13K + RanLayNet
Precision | Recall| mAP50| mAP95 | Precision | Recall| mAP50 | mAP95
Manuals 0.194|0.0353| 0.0587| 0.0262 0.446| 0.356| 0.336| 0.226

Financial Documents | 0.00405| 0.013]0.00028|0.00088 0.374| 0.334| 0.298| 0.187
Laws and Regulations 0.194| 0.353| 0.0587| 0.0262 0.619| 0.263| 0.293| 0.222
Scientific Documents 0.0112]0.0042|0.00582{0.00219 0.187| 0.474| 0.334| 0.398

Table 4.2: Inference of the "TABLE” class on Doclaynet Documents with models fine-tuned on
IIT-AR-13K and HIT-AR-13K with RanLayNet.

Building on this observation, we performed “Table” class detection using two fine-tuned models
derived from source datasets: III'T-AR-13K and IIIT-AR-13K with RanLLayNet. The objective was
to detect ”Tables” in diverse domain documents, including Manuals, Financial Documents, Laws &
Regulations, and Scientific Documents. The results, as presented in Table. and illustrate
that fine-tuning the model on the source dataset with our noisy dataset significantly enhances model
performance across various metrics in different target domains. This outcome provides additional
evidence supporting the effectiveness of our approach in enhancing adaptability and generalization
capabilities.

Domain PubLayNet PubLayNet + RanLayNet
Precision | Recall mAP50| mAP95 |Precision | Recall mAP50| mAP95
Manuals 0.488| 0.582| 0.421| 0.220 0.562| 0.807| 0.761| 0.588

Financial Documents 0.350| 0.452] 0.288| 0.163 0.427| 0.555| 0.465| 0.293
Laws and Regulations 0.039| 0.356| 0.337| 0.194 0.294| 0.572| 0.350| 0.282
Scientific Documents 0.366| 0.621| 0.562| 0.376 0.562| 0.807| 0.761| 0.588

Table 4.3: Inference of the "TABLE” class on Doclaynet Documents with models fine-tuned on
PubLayNet and PubLayNet with RanLayNet.

!Noise labeling refers to the intentional addition of noisy labels to the training data for the purpose of studying the
impact of noisy labels on the performance of models. This practice is commonly employed to assess the robustness of
machine learning algorithms against various types and levels of label noise.
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4.1.4 Paper Conclusion

In summary, our proposed approach highlights the challenges in bridging the gap between
source and target datasets with distinct label structures. The model, trained on a source dataset
with a specific set of five labels, faced limitations when applied to a target dataset encompassing
additional classes. This disparity hindered the model’s generalization, prompting the exploration
of innovative solutions. In response, we introduced the concept of "RanLayNet,” a dynamic and
unbiased approach to dataset creation. This noisy dataset, devoid of a predetermined layout structure,
exhibited inherent adaptability to diverse layout configurations. This adaptability is crucial for
mitigating bias and promoting versatility, enabling the model to navigate the intricate domain
landscape effectively. By leveraging the power of RanlLayNet and adopting a generality paradigm,
our approach has the potential to revolutionize domain adaptation strategies. Through the fusion of
innovative methodologies, we aim to empower models with enhanced adaptability, ensuring they
transcend the constraints of source-target alignment paradigms.

4.1.5 Future Scope

The current implementation, featuring five labels, demonstrates promising adaptability in the
target domain. However, our trajectory envisions a progressive evolution, with plans to introduce
diverse patches on our canvas. This expansion is anticipated to facilitate seamless generalization
across a broader spectrum of domains, even without explicit label generation for both the source
and target datasets.
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4.2 TC-OCR: TableCraft OCR for Efficient Detection & Recognition of Table Structure &
Content

Citation: Avinash Anand, Raj Jaiswal, Pijush Bhuyan, Mohit Gupta, Siddhesh Bangar, Md.
Modassir Imam, Rajiv Ratn Shah, and Shin’ichi Satoh. 2023. TC-OCR: TableCraft OCR for Efficient
Detection & Recognition of Table Structure & Content. In Proceedings of the st International
Workshop on Deep Multimodal Learning for Information Retrieval (MMIR ’23). Association for
Computing Machinery, New York, NY, USA, 11-18.

4.2.1 Abstract

The automatic recognition of tabular data in document images presents a significant challenge
due to the diverse range of table styles and complex structures. Tables offer valuable content
representation, enhancing the predictive capabilities of various systems such as search engines and
Knowledge Graphs. Addressing the two main problems, namely table detection (TD) and table
structure recognition (TSR), has traditionally been approached independently. In this research, we
propose an end-to-end pipeline that integrates deep learning models, including DETR, Cascade
TabNet, and PP OCR v2, to achieve comprehensive image-based table recognition. This integrated
approach effectively handles diverse table styles, complex structures, and image distortions, re-
sulting in improved accuracy and efficiency compared to existing methods like Table Transformer.
Our system achieves simultaneous table detection, table structure recognition, and table content
recognition (TCR), preserving table structures and accurately extracting tabular data from docu-
ment images. The integration of multiple models addresses the intricacies of table recognition,
making our approach a promising solution for image-based table understanding, data extraction,
and information retrieval applications. Our proposed approach achieves an IOU of 0.96 and an
OCR Accuracy of 78%, showcasing a remarkable improvement of approximately 25% in the OCR
Accuracy compared to the previous Table Transformer approach.
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4.2.2 Methodology
Dataset

In this research, we utilized the TableBank [38]] dataset, an extensive standardized open-domain
table benchmark dataset, to fulfill the requirement for large-scale table analysis across various
domains. This dataset outnumbers previous human-labeled datasets in terms of size, comprising
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417,234 tables, each associated with its original document. The dataset is generated by manipulating
markup tags for tables found in electronic documents, such as Word (.docx) and I£TEX(.tex) files.
To offer high-quality labelled data, bounding boxes are added with the markup language. Figure i3]
depicts instances of data samples from TableBank from two distinct sources.
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Figure 4.3: Different document images highlighting Tables from two different sources.

