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ésumeé

Mots-clés : Reconnaissance d’Expressions Mathématiques, Reconnaissance Optique de
Caractéres, Evaluation Multimodale, Vérification Post-OCR, Apprentissage de Métriques,
Demandes de Brevet.

Pour permettre la publication des brevets aupres de I’Office européen des brevets,
I’entreprise Luminess est chargée de normaliser des demandes de brevet recues dans des
formats tres hétérogenes en documents XML et PDF standardisés. Ces documents sont
ensuite rendus accessibles a ’ensemble de la communauté scientifique et peuvent étre
facilement recherchés et retrouvés grace a une annotation précise et normalisée de leur
contenu. Cependant, des erreurs de reconnaissance peuvent altérer ces annotations et
empécher la recherche ou la récupération de documents pertinents.

Cette these porte sur 'automatisation de la reconnaissance des expressions mathé-
matiques dans les demandes de brevet. Ces expressions, particulierement complexes a
reconnaitre automatiquement, sont actuellement transcrites et vérifiées manuellement
a plusieurs reprises afin de satisfaire aux exigences de qualité de ’Office européen
des brevets. L’objectif de cette these est ainsi de réduire la charge associée a leur
transcription et a leur vérification, tout en maintenant un niveau de qualité supérieur
ou égal & 99,99 %.

Une premiére contribution consiste en un protocole d’évaluation multimodale perme-
ttant d’analyser les performances des systéemes de reconnaissance optique de caracteres
selon différentes représentations des expressions mathématiques. Cette évaluation met
en évidence les limites des approches existantes sur les documents de brevet et conduit
a la création de PatentME-600k, un jeu de données de plus de 600 000 expressions
mathématiques extraites de brevets. Sur cette base, MML-Net, une architecture Vi-
sion Transformer encodeur-décodeur, est proposée pour la reconnaissance directe des
expressions mathématiques en MathML. Le modeéle atteint un score de similarité de
Levenshtein de 93,7 % et dépasse les performances de 1’état de 'art sur cette tache.

Afin de permettre I'intégration de MML-Net dans une chaine de production indus-
trielle, plusieurs briques complémentaires sont développées. Un ordonnanceur basé

sur un Random Forest et des caractéristiques visuelles sélectionne les expressions pour

iii



lesquelles le modele est susceptible de produire une transcription correcte, afin de réserver
I'intervention humaine aux cas les plus complexes. Un vérificateur post-OCR, basé sur
une architecture siamoise et entrainé spécifiquement sur les erreurs de MML-Net, détecte
ensuite automatiquement les prédictions susceptibles d’étre incorrectes et les oriente
vers une validation humaine. Enfin, une contribution porte sur I’assistance a la saisie et
la réduction des erreurs introduites lors des opérations manuelles. Différentes stratégies
d’intégration de ces briques dans la chaine de production de Luminess sont étudiées
afin de combiner reconnaissance automatique et validation humaine, d’augmenter le

niveau d’automatisation et de préserver les exigences de qualité du processus industriel.
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bstract

Keywords: Mathematical FExpression Recognition, Optical Character Recognition,
Multimodal FEvaluation, Post-OCR Verification, Metric Learning, Patent Applications.

To allow the publication of patents by the European Patent Office, Luminess is
responsible for standardizing patent applications received in highly heterogeneous
formats into standardized XML and PDF documents. These documents are then made
accessible to the scientific community and can be easily searched and retrieved thanks
to precise and standardized annotation of their content. However, recognition errors can
affect these annotations and prevent relevant documents from being found or retrieved.

This thesis focuses on the automation of mathematical expression recognition
in patent applications. These expressions are particularly challenging to recognize
automatically and are currently transcribed and manually verified several times to meet
the quality requirements of the European Patent Office. The objective of this thesis is
thus to reduce the workload associated with their transcription and verification while
maintaining a quality level of at least 99.99%.

The first contribution consists of a multimodal evaluation framework for analyzing
the performance of optical character recognition systems according to different repre-
sentations of mathematical expressions. This evaluation highlights the limitations of
existing approaches on patent documents and leads to the creation of Patent ME-600k, a
dataset containing more than 600,000 mathematical expressions extracted from patents.
Using this dataset, MML-Net, a Vision Transformer encoder-decoder architecture, is pro-
posed for the recognition of mathematical expressions in MathML. The model achieves
a Levenshtein similarity score of 93.7% and outperforms state-of-the-art methods on
this task.

To enable the integration of MML-Net into an industrial production pipeline, several
complementary components are developed. A scheduler based on a Random Forest and
visual features selects the expressions for which the model is most likely to produce
a correct transcription, allowing human intervention to be reserved for more complex
cases. A post-OCR verifier, based on a Siamese architecture and specifically trained on

MML-Net errors, then automatically detects potentially incorrect predictions and routes



them for human validation. Finally, a final contribution focuses on assisting operators
during transcription and reducing errors introduced during manual operations. Different
strategies for integrating these components into the Luminess production pipeline are
investigated in order to combine automatic recognition and human validation, increase

the level of automation, and preserve the quality requirements of the industrial process.
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CHAPTER 1 — General Introduction

Figure 1.1: Mlustration of Jorge Luis Borges’ Library of Babel, or Infinite Library,
from Erik Desmaziéres. Its 1.956 x 10834997 410-page books contain every possible
permutation of letters. This means that every book that has been written, could be
written in the future, and all the meaningless strings of letters are in the library. The
hard part is finding the relevant book one is looking for.
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1.1 Introduction

The universe (which others call the Library) is composed of an indefinite,
perhaps infinite number of hexagonal galleries... The arrangement of the
galleries is always the same: Twenty bookshelves, five to each side, line four
of the hexagon’s siz sides. .. each bookshelf holds thirty-two books identical in
format; each book contains four hundred ten pages; each page, forty lines;

each line, approximately eighty black letters

— Jorge Luis Borges, The Library of Babel, 1941

Jorge Luis Borges’ Library of Babel, or Infinite Library (Figure 1.1), is filled with
every possible book that could ever be written, containing every possible combination of
letters, spaces, and punctuation marks. Almost all of these books consist of meaningless
gibberish, random sequences of characters that rarely form recognizable words in any
language. However, one may be fortunate enough to find a book that describes, in great
detail, everything good that will happen the next day. Sadly, there also exists a colossal
number of books detailing every possible way in which that same day could go wrong.
One could even find a book containing the exact text of this introduction®.

With an alphabet of originally 25 symbols, books of 410 pages, each containing 40
lines of 80 characters, the Library is estimated to contain 25*10%40%80 ~ 1 956 x 101834097
books (referred to as the Borges Number). The calculation of the time required to read
every one of these books is left as an exercise for the reader.

The Library of Babel illustrates the challenge of information retrieval: when the
volume of information becomes enormous, the central problem is no longer only storage,
but finding the relevant information. Modern information retrieval systems can easily
locate relevant documents and extract the desired information. However, they can only
operate on documents that have been converted into machine-readable format. Text
printed on paper must first be scanned into raster images then converted into text
through Optical Character Recognition (OCR).

OCR for document recognition has a long development history. One of the earliest
systems was developed by Emanuel Goldberg in the 1920s [1]. His Statistical Machine
used light and punched cards to identify documents that had previously been recorded
on microfilm. Early OCR systems then gradually became able to recognize printed
characters, such as in [2] in 1961, which used autocorrelation to identify individual
characters from their visual patterns. Later, OCR systems became capable of recognizing
complete documents, such as ABBYY FineReader 1.0, released in 1993, which could

recognize full pages of printed text 2.

Wolume 5 of shelf 5, wall 1 of hexagon ID 0qnz26shtvcubne... See https://libraryofbabel.inf
o/bookmark.cgi?jth.hpwoyobvvwlf.izd214, accessed 2026-08-19.
’https://pdf .abbyy.com/blog/finereader-25-years/, accessed 2026-08-17
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As OCR systems evolved from recognizing isolated characters to processing whole
documents, the role of document layout became increasingly important. In a full-page
document, the arrangement of visual elements provides important information about
their relationships. This is particularly the case in technical and scientific documents.
Unlike the books in the Library of Babel, these documents are not limited to a small set
of symbols. They can contain a large variety of characters and visual elements arranged
in complex ways, such as tables, diagrams, chemical formulas, and mathematical
expressions. Among these elements, mathematical expressions represent a particularly
challenging case. They contain a large number of symbols specific to mathematics and
exhibit a high degree of two-dimensional structural complexity due to the presence of
subscripts, superscripts, fractions, roots, matrices, and nested expressions. Recognizing
such expressions requires more than simply identifying individual characters. The
structure and relationships between the different elements must also be understood. This
makes mathematical expressions a particularly challenging case for OCR and motivates
the development of specialized mathematical OCR systems capable of reconstructing a
structured representation from a two-dimensional visual arrangement.

In this work, we study OCR systems specialized in mathematical expression recogni-
tion, which consists in converting a visual representation of mathematical content into
markup language, typically LaTeX. The work addresses offline recognition from static
images, as opposed to online recognition which relies on stroke data captured by input
devices. While approaches developed for online handwritten expression recognition offer
relevant methodological insights, this thesis primarily treats offline printed expressions,
as these two problems involve distinct data, models, and challenges. For interested
readers, an overview of handwritten mathematical expression recognition is provided in
Chapter 1 of [3].

More specifically, thanks to the collaboration with the company Luminess in this
PhD, we narrow our scope to printed mathematical expressions extracted from patent
applications submitted to the European Patent Office (EPO).

When an inventor submits a patent application, the input document can be noisy,
of variable quality, and may follow its own formatting and document standards. To
perform prior-art search, information retrieval, and long-term archiving, Luminess
converts, for the EPO, the patent applications from image format into normalized XML
and PDF documents that provide a textual and highly standardized representation of
the original documents. The required conversion accuracy is 99.99%, as even a single
error can significantly alter the meaning of a patent and potentially have serious legal
consequences. Luminess currently relies on a mostly manual pipeline to convert the
documents while maintaining this extremely high level of quality (see Section 1.2).
Mathematical expressions are so complex that they are processed separately through

their own dedicated processing pipeline.
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The objective of this thesis is to study current mathematical OCR systems, measure
their performance for a potential integration into the Luminess production pipeline,
and investigate how the recognition process can be accelerated while maintaining or
improving the quality achieved by the current manual workflow. We also aim to
reduce the tediousness of manually transcribing mathematical expressions for human
annotators. The PhD thesis is structured into eight chapters: this introduction, a
state-of-the-art chapter, four chapters presenting the main contributions, a chapter that
combines all the contributions and proposes a new mathematical expression recognition
pipeline, and a general conclusion. A detailed description of each chapter is provided
below. Figure 1.2 summarizes the main contributions of this thesis and the chapters in
which they are presented, using a diagram that shows the proposed processing pipeline

in comparison with the current manual recognition pipeline.

With this configuration, the movement of the main valve body is

smoothly realized compared with a case in which the sub fluid chs
sealed. Moreover, if the fluid has predetermined lubricity as oil or the like,

the movement of the main valve body is further smoothly realized by the

inflow of the fluid into the sub fluid chamber.
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Figure 1.2: Overview of the existing and proposed mathematical expression recognition
pipelines.
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Chapter 1 — General Introduction. This chapter presents the general context of
mathematical expression recognition, the scientific and industrial challenges underlying
the research problem addressed in this thesis, and the specific industrial context of the
work. It also presents the mathematical expression transcription pipeline currently used
at Luminess, the industrial partner of this CIFRE PhD.

Chapter 2 — State of the Art: Models, Datasets, and Metrics for Mathemat-
ical Expression Recognition This chapter reviews the evolution of Mathematical
Expression Recognition, covering the evolution of the main approaches, from early
computer vision-based approaches to recent Vision-Language Models, as well as their
training datasets, output representations, and evaluation metrics. The current state of
the art is reviewed with a particular focus on the limitations of existing systems in the

context of real-world mathematical expression recognition in patents.

Chapter 3 — PiE-MER: a Robust Multimodal Mathematical Expression
Recognition Evaluation Pipeline This chapter presents PiE-MER, a multimodal
evaluation framework developed after identifying limitations in existing approaches
to evaluating mathematical OCR systems. It provides a broad and more rigorous
evaluation of OCR predictions by combining multiple evaluation modalities and metrics.
We use it to evaluate state-of-the-art OCR systems on multiple datasets and show that
they generally struggle outside of their training corpus, which raises concerns about

their use on patent data.

Chapter 4 — Patent ME-600k and MML-Net: A Large-Scale Dataset and
Model for Patent Mathematical Expression Recognition Motivated by the
limitations identified in Chapter 3, this chapter investigates whether adapting both
the training data and the output representation to the patent domain can improve
mathematical expression recognition. Existing systems mainly generate LaTeX and are
trained on datasets that do not necessarily reflect the heterogeneous visual characteristics
of patent documents, including variations in fonts, image quality, resolution, and noise.
The Patent ME-600k dataset is introduced and used to train MML-Net, a dedicated
Vision Transformer Encoder-Decoder model on 600,000 patent image—MathML pairs.
Although the resulting model is better adapted to the targeted domain and achieves
good performance, its accuracy remains insufficient to meet the 99.99% quality required

for fully autonomous recognition.
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Chapter 5 — SiaEval: a Reference-Free Post-OCR Verification Task for
Printed Mathematical Expression Recognition This chapter introduces SiaEval,
a reference-free post-OCR verification approach based on a Siamese architecture. The
objective is to determine whether OCR predictions are correct by comparing the original
patent image with a rendering of the predicted MathML, without requiring the ground-
truth transcription at inference time. The OCR errors produced by the model developed
in the previous chapter are used to construct realistic training pairs. Two datasets are
introduced: PatentME-OCR, used to generate realistic OCR predictions and errors, and
PatentME-Siamese, used to train and evaluate the verification model. A conservative
confidence threshold allows highly reliable predictions to be accepted automatically,
while uncertain cases are redirected to human verification. The results demonstrate that

OCR errors can be detected with high precision in a production setting using SiaEval.

Chapter 6 — Formulasort and Formuladif: Facilitating Manual Transcription
of Mathematical Expressions Since fully automatic recognition cannot be expected
to achieve the required quality for all mathematical expressions, human transcription
remains necessary for a subset of cases. This chapter aims at making the remaining
human work more efficient and more reliable. It presents Formulasort and Formuladif,
two tools designed to simplify the manual transcription process and reduce transcription
errors. Formulasort organizes mathematical expressions according to their visual
similarity to make the transcription quicker and more accurate, while Formuladif
generates difference images between successive expressions to highlight subtle changes.
The results show that they can be effective at better organizing the transcription

workload to reduce errors.