In this work, we present an extensive pipeline that combines three unique models to meet the
many issues associated with various table designs, complicated structures, and visual distortions
often found in document graphics.

1. DETR - Object Detection Model: Nicolas Carion et al. [11] introduced was a methodology
for addressing object detection by framing it as a direct set prediction problem. The approach
utilizes an encoder-decoder architecture based on transformers, known for their efficacy in
sequence prediction tasks. This is harnessed as an end-to-end, transformer-based solution
for object detection, directly generating sets of bounding boxes and class labels. This
approach ensures clear and distinct predictions, effectively handling challenges associated
with duplicate predictions.

2. CascadeTabNet: CascadeTabNet [53], introduced is an advanced end-to-end deep learning
framework that adeptly addresses both table recognition sub-problems through a unified
model. This method achieves pixel-level table segmentation, precisely identifying each table
instance inside an input image. Furthermore, it conducts table cell segmentation, predicting
segmented regions corresponding to individual cells, thereby facilitating the extraction of the
table’s structural information.

Figure [4.4] illustrates the architecture of CascadeTabNet. The primary components in its
design include Cascade RCNN, a multi-stage model tailored to tackle the challenges of
high-quality object detection in CNNs. Also, a customised version of HRNet is integrated,
offering dependable high-resolution representations and multi-level features, which prove
advantageous for the semantic segmentation tasks associated with table recognition.
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Figure 4.4: CascadeTabNet Model Architecture [S5]

3. PP OCRv2: For text detection and recognition, we employ PP OCRv2 [18]]. The text
cells identified by PP OCRv2 are then compared with those detected by CascadeTabNet.
Upon establishing correspondence between the detected text and the cells, we calculate their
centroids. By finding the shortest possible distance between any two cells, we accurately
identify the structure or placement of the text within the rows and columns.

Our proposed methodology for image-based table recognition integrates three distinct models:
DETR for table detection, CascadeTabNet for table structure recognition, and PPOCR for text
detection and recognition, as illustrated in Figure The aforementioned pipeline is specifically
developed to overcome issues caused by diverse table types, complicated structures, and visual
distortions often found in document images.

At first, the input, whether in image or PDF format, undergoes pre-processing in order to offer
standardized data for subsequent analysis. The document image is then fed into the DETR model,
which uses object detection to precisely localize tables by creating a fixed-size collection of S
predictions. After identifying table regions, they are isolated from the original image and employed
as input for the CascadeTabNet model. This specialized deep-learning architecture is specifically
designed for precise recognition of table structures, accurately determining the number of rows and
columns as well as their corresponding spatial coordinates. Following that, we utilize the PPOCR
(Pixel-level Patch-wise Object Character Recognition) method to achieve accurate text detection
and recognition within the identified table cells. PPOCR extracts the spatial coordinates of the
detected text, and we establish a mapping process using the nearest neighbor approach to align this
text with the original coordinates of the table cells obtained from CascadeTabNet. To address the
drawbacks of current table-structure recognition models, we tested the Table Transformer (TATR),
which incorporates a powerful table-structure deconstruction technique.

4.2.3 Results & Analysis

We performed a comparative assessment of the inference time between our proposed model
and Table Transformer (TATR) using the TableBank dataset, which includes 47,053 table images.
The findings of this evaluation are illustrated in Table. 4.4l Notably, our model exhibits superior
efficiency, showcasing quicker inference times across all measured parameters. Specifically, our
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model attains a maximum inference time of 12.7 seconds, a minimum of 5.42 seconds, and an
average of 8.23 seconds.

Model Inference Time (sec.)
Max 15.48
TATR Min 4.95
Avg 12.43
Max 12.7
TC-OCR Min 5.42
Avg 8.23

Table 4.4: On the TableBank dataset of 47,053 images, the inference time of TC-OCR is compared
with TATR.

As indicated in Table. 4.5] our model surpasses the Table Transformer (TATR) concerning
Intersection over Union (IOU) and Optical Character Recognition (OCR) accuracy metrics, under-
scoring its superior performance. Notably, our model attains an impressive IOU of 0.96, signifying
its effectiveness in precisely delineating and localizing table elements. Furthermore, our model
showcases a noteworthy improvement in OCR accuracy, achieving an impressive 78%, excelling in
the pivotal task of accurately recognizing and comprehending the textual content within tables.

Model 10U OCR Accuracy
Table Transformer 0.94 62 %
TC-OCR 0.96 78 %

Table 4.5: IOU and OCR Accuracy of TC-OCR and TATR.

A thorough comparison between the Table Transformer (TATR) model and our proposed method
is presented in Table. 4.6] This table illustrates the performance evaluation on various columns
within a dataset comprising 240 images and 2,785 rows. Across all columns, our method exhibits
superior accuracy, surpassing TATR significantly.

Column | No. of | Rows | TATR | TC-OCR | TATR | TC-OCR | Improvement

No. Images Accu- |Accuracy |(TC-OCR -
racy (%) TATR)
(%)

Total 240 2785 | 1818 | 2485 65 89 24

2 100 1130 | 838 1075 74 95 21

3 100 1085 | 760 1010 70 91 21

4 40 570 | 220 400 39 70 31

Table 4.6: Comparison of outcomes between the TC-OCR and the TATR.

4.2.4 Paper Conclusion

This study proposes an integrated workflow for end-to-end image-based table recognition,
harnessing the capabilities of three cutting-edge models: DETR, CascadeTabNet, and PP OCR v2.
Through the amalgamation of these models, we successfully address challenges presented by diverse
table styles and complex structures in document images. Our method allows for precise restoration
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of table layouts and the extraction of cell information from PDF or OCR using bounding boxes.
Finally, our work helps advance data extraction and interpretation in digitized documents,
supporting development in the discipline of document analysis.

4.2.5 Limitations & Future Scope

A significant drawback of this proposed method is its incapacity to accurately identify intricate
tables featuring merged cells, nested tables, or irregular structures. Managing such complex
layouts presents difficulties in understanding the intricate connections between cells and headers.
Consequently, our current approach may not be appropriate for managing these specialized instances,
necessitating further research and improvements to effectively tackle these complexities.

For future research, we can delve into integrating this pipeline with Large Language Models
(LLMs) to tackle more advanced tasks, such as reasoning and question-answering directly from
complex tabular document images. This integration involves extracting the structure and information
from the pipeline and feeding it into the prompt of the LLM. This will guide the model on the
structure of the tabular data, enabling it to learn how to understand and reason from the tabular
structure to address user queries effectively.
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4.3 Mathify: Evaluating Large Language Models on Mathematical Problem Solving Tasks

Citation: Avinash Anand, Mohit Gupta, Kritarth Prasad, Navya Singla, Sanjana Sanjeev, Jatin
Kumar, Adarsh Raj Shivam, and Rajiv Ratn Shah. Mathify: Evaluating Large Language Models
on Mathematical Problem Solving Tasks. NeurlPS’23 Workshop on Generative Al for Education
(GAIED), 2023.

4.3.1 Abstract

The rapid evolution of natural language processing systems and the accumulation of large
language models (LLMs) have created numerous possibilities in education and instructional method-
ologies. These developments present opportunities for personalized learning experiences and
prompt feedback, all delivered through accessible and cost-effective means. One notable applica-
tion of this technological progress lies in mathematical problem-solving. Solving mathematical
problems demands the ability to comprehend complex problem statements and the proficiency to
execute accurate arithmetic computations at each stage of the problem-solving process. However,
assessing large language models’ arithmetic prowess remains an area that has received relatively
scant attention. In response to this gap, we introduce a comprehensive mathematics dataset named
”MathQuest,” derived from 11th and 12th standard Mathematics NCERT textbooks. This dataset
encompasses mathematical challenges of varying complexity, covering a broad spectrum of mathe-
matical concepts. Leveraging this dataset, we conduct fine-tuning experiments with three prominent
LLMs: LLaMA2, WizardMath, and MAmmoTH. These fine-tuned models serve as benchmarks for
evaluating their performance on our dataset. Our experiments reveal that MAmmoTH-13B emerges
as the most proficient among the three models, demonstrating the highest level of competence in
solving the presented mathematical problems. Consequently, MAmmoTH-13B establishes itself as
a robust and reliable benchmark for addressing NCERT mathematics problems.

- T o S M A am Em EE B B M SR M Gm am M Gm Gm BE EE B B AR M Gm Gm Gm GE B M A A M GE SN GE B M M M M GE Gm M M M Em Em

Figure 4.5: Fine-Tuning and Inference flow of LLMs

4.3.2 Methodology
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The process of solving mathematical problems involves a diverse range of cognitive skills. It
includes understanding problem statements, identifying relevant concepts and formulas, applying
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appropriate algorithms and strategies, performing precise calculations, and verifying the validity and
reasonableness of solutions. Traditionally, the teaching and assessment of mathematical problem-
solving have relied on conventional methods such as textbooks, worksheets, and examinations.
However, these methods often provide limited feedback and guidance to learners. With advances
in artificial intelligence and natural language processing, LLLMs have grown as strong tools for
producing natural language text across a broad spectrum of areas and applications. Existing
LLMs face significant challenges in solving math word problems that require multi-step arithmetic
calculations, complex reasoning, or domain-specific knowledge.

Dataset

In our research experiments, we utilized the Math-401 dataset [7/]], comprising 401 samples
of mathematical problems. This dataset encompasses a diverse range of mathematical operations,
including (+, —, %, /), exponentiation, trigonometric, logarithmic functions (sin, cos, tan, log, In),
and incorporates integers, decimals, and irrational numbers (7, ¢). Acknowledging the restricted
sample size of Math-401 for effective learning by large language models, we expanded it through
augmentation, yielding a dataset size of 302,000 samples. To create our augmented dataset, we
utilized the SymPyE] Python library. This library enabled us to generate arithmetic mathematical
equations along with their corresponding ground truth values. Table |4.7|offers a detailed breakdown
of the question types employed in crafting our augmented dataset.