Chapter 7 — Integration of Our Contributions into a New Semi-Automatic
Recognition Pipeline This chapter brings together the contributions developed
throughout the thesis into a semi-automatic recognition pipeline designed to assist the
existing manual transcription workflow at Luminess. We propose a pipeline combining
the patent-specific MML-Net model, SiaEval, and Formulasort. An automatic scheduler
is trained to determine whether each incoming mathematical expression should be
processed by the automatic OCR pipeline or by the human pipeline. Our objective
is to increase the overall quality of the process, identify potentially erroneous OCR
predictions, and reduce the manual workload while maintaining the extremely high

accuracy required for mathematical expression recognition in patent applications.

Chapter 8 — Discussion and Conclusions. This final chapter discusses the main
findings and contributions of the thesis, their limitations, and the perspectives opened
by the proposed approaches. It concludes by discussing the remaining challenges for
the reliable automation of mathematical expression recognition in patent documents

and the potential future developments of the proposed pipeline.
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1.2 Industrial Context and Motivation

1.2.1 A Short History of Intellectual Property

A patent is a technical document that gives its authors a monopoly over using and
selling their invention for a limited period of time, in exchange for disclosing the design
so that a sufficiently skilled person could replicate it. It consists of a detailed description
of the invention, and can contain diagrams, mathematical expressions, and tables that
explain its principles and usage. There is also a list of claims, which are very precise
legal statements that define what exactly is protected by the patent and cannot be
reproduced.

Patents are published and made available by patent offices on their online portal.
This allows the public to access all published patents and build upon existing knowledge
to create new innovations. Patent databases are essential to drive progress in most
industrial sectors. According to the World Intellectual Property Organization, more
than 3.7 million patent applications were filed worldwide in 2024 across all patent offices.
Depending on the office, between about 50% and nearly 100% of processed applications
resulted in a patent grant. 3.

One of the first known notion of intellectual property granting an exclusive commer-
cial advantage can be traced back to Antiquity. In the Deipnosophists [4], Athenaeus
describes a rule according to which cooks who invented a new and successful dish were

granted exclusive rights to produce it and benefit from its profits for one year:

And if any caterer or cook invented any peculiar and excellent dish, no other
artist was allowed to make this for a year; but he alone who invented it was
entitled to all the profit to be derived from the manufacture of it for that
time; in order that others might be induced to labour at excelling in such

PUTSUILLS.

The purpose of this early form of intellectual property was already to encourage
innovation by granting inventors a temporary commercial advantage in return for their
creative efforts.

The idea later reappeared in medieval Europe in a more formalized form. In 1421,
the Florentine architect Filippo Brunelleschi was granted an exclusive privilege for
his invention of a vessel designed to transport marble on the Arno River, generally
considered one of the earliest documented patent-like privileges?.

In the following centuries, such privileges were commonly granted through letters

patent, which were royal grants giving particular rights or privileges to their recipients.

3https://www.wipo.int/edocs/pubdocs/en/wipo-pub-941-2025-en-world-intellectual-p
roperty-indicators-2025.pdf, accessed 2026-08-17.
“https://www.wilsongunn.com/history/history_patents.html, accessed 2026-08-17.

8


https://www.wipo.int/edocs/pubdocs/en/wipo-pub-941-2025-en-world-intellectual-property-indicators-2025.pdf
https://www.wipo.int/edocs/pubdocs/en/wipo-pub-941-2025-en-world-intellectual-property-indicators-2025.pdf
https://www.wilsongunn.com/history/history_patents.html

CHAPTER 1 — General Introduction

They could, for example, grant individuals exclusive rights to produce or sell a particular
product or to practice a particular invention within a territory.

These privileges were eventually regulated to limit the granting of monopolies. In
England, the Statute of Monopolies of 1624 restricted royal monopolies while preserving
a limited exception for new inventions®.

National patent systems were then progressively established. A major step was
the creation of the European Patent Convention (EPC) in 1973, which established a
common framework for granting European patents®. The convention led to the creation

of the EPO, which is responsible for examining and granting all European patents.

1.2.2 The Patent Publication Process at the European Patent
Office

For a patent to be granted, it must follow a very strict list of requirements that depends
on the patent office where it is filed. The three key rules for patentability are that the
invention needs to be new (never disclosed to the public before the submission date),
be capable of industrial application, and involve an inventive step (an expert could not

" review them in

have easily inferred the same idea). More than 4,000 patent examiners
detail by checking previous patents and scientific literature to ensure novelty, and give
their expert opinion on the inventiveness of the patent.

Patent applications are published before the examination procedure is completed,
regardless of whether the patent is ultimately granted. If granted, they are made available
as final standardized patent documents, following strict specifications concerning page
layout, image sizes and formats, tables, and mathematical and chemical expressions.
For the EPO specifically, the claims section also needs to be translated into the three
official languages (English, French, and German) .

This page formatting process is not trivial. Patent applications are written by
multiple different actors, such as the inventors themselves, the intellectual property
teams of large companies, or private patent attorneys and engineers hired by smaller
companies to help them write the document. Patent offices provide some guidelines for
drafting, but authors are still fairly free in terms of format and style as long as they
respect the conventions in place ?. As a result, there is a strong need to convert these
heterogeneous patent applications into a standardized format. This task is particularly
challenging due to the large variability in document layouts, writing styles, and overall

quality across patent applications. This heterogeneity creates an important domain

Shttps://en.wikipedia.org/wiki/Statute_of_Monopolies, accessed 2026-08-17.

6. accessed 2026-08-17.

"https://www.epo.org/en/news-events/press-centre/fact-sheet/446602, accessed 2026-09-
11.

8https://www.epo.org/en/legal/epc/2020/a14.html, accessed 2026-08-17.

Yhttps://www.epo.org/fr/legal/official-journal/2026/03/a19, accessed 2026-08-17.
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gap between the datasets commonly used to develop and evaluate recognition systems

and the documents encountered in real-world patent processing. An example patent

application page is shown in Figure 1.3.

To fully standardize these documents and produce high-quality, searchable patent
documents, especially when building a critical database containing all European patent
publications, the normalization process starts from the original image-based document
rather than relying on the heterogeneous formats and structures provided by the
applicants. This makes it possible to apply the same processing and formatting rules to

every patent, regardless of how the original application was produced, and to build a

consistent and searchable database of European patents.
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Arbeitsraum). Zur Einfachheit werden im Folgenden Formulierungen fiir den

Euklidischen Raum verwendet.

Es wird angenommen, dass die Steuereinrichtung eine kartesische Impedanzsteuerung
gemdf der Lagrange-Formulierung
— KP Vs ; ¥ .

F=K’(zs—z)+ K" (q— &) + 1(q)Za + g, q) 5
implementiert (wobei hier zur Einfachheit der Zeitindex weggelassen wurde). Hierbei ist
F das Eingabemoment fiir die Steuerung (projiziert in den Roboter-Arbeitsraum),

(wda T, ZUd) sind die gewlinschte Pose, Geschwindigkeit bzw. Beschleunigung
im Arbeitsraum, Kp und KV sind die Steifigkeitsmatrix bzw. die Dampfmatrix,
I(g) ist cine Arbeitstraumtriigheitsmatrix und Q (q, q) modelliert die interne
Dynamik des Roboters. Dicse letzten beiden Matrizen hingen von der Winkelposition

( der Gelenke des Roboters und der Winkelgeschwindigkeit (J der Winkelposition

der Gelenke des Roboters ab. Dicse stchen bei der Steuerung zur Verfiigung.

In 201 werden (z.B. durch einen menschlichen Benutzer) fiir eine Fertigkeit mit
Kraftiibertragung Demonstrationen durchgefiihrt. Diese Menge von Demonstrationen
wird bezeichnet als [) = {Dla e Df\l }, wobei jede Demonstrationen eine

(zeitlich indizierte) Sequenz von Beobachtungen
T, : .
Dm = [ft]t:l = [((@'t, Ty, &ty f1)s pt)]

wobei zu jedem Zeitpunkt t die Beobachtung £ ¢ aus der Roboterpose & t»

Tm
t=1

Geschwindigkeit :Bt Beschleunigung ":ét der externen Kraft und dem externen

Moment bzw. externen Kraft f ¢ und der Pose pt des manipulierten Objekts (z.B.
des ersten Objekts 113) besteht. Da ein Moment einer Kraft mit cinem bestimmten
Hebelarm entspricht und dementsprechend ineinander umgerechnet werden kénnen,

werden hierin Kraft und Moment dquivalent verwendet.

Dic Demonstrationen kénnen mittels cines Konfigurationsschitzungsmoduls, cinem
Beobachtungsmodul und dedizierten Sensoren (Kraftsensor, Kamera etc.) ermittelt (z.B.

aufgezeichnet) werden.

Figure 1.3: A page from an actual patent application submitted to the EPO.
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CHAPTER 1 — General Introduction

1.2.3 Luminess Patent Conversion Pipeline

It is the role of Luminess, the company partner of this CIFRE thesis, to perform
the conversion and normalization of all these patent applications from image format
into normalized documents, both to allow patent experts to perform their work and
to populate the EPO patent database, as illustrated in Figure 1.4. Luminess has
been performing this work with the EPO since 1990 and has developed a customized
process for converting patent applications into their final document format. The
conversion accuracy required by the contract with the EPO is 99.99%, meaning that
the process must be highly reliable to avoid introducing any errors into the description
or claims of the final document of the invention, which could have very serious legal
consequences. The processing time must also be very short, as a large number of patent
applications need to be processed: 201,974 applications were filed in 2025, corresponding
to approximately 550 applications per day °.

Patent documents are also often very long and dense, meaning that the complete
conversion process must be performed quickly while maintaining a very high level of
accuracy. These requirements require finding a balance between automation, which
improves scalability but may introduce errors, and manual transcription, which ensures

quality but remains costly and difficult to scale.

Patent
Database

}v 99.99% .
accuracy !

PDF

Figure 1.4: The conversion of patent applications to normalized XML and PDF docu-
ments.

The existing conversion pipeline begins with a manual segmentation of the input
pages to separate the document into several categories, in reading order: text paragraphs,
tables, chemical formulas, mathematical formulas (Figure 1.5), figures, titles and more.

This first step serves as an initial verification of the input document and its overall

Ohttps://www.epo.org/en/news-events/press—centre/fact-sheet/446602, accessed 2026-09-
11.
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quality, detecting potentially unusable documents, and as a preprocessing stage to
rotate pages that are upside down or incorrectly oriented, making the subsequent OCR

tasks more reliable.

EP 19 7138266 DESCRIPTION (10.102019) @24

WO 2019193070 o PCT/EP2019/058434

<
=¥

The side signal S is further predicted with M

.,

S S = 5() - gULo)M(f)

where g(ILD) = ; ‘ where ¢ = 10/42081/2°_ Aernatively the optimal prediction gain g can be
found by minimzing the Mean Square Error (MSE) of the residual and ILDs deduced by the
previous equaton

The residual signal 5°(f) can be modeled by two means: either by predicting it with the de-
ayed spectrum of M or by coding it directly in the MDCT domain in the MDCT domain

6. Stereo decoding

The Mid signal X and Side signal S are first converted to the left and right channels L and R
as follows:

;1K) = M,[K] + gM,[k]. for band_limits[b] < k < band limits{b + 1],
R/[K) = M,[k] — gM, k). for band_timits[b] < k < band limits[b + 1],

Figure 1.5: An illustration of the segmentation of mathematical expression images from
patent applications.

Once the document has been segmented in reading order, the pipeline applies a
dedicated processing step to each category. Text regions are sent to the company’s
proprietary multi-OCR system, figures are annotated with their figure and part numbers,
while mathematical expressions are forwarded to a dedicated manual transcription
process in which human operators manually transcribe each formula.

The mathematical expressions are manually transcribed in MathML format using
a MathType!! virtual keyboard. A dedicated interface displays the mathematical
expression together with part of its surrounding context, allowing the operator to enter
the formula while checking that the entire mathematical content has been selected.

The transcribed mathematical expressions then go through two successive manual
verification steps to achieve the required quality of 99.99%. For each verification
step, a human operator compares the original image with the rendered version of the
transcription and must confirm that no mistake was made. If an error is detected,
the expression is returned to the operator who originally transcribed it to correct the
error and resubmit the expression for another verification. This recognition pipeline is
illustrated in Figure 1.2a. This process is designed to avoid the most serious case: an
inventor detecting an error in the final document and requesting what is referred to as
a "reprocess', meaning that the entire patent must be processed again. Avoiding such
full reprocessing is a major objective of the pipeline. The final output of the patent
conversion pipeline consists of an XML document, a PDF, and the associated images of
mathematical expressions, chemical expressions and figures, all stored in a zip archive
on the EPO patent portal.

Uhttps://www.wiris.com/en/mathtype/, accessed 2026-08-17.
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1.3 Research Questions

The overall objective of this thesis is to study how the recognition of mathematical
expressions in heterogeneous technical documents can be progressively automated while
maintaining the high level of quality required in real-world applications. In particular,

the thesis addresses the following research questions:

« RQ1: What are the capabilities and limitations of current MER methods when

applied to real-world patent documents?

« RQ2: How can the quality and reliability of MER predictions be measured, both

during model evaluation and in production?

« RQ3: How can large-scale technical document databases be used to improve
automatic MER?

e RQ4: How can automatic systems assist human operators by reducing processing

time, errors, and cognitive load?

« RQ5: Under which conditions can MER be reliably automated, and when is

human intervention still required?

Answering these questions requires studying the complete digitization process, from
automatic recognition and quality evaluation to error detection and human assistance.
Our goal is to improve recognition accuracy, measure the reliability of automatic
predictions, and determine when human intervention is still required to ensure the

required conversion quality.

13
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CHAPTER 2 — State of the Art

The goal of this state-of-the-art chapter is to give a historical overview of the research
conducted on Mathematical Expression Recognition (MER) and to highlight the main
challenges identified in the literature that motivate the contributions presented in this
thesis. This chapter provides a reference for the architectures, datasets, and evaluation
protocols used throughout the manuscript.

The three following sections focus on MER models, datasets, and evaluation met-
rics, respectively. Within each section, the presented works are mainly organized

chronologically to highlight the evolution of the field over time.

2.1 Mathematical Expression Recognition Models

This first section summarizes the architectures used for offline MER. We begin with
the earliest models, which separated symbol and layout recognition in two distinct
steps. We then present the first encoder-decoder models, followed by the emergence
of Transformer and Vision Transformer end-to-end architectures, and finally recent

vision-language models.

2.1.1 Early Computer Vision Approaches

The main differences between plain text recognition and MER lie in the large variety of
mathematical symbols that compose the vocabulary and in the complex two-dimensional
spatial organization of mathematical expressions. In particular, variations in character
size and position can alter the meaning of an expression. That is why the earliest
approaches to MER separated the problem into two consecutive tasks: the recognition
of individual symbols and the understanding of the layout.

For readers looking for a quick overview of these approaches, these two surveys
describe the main ideas behind symbol recognition and structural analysis, and review
much of the foundational work [5, 6].