Type Range | Decimal Places (1 - 4) Variables Count

Small Integer [-20, 20] X (X, y) 65,000

Small Decimal [-20, 20] v X, y) 35,000

Small Decimal + Integer [-20, 20] v (X, y) 39,000
Large Integer | [-1000, 1000] X (x,y) 39,000

Large Decimal | [-1000, 1000] v (X,y) 25,000

Large Decimal + Integer | [-1000, 1000] v (X,y) 25,000
3 Terms [-100, 100] ve (X, Y, 2) 25,000

4 Terms [-100, 100] v | (W, X,Y,2) 49,000

Total - - - | 302,000

Table 4.7: The distribution of types of question in our augmented Math-401 dataset

MathQuest: In this research work, we have also carefully curated our proprietary dataset, known
as MathQuest, by extracting problems from high school mathematics NCERT books. MathQuest
serves as a diverse resource, incorporating word problems of various complexities and covering
a wide range of mathematical concepts. Our dataset encompasses a total of 14 comprehensive
mathematical domains, including sets, trigonometry, binomial theorem, and more. The distribution
of samples across these concepts is visually illustrated in Figure .6] Our dataset comprises a total
of 223 samples, with the ”Sequence and Series” category notably having the highest number of
problems, as indicated in the charts.

This study aims to improve the problem-solving capacities of LLMs within the field of mathe-
matics. Initially, we noted that established publicly available models, including LLaMA [63]] and
Vicuna [13], struggled with basic mathematical tasks like subtraction and addition. This insight
became the catalyst behind our study, motivating us to improve LLLMs ability to grasp and solve
mathematical problems.

https://www.sympy.org/en/index.html
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Figure 4.6: Distribution of the number of questions for each mathematical topic.

To achieve this goal, we used an instructional strategy similar to how children are taught
mathematics. We started with basic operators like +, —, x and / before moving on to more
sophisticated operators and expressions. In a same spirit, we wanted to familiarize LLMs with
the meanings of numerous mathematical operators and expressions. To help with this procedure,
we used the Math-401 dataset [[77]], which is a good resource that contains 401 data samples that
include fundamental mathematics questions and their solutions. Given the dataset’s limited size,
we expanded it to add more diversity and complexity, guaranteeing that the model could learn and
grasp advanced mathematical ideas throughout training. To fine-tune, we used three popular LLMs:
MAmmoTH [78], WizardMath [45], and LLaMA-2 [64].

4.3.3 Results & Analysis

In this section, we delve into the specifics of our conducted experiments, providing an overview
of the experimental setup. We ran trials using three popular large language models: MAmmoTH,
WizardMath, and LLaMA?2. We tested both the 7B and 13B versions of these LLMs. Our ex-
periments were conducted in two stages. In the first stage, we loaded the original model weights
and performed inference on our test set. In the second stage, we fine-tuned the LLMs using the
Math-401, which we have augmented in this research work.

The dataset was partitioned into 2.41K train, 30K test and 30K validation samples. We used
QLora for fine-tuning, which optimizes memory and reduces computing costs in a pretrained
language model by 4-bit quantization. Each model is fine-tuned for #10 epochs at a step size of
3e-4.

To evaluate performance, we measured accuracy by assessing the match between generated
answers and the actual solutions for five open-source datasets: GSM-8K, DeepMind, SimulEq,
NumGLUE, and Math-401. These datasets offer ground truth answers, enabling the calculation of
exact match accuracy.

Table. @l shows the exact match accuracy of three models (7B and 13B variants) before fine-
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Model # of Params Accuracy

GSM-8K | DeepMind | NumGLUE | SimulEq | Math-401* | MathQuest
LLaMA-2 |7B 16.0 46.0 37.0 11.0 10.0 10.4
LLaMA-2 13B 22.0 50.0 42.0 15.0 10.0 14.1
WizardMath | 7B 61.0 51.0 54.0 27.0 6.0 14.6
WizardMath | 13B 65.0 55.0 70.0 36.0 8.0 14.3
MAmmoTH | 7B 43.0 49.0 54.0 23.0 11.0 12.2
MAmmoTH | 13B 44.0 48.0 56.0 26.0 14.0 18.1

Table 4.8: Before fine-tuning, results for 100 samples from five datasets and our MathQuest dataset.
(*) denotes the augmented subset of Math-401.

tuning on five datasets and our MathQuest dataset. Overall, performance is notably lower on the
SimulEq dataset and our augmented Math-401 dataset. This is likely due to the presence of complex
problems that require additional knowledge, such as questions like "Number of red color cards in a
deck of 52 cards.”

Model # of Params Accuracy

GSM-8K | DeepMind | NumGLUE | SimulEq | Math-401* | MathQuest
LLaMA-2 |7B 30.0 46.0 45.0 15.0 17.0 10.6
LLaMA-2 13B 42.0 51.0 54.0 16.0 24.0 20.3
WizardMath | 7B 64.0 55.0 52.0 29.0 15.0 16.01
WizardMath | 13B 68.0 56.0 70.0 38.0 10.0 20.1
MAmmoTH | 7B 56.0 50.0 62.0 24.0 16.0 18.5
MAmmoTH | 13B 67.0 51.0 64.0 34.0 18.0 24.0

Table 4.9: After fine-tuning, results for 100 samples from five datasets and our MathQuest dataset.
(*) denotes the augmented subset of Math-401.