The earliest work we identified using a two-step strategy is [7]. Anderson used
a RAND tablet (Figure 2.1) to collect handwritten symbols and combined character
recognition from [8] with rule-based layout analysis to reconstruct mathematical ex-
pressions. This two-step strategy was later extended to different types of mathematical
documents, including printed documents and PDF, using increasingly sophisticated
rule-based layout analysis [9, 10, 11, 12].

The INFTY OCR system [13, 14] extended this approach to full-page mathematical
documents by combining document segmentation, symbol recognition, rule-based layout
analysis, and manual correction. It achieved an Exact Match rate of 89.6% on 12,493
expressions.

Later work improved the symbol-recognition component using machine-learning
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CHAPTER 2 — State of the Art

Figure 2.1: The RAND tablet used in [7] for handwritten MER.

error classifiers, including Support Vector Machines, while still using the separation
between symbol recognition and structural analysis [15, 16, 17, 18, 19]. In 2006, [20]
introduced a dataset of 43,495 annotated mathematical expressions and a multi-stage
system that combined symbol segmentation and recognition with rule-based layout
parsing. However, the dataset was not publicly available, limiting reproducibility and
cross-system comparison.

Overall, these multi-stage approaches were widely used between the 1990s and the
early 2010s, and demonstrated promising performance at the time. However, they
were generally evaluated on independent datasets using different evaluation protocols
and metrics, making direct comparisons difficult. Moreover, they were often highly
optimized for the specific use case and data considered in each work, making their
ability to generalize uncertain. In addition, most of the original implementations are no
longer publicly available, making reproducibility difficult.

Those limitations motivated end-to-end machine-learning-based approaches, which
aimed to jointly learn symbol recognition and the relationships between symbols to

produce structured textual mathematical representations.

2.1.2 Encoder—Decoder Architectures

The limitations of the two-step pipelines described above, particularly error propagation
and handcrafted layout parsers, motivated the development of end-to-end trainable
architectures. Instead of separately recognizing symbols and analyzing their structure,
these approaches encode the input image into visual features and directly decode them
into a sequence of tokens, typically LaTeX.

While encoder—decoder models had already been explored extensively for online
handwritten MER [21], [22] marked an important step for offline printed MER (PMER).
Deng et al. introduced the im2latex100k dataset, one of the first large-scale datasets
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pairing mathematical expression images with their LaTeX representations. This dataset
enabled the training of larger neural models and provided a common benchmark for
subsequent work.

Building on image captioning architectures [23, 24], they proposed an encoder—
decoder model for image-to-LaTeX conversion. A CNN extracts visual features, which
are enriched with positional information using an LSTM, while a second LSTM decodes
the resulting representation into LaTeX tokens. They also introduced a coarse-to-
fine attention mechanism that first identifies relevant image regions before computing
fine-grained attention within them.

For evaluation, the authors combined BLEU [25] with a visual exact-match metric
based on rendered expressions, addressing the fact that different LaTeX sequences can
produce identical mathematical renderings (see Section 2.3). Their best model achieved
approximately 88% BLEU and 77% Visual Exact Match.

The importance of this work lies in its architecture, proposed dataset and evaluation
protocol. The im2latex100k dataset became a standard benchmark for PMER and
supported a large quantity of encoder—decoder research. This contrasts with earlier
approaches, which generally relied on smaller, independently developed datasets and
evaluation protocols.

This work triggered a large number of publications on encoder-decoder MER models,
with studies mainly improving the CNN encoder, attention mechanisms, training
strategies, or decoding process. Despite these variations, most retained the general
architecture illustrated in Figure 2.2. The resulting research can be grouped into several
directions, including improvements to visual feature extraction, spatial representation
and attention, as well as sequence level training and decoding. The main contributions
and reported performance of the approaches discussed in the following section are

summarized in Table 2.1.

Input Image
7* Encoder: Decoder: Output LaTeX
f O —» LSTM 1 s anen
. VIT Space CTC -
77/ CvT Transformers

Figure 2.2: Simplified encoder—decoder architecture used for image-to-LaTeX conversion.
The encoder extracts visual features from the input image, while the decoder generates
the corresponding LaTeX sequence token by token from the embedded formula.

Incremental Improvements to Deng et al. Encoder—Decoder Architecture

Several works introduced incremental modifications to the architecture of [22]. [26] used
beam search during inference, removed the LSTM row encoder, and modified the CNN

encoder, slightly improving recognition performance. [27] also removed the encoder-side
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LSTM and replaced the decoder with a Deep Output Layer [36] that combines the
LSTM state, attention vector, and previous token embedding. [28] focused on the
CNN, adding extra layers, limiting downsampling, and using Max-Blur-Pooling [37] to

improve robustness to small spatial shifts.

Improving Spatial Representation and Attention

Other works focused on providing the decoder with better spatial information. [29]
introduced a spotlight mechanism that tracks previously attended regions and predicted
tokens, helping the model learn a reading order for two-dimensional expressions. [30]
used a larger DenseNet encoder with channel-wise and spatial attention, while [31]
introduced an additional convolutional layer and a double-attention mechanism. These
approaches highlight the importance of explicitly modeling spatial relationships, since

mathematical expressions cannot always be read from left to right.

Sequence-Level Training and Alternative Decoding Strategies

Another line of work addressed the training objective and decoding strategy. [32]
combined 2D sinusoidal positional encoding with a two-stage training procedure: token-
level training followed by sequence-level reinforcement learning using a BLEU-based
reward. The model also did not use Teacher Forcing during the training stage to reduce
exposure bias. [33] followed a similar direction, combining positional encoding, random
padding, and token-level reinforcement learning. These approaches reported the highest
BLEU scores among the models discussed in this section (Table 2.1).

Alternative decoding strategies were also explored. ConvMath [34] replaced the
recurrent LSTM decoder with a fully convolutional decoder [38] and used a ResNet
encoder. Py4AMER [35] instead combined a CNN-BiLSTM encoder with Connectionist
Temporal Classification (CTC), learning the alignment between visual features and the
target LaTeX sequence without an autoregressive decoder. These works demonstrate
that LSTM-based decoding was not the only viable approach to image-to-LaTeX
generation.

These studies illustrate the limitations of encoder-decoder architectures. Effective
recognition relies heavily on visual feature extraction, spatial information, attention
mechanisms, and sequence generation.

The next major architectural upgrade came with Transformer-based models, which
provided a different way to model the long-range dependencies and spatial relationships

present in mathematical expressions.
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2.1.3 Transformer-based Models

Unlike the CNN-RNN encoder—decoder models discussed above, recent approaches rely
on Transformer-based architectures for visual encoding, decoding, or both. Transformers
[39] use self-attention to model relationships between their input tokens. The Vision
Transformer (ViT) [40] applies this principle to images by representing them as sequences
of patches.

Many variants have been developed for more complex visual data. The Swin
Transformer [41] limits self-attention to local windows and shifts them between layers
to reduce the computational cost while allowing information exchange across windows.
The Convolutional Vision Transformer (CvT) [42] combines convolutional layers with
Transformer layers to use both the local feature extraction of CNNs and the attention
of Transformers.

Transformers have also become widely used for document image understanding.
Models such as Pix2Struct [43] and Donut [44] perform document understanding
directly from images, avoiding the traditional OCR-first pipeline and its associated
error propagation. Related architectures have been applied to text recognition with
TrOCR [45] and to academic document understanding with Nougat [46].

Self-attention is particularly suited to mathematical expressions because the inter-
pretation of a symbol depends on its spatial and structural relationships with potentially
distant symbols. This allows Transformer-based models to capture dependencies between
superscripts, subscripts, fractions, and other structural operators more directly than
architectures relying on local visual features. However, Transformers generally require
a large amount of training data to learn effective visual representations. That is why
Transformer-based approaches rely on large-scale datasets, pretraining, or data augmen-
tation to compensate for limited training data. The Transformer-based encoder—decoder

models discussed in this section are summarized in Table 2.2.

Early Transformer-Based Encoder—Decoder Architectures

An early Transformer-based approach to PMER is pix2tex [47]. It combines a ResNetV2
encoder, a Vision Transformer, and a Transformer decoder. The model is trained on
a mix of rendered and handwritten expressions from im2latex100k, CROHME [60],
and additional online data, with multiple fonts used for data augmentation. Its mixed
training and evaluation data make direct comparison with models evaluated exclusively
on im2latex100k difficult.

Another contribution is a hybrid CNN-Transformer architecture in [48], which
combines a ResNet encoder, 2D positional encoding, a Vision Transformer, and an
LSTM decoder with coverage attention. These early approaches marked the transition

from CNN-RNN architectures towards Transformer-based visual encoding and decoding.
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Bidirectional and Alternative Transformer Decoding

Several works explored alternatives to conventional left-to-right autoregressive decoding.
[49] adapted the Bidirectional Trained Transformer (BTTR) from handwritten MER
to printed expressions. Using a DenseNet encoder with 2D positional encoding, the
model learns expressions in both left-to-right and right-to-left directions, allowing each
prediction to benefit from information from both sides of the expression. The authors
also increased the frequency of rare symbols during training using the Marmot dataset
and tools [61, 62].

CTC, previously used in Py4MER [35], was combined with a CNN-Transformer
encoder in [50]. The resulting encoder-only architecture extracts local and global visual
features and uses CTC for non-autoregressive transcription. These works demonstrate
that Transformer-based MER can move beyond conventional autoregressive decoding

through bidirectional generation and CTC-based transcription.

Improving Visual Representations with Local and Global Information

Other approaches focused on combining fine-grained local information with the global
structure of the expression. ICCT [51] uses a ConvMixer [63] encoder and injects global
image information in the Transformer decoder through a conditional token. EDSL
[52] takes the opposite approach by explicitly extracting individual symbols using a
simple connected-component analysis. Each symbol is encoded with a CNN, positional
encoding, and self-attention before being processed by a Transformer decoder. Building
on EDSL, DBN [53] combines local symbol features with a global representation of the
complete expression through cross-attention and additional supervision.

TRMER [54] removes the need for explicit symbol segmentation while using the
local-global principle. Its Dual-Branch Encoder combines a Focal Transformer [64] with
a convolutional branch for multi-scale spatial features. Finally, HDNet [55] introduces
hierarchical supervision by processing both complete formulas and sub-formulas with a
Vision Transformer encoder. The authors also introduce HDR-100M, containing more
than 100 million training samples, and the multi-annotated HDR-Test dataset.

Overall, these approaches progressively explored different ways of combining local
visual details with global structural information while preserving the structure of the

expression.

Scaling Data and Training

Recent work has increasingly shifted from architectural modifications towards scaling
and diversifying the training data.

Texify [56] uses a Swin ViT encoder and an mBART decoder [65], inspired by Donut
[44]. Unlike most dedicated PMER models, it is designed to recognize images containing
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both text and mathematical expressions. It is trained on im2latex100k and additional
data from arXiv papers, and was later integrated into the Surya document recognition
system [66].

TexTeller [57] uses a relatively simple 300M-parameter ViT-Transformer architecture
and focuses primarily on large-scale training. Its Tex80M dataset is built from more than
300,000 scientific papers and combines multiple forms of augmentation, including formula
concatenation, symbol replacement, inserted text, font variation, and realistic paper
textures. The model also includes a small proportion of handwritten expressions. This
work demonstrates that a relatively simple architecture can achieve strong performance
when trained on sufficiently large and diverse data.

MathNet [58] investigates the importance of rendering diversity. Its im2latexv2
dataset extends im2latex100k by rendering expressions with 59 fonts at 600 dots per inch
(DPT). The authors show that models trained on a single visual distribution generalize
poorly to other rendering conditions, while multi-font training improves robustness.
The results also highlight the importance of input resolution on the performance.

UniMERNet [59] extends this data-centric approach to a broader range of real-world
conditions. Its UniMER dataset includes standard and complex printed expressions,
screen-captured formulas, and handwritten expressions. Trained on the large-scale
UniMER-1M dataset, it is evaluated across the different UniMER-Test subsets, providing
a broader evaluation of robustness than traditional printed-expression benchmarks.

These works illustrate the evolution from model-centric to data-centric improvements.
The scale, diversity, resolution, and realism of the training data have become as

important as architectural complexity for improving MER robustness.

2.1.4 Vision-Language Models for MER

The recent development of large-scale Vision-Language Models (VLMs) has impacted
document analysis and recognition. Unlike specialized MER models, VLMs are de-
signed to process a broad range of visual and textual tasks, including OCR, document
understanding, visual question answering, and mathematical reasoning.

Several general-purpose proprietary VLMs have demonstrated strong performance
across a wide range of multimodal tasks. These include GPT-4V and GPT-4o [67],
Gemini', and Claude?. Open-weight models such as Qwen3-VL [68] have also demon-
strated strong performance on general multimodal and visual mathematical benchmarks.
However, these models are not specifically designed for MER, and their training data

and training procedures are generally not fully disclosed.

'https://blog.google/products-and-platforms/products/gemini/gemini-3/, accessed
2026-07-30.
2https://www.anthropic.com/news/claude-3-family, accessed 2026-07-30.
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Issues with Using General-Purpose VLMs for MER

Strong performance on general-purpose or visual mathematical reasoning benchmarks
does not necessarily imply accurate mathematical expression transcription. For example,
MathVista [69] and MathVerse [70] evaluate mathematical reasoning and visual under-
standing rather than exact transcription into representations such as LaTeX. A model
may be able to solve a mathematical problem correctly while producing an inaccurate
transcription of the expression.

The task considered in this thesis is narrower: mathematical expressions are already
segmented, and the objective is to transcribe each expression accurately. Layout
analysis and recognition of the rest of the document is unnecessary. This makes
direct comparison with general-purpose VLMs difficult because many are evaluated on
heterogeneous document or reasoning benchmarks and not on MER directly. Formula-
specific evaluation is required to compare them with dedicated PMER models.

Some studies have evaluated general-purpose VLMs directly on MER. [71] reports
that specialized models outperform general-purpose VLMs on handwritten MER, and
[72] shows that complex expressions remain challenging for general multimodal models.
These results suggest that general-purpose VLM capabilities do not necessarily transfer
directly to specialized MER tasks.

Evaluation is further complicated by the risk of benchmark contamination. Since
the training data of many large-scale models are not fully disclosed, publicly available
benchmarks may have been included in their training data, potentially leading to artifi-
cially high performance. For example, LessLeak-Bench [73] reports large performance
differences between leaked and non-leaked benchmark samples.

For these reasons, only VLM-based systems providing formula-specific evaluation
are considered in the following discussion. The focus remains on approaches that can

be meaningfully compared with specialized PMER models.

Vision-Language Models for Document OCR and Parsing

Beyond general-purpose VLMs, recent models have been specifically developed for
document parsing. These systems typically combine layout analysis, text recognition,
table understanding, and MER within a unified framework. Although their primary
objective is general document understanding, their formula recognition performance
provides a useful reference for PMER.