Table. provides an in-depth analysis of the accuracy outcomes following the fine-tuning
process. In summary, all models improved significantly in accuracy post fine-tuning on our
heterogeneous question-and-answer dataset. We can also see that, models with 13B parameters
were more accurate than those with 7B parameters.

The major findings from Tables 4.8 and show that MAmmoTH-13B is the best-performing
model for our MathQuest dataset, with the highest accuracy after fine-tuning (24.0%). It’s worth
noting that both MAmmoTH-7B and 13B produced results with precision up to two decimal places,
demonstrating their accuracy. Table. 4.9 shows that MathQuest is a tougher difficulty due to its
complexity and diversity, resulting in lesser accuracy when compared to other datasets.

4.3.4 Paper Conclusion

In conclusion, this research work provides Large Language Models (LLMs) with critical
reasoning abilities for exact mathematical problem solution. The MathQuest dataset includes
customizable question-and-answer pairs that address one or more mathematical operators as well
as expressions. These challenges direct the model’s approach to incremental problem resolution,
with the goal of improving solution clarity and precision. Our findings show considerable gains in
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solution correctness and comprehensibility, which will be useful for educators and students looking
to improve their problem-solving mathematical ability.

While this study provides a solid foundation for using Generative LLMs to advance mathematical
problem-solving, further adjustments and optimizations are required to broaden its application
to a wider range of contexts. Finally, our research helps to increase conceptual comprehension
and numerical problem-solving abilities in high school-level mathematical question-answering,
providing essential aid to pupils as well as professionals dealing with challenging questions via
LLMs.

4.3.5 Limitations & Future Scope

While the proposed solution effectively handles simple mathematical problems, it occasionally
faces difficulties when confronted with complex mathematical scenarios that require retaining
variable values for subsequent equations. Additionally, our work exhibits a limitation concerning
the partial enhancement of LLMs’ reasoning abilities in solving mathematical problems. However,
it struggles to address complex expressions containing nested brackets within equations.

In our future work endeavors, we target to address these drawbacks by expanding our training
dataset. Given the rapid pace of advancements in LLM research, with new techniques, models, and
prompting strategies emerging daily, we plan to integrate more advanced techniques to enhance
LLM reasoning capabilities. This includes leveraging prompting techniques such as Recall, CoT,
and Self-Consistency CoT, as well as advanced techniques like RLHF. By incorporating these
methodologies, we seek to further refine LLMs’ reasoning abilities and effectively address the
challenges posed by complex mathematical problems.
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4.4 Empowering Large Language Models for Physics: Insights from Reinforcement Learn-
ing with Human and AI Feedback

Status: Pending

4.4.1 Abstract

Currently, Large Language Models (LLMs) have shown great performance in general tasks
like text summarization. However, they often struggle with complex arithmetic questions and
mathematical reasoning tasks. While simple approaches, such as fine-tuning LLMs for specific
mathematical problem-solving tasks, have improved their reasoning abilities, they still face chal-
lenges when encountering new questions or variations in problem-solving approaches. This study
aims to enhance LLMs to effectively handle physics-related questions extracted from the PhyQA
dataset, which consists of problem sets from Indian NCERT textbooks for grades 11 and 12. We
employ Reinforcement Learning to improve the efficacy and accuracy of our models in arithmetic
reasoning for the PhyQA dataset. Various reinforcement learning methods, including DPO, ReMax,
and PPO optimization, are explored to assess their performance in physics problem-solving across
different scenarios. A crucial aspect of our approach involves integrating human and artificial
intelligence feedback, referred to as Reinforcement Learning with Human and Artificial Intelligence
Feedback. This innovative approach helps train our models to generate more logical and reasonable
solutions to physics problems. In evaluations, the MISTRAL-PPO model stands out for its ability
to produce reasonable solutions, achieving commendable scores such as a 58.67% METEOR Score,
an 80.39% Reasoning Score, and 38.0% accuracy in a manual evaluation of 100 random samples,
quantitatively measuring the model’s reasoning abilities.

/ N\
o o iz 3 I To solve the problem, we can simply plug the given | /_\
( 3 Gemini { values into the formula ... }
)
/ N\
. a2 | self =(132V*0.055) / (179 A- 17 A) |
uestion: - - e . [
, Q r 3 LLaMA-2 - | Self-Inductance =2.66 mH ... )
i’ Current in a circuit falls from 179 Ato 17 Assigned Rankto
H /)
. . / N
l\ Ain 0.05s. If an average emf of 132 V... ) \ 3 Wizard Qis 5 { First, we need to find the average emf (electromotive } Eachdanswer it
Math | force) induced in the circuit ... | asec on quatlty
Answer: \ J of reasoning.
/ . \ 7/ N Obtained ranks
I 4.07e-02 H. The self-inductance of the { MAmmoT Qia { let's think step-by-step. Self-Inductance = (132V * } from GPT-4 and
|_circuit can be estimated using ... ] H > ! 0.055) / (179A - 17A) ... ) validated with
— humans.
Sample P; ) / \
\ 3 . Qis 3 I let's think step-by-step. First we have to calculate the !
Mistral { changein current ... I
Qio @
S
T\

Figure 4.7: Our innovative method for prioritizing responses for the Preference Dataset

In the quest to improve a language model’s ability to generate responses that better match human
preferences, [52] introduced Reinforcement Learning from Human Feedback (RLHF). RLHF is a
machine learning approach that integrates reinforcement learning techniques, including rewards
and comparisons, with human guidance to train an artificial intelligence agent. The RLHF process
unfolds in three distinct phases: collecting human feedback, training the reward model, and refining
the policy. At the heart of RLHF lies preference data, which involves rating and comparing various
responses generated in response to the same prompt. However, gathering human feedback to
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construct preference data poses a significant challenge. Obtaining high-quality feedback from
humans and accounting for the potential sub-optimal nature of human input can be quite complex.