Dolphin [74] splits layout understanding and recognition in two steps, while Mon-
keyOCR [75] and dots.ocr [76] handle document structure and content recognition at
the same time. More recent systems, including MinerU2.5 [77] and PaddleOCR-VL [78,
79], use a coarse-to-fine strategy, combining global layout analysis with high-resolution

recognition of local regions.
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Recent systems such as DeepSeek-OCR [80], DeepSeek-OCR 2 [81], and Mistral
OCR 43 illustrate the convergence of OCR, document parsing, and multimodal language
models. Mistral OCR also highlights the issue of polymorphic ambiguity: different
LaTeX strings can produce the same visual rendering, leading string-based metrics to
count equivalent predictions as errors (Figure 2.3). This issue is addressed in Chapter 3.
Equation segmentation can cause similar evaluation errors when a large expression is

split into several predictions while preserving the same mathematical content.

Original Dataset

1
.* OCR Prediction =
i ' fi

Original Image

f_{iyn{"} f A \ast _ i

Original LaTeX

P ]

1
]
]
1
1
]
]
]
1
] .
) Predicted LaTeX

Figure 2.3: Example of polymorphic ambiguity: different LaTeX representations pro-
ducing the same visual rendering.

These systems are commonly evaluated on general document benchmarks such as
OmniDocBench [82], which contain heterogeneous document elements and use metrics
such as FormulaCDM to assess formula recognition. While these benchmarks provide
useful references for document-level systems, their setting differs from isolated PMER
evaluation, where already-segmented expressions are transcribed individually. This
makes their results not directly comparable with those of specialized PMER models.

Also, practical constraints limit the use of large general-purpose VLMs for the
considered application. Many of the most capable models are proprietary and ac-
cessed through APIs, while large open-weight models can require a large amount of
computational resources for local inference. Since the target application processes
sensitive patent documents, local processing is required, making computational cost,
memory requirements, privacy, and reproducibility important considerations alongside
recognition accuracy.

VLM-based document parsing systems have recently achieved competitive results
on general document understanding benchmarks, but their general-purpose design and
heterogeneous evaluation protocols make direct comparison with specialized PMER
models difficult. This thesis will focus primarily on specialized PMER approaches, while

evaluating a limited selection of VLM-based systems as external baselines.

3[https://mistral.ai/news/ocr-4/] (https://mistral.ai/news/ocr-4/), accessed 2026-07-
30.
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2.2 Mathematical Expression Datasets

To train and evaluate encoder-decoder models for MER, a large amount of annotated
data is required. This section provides an overview of the main datasets proposed
for the image-to-LaTeX task. Although several datasets have been introduced for
mathematical expression detection or content extraction from scientific documents,
detection is outside the scope of our work.

The literature on mathematical expression datasets is divided between handwritten
and printed expressions. This thesis focuses on printed mathematical expressions, even
though handwritten datasets have played an important role in the development of the
domain. The CROHME competition [60], introduced in 2011 [83], is today the main
benchmark for handwritten MER. The latest editions combine human handwritten
samples and synthetic data, totaling more than 160k expressions. CROHME provides
both online data, through stroke trajectories, and offline data, through rendered images.

Evaluation is performed with LgEval [84], a graph-based tool that converts LaTeX
or MathML representations into Stroke and Symbol Label Graphs to measure structural
differences at both stroke and expression levels. More recently, the MathWriting dataset
[85] introduced a large-scale corpus containing 230k human handwritten expressions
and 400k synthetic expressions, collected between 2016 and 2019. Around 95% of the
expressions were also sourced from Wikipedia.

For printed expression recognition, datasets consist primarily of pairs matching a
visual representation of an expression with its corresponding markup representation.
However, several markup formats can be used to represent the same mathematical
content, and some datasets provide additional information beyond the image and
markup. Those representation choices directly affect how MER systems can be trained,
compared, and evaluated.

The following sections review the evolution and diversity of datasets and their

implications for training and evaluating PMER.

2.2.1 Diversity of Mathematical Expression Modalities

Mathematical expressions can be represented using a wide variety of digital modalities.
This section focuses on the main computer-readable formats used to encode mathe-
matical content, ranging from textual notations and markup languages to semantic
representations, spoken descriptions, and structural graphs.

For readers interested in the broader history of mathematical representation before
conventional computers, [86] describes the principles and conventions used to print math-
ematical characters, and [87] provides an extensive historical overview of mathematical

notation from ancient Babylon to the nineteenth century.
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The digital communication of mathematical information requires representations
capable of preserving different aspects of mathematical expressions. These aspects
can be broadly divided into four levels. The syntax describes how an expression is
written according to the rules of a representation language. The structure describes the
relationships between the different components of the expression, such as the numerator
and denominator of a fraction or the arguments of a function. The semantics describes
the mathematical meaning of these components and their relationships. Finally, the
visual representation describes how the expression is rendered for human readers. Several
computer-readable representations have been developed to encode one or more of these

aspects.

Textual Notations and Markup Languages

One of the most used representations of mathematical expressions is LaTeX [88]. It
provides many commands for writing mathematical expressions, but mostly describes
how they should be typeset rather than describes their mathematical semantics. The
same symbol can represent different objects or roles within an expression. For example,

in

n
limit = Z a;,
i=1

the symbol 7 appears four times in the raw LaTeX, but has different roles: twice as
a letter in [imit, once as the summation index, and once as the subscript of a;.

Another mathematical markup language is MathML?. It was developed by the World
Wide Web Consortium (W3C) in the 1990s and provides a standardized representation
of mathematics on the Web.

Unlike LaTeX, MathML can represent both the presentation and the meaning
of mathematical expressions. It distinguishes between presentation markup, which
describes how an expression is displayed, and content markup, which describes its
mathematical meaning. For example, Content MathML can represent a vector using
a semantic element such as <ci type="vector">V</ci>, which can then be rendered
according to the conventions of a given context, such as V or V. In practice, Presentation
MathML is frequently encountered in online mathematical documents.

MathML was proposed to be an important markup for communicating mathematics
online [89], but its complexity and representation ambiguities have limited its adoption
[90]. Tools such as the open-source API of [91] were developed to simplify MathML
manipulation and adoption. A successful MathML-based resource is the Digital Library
of Mathematical Functions (DLMF), a large online collection of mathematical functions

released in May 2010 [92]. It makes extensive use of MathML for Web representation,

‘https://www.w3.org/Math/whatIsMathML.html, accessed 2026-07-30.

28


https://www.w3.org/Math/whatIsMathML.html

CHAPTER 2 — State of the Art

although relatively little work has used it as a dataset. One example is [93], which
provides mathematical expressions from the DLMF in LaTeX together with semantic
links between corresponding pages.

Simpler textual notations and character based representations have also been devel-
oped. AsciiMath® provides a simple syntax that can be converted to MathML, while
OpenMath aims to represent mathematical semantics in a machine-readable form [94,
95]. Mathematical expressions can also be represented directly using Unicode characters,
including dedicated mathematical symbols. However, these representations do not all
provide the same level of structural and semantic information. In particular, Unicode
characters alone do not describe the structure of a mathematical expression.

Mathematical expressions can also be represented directly using Unicode characters
rather than a markup language. Unicode includes a dedicated Mathematical Operators
block®, containing symbols such as [, >, and €. Greek letters and other mathemat-
ical characters are available in other Unicode blocks. While Unicode allows many
mathematical expressions to be represented directly as text, Unicode characters alone
do not encode their mathematical structure or semantics. It remains limited when

mathematical content must be interpreted rather than simply displayed.

Natural Language and Spoken Mathematical Expressions

Mathematical expressions can also be represented using natural language. [96] in-
troduced Formula2Text, a dataset and task for transcribing images of mathematical
expressions into complete textual descriptions. The dataset contains 721 mathematical
expressions associated with their LaTeX markup and five full-sentence transcriptions.
For example, the expression § = —iR can be described as “beta is equal to the negative
one over two pi times R”. MathBridge [97] collected 23 million mathematical expressions
from arXiv and open-source textbooks and converted their LaTeX representations into
written spoken mathematical descriptions using GPT-3.5.

More recent work has explored the conversion of mathematical expressions between
spoken language and formal mathematical notation. [98] combines spoken mathematical
expressions with online handwritten mathematical expressions and MathML. The
dataset contains 4,350 handwritten mathematical expressions spoken in French. The
original expressions were collected from Wikipedia, and the authors also generated a
synthetic subset, called Calculator, with a more limited vocabulary designed to represent
simpler mathematical expressions. These resources illustrate that mathematical content
can also be represented through natural language, although such representations are

less used in PMER than image—markup pairs.

Shttps://wwwl.chapman.edu/~jipsen/mathml/asciimathsyntax.html, accessed 2026-07-30.
Shttps://www.compart.com/en/unicode/block/U+2200, accessed 2026-07-30.
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Structural Graph Representations

Mathematical expressions can also be represented using graphs that explicitly describe
their structural organization. [84] introduces primitive Label Graphs for the evalua-
tion of structural pattern recognition systems. In the context of online handwritten
mathematical expressions, the primitives are strokes, and the resulting representation
can be viewed as a stroke-level Label Graph. They encode both the labels assigned
to individual primitives and the relationships between them, making it possible to
characterize classification, segmentation, and parsing errors separately or jointly through
graph-based measures.

Building on this primitive-level representation, [99] introduces the symbol Label
Graph (symLG), which represents mathematical expressions at the symbol level rather
than at the level of individual strokes (see Figure 2.4). In a symLG, nodes correspond
to mathematical symbols, while edges encode their spatial and structural relationships.
This change in the level of abstraction makes it possible to represent typeset mathemat-
ical expressions independently of the primitives used to generate them. The authors
convert LaTeX formulas into Presentation MathML and then into Symbol Label Graphs.
This resulting graph representation can be used to compare the visual structure of
mathematical expressions directly at the level of symbols and their relationships, rather

than indirectly through the original LaTeX strings.

Sup g Su| @
! (oRRSup)
C R C R @/
(0)

(oR) (0RR)

(s2)

R R
+ |+
R R
(s1)

(s3)

(s4)

(¢) Symbol Label Graph
(a) Handwritten expression (b) Stroke Label Graph (LG) (symLG)

Figure 2.4: Example of a handwritten mathematical expression represented as a Label
Graph and a Symbol Label Graph. Different colors indicate different pen strokes.
Adapted from [99].

Summary of Mathematical Expression Modalities

The representations described above encode mathematical expressions at several com-
plementary levels. An expression can be represented as a rendered image, Unicode
characters, a LaTeX or MathML string, a semantic representation, a natural language
description, an audio signal, or a structural graph. Each modality preserves different
information and supports different applications. Figure 2.5 summarizes the modalities
discussed in this section using a + 6° as a running example.

This diversity is particularly relevant to PMER, where the input is typically an

image and the output may be a LaTeX sequence, a MathML representation, a semantic
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<OMOBJ><OMA><OMS cd="arith1"

a+6A7Db a-+ 6b a+6"b name="plus"/><OMV name="a"/><OMA><OMS
cd="power" name="power"/><OMI>6</0MI><OMV
LaTeX Unicode AsciiMath name="b"/></0MA></OMA></0OMOBJ>
OpenMath
"a plus 6 to the "'Illllllll I" "a plus six to <math> <mi>a</mi> <mo>+</mo> <msup> <math><apply><plus/><ci>a</ci><apply><power/>
power of b" the power of b" <mn>6</mn> <mi>b</mi> </msup> </math> <cn>6</cn><ci>b</ci></apply></apply></math>
Textual description Spoken words Presentation MathML Content MathML
(s2)
D )
b R % sup A2 sup ()
+ \+ - C/ (s5) R R /j/(%?RSup}
a+6 o ) oo @-O"-G
- . (s1) A (s4) (0) (0R) (oRR)
Printed Expression G)

Handwritten Expression 3) Symbol Label Graph

Stroke Label Graph

Figure 2.5: Summary of different mathematical expression modalities for the expression
a + 6°. Stroke and Symbol Label Graphs representations are adapted from [99].

structure, or another machine-readable format. However, most existing datasets focus
on image-LaTeX pairs. The choice of output representation directly affects both dataset
annotation and the way MER systems can be evaluated. The following sections mainly

consider datasets providing this type of annotation.

2.2.2 Early datasets

Early datasets for MER mainly consist of scanned scientific documents. They are
valuable for studying robustness to real-world scanning conditions, but are generally
small and difficult to access. Studies such as [20, 100] reviewed the challenges of
MER for large collections of scanned scientific documents. They highlighted scanning
noise, binarization artifacts, touching characters, font and size variations, and the
two-dimensional structure of mathematical expressions.

One of the earliest examples of dataset is the UW document image database [101].
The UW-I, UW-II, and UW-III databases contain over two thousand English and
Japanese technical document images. In UW-III, 25 pages containing mathematical
formulae were selected and their mathematical zones annotated, including formula
locations and individual symbols. InftyCDB-1 [102] contains characters and symbols
from 467 pages of 30 mathematical articles, annotated with attributes such as character
type, font, image quality, and position.

These early datasets established the importance of realistic variations in scanning,
typography, and document layout for MER. However, their limited scale, accessibil-
ity, and annotation formats made them unsuitable for training modern data-hungry

recognition models.

2.2.3 Large-Scale Synthetic Datasets from LaTeX Sources

A large proportion of modern printed mathematical expression datasets follows a

synthetic generation pipeline in which mathematical expressions are extracted from
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scientific documents as LaTeX source markup and rendered as images. This approach
makes it possible to generate large-scale image—formula pairs at relatively low cost. The
resulting images generally lack the noise, distortions, and variability associated with
real-world document acquisition, such as scanning artifacts, compression, blur, and
degradation.

Table 2.3 summarizes the datasets presented in this subsection, with their source,

content, visual characteristics, size, and main contribution.

The im2latex100k Dataset and Its Successors

The most influential dataset in this line of work is im2latex100k [22]. It was constructed
from the KDD Cup 2003 dataset [107], which contains approximately 225,000 physics
articles from arXiv. The authors extracted 103,556 displayed mathematical expressions
and rendered them as images, as illustrated in Figure 2.6. im2latex100k became a widely
used benchmark for PMER. The extracted LaTeX was processed using a KaTeX-based

parser before rendering to reduce inconsistencies between visually equivalent expressions.

\vec{g} + \mu \nablanr2 \vec{V} $$
View PDF

HTML (experimental)
TeX Source

LaTeX Source

Access Paper: f $$ \rho \frac{D\vec{V}}{Dt} = -\nabla p + \rho
v

Other Formats

o[ DV N
arXiv| Py = ~VPHeg+uVV
Rendered Image

Figure 2.6: Illustration of the pipeline used to generate paired mathematical expression
images and LaTeX from arXiv articles.

Several datasets reused the same source and acquisition strategy. im2latex90k
and im2latex140k [27] filtered some very large samples from im2latex100k and added
expressions from more arXiv papers. ME98k [52] also provided a cleaner subset by
removing some examples. Other works developed tools to parse the original KDD Cup
sources and generate new image-LaTeX pairs [108], leading to other redistributions such
as im2latex170k [103] and im2latex230k [104]. This creates a risk of overlap between
these collections and can result in duplicated or near-duplicated expressions.

The IBEM dataset [105] also uses the KDD Cup source but extends it to both
displayed and inline expressions, with several LaTeX preprocessing levels. Unlike the
isolated formulas that dominate traditional MER benchmarks, inline expressions occur

within surrounding text and are generally shorter, providing a different data distribution.
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Increasing Visual Diversity and Realism

ME20k [52, 29] provides a different source distribution from the scientific-paper-based
datasets discussed above. It was collected from mathematical exercises published on
the Chinese online education platform Zhixue.com, making it particularly useful for
evaluating models trained on other domains and testing transfer learning.

A further direction has been to increase visual diversity rather than only the num-
ber of formulas. The im2latexv2 dataset, introduced with MathNet [58], re-renders
im2latex100k expressions using 59 mathematical fonts at 600 DPI. This increases varia-
tion in typography and rendering conditions while preserving the original mathematical
content. The same work introduced realFormula, a small and manually annotated test
set extracted arXiv documents and rendered as images.

Tex80M, introduced with TexTeller [57], scales this approach to more than 80 million
synthetic formula images generated from formulas extracted from approximately 300,000
arXiv papers. The authors use a unified extraction pipeline based on Nougat [46] to
normalize LaTeX expressions and remove author-specific macros and styles. The formu-
las are then augmented through concatenation, operator and bracket transformations,
diverse fonts, paper textures, lighting variations, noise, and ink degradation. Tex80M
demonstrates the potential of large-scale synthetic data for improving recognition
performance and generalization.

Fusion Image-to-LaTeX [106] follows a similar strategy at a smaller scale by combin-
ing approximately 3.4 million image-text pairs from several existing datasets, including
im2latex100k, im2latex90k, im2latex140k, im2latex170k, im2latex230k, CROHME, and
the Aida Calculus Math Handwriting Recognition Dataset [109]. It contains 3.2 million
printed and more than 200,000 handwritten expressions. LaTeX normalization using a
KaTeX parser reduces polymorphic ambiguity, although combining datasets derived
from the same sources poses the risk of duplicate expressions.

Recent datasets have also targeted more complex structures. AMME-20K, introduced
for the ICPR 2024 competition on multi-line MER [110], contains 20,000 expressions
from real academic papers, with approximately 60% containing multiple lines. The HDR
dataset [55] focuses on hierarchical complexity, from simple characters to deeply nested
structures such as fractions and matrices. Its HDR-100M training set contains more
than 100 million synthetic formula images, while HDR-Test contains 43,932 formulas
annotated for evaluating complexity, number of lines, and formula length.

The UniMER dataset [59] was designed to address the limited diversity and com-
plexity of earlier benchmarks. UniMER-1M contains 1,061,791 LaTeX-image pairs,
while UniMER-Test contains 23,789 expressions across four categories: simple printed
expressions (SPE), complex printed expressions (CPE), screen-captured expressions

(SCE), and handwritten expressions (HWE). Its printed expressions come from arXiv,
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Wikipedia, and StackExchange, and screen-captured expressions are taken from more
than 1,000 pages of books, papers, textbooks, magazines, and newspapers in Chinese
and English. The dataset covers variation in font, size, background, image quality,
distortion, and writing style, as well as a broad range of expression complexity.
LaTeX-based datasets have driven the development of PMER by providing large,
diverse, and complex training resources. However, the increase in dataset size has not
always been accompanied by greater diversity in style or source documents, and models
are still often trained on im2latex100k or closely related datasets. This creates a risk of
overlap between train and test data and makes it difficult to evaluate generalization
to previously unseen documents. There is also limited evaluation of real-world robust-
ness, particularly for low-quality scans and photographs. Recent resources such as
UniMER address this limitation by incorporating more diverse sources, screen-captured

expressions, broader visual variability, and different levels of structural complexity.

2.2.4 Large-scale document understanding benchmarks

Recent multimodal models are increasingly evaluated on large-scale document under-
standing benchmarks covering tasks such as text recognition, layout analysis, table
parsing, formula recognition, information extraction, and visual question answering
[111]. Some also include real-world documents, such as scanned or photographed
pages. However, mathematical content generally represents only a small part of these
benchmarks.

General-purpose benchmarks often contain too little mathematical content to serve
as dedicated PMER benchmarks. OmniDocBench [82] contains 981 document pages
from nine document types and includes 4,009 inline mathematical formulas annotated in
LaTeX. The formulas were initially generated using UniMERNet [59], then checked and
corrected manually. Similarly, olmOCR-Bench [112] contains 1,402 PDF documents and
7,010 test cases, including 3,385 mathematical tests. These comprise 2,927 expressions
from arXiv papers and 458 expressions from scanned historical mathematics textbooks.
The benchmark evaluates whether the OCR output preserves the expected symbols and
their spatial relationships rather than relying only on string-based metrics. However,
mathematical recognition is evaluated as one component of a broader document OCR
benchmark rather than as a dedicated PMER task.

Other benchmarks contain even fewer mathematical samples. OCRBenchV2 [113]
evaluates 23 tasks using 10,000 human-validated instruction-response pairs, but its for-
mula recognition task contains only 475 handwritten formulas. CC-OCR [114] contains
7,058 annotated images across 39 subsets, but only approximately 100 handwritten
mathematical formulas and 100 chemical formulas. Such quantities are insufficient for a
dedicated evaluation of PMER.
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Recent benchmarks have focused on robustness to real-world document acquisi-
tion. WildDoc [115] evaluates documents captured in natural environments, DocPT-
Bench [116] focuses on photographed documents and geometric distortions, and Real5-
OmniDocBench [117] reconstructs OmniDocBench documents under five physical con-
ditions, including scanning, warping, screen photography, illumination changes, and
skew. These benchmarks show that document understanding performance decreases
under physical capture conditions, but none specifically evaluates PMER under such
conditions.

Proprietary OCR systems also use non-public evaluation protocols. Mistral, for
example, reports results for Mistral OCR 47 on more than 600 documents in over 12
languages using blind human comparisons with five competing OCR systems. It also
reports scores of 85.20% on olmOCR-Bench and 98% on its internal Crawl Multilingual
evaluation. However, the internal documents and annotations are not publicly available,
limiting reproducibility and direct comparison.

Overall, existing large-scale document benchmarks are not well suited to high-
accuracy PMER evaluation. Their mathematical content is often limited, mixed with
handwritten or non-mathematical content, or treated as only one task among many.
Moreover, none provides a large-scale evaluation of PMER under realistic acquisition
conditions. Dedicated PMER benchmarks remain necessary for evaluating specialized

systems in high-accuracy settings.

2.2.5 Patent-based datasets

To the best of our knowledge, no publicly available dataset specifically targets MER
from patent documents. Existing patent datasets instead focus on patent text, technical
drawings, figure understanding, image retrieval, and multimodal analysis.

Several resources use data from the United States Patent and Trademark Office
(USPTO). DeepPatent and DeepPatent2 [118, 119] provide more than 350,000 and 2.7
million patent drawings, respectively. PatentLLM [120] introduces PATENTDESC-
355K, containing approximately 355,000 patent figures paired with textual descriptions.
Other USPTO-based resources focus on figure annotations [121], patent text and
metadata [122], or document summarization [123].

EPO-based datasets also target broad patent analysis. [124] uses EPO patents
for image retrieval, while PatentMatch [125] provides 6.26 million claim and prior-art
paragraph pairs. [126] collects 73,980 European patents through the EPO API, and
PatFig [127] provides 62,513 patent images from 15,645 European patent applications
linked to textual descriptions.

Other collections combine multiple patent sources. The EuroPat Corpus [128§]

"https://mistral.ai/news/ocr-4/, accessed 2026-07-30.
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provides multilingual patent text from the USPTO and EPO, while the CLEF-IP
collection [129] is based mainly on the MAREC corpus® and contains approximately
3.5 million XML documents corresponding to 1.5 million patents.

Existing patent datasets provide many resources for text processing, technical
drawing understanding, and image retrieval, but do not address MER. This constitutes
a clear gap, despite the large volume of patent documents containing mathematical
content.

Overall, older PME datasets provide realistic scanned-document variability but
are generally small and difficult to access, whereas recent large-scale datasets still
rely heavily on synthetically rendered expressions, although some works increasingly
incorporate visual degradation and real-world acquisition conditions. General-purpose
multimodal benchmarks contain more realistic documents but treat mathematical
recognition as only one component of broader OCR tasks, while proprietary evaluations
are often difficult to reproduce. Consequently, existing PME research remains heavily
dependent on synthetic data, and no publicly available dataset specifically addresses
MER in patents.

2.3 Evaluation Metrics for MER

Evaluating MER systems remains challenging due to the lack of standardized benchmarks
and evaluation protocols. Early studies highlighted inconsistencies between evaluation
methods, making fair comparisons difficult [20]. The emergence of deep learning
highlighted the need for metrics that reflect both recognition accuracy and human
judgment [130, 131].

MER predictions and ground-truth can be compared in several modalities, including
text, rendered images, and structural graphs, but the conversion and normalization
of these representations directly affect evaluation. The first subsection discusses these

conversions, before reviewing text-, visual-, graph-, and embedding-based metrics.

2.3.1 Conversion and Normalization

Mathematical expressions can be converted between LaTeX, MathML, graph repre-
sentations, and images (see Section 2.2.1). These conversions are useful for both data
generation and evaluation, particularly when equivalent expressions have different
textual or syntactic forms.

Several tools convert LaTeX to MathML, such as Tralics [132], BlahTeXML [133],
and LaTeXML [134]. LaTeXML converts LaTeX documents into an intermediate
XML representation that can be used to generate Presentation and Content MathML,

Shttps://ifs.tuwien.ac.at/imp/marec, accessed 2026-07-30.

38


https://ifs.tuwien.ac.at/imp/marec

CHAPTER 2 — State of the Art

HTML and EPUB. It has been used in the arXMLiv project to convert more than
90% of the arXiv collection to HTML [135]. Comparative studies have also evaluated
LaTeX-to-XML converters in terms of coverage and MathML quality [136].

For image generation, LaTeX can be rendered using any TeX engine, while MathML
can be rendered by most browsers. Generative approaches have also been proposed
for converting mathematical markup into images, but they are less suitable when
deterministic and reproducible rendering is required [137].

Normalization is important because mathematically equivalent expressions may
have different textual or structural representations. Previous work has addressed this
through MathML canonicalization [138] and parse-tree normalization [139]. Similar
approaches are used for LaTeX: Tex80M [57] uses Nougat [46] to reduce variations
caused by author-defined macros, while Deng et al. [22] normalize extracted LaTeX
using KaTeX.

Finally, expressions can be represented as structural graphs. The symLG represen-
tation converts normalized MathML into graphs whose nodes represent symbols and
whose edges encode their relationships, enabling fine-grained structural comparison
beyond purely textual or visual metrics [99].

The conversion and normalization steps are not neutral preprocessing operations.
Their design can affect the equivalence classes of expressions, the resulting annotations,
and the evaluation scores. A robust evaluation protocol must make the conversion and
normalization procedures explicit and reproducible.

The choice of representation also directly affects how predictions are compared with
references. The following sections consider several families of metrics, which evaluate
agreement between predictions and references from different perspectives, including

textual, visual, structural, and embedding-based representations.

2.3.2 Text-based metrics

Exact Match is one of the most common metrics for MER. It measures the proportion
of predictions that are identical to the ground-truth. However, it is highly sensitive to
representation differences: two different LaTeX sequences can produce the same visual
expression while receiving a score of zero, as illustrated previously in Figure 2.3.
Levenshtein distance [140] provides a less strict alternative by measuring the min-
imum number of insertions, deletions, and substitutions required to transform the
prediction into the reference. BLEU [25] measures (n)-gram precision with a brevity
penalty. These metrics provide more gradual scores than Exact Match but remain
dependent on the textual representation and do not explicitly measure mathematical
equivalence. They remain limited when different representations correspond to the

same mathematical expression, motivating visual and structural alternatives.
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2.3.3 Visual metrics

Visual metrics compare rendered images of predicted and reference expressions, reducing
the effect of polymorphic LaTeX representations. However, they can be sensitive to
small rendering differences, such as misalignment or changes in image dimensions.

Simple approaches include pixel-wise comparison, image correlation [141], and the
Structural Similarity Index Measure (SSIM) [142], which compares luminance, contrast,
and structural information. However, such metrics may penalize small visual differences
even when the recognized expression is largely correct.

Several metrics have been specifically developed for MER. Zanibbi et al. [143]
compare expressions using connected-component features such as contours, pixel den-
sity, aspect ratio, and spatial layout. IMEGE [144] uses a Binary Image Distortion
Model to compare corresponding image regions while allowing local distortions. It
computes precision- and recall-like scores and combines them using their harmonic
mean. The image-based Levenshtein distance [26] converts vertical image slices into
discrete sequences and applies Levenshtein distance to the resulting representations.
This provides an image-level edit distance that is less dependent on the original LaTeX
representation.

More recently, Character Detection Matching (CDM) [145] renders the predicted
and reference formulas, detects and matches their individual elements using graph
matching, and considers token identity, spatial proximity, and order. The final score is
an Fj-score over correctly matched elements.

Visual metrics are less dependent on the textual form of the prediction, but they
remain dependent on the rendering process and do not directly encode the mathematical
structure of the expression. They provide a useful complementary view of recognition
quality, particularly when alternative LaTeX representations produce visually equivalent

results.

2.3.4 Graph-based metrics

Graphs provide another powerful representation for mathematical expressions. Once an
expression is represented as a graph or tree, a wide range of graph-comparison metrics
can be applied, including graph edit distance, tree edit distance, and graph matching.

For handwritten MER, LgEval [84] attempts to mitigate this issue for handwritten
MER evaluation by employing a graph-based representation and Hamming distance
to quantify differences between expressions. It distinguishes three types of errors:
classification errors AC' (symbol recognition), segmentation errors AS (stroke merging),
and relationship errors AL (relations between symbols). These errors are averaged into
the AE(%) metric, defined as AE(%) = § (8 + /7855 4+ [ZAL5). The Symbol
Label Graph library [99] extends this approach by converting MathML expressions into
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Label Graph format, allowing the evaluation of PMER with this tool.

Graph- and tree-based evaluation has also been applied to mathematical expres-
sions, which are naturally represented as XML trees in MathML. EMERS [146] con-
verts MathML expressions into trees and evaluates recognition performance using tree
matching and the distance between the corresponding Euler strings. Similarly, other
approaches construct tree representations from MathML and compare expressions using
tree-matching techniques or normalized structural representations [147, 148]. These
methods can capture structural differences that are difficult to represent using purely
textual metrics.