To address this challenge, we introduced RLHAIF, which combines both human feedback and
Al feedback to incorporate diverse preference datasets. The preference data generated through
modern LL.Ms have the potential to enhance generalization abilities and improve robustness to
various response patterns.

4.4.2 Methodology
Dataset

The dataset used for experimentation, known as PhyQA, is an extension of SCIMAT’s science
problems [3}4]]. It contains 9.5K high school physics questions and answers, covering topics taught
to students aged 15-19, such as Alternating Current, Atoms and Nuclei, and more. Figure shows
the distribution of problems across topics.

@ Alternating current
Atoms and nuclei
Communication Systems

® Electric charges

@ Fields and current
Electromagnatic inductior
Electromagnetic Waves
Capcitors

® Kinematics
Dynamics

@ Rotational Mechanics

Units and dimensions

4 more

Figure 4.8: PhyQA Topic Distribution

Analyzing PhyQA provides insights into question and solution characteristics, aiding Large
Language Models (LLMs) performance. Questions average 35.74 words, while solutions average
54.95 words, with maximum lengths of 75 and 220 words, respectively. Concise and precise
solutions in PhyQA help LLMs better understand and address questions. The PhyQA dataset P
comprises 8100 samples. Each sample includes a question ¢; and its corresponding answer a;q. To
augment the dataset, we expanded our investigation by generating answers using four open-source
large language models: LLaMA2-7B, WizardMath-7B, Mistral-7B, and MAmmoTH-7B, alongside
Gemini, a closed-source model. This expansion yields six answers for each question, offering a
broad and diverse array of responses to bolster our research efforts.

We proceed to rank these answers on a scale from 1 to 6 based on the quality of their reasoning,
using prompts similar in detail to [34]. Lower ranks indicate higher-quality reasoning in the
answers. To establish these rankings, we initially employ GPT-4 to generate rankings, which
are then evaluated and re-ranked by human evaluators. This process is carried out to address
any inaccuracies in the rankings generated by GPT-4. Following this, we form pairs of answers,
designating one to be accepted and the other to be rejected. For each data sample F;, we generate
three distinct pairs of answers based on the rankings.

This modified dataset is then employed for training the Reward Model for which we have used
LLaMA-2 13B model. The visual representation of our preference data creation process is shown
in Figure. For the experiments, we have used the 7B variants of the following LLMs, LLaMA2,
WizardMath, MetaMath, LLeMMA, and Mistral. Additionally, we have divided the explanation of
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our approach and experimental setup into three parts for clarity. Firstly, we delve into different RL
algorithms like DPO, PPO, ReMax and their setup. Secondly, we explore Chain of Thought (CoT)
prompting techniques, and for this we have experimented with both zero-shot and few-shot CoT.
Lastly, we discuss the Recall Prompting technique.

Parameter PPO DPO ReMax
KL Coefficient 0.2 0.2 0.2
Epochs 3 3 1
Batch Size 4 2 1
Gradient Accumulation 2 8 1
Learning rate 3e-5 3e-5 le-6

Table 4.10: Hyper-parameter configuration used in training RL models with different RL Policy
Optimization Methods.

4.4.3 Results & Analysis

We have conducted extensive evaluations to assess the performance of the models and the
various approaches. The evaluation comprises thorough error analysis, accuracy assessments,
and reasoning scoring, providing a comprehensive understanding of each model’s strengths and
weaknesses.

Model Setting | METEOR | BLUE-1 | BLUE-2 | BLUE-3 | BLUE-4 | ROUGE1 | ROUGE2 | ROUGEL | ROUGELSUM | BERTScore
0-Shot 36.65 18.73 13.55 10.64 8.35 31.97 17.07 22.01 27.11 79.07

3-Shot 25.28 20.90 13.61 9.78 7.18 29.07 12.57 20.55 24.18 76.71

SFT 28.09 8.37 5.54 4.08 2.97 20.65 9.69 13.56 16.37 76.87

LLaMA2-7B PPO 39.32 7.10 6.27 5.90 5.33 31.34 24.58 28.23 28.98 82.48
DPO 35.64 18.74 13.24 9.99 7.49 33.58 17.78 24.07 27.78 80.19

Remax 37.85 25.69 19.49 16.04 13.08 37.72 22.59 29.46 31.70 81.26

Recall 23.82 21.00 13.64 9.91 7.20 26.72 12.15 18.78 21.19 74.16

0-Shot 28.59 15.42 10.54 7.93 5.95 26.25 13.03 18.77 22.37 75.76

3-Shot 17.59 13.51 9.26 7.0 5.24 18.79 8.36 14.43 16.2 72.93

SFT 25.53 6.58 4.62 3.6 2.74 19.97 9.98 13.53 16.18 77.08

Mistral PPO 58.67 40.04 35.87 34.5 32.81 57.94 51.55 56.32 56.53 87.49
DPO 29.94 13.79 8.69 6.08 4.15 29.68 13.3 19.59 23.56 77.42

Remax - - - - - - - - - -

Recall 20.19 10.06 6.71 4.95 3.59 21.35 9.11 15.24 17.56 73.1

Table 4.11: Evaluation of LLaMA-2 and Mistral model with different settings (0-shot, 3-shot, SFT,
PPO, DPO, ReMax, Recall) using various scoring metrics (BLUE, ROUGE, METEOR, BERT).