Overall, graph and tree-based methods capture structural differences that are
difficult to represent with textual or visual metrics, but their effectiveness depends on

the underlying representation and comparison method.

2.3.5 Embeddings

Embedding-based metrics compare predictions and references in a continuous vector
space, allowing similarities beyond direct textual or visual matching. General evaluation
methods such as BERTScore [149] and COMET [150] rely on learned representations
rather than predefined token overlap. These approaches could potentially be adapted
to mathematical expressions using models such as MathBERT [151]. TeXBLEU [152]
applies a similar idea specifically to LaTeX using a specialized tokenizer and embedding-
based similarity.

Several works in Mathematical Information Retrieval (MIR) have explored mathe-
matical embeddings. Formula2Vec [153] learns dense representations of LaTeX formulas
and compares them using cosine similarity, while Equation Embeddings [154] represents
equations through their surrounding textual context to capture semantic meaning.
Other approaches incorporate both formula and document information, such as the
TF-IDF and Doc2Vec representations used in [155].

Embedding methods have also been learned directly from visual or structural
representations. [156] learns embeddings from formula images using convolutional neural
networks, while [157] represents formulas as operator trees and learns embeddings with
a tree-based autoencoder. EARN [158] combines a visual encoder with a graph neural
network to learn an embedding space reflecting both visual and structural similarity.

These approaches provide alternatives to exact string matching by capturing seman-
tic, visual, or structural similarity. However, their direct use for MER evaluation is
challenging, because OCR evaluation often requires distinguishing very small structural
differences that can be missed by embedding architectures. They are particularly
promising for applications such as retrieval, clustering, or quality assessment, but are

less suitable as metrics for high-precision MER evaluation.

41



CHAPTER 2 — State of the Art

Overall, current evaluations often rely on a single modality. A more comprehensive
evaluation could combine textual (LaTeX), structural and semantic (MathML, LgFEval),
and visual metrics to provide a more robust assessment of MER systems. In particular,

the potential of MathML-based evaluation remains largely underexplored.

2.4 Discussion and Conclusion on the State of the
Art for MER

This state of the art reviewed MER from three complementary perspectives: recognition
models, datasets, and evaluation metrics.

Regarding recognition models, the literature shows a transition from traditional
pipeline-based methods, which separated symbol recognition from structural analysis,
to end-to-end deep learning. Vision Transformer-based encoder—decoder architectures
have become a dominant family of specialized PMER models due to their strong
recognition performance and ability to jointly model visual and structural information.
Although general-purpose Vision-Language Models perform well on broader document
understanding tasks, specialized MER models remain better suited to high-accuracy
mathematical recognition.

Datasets have evolved from small collections of scanned documents with realistic
noise and scanning artifacts, to large-scale synthetic datasets generated from LaTeX.
These datasets provide the scale required by modern deep learning models but they
often lack visual diversity and realism. Some recent work has introduced variations
in fonts, backgrounds, rendering quality, and image degradations. General document
understanding benchmarks provide some realistic conditions, but mathematical expres-
sions usually represent only a small part of their content. Also, they mostly use LaTeX
as the target representation, while structurally richer alternatives such as MathML are
underused.

For evaluation, text-based metrics such as Exact Match and edit distance measure
sequence accuracy but are sensitive to the markup language. Visual and graph-based
metrics provide more information by capturing visual and structural similarity, and
embedding-based approaches offer a learned way to measure similarity. However, each
family of metrics captures only part of recognition quality, and their results depend on
the representation, conversion, and normalization procedures that have been used. No

single metric fully captures the different dimensions of MER quality.
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The literature highlights three main challenges for reliable PMER:

o Data diversity and independence: recognition performance depends not only
on model architecture, but also on the diversity and independence of the data

used for training and evaluation.

o Evaluation reliability: existing evaluation protocols do not always capture
the structure of mathematical expressions correctly, especially when different
representations produce the same visual result or when small structural errors

change the meaning of an expression.

o Real-world reliability: the gap between benchmark performance and correct
recognition in real processing conditions remains difficult to measure, particularly

when very high precision is required.

These observations motivate the work presented in the following chapters, which
addresses PMER recognition, data diversity, robust evaluation, and controlled automa-

tion.
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3.1 Introduction

The previous chapter presented the state of the art in MER, covering model architectures,
datasets, evaluation metrics, and comparison protocols. Despite the progress made
in MER with recent approaches based on Vision Transformers, the evaluation of
recognition systems is heterogeneous. Existing studies often rely on different datasets,
representations, and evaluation protocols, making direct comparisons difficult.

This chapter focuses on the evaluation of Offline MER, where the input is a static
image of a mathematical expression. The main contribution of this chapter is PiIE-MER,
a multimodal Pipeline for the Evaluation of Mathematical Expression Recognition. In
this work, multimodal evaluation means using multiple representations obtained from
the same mathematical expression to measure performance from different perspectives.
PiE-MER converts predicted LaTeX into MathML, Symbol Label Graphs [99], and
normalized images to evaluate the prediction at different levels while accounting for
polymorphic ambiguity. The framework is evaluated on five MER models and eight
datasets, covering different architectures and generations of recognition systems.

This chapter presents the proposed evaluation framework and its application to
existing MER systems. Section 3.3 describes the methodology of the evaluation pipeline,
including the multimodal representations and evaluation metrics. Section 3.4 presents
the evaluation results. Section 3.5 analyzes the results and discusses the main findings
and recommendations for future research. Finally, Section 3.6 summarizes the chapter

and discusses future improvements for MER evaluation.

3.2 Motivation

Traditional MER evaluation often relies on sequence-based metrics such as Levenshtein
distance and BLEU applied to LaTeX markup. These metrics measure string similarity
and may fail to measure structural or visual equivalence. A prediction can be considered
incorrect on the LaTeX level while producing the same rendered expression as the
reference. For example, the LaTeX expressions x“{2}\_{i} and x\_i~2 both render as
22, despite being different on the LaTeX level. This polymorphic ambiguity makes
exact string matching insufficient for reliably evaluating LaTeX predictions. This issue
has also been highlighted by the authors of Mistral OCR 4!, who report that different
LaTeX expressions rendering identically can be counted as mismatches.

The problem is particularly relevant in the context of technical document processing
and retrieval, where a very high level of accuracy is required. An evaluation proto-
col should distinguish between syntactic differences that do not affect the resulting

expression and genuine recognition errors.

'https://mistral.ai/news/ocr-4/, accessed 2026-07-30
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The heterogeneity of existing evaluation protocols motivates the need for a unified
framework. Differences in datasets, output representations and metrics can lead to
different conclusions about the performance of MER systems. A multimodal evaluation
protocol is needed to determine whether conclusions drawn from standard sequence-
based metrics remain valid when structural and visual equivalence are also considered.
PiE-MER addresses these limitations by combining multiple representations for its
evaluation. It compares LaTeX predictions and ground-truth by converting them into
MathML, Label Graph, and normalized image representations, and should provide a

broader and less biased assessment of recognition quality.

3.3 Methodology

3.3.1 Selected Models for Evaluation

To study the evolution of architectures for PMER, five models were selected for evalua-
tion. The selection was based on three main criteria: reported performance, architectural
diversity, and the availability of pretrained weights and implementations®. The selected
models cover the main architectures used in recent MER systems, including CNN-
Transformer architectures, Vision Transformer-based models, and encoder—decoder
architectures derived from general image-to-sequence recognition systems. The evalua-
tion focuses on models developed between 2016 and 2024, providing a representative
sample of the evolution of MER architectures while keeping the benchmark computa-
tionally manageable.

Table 3.1 summarizes the key details of the selected models. We aim to investigate
how architectural differences, the amount of training data and its diversity, and input
resolution determines recognition performance and generalization across datasets. Since
the training datasets used for these models vary significantly, and the details of their test
sets are not always fully specified, we re-evaluate them all under consistent conditions
on the available test splits of multiple datasets for a more consistent comparison. We use
the models’ published weights without any fine-tuning to measure their generalization
capabilities.

We call the first selected model KYS. It was proposed in 2021 in the paper Full Page
Handwriting Recognition via Image to Sequence Extraction [160], and adapted to Printed
MER by GitHub user "kingyiusuen'. It uses a simple encoder—decoder architecture,
with a ResNet-18 encoder with two-dimensional positional encoding and a Transformer

decoder. The model is trained on the im2latex100k dataset. Its relatively simple

2Repositories  available at: github.com /kingyiusuen/image-to-latex;  github.com/lukas-
blecher /LaTeX-OCR; github.com /VikParuchuri/texify; github.com/OleehyO /TexTeller;
github.com/felix-schmitt/MathNet. Accessed 2026-08-22.
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Table 3.1: Overview of MER models, their architectures, training set, and key metrics.

Model ‘ Year ‘ DPI ‘ Architecture (Encoder — Decoder) ‘ Training Set ‘ Edit Score ‘ BLEU

KYS 2021 | 200 ResNet-18 (2DPE) — Transformer im2latex100k 83.00 -

pix2tex 2021 100 CNN + ViT — Transformer im2latex100k, 90.00 88.00
Wikipedia, arXiv

Texify 2023 | 100 Swin ViT — mBART im2latex100k, 93.50 84.20
arXiv

TexTeller 2.0 | 2024 | 100 ViT — Transformer 7.5M formulas - -

MathNet 2024 | 600 3 layer CvT — Transformer im2latexv2 97.2 96.8

CNN encoder-Transformer decoder design makes it a great baseline for comparing
conventional image-to-sequence architectures with more recent and larger models.

The second selected model is pix2tex, an image-to-sequence architecture based
on a Vision Transformer encoder and a Transformer decoder. It was developed for
MER and trained on a combination of the im2latex100k dataset, Wikipedia, and arXiv
data. Its Vision Transformer-based architecture makes it a representative of early
Transformer-based approaches to MER.

The third selected model is Texify. Texify uses a Vision Transformer-based encoder
inspired by Donut and a Transformer-based mBART decoder. Unlike models designed
exclusively for isolated mathematical expressions, it is intended to process images
containing both text and mathematical content. Its variable-input preprocessing
pipeline preserves the aspect ratio of the input image before padding it to a fixed input
size. Texify was selected as a representative of more recent Vision Transformer-based
approaches and because of its adaptive preprocessing strategy.

The fourth model is TexTeller 2.0. This model uses a relatively simple Vision
Transformer—Transformer encoder—decoder architecture, but benefits from training on a
larger-scale synthetic dataset than the earlier im2latex100k-based systems. In particular,
TexTeller 2.0 is trained on approximately 7.5 million mathematical expressions, illus-
trating the increasing importance of training-data scale in MER. A newer version of the
model, TexTeller 3.0, has since been released and trained on the much larger Tex80M
dataset. However, TexTeller 2.0 is still relevant for the present preliminary benchmark
as the objective of this study is to evaluate the proposed evaluation methodology on
representative architectures.

Finally, MathNet was selected as a representative hybrid CNN-Transformer archi-
tecture. Its encoder alternates convolutional and Transformer blocks before generating
the output through a Transformer decoder. The model is trained on im2latexv2, a
multi-font extension of the original im2latex100k dataset in which the mathematical ex-
pressions are rendered using 59 different fonts. This design makes MathNet particularly
relevant for evaluating the robustness of MER systems to variations in visual styles.
In addition, the model is particularly sensitive to the resolution of the input image.

The authors report their best performance when expressions are natively rendered
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at a resolution of 600 DPI, with lower-resolution inputs resulting in a degradation of
recognition performance. These two characteristics make MathNet especially relevant
to the present study, which investigates both the impact of input resolution and the
generalization of MER systems across visually diverse mathematical expressions.

These five models differ in their architecture, number of parameters, training
data, training resolution, and preprocessing strategies. They cover a progression
from relatively compact CNN-Transformer encoder—decoder architectures to large-
scale Vision Transformer-based systems trained on millions of synthetic mathematical
expressions. This diversity makes it possible to study whether the proposed evaluation
methodology remains consistent across different generations and architectural families
of MER systems.

The selected models also differ in their required input image resolution. Some
can recognize images rendered at any resolution, whereas others, such as MathNet,
report their best results with expressions rendered natively at 600 DPI. Several models
apply model-specific preprocessing operations, including automatic resizing, aspect-
ratio preservation, and padding. Applying a generic resizing strategy to all models
could therefore introduce an evaluation bias and make the comparison dependent on
preprocessing choices rather than recognition capability. That is why we designed a
custom image rescaling module, illustrated in Figure 3.1. For each model, the input
image can either be processed at its original resolution or rescaled according to the
resolution recommended by the corresponding model. Each model is evaluated under
these two conditions. This makes it possible to quantify the influence of input resolution
on recognition performance and to determine whether the reported performance of
individual MER systems depends on the resolution of the input data. The results of

this analysis are presented in Section 3.4.

Automatic Z ¢ ! MathNet
Rescaler —_— . Model
Rescaled Image Evaluation with
‘ T 7 t 600 DPI rescaling to the
Z — L‘ SQ 4 a model training DPI
Input Image
at 200 DPI MathNet
Model

Evaluation with no
rescaling

Figure 3.1: Hlustration of the proposed image rescaling process. Each model is evaluated
both with the original input images and with images rescaled according to the resolution
recommended for the corresponding model. The example shows the rescaling used for
MathNet, which was trained with images rendered at 600 DPI.
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3.3.2 Benchmark Datasets for Evaluation

We selected eight publicly available benchmark datasets covering complementary prop-
erties of printed mathematical expressions. This diversity allows us to measure whether
our multimodal evaluation framework remains reliable across different expression distri-
butions, styles, and annotation conventions. The selected datasets are summarized in
Table 3.2.

Table 3.2: Overview of selected datasets, with their release year, resolution in DPI,
total sample count, test set size before and after filtering, and description.

Name Year DPI Samples Test split Filtered Samples Description

i21100k-raw 2016 200 103,556 10,325 10,325 Raw LaTeX from arXiv pa-
pers

i21100k-parsed 2016 200 103,556 10,283 10,283 Normalized LaTeX expres-
sions

12190k 2018 200 93,741 4,648 4,647 Cleaned i21100k subset

121140k 2018 200 142,966 14,280 14,279 Superset of 12190k

ME20k 2020 100 20,834 2,083 2,083 High-school level math from
Zhixue.com

IBEM 2023 200 166,692 44,383 44,367 Includes inline and display
expressions

i2lv2 2024 600 92,606 10,118 10,077 121100k with 59 font varia-
tions

realFormula 2024 600 121 121 121 Manually annotated

Most datasets originate from the im2latex100k benchmark and its successors,
which remain the standard for evaluating PMER. We included two versions of the
original dataset in our benchmark: 100k-raw contains the original LaTeX expressions
extracted from arXiv papers, whereas 100k-parsed uses the KaTeX-based parser
introduced by Deng et al. in [22] to reduce ambiguities caused by visually equivalent
LaTeX representations. The datasets im2latex90k and im2latex140k [27] filter some
expressions by removing samples that fail to render correctly or have excessively large
image dimensions. Evaluating these datasets allows us to quantify the impact of dataset
curation and filtering on evaluation results.

IBEM [105] explicitly includes both displayed and inline mathematical expressions,
with approximately 80% of its samples corresponding to inline formulas. Since inline
expressions are typically shorter and contain a different symbol distribution from
displayed equations, they constitute an interesting evaluation scenario. We used the
recommended later expand version of the IBEM annotations.

To extend the evaluation beyond the classical LaTeX rendering pipeline, we also
include a dataset introducing additional visual diversity. im2latexv2 [58] re-renders
the im2latex100k mathematical expressions using 59 different mathematical fonts at 600
DPI. This dataset allows us to evaluate the impact of font styles on model performance
while highlighting the relevance of our multimodal evaluation framework, which renders

mathematical expressions using a standardized process to minimize the influence of
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visual differences in the source images. We also included realFormula, a small dataset
released alongside im2latexv2. It contains only 121 manually annotated expressions
extracted by the authors from real scientific documents, making it useful for quickly
validating and debugging the evaluation pipeline.

Finally, the benchmark also includes a dataset of expressions that were not collected
from arXiv. ME20k [52] contains mathematical expressions extracted from exercises on
the zhixue.com online educational platform. Its expressions are shorter and generally
simpler than those found in scientific publications.

For consistency, we used the datasets’ tokenized expressions to build a shared
vocabulary of 601 LaTeX tokens. It is used to perform token-level metric computation.
We use this vocabulary to re-tokenize the raw string outputs of the different models.
We also filtered out erroneous expressions from the datasets, such as those with empty
LaTeX annotations, slightly reducing the size of some test sets.

Taken together, these datasets provide a diverse evaluation benchmark in terms
of expression sources, rendering conditions and expression complexity. This diversity
allows us to investigate whether the choice of dataset affects the conclusions drawn

about MER system performance.

3.3.3 Evaluation Pipeline and Metric Selection

For each evaluation of a model on a given dataset, the pipeline starts by rescaling the
input images according to the DPI requirements of the evaluated model. The images
are then provided to the model to generate LaTeX predictions. Since all MER models
considered in this work generate LaTeX outputs, this representation is used as the
starting point of our conversion pipeline. The predicted LaTeX expressions, as well
as the ground-truth annotations, are then converted into three additional modalities:
MathML, Label Graph, and normalized rendered images.

The complete conversion pipeline is illustrated in Figure 3.2. Starting from an
original dataset sample composed of an image and a LaTeX annotation, the pipeline
generates the three additional modalities. The complete evaluation process, applied
identically to both ground-truth expressions and model predictions, is presented in
Figure 3.3.

MathML representations are obtained using LaTeXML?, a widely adopted tool for
converting LaTeX documents into XML-based representations. LaTeXML has been
extensively used by the scientific community, notably by arXiv, to transform LaTeX

sources into HTML formats for web-based visualization of scientific articles?.

3https://math.nist.gov/~BMiller/LaTeXML/, accessed 2026-07-30.
“https://info.arxiv.org/about/accessible_HTML.html, accessed 2026-08-17.
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The conversion from LaTeX to MathML reduces some syntactic ambiguities in-
herent to LaTeX. For example, the two LaTeX expressions x"a_b and x_b~a are
syntactically different but represent the same mathematical structure. In MathML,
both are represented using the same structure with the unique element msubsup, as
<msubsup><mi>x</mi><mi>b</mi><mi>a</mi></msubsup>, removing this ordering am-
biguity. Two expressions considered different under LaTeX Exact Match may become
identical after conversion to MathML. Additionally, we apply normalization procedures
to standardize representations, including Unicode character normalization, by replacing
character representations with their HTML form (e.g., using the HTML entity ‘&#946;*
instead of the Unicode character [3).

Label Graph representations are generated using the LgEval library®. It converts
MathML expressions into graphs describing both the symbols and their positional
relationships. Label Graphs provide a structural representation of mathematical expres-
sions, where ambiguities related to LaTeX syntax are further reduced. By explicitly
representing spatial and semantic relationships between mathematical symbols, this
modality enables a direct analysis of the structural correctness of predicted expressions.

Normalized images are generated by rendering LaTeX expressions using the for-
mula2image tool introduced by Anssi "Miffyli" Kanervisto®. The generated images
are rendered at 200 DPI to provide a common evaluation resolution. Image-based
evaluation is particularly relevant because purely textual metrics are inherently lim-
ited by polymorphic ambiguities, where multiple LaTeX expressions produce identical
mathematical renderings. Since both the ground-truth and predicted expressions are
available during evaluation, they can be rendered using exactly the same rendering
process and parameters, allowing for a fair visual comparison that is independent of the
original image source characteristics. This approach relies on access to the ground-truth
LaTeX expression. In a production scenario, only the predicted LaTeX expression is
available, making it impossible to generate a normalized rendering of the ground-truth.
Instead, the prediction must be compared with the original reference image, which may
contain arbitrary fonts, resolutions, noise, scanning artifacts, or other acquisition-related
variations. This limitation is discussed in Chapter 5.

If one of the conversion processes fails, the corresponding modality is replaced by
an empty string and receives the lowest possible evaluation score.

Using these four modalities, the proposed evaluation framework provides complemen-
tary views of mathematical expression correctness: visual similarity through rendered
images, structural similarity through MathML and Label Graph representations, and

syntactic similarity through LaTeX representations.

Shttps://gitlab.com/dprl/lgeval, accessed 2026-07-30.
Shttps://github.com/Miffyli/im2latex-dataset/blob/master/src/formula2image.py,
accessed 2026-08-22.
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Metric Selection

To evaluate model predictions across the four modalities, we first define four reference
metrics based on the Exact Match ratio between predictions and ground-truth for each
representation: LaTeX Exact Match, MathML Exact Match, Label Graph Exact Match,
and Visual Exact Match. These strict metrics represent the percentage of predictions
that are considered perfectly identical to the reference representation. Although Exact
Match is a very restrictive metric, it provides a clear binary target indicating whether a
prediction is fully correct under a given modality. These values are used as reference
tasks for correlation analyses to identify which softer metrics best reflect complete
correctness.

For LaTeX and MathML representations, we use token-wise Levenshtein distance
and BLEU score, two commonly used metrics in MER evaluation.

For the image modality, we compute the Image Levenshtein distance [26] and a
Pixel Difference Ratio, measuring the pixel-level difference between normalized rendered
images. The Image Levenshtein distance represents each vertical pixel slice of the
images as a character and computes the Levenshtein distance between the resulting
sequences. The Pixel Difference Ratio is computed as the number of differing pixels
between the two images divided by the total number of pixels.

For Label Graph representations, we adapt the AE(%) metric provided by LgEval.
The original metric includes a AS component designed to evaluate stroke matching
in handwritten MER, which is not relevant for our printed MER evaluation scenario.

Therefore, we exclude this component and define the AFEj,,,;, metric:

1

A-E'symlg =3 (

AC, [TAL
2 )

n n(n —1)

where AC' measures classification errors, i.e. the number of misrecognized symbols,
and AL measures structural relationship errors between the symbols. This metric
provides a compact measurement of both symbol and structural differences. Although
LgEval provides several graph-based metrics, we focus on this single metric to simplify
the analysis of the Label Graph modality.

The proposed framework can easily integrate additional metrics. However, in this
large-scale evaluation involving multiple datasets and models, the computational cost of
computing a large number of metrics can become significant. That is why we limit the
evaluation to this set of metrics covering multiple aspects of mathematical expression
similarity.

To identify the most relevant metrics for each Exact Match target, we compute the
point-biserial correlation between each continuous metric and the corresponding binary
Exact Match metric. It provides a measure of how well each metric reflects the exact

recognition success.
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For consistency, all distance-based metrics are normalized between 0 and 1, and
converted into similarity scores using 1 — normalized distance value before correlation
analysis. This ensures that all metrics follow the same direction, where higher values

always indicate better agreement between prediction and reference.

Table 3.3: Summary of selected evaluation metrics across the four modalities.

Modality ‘ Metrics

LaTeX Exact Match, Levenshtein, BLEU

MathML Exact Match, Levenshtein, BLEU

Image Exact Match, Image Levenshtein, Pixel Difference Ratio

Label Graph | Exact Match, AE(%), AEgymig

3.4 Results

In this section, we present the results obtained with our evaluation pipeline. We must
first confirm that our results align with those reported by the authors. We examine the
effect of mathematical expression normalization on LaTeX and MathML recognition
evaluation, before exploring different metrics based on their correlation with target
metrics. Finally, we measure the influence of model architectures and training datasets
on generalization capabilities. A more in-depth discussion of the observed trends and

their implications is developed in section 3.5.

3.4.1 Validation of Models’ Performance

Before conducting model evaluations and comparisons, we first verify that our benchmark
reproduces, as closely as possible, the results reported by the original authors. This
validation step provides evidence that the evaluation pipeline produces results consistent
with those reported by the model authors, despite differences in datasets and evaluation
conditions. It provides a basis for using the pipeline in the following comparative
experiments.

Each model was evaluated both with (Rescale) and without (Base) our adaptive
input rescaling strategy to assess the influence of input DPI on MER accuracy.

For each dataset, we computed the average edit score between the ground-truth and
the predicted expressions across the four modalities: Token-wise Levenshtein Score for
the LaTeX and MathML modalities, Image Levenshtein Score for the image modality,
and AEj,,,, for the Symbol Label Graph modality. To compute an overall score, we
used the macro-average, which gives equal weight to each dataset regardless of its size.

This prevents large datasets such as IBEM (with more than 44,000 expressions), from
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dominating the final score over much smaller datasets such as realFormula (with 121
expressions).
The final scores, reported in Table 3.4, highlight the impact of adaptive rescaling on

model performance.

Table 3.4: Impact of image rescaling on OCR performance across metrics and datasets.
Best values per model in bold. Rescaling enhances prediction quality for MathNet and
KYS, while it degrades performance for the other models.

Average score for MathNet KYS TexTeller pix2tex Texify
each modality (%) Base Rescale | Base Rescale | Base Rescale | Base Rescale | Base Rescale
Image Levenshtein 32.7 72.6 18.9 53.2 52.6 39.6 66.1 56.4 75.6 60.2
LaTeX Levenshtein 45.0 87.0 42.4 67.5 71.8 50.2 75.3 70.7 81.9 71.2
MathML Levenshtein | 52.2 93.5 48.6 73.3 82.3 59.6 86.3 82.8 92.1 79.6
Label Graph AE;,,,, 54.5 90.2 55.3 78.2 79.9 61.2 83.9 78.0 89.0 80.2
Average Improvement ‘ +90.0% ‘ +83.2% ‘ -26.5% ‘ -8.0% ‘ -14.2%

Adaptive rescaling significantly improved MathNet and KYS predictions, enhancing
overall edit scores by 90% and 83.2% respectively. However, it degraded performance
for TexTeller, pix2tex, and Texify. Since MathNet and KYS lack internal rescalers, they
require external resizing when the image DPI does not match their training resolution,
as their image preprocessing is designed to handle only this specific resolution. On the
other hand, Texify, TexTeller, and pix2tex include internal rescalers that can handle
any input resolution. This makes prior rescaling counterproductive, as performing two
consecutive up or downsampling inevitably leads to a greater loss of visual information.

In the remaining evaluations, MathNet and KYS will be used with our adaptive
rescaling, as it is necessary for them to achieve consistent performance across heteroge-
neous datasets.

With the models performing reliably, we compared our benchmark results to those
reported by the authors. Since each model was originally evaluated on different test sets
that are not always available, we used the im2latex100k-parsed dataset for a general
comparison. Table 3.5 shows the LaTeX BLEU and Levenshtein scores for each model,
comparing the authors’ reported performance when available with our benchmark

results.

Table 3.5: Comparison of Levenshtein and BLEU scores between authors’ results on
their reference test set and ours on the im2latex100k-parsed dataset.

Model Reference Test Set | Levenshtein Score (%) BLEU (%)
Reference Ours Reference Ours
KYS 121100k 83.00 85.86 — 80.96
pix2tex 21100k, arXiv, Wiki 90.00 88.62 88.00 83.05
Texify 121100k, arXiv 93.50 90.22 84.20 85.07
TexTeller TexTeller test set - 72.93 - 59.02
MathNet 21100k 88.60 84.35 86.00 74.76
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Most of the scores are within 5% of the reported values, supporting the validity of
our evaluation tool. The exception is MathNet’s BLEU score, which is 11 points lower,
likely due to variations in tokenization or metric computation. Undisclosed dataset
preprocessing and image handling may explain minor discrepancies, but overall rankings
remain consistent, providing evidence that our evaluation pipeline produces results

compatible with previously reported performance.

3.4.2 Impact of Normalization: LaTeX Parser vs. MathML

Conversion

Due to the polymorphic ambiguity of LaTeX representations, string-based metrics such
as Levenshtein score can provide misleading evaluations, as different LaTeX expressions
may produce visually identical mathematical renderings. This section investigates how
normalization strategies affect model evaluation and whether they can reduce this
evaluation noise.

Specifically, we compare two normalization approaches. The first one relies on the
LaTeX parser introduced by Deng et al. [22], which transforms raw LaTeX expressions
into a normalized representation by reducing syntactic variations. The second approach
consists of converting LaTeX expressions into MathML using LaTeXML. As described
in Section 3.3, MathML conversion aims to provide a more standardized representation
of mathematical expressions and also constitutes an interesting modality for designing
evaluation metrics. Therefore, this experiment investigates whether MathML conversion
can provide an equivalent normalization effect to the LaTeX parser, while offering an
additional structural representation of the expression.

To perform this analysis, predictions from the five evaluated models were com-
pared against three reference representations derived from the im2latex100k dataset:
im2latex100k-raw, corresponding to the original LaTeX annotations without any nor-
malization; im2latex100k-parsed, obtained by applying the LaTeX parser from Deng
et al. to the raw annotations; and MathML, obtained by converting the raw LaTeX
annotations into MathML using LaTeXML.

Figure 3.4 illustrates the transformation process. Starting from the original LaTeX
representation, two independent normalization paths are considered: LaTeX parsing
and MathML conversion. The objective is to determine whether both approaches lead to
similar evaluation results, which would indicate that MathML conversion can effectively
replace the dedicated LaTeX parsing step for reducing polymorphic ambiguity.

Table 3.6 presents the Levenshtein scores obtained with these different reference
representations. The comparison allows us to measure the impact of each normalization
strategy and determine whether MathML provides a comparable reduction of evaluation

variability to the LaTeX parser.
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Figure 3.4: Comparison of normalization strategies: LaTeX parsing (Deng et al.) and
MathML conversion (LaTeXML).