In Table [le_f], I’ve only shared the results of top two models, the results of other models are
presented in the paper. In a analysis of various model settings, as presented in Table d.11] Mistral-
PPO achieved the highest overall scores, consistently scoring approximately 35.0 across BLEU-1 to
BLEU-4 metrics, with a METEOR score of 58.67. This consistency indicates a strong alignment
between the predicted and target words. Additionally, the LLaMA2-7B model demonstrated
impressive performance, especially in aligning with preferred answers. However, it slightly lagged
behind Mistral-PPO in accurately matching specific words and displayed limitations in semantic
understanding and solving arithmetic problems.

Although Mistral showcases strong logical and mathematical reasoning skills in certain contexts,
it occasionally commits notable errors in insignificant stages. These inaccuracies in problem
analysis, concept recall, and application underscore further avenues for exploration.

To assess the precision of our models, we examined a 100 random samples from the dataset.
Table displays the comparative outcomes as follows:
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* GPT-4 leads with a 72% accuracy rate, followed by GPT-3.5 at 40%.

* Mistral, employing the PPO policy, achieves a 38.0% accuracy, while LLaMA2-7B with the

PPO policy registers an 18% accuracy.

These findings illustrate that although GPT-3.5 outperforms our suggested top model, it still
encounters computational errors, and occasionally our proposed model outperforms it. With
scalability, we have the potential to surpass GPT-3.5, as the results are not significantly different

from those of the Mistral-PPO 7B model.

Model Setting Correct Wrong Total
SFT 9 91 100
LLaMA2-7B PPO 18 82 100
DPO 10 90 100
Recall 14 86 100
SFT 21 79 100
Mistral PPO 38 62 100
DPO 22 78 100
Recall 16 84 100
GPT-3.5 — 40 60 100
GPT-4 — 72 28 100

Table 4.12: Model’s output performance with Human Evaluations

For a detailed analysis of the reasoning evaluation of each response, we have formulated a
six-step reasoning assessment. Each skill point is assessed according to the LLLM’s proficiency
in executing specific problem-solving aspects, including identifying the correct context (CA),
interpreting physics concepts (PD), performing calculations (AC), maintaining logical coherence
(LR), demonstrating an understanding of concepts (CU), and identifying or rectifying errors

(ED).
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Figure 4.9: Reasoning Score Distribution on Mistral-PPO’s 100 random sample responses

Figure. d.9)also demonstrates that LLM faces challenges in arithmetic calculations in approxi-
mately 91.0% of cases, as determined by assessments from Human Annotators across 100 responses
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from the Mistral-PPO model. Out of this total, the model accurately follows the sequence of steps
and formulas to solve the solution 76.92% of the time. However, in approximately 23.08% of cases,
the model fails to execute accurate arithmetic calculations. This leads to an overall score of 62.0 for
incorrect answers, as shown in Table.

4.4.4 Paper Conclusion

This study presents RLHAIF, an effective and efficient strategy for improving the physics
problem-solving capabilities of large language models (LLMs) and aligning their responses more
closely with human preferences. The revolutionary RLHAIF methodology ranks answers using
human and Al-generated input, resulting in a more diversified and resilient model training process.
Experiments with various LLLMs consistently demonstrate that the Mistral-PPO created from this
approach beats its equivalents, establishing itself as a reliable benchmark for the PhyQA dataset. By
bridging the gap between human intuition and LLM replies, RLHAIF has the potential to advance
natural language understanding and generation significantly.

4.4.5 Limitations & Future Scope

The possibility of students misusing the model for cheating in assignments or quizzes raises
ethical concerns. To tackle this issue, future research could explore shifting focus from providing
direct answers to offering hints and structured reasoning, with the aim of enhancing students’
conceptual understanding and problem-solving skills.

Our investigation has been constrained to a 7B model due to computational costs and resource
efficiency. Future directions could involve exploring the performance spectrum of larger models
with increased parameters, such as 13B or 70B.
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Chapter 5

Conclusion

5.1 Discussion

The presented research makes substantial contributions to the area of document analysis and
information extraction, addressing challenges across various domains. The comprehensive approach
to document analysis, particularly in visually rich documents (VrDs), is crucial for extracting
information from diverse sources such as receipts, invoices, and forms. The integration of deep
learning models, including PP OCR v2, DETR, and Cascade TabNet, for table detection and
recognition showcases a remarkable improvement in accuracy and efficiency, surpassing existing
methods. The introduction of RanLayNet, a synthetic document dataset for domain adaptation in
layout detection, proves to be a versatile tool for training models with resilience and versatility to
handle various document formats.

Moreover, the research ventures into the realm of educational Al, specifically focusing on
mathematical and physics problem-solving. The creation of the MathQuest dataset and subsequent
fine-tuning experiments with prominent Large Language Models provide a benchmark for evaluating
their competence in solving complex mathematical problems drawn from 11th and 12th standard
NCERT textbooks. A new method for preference data labeling for Reinforcement learning to solve
physics problems using LLMs provides a efficient mechanism which reduces extensive human-
annotation for providing feedback to model responses, and best optimized RL approach for this task
of solving physics problems. This contributes to the evolving landscape of educational technology,
offering tailored learning experiences and immediate feedback through advanced NLP systems.

5.2 Conclusion

In conclusion, this thesis successfully addresses the challenges (PATTERNS) in document
analysis and information extraction & issues (PROBLEMS) in the mathematical reasoning of LLMs,
collectively advance the capabilities of Large Language Models (LLMs) in handling complex tasks
across diverse domains (MATHS, and PHYSICS). This work represents a significant stride towards
achieving more robust, accurate, and scalable solutions, contributing to the broader landscape
of document understanding, NLP and LLLM research. The research outcomes not only enhance
accuracy and efficiency but also provide practical solutions applicable in real-world scenarios.

5.3 Future Recommendations

As the field of Large Language Models continues to progress rapidly, there is a promising avenue
for incorporating these models into this research to address problems with greater precision and
accuracy. While our current work utilizes OCR-based models for tabular data extraction and layout
detection, the emergence of very large models with over 7 billion parameters, or LLMs equipped
with vision capabilities like LLaVA, UReader, and DocLLM, offers a more sophisticated approach
to understanding document layouts. These OCR-Free Document Analysis methods present an
exciting opportunity for future exploration, particularly in conjunction with Multimodal Large
Language Models.

Reinforcement learning plays a central role in improving the generated response quality of mod-
els like ChatGPT, making them more aligned with human preferences. To enhance the mathematical
reasoning abilities of LLLMs, future research can focus on leveraging more advance Reinforcement
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Learning with Human Feedback (RLHF) techniques with different policy optimizations, and more
better preference labelling mechanisms. As the combination of RLHF with LLMs proven to be a
promising approach for refining LLMs reasoning capabilities not specific to mathematics. Moreover,
this approach can be extended to other educational domains such as chemistry, computer science etc.
By developing Open-Source LLMs tailored for subject matter experts, we possess the capability to
transform the landscape of educational Al and enrich the learning journey for students.

“Our Intelligence is what makes us HUMAN, and Al is an extension
of that Quality.”

~ Yann LeCun
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Chapter 6

List of Publications

sights from Reinforcement Learning with Human and
Al Feedback.

S.No | Paper Title Venue Link

1. RanLayNet: A Dataset for Document Layout Detec- | MMAsia’ 23 &
tion used for Domain Adaptation and Generalization.

2. TC-OCR: TableCraft OCR for Efficient Detection & | MMIR’ 23 &
Recognition of Table Structure & Content.

3. Mathify: Evaluating Large Language Models on Math- | GAIED’ 23 &
ematical Problem Solving Tasks.

4. Empowering Large Language Models for Physics: In- | ACMMM’ 24 -
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Chapter 7

Appendix

7.1 Prompt Templates

7.1.1 Model Inference Prompt

Below is an instruction that describes a task. Write a response
that appropriately completes the request. Beware of wrong
calculation and do not repeat it.

### Instruction:
sample["instruction"]

### Input:
sample ["input"]

### Response:

7.1.2 Model Fine-Tuning Prompt for Mathify, and Physics Paper

Below is an instruction that describes a task. Write a response
that appropriately completes the request. Beware of wrong
calculation and do not repeat it.

### Instruction:
sample["Question"]

### Input:
sample ["Input"]

### Response:
sample ["ground-truth"]
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7.1.3 Prompt for GPT-4 to rank the model responses

In the realm of mathematical word problems, finding the correct
and reasonable solutions is imperative. Various models may
generate different answers to the same problem. The evaluation of
these solutions is critical to determine which model generates the
most promising results. Below we define three essential evaluation
axes: correctness, clarity, and overall reasonableness.

Correctness: This axis corresponds to the question, "Is the
provided solution mathematically correct?" The response will be
marked as correct i1f there are no mathematical errors, and it
accurately addresses all aspects of the problem.

Clarity: This axis corresponds to the query, "How comprehensible
is the solution?" A clear response is one that can be easily
followed and understood. It must use the correct mathematical
notation and language, and justify each step transparently.

Overall Reasonableness: This axis pertains to the question, "How
reasonable is the solution in its entirety?" This evaluates the
correctness and clarity, and further considers factors such as the
appropriateness of the technique used and the practicality of the
solution in the given real-world context.

You are an expert evaluator, tasked with evaluating multiple
solutions, each presented by a different model, to a given
mathematical word problem. After careful consideration of the
correctness, clarity, and overall reasonableness of each solution,
your task is to rank them from the best to the worst. This ranking
should mirror your judgement on which solution represents the most
clear, correct, and overall reasonable approach to the problem.

Question: sample["question"]

Solution 1- sample["GEMINI"]
Solution 2- sample["LLAMA2-7B"]
Solution 3- sample["WIZARD7B"]

"MISTRAL7/B"]
"Target"]

[
[
[

Solution 4- sample["MAMMOTH7B"]
Solution 5- sample|
[

Solution 6- sample

Consider the correctness, clarity and overall reasonableness of
each solution and to rank them from best to the worst.

Rationale:
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