Table 3.6: Levenshtein scores (%) between model predictions and reference data of
im2latex100k in different formats. Scores on parsed LaTeX and converted MathML are
both consistently higher than on raw LaTeX.

Model Raw LaTeX Parsed LaTeX A MathML A

KYS 61.89 85.86 (+23.97)  85.05 (+23.16)
MathNet 63.08 84.35 (+21.27)  89.95 (+26.87)
pix2tex 63.36 88.62 (+25.26)  91.09 (+27.73)
Texify 67.03 00.22 (+23.19)  96.06 (+29.03)
TexTeller 54.05 72.93 (+18.88)  80.50 (426.45)

Normalization significantly improves the Levenshtein scores. Both parsed LaTeX
and MathML conversion yield higher scores than raw LaTeX, with MathML generally
matching or surpassing Parsed LaTeX in most cases. This suggests that MathML is a

reliable modality for model evaluation.

3.4.3 Correlation of Metrics with Target Exact Matches

This section reports the point-biserial correlation of our eight metrics with each target
Exact Match. Point-biserial correlation measures the relationship between continuous
(evaluation metric) and binary (Exact Match) variables. The results in Figure 3.5 are
sorted by maximum correlation per row to highlight the most informative metrics.
For Visual Exact Match, Image Levenshtein (0.78) and Image Pixel Difference (0.53)
show the highest correlations. Other metrics correlate more strongly with MathML or
Label Graph Exact Matches, with AE;,,,;, showing the second strongest correlation of
the set. Levenshtein-based metrics show the strongest correlations for LaTeX Exact
Match, while LaTeX and MathML BLEU have weak correlations (<0.40). Image
Levenshtein and LaTeX Levenshtein show strong correlations across all target metrics.
LaTeX correlations are weaker mostly because of polymorphic ambiguity. The

multiple ways of writing the same expression makes Exact Matches harder to obtain.
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Point-Biserial Correlation of Metrics with Target Metrics (Sorted by Maximum)
Visual Match LaTeX Match MathML Match LabelGraph Match ~ Maximum

LabelGraph A E Symlg - 0.51 0.42 0.59 0.64 0.64 (07
MathML Bleu - 0.44 0.32 0.50 0.62 0.62

MathML Levenshtein-  0.50 0.41 0.56 0.55 0.56 -
LabelGraph A E(%) - 0.48 0.40 0.55 0.56 0.56

- 0.5
Image Pixel Difference - 0.53 041 0.51 0.49 0.53

LaTeX Levenshtein - 0.52 0.51 m 0.51 ﬂ o4
LaTeX Bleu - 0.39 0.39 0.40 0.49 0.49

Figure 3.5: Point-biserial correlation coefficients between Exact Matches and a set of
metrics, sorted by maximum correlation per row. Higher values indicate the metric
aligns with Exact Match for that modality.

MathML, Label Graph, and images are normalized by our sequential conversion process,
resulting in stronger correlations. The Image Levenshtein metric outperforms Image
Pixel Difference, likely because it captures the spatial organization of the rendered
expression better than a pixel-wise difference. Removing the stroke-related component
of AE(%) led to a stronger AE,,,,, metric tailored for printed MER.

3.4.4 Overview of Models’ Results on All Datasets

Figure 3.6 displays the individual results of all models across the datasets for the image
and LaTeX Levenshtein scores, as these metrics show the strongest correlations with
Exact Matches across the four modalities, making them strong candidates for holistic
evaluation metrics.

In the LaTeX Levenshtein score heatmap, all models show poorer performance on
the im2latex100k-raw dataset, while performing consistently on the other im2latex-
derived datasets. This performance drop on im2latex-raw is not observed in the Image
Levenshtein heatmap.

Significant differences emerge on the other datasets. On im2latexv2 and realFormula,
Texify, MathNet, and to a lesser extent TexTeller, achieve good results, whereas KYS
and pix2tex struggle considerably. On ME20k, KYS lags behind in terms of performance.
On IBEM, only MathNet excels, with all other models performing notably worse.

Based on the average performance, MathNet achieves the highest LaTeX Levenshtein
score, while Texify leads in Image Levenshtein score. pix2tex performs at an intermediate
level, whereas TexTeller and KYS show weaker results on the two metrics. Selecting

the best-performing model for each dataset yields an average edit score of 89%.
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Figure 3.6: Heatmap showing individual results for each dataset—model pair for two
metrics. Darker and lighter cells indicate better and poorer performance, respectively.
The last column displays the average score per row.

These results highlight large variation in model performance across datasets, indi-
cating that conclusions drawn from a single benchmark may not generalize to other

data distributions or rendering conditions.

3.5 Discussion

3.5.1 Image Resolution and Fair Model Evaluation

Understanding and adapting to each model’s input requirements is required to achieve
optimal performance. In our evaluation, images could be rescaled appropriately because
the original DPI was known. In practical applications involving multiple image sources,
such as scanned documents or user screenshots, the input resolution is often unavailable.
MathNet and KYS both use a fixed input DPI, which would make them harder to use

in real-world applications.
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Our results on im2latex100k-parsed remain very close to the published ones and
preserves the relative ranking of the models. This suggests that im2latex100k-parsed
provides a reliable and practical benchmark for estimating the performance of printed
MER systems. It is a convenient reference dataset for reproducible comparisons across
models. It is however composed of cleanly rendered mathematical expressions extracted
from arXiv documents and does not capture the variability encountered in real-world
scenarios, including scanning artifacts, compression, noise, diverse fonts, or document
degradation. Strong performance on this benchmark should not be interpreted as
evidence of robust performance across all practical MER. use cases.

We observed a small discrepancy in the BLEU score for MathNet. It may originate
from differences in BLEU computation, dataset preprocessing, or LaTeX tokenization.
Despite this, our overall findings suggest that most models perform as reported, and

these minor differences do not invalidate our analysis.

3.5.2 Preprocessing and Normalization for Fair Evaluation

Levenshtein scores computed on the predictions converted to MathML are generally
better than the scores computed on parsed LaTeX ground-truth. This shows that
MathML normalization is often more effective at reducing ambiguity than LaTeX
parsing. This can be explained by the fact that both the ground-truth and the
predictions are converted into MathML, meaning that both representations benefit from
the implicit normalization and cleaning of the conversion (see Figure 3.3). MathML
is also less syntax-dependent than LaTeX, contributing to better Levenshtein scores.
Comparing predictions to raw LaTeX leads to an underestimation of model performance
because of polymorphic ambiguity and should be avoided.

We recommend that future authors document the versions of training datasets used
as well as any parser or normalization choices, to ensure fair comparisons and prevent
discrepancies across evaluations. We recommend LaTeXML for MathML conversions,
as it is a long-standing project benefiting from community improvements. Consistent

tokenization and preprocessing would also improve the reproducibility of evaluations.

3.5.3 Metrics Alignment with Evaluation Objectives

Metric correlation analysis provides insights into how different metrics align with the
Exact Matches for each modality. We summarize our recommendations of metrics
for each evaluation objective in Table 3.7. This selection is based on the values of
the correlation coefficients between each metric and the Exact Match scores across
different modalities. Our correlation analysis shows that commonly used metrics such
as LaTeX BLEU and Levenshtein do not correctly track Exact Match, especially when

representational ambiguity is present.
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Table 3.7: Recommended metrics for different evaluation objectives. This selection is
based on our analysis of metric correlations with Exact Match scores across different
modalities.

Evaluation Objective ‘ Relevant Metrics

Overall Evaluation Image Levenshtein, LaTeX Leven-
shtein

Visual Similarity Image Levenshtein, Image Pixel Dif-
ference

Syntactic Accuracy LaTeX Levenshtein, Label Graph
AEsymlg

Structural Accuracy | Label Graph AFEg,,,, MathML Lev-
enshtein

The choice of evaluation metrics should be guided by the context for which MER
is needed. When the goal is visual similarity (for example in book publishing and
other printed materials), small syntactic variations like sub and superscript ordering
are irrelevant to the objective. For mathematical search engines, the target is for the
model to produce a textual representation that allows for correct retrieval of formulas.
Structural correctness is more important than rendering accuracy in this case. In
symbolic computation systems such as SymPy or MATLAB, syntactic accuracy is
crucial, as any syntax errors could prevent computations from executing properly.

The four modalities analyzed in this work help guide metric selection based on
specific task requirements. Correlation analysis also determines which metrics are most
relevant for each modality, but considering all available metrics remains valuable for a

broad evaluation.

3.5.4 Relationship Between Architecture, Training Data, and

Generalization

Training data and model architecture strongly affect generalization capabilities. Math-
Net’s CvT architecture and multi-font training give it strong performance, even on
datasets without font variability. In contrast, despite its 7.5M-sample training set,
TexTeller performs unreliably, though it still performed well on im2latexv2’s multi-font
expressions. This suggests dataset size alone is not sufficient for a generalist model.
Dataset characteristics also play a crucial role in evaluation. IBEM and ME20k
respectively introduce inline expressions with subtle rendering differences, and expres-
sions that are not from arXiv papers. This greatly affects performance, particularly in
IBEM, where short inline expressions cause large fluctuations in normalized Levenshtein

scores as a single error can disproportionately impact the metric.
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The poor LaTeX Levenshtein score results on the unparsed im2latex100k-raw dataset
show the importance of preprocessing. Evaluating on images helps reduce LaTeX
polymorphic ambiguity. The visual representation does not rely on specific tokenization

or parsing conventions, making it more robust to variations in syntax.

3.5.5 Usage of PiE-MER for other modalities

The principle of this tool could be extended to other recognition tasks by evaluating
predictions through multiple modalities, rather than relying only on the modality
provided by the dataset.

For table recognition, a dataset containing image-HTML pairs could be evaluated
by converting the HTML into alternative representations, such as rendered tables,
Markdown, LaTeX, CSV, or structured JSON, and by applying specific metrics to each
of them, such as TEDS [161], GriTS [162], and cell-level precision, recall, or Fl-score.
This would allow the evaluation to measure the quality of the recognized table with
respect to its content, layout, and structure.

Similarly, for chemical structure recognition, a dataset of image-SMILES pairs could
be evaluated with alternative representations of the same chemical structure, such as
InChI, molecular graphs, 3D models, or rendered molecular structures. Predictions
could then be compared using metrics such as SMILES Exact Match, molecular validity
or Tanimoto similarity [163].

Figure 3.7 illustrates this principle for table and chemical structure recognition. This
demonstrates that the proposed methodology is not limited to printed mathematical
expressions, but can provide a general framework for multimodal evaluation of structured

visual recognition systems.

Table Dataset ~ T Evaluation | chemical Expression Dataset = = =¥ Evaluation

________________________________

1 1 1

' [ GroundTruth | ! OCR Inference Predicted ! Ground Truth ! OCR Inference

H Table ! Markdown ! | ChemExpression | !

1 1 1 1

v - 1 1

! ' . 1 1 : .

* | Ground Truth |2 HTML comparison . i+ | Ground Truth | 4 SMILES comparison Predicted

: ML [ @ »| Predicted HTML : smiLes |« "I smiLEs
Ground Truth . Markdown comparison__ Cleaned Ground Truth . InChl comparison A

Markdown b g Markdown InChl b >ig=dctedinth
Ground Truth | . Visual comparison Predicted Ground Truth |__ Graph comparison | Predicted
Rendered Table | - | Rendered Table Graph h g Graph

CSV, JSON, Graph CSV, JSON, Graph Image, 3D Model Image, 3D Model

Figure 3.7: Possible adaptation of our framework for the evaluation of table recognition
and chemical structure recognition.

62



CHAPTER 3 - PiE-MER

3.6 Conclusion

In this chapter, we demonstrated the importance of multimodal evaluation for MER.
We introduced a robust evaluation framework using LaTeX, MathML, Label Graphs,
and visual representations for a multimodal and task-aligned evaluation of model
performance. PiE-MER is available online at https://github.com/fwieckowiak/PiE
-MER.

By analyzing metric correlations with modality-wise Exact Matches, we showed the
limitations of traditional metrics like BLEU and Levenshtein, and recommended more
suitable metrics for specific evaluation goals. Our evaluation of five models across eight
datasets shows that preprocessing, normalization, and proper input image resolution
improve evaluation consistency. No single model outperforms all others across every
modality, reinforcing the importance of aligning training strategies and architectures
with the target application and evaluation criteria.

In Chapter 4, we will use the proposed evaluation framework to analyze the perfor-
mance of our own MER model, which is designed to handle mathematical expressions
from patent documents, using a new dataset of mathematical expressions written in
MathML. To use the proposed evaluation framework, we added a MathML mode to
PiE-MER. We avoided performing the conversion from MathML to LaTeX, as we did
not find any suitable tool for this conversion. Also, to emulate the normalization process
that the LaTeX to MathML conversion would typically involve, we implemented a
custom normalization step for MathML markup, especially for handling the specific
MathML syntax of the EPO data, considering this "Cleaned MathML" as a new modality.

The resulting conversion pipeline is illustrated in Figure 3.8.
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Figure 3.8: Conversion pipeline for the MathML mode of PiE-MER. The original
dataset sample is composed of a MathML expression and a raw image. The pipeline
generates the image and Label Graph representations, which are used for evaluation.
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CHAPTER 4 — PatentME-600k and MML-Net

4.1 Introduction

The state of the art presented in Chapter 2 highlighted a significant gap in MER
for patent applications. Existing models are often trained on mathematical expres-
sions extracted from scientific publications and rendered from LaTeX sources. Some
more heterogeneous large-scale datasets have been proposed, but none specifically con-
tains mathematical expressions extracted from patent applications. They can contain
heterogeneous fonts, scanning artifacts, compression noise, and other image degrada-
tions. During the publication process, these patent expressions must be converted into
MathML so that they can be accurately indexed and searched in patent databases.
This conversion constitutes one of the challenges addressed by Luminess, the industrial
partner of this PhD.

To develop a model to perform this recognition, we first introduce Patent ME-600k,
the first large-scale public dataset of mathematical expressions extracted from European
patent applications. It contains more than 600,000 image—MathML pairs obtained
through an automated extraction pipeline from patent XML documents. We describe
in Section 4.2 the complete extraction process, the normalization steps applied to the
original MathML annotations, and present a statistical analysis of the resulting dataset.
PatentME-600k is available on Zenodo!, and the code used to generate it is available
at github.com/fwieckowiak/PatentME.

We then present MML-Net in Section 4.3, a new encoder—decoder OCR model
trained on PatentME-600k. Unlike existing MER systems that generate LaTeX, MML-
Net directly generates MathML, making it directly compatible with the patent publica-
tion workflows while avoiding an additional conversion step.

Finally, MML-Net is evaluated using the PiIE-MER, evaluation framework, presented
in the Chapter 3, in Section 4.4. Since MML-Net predicts MathML markup, PiE-MER
is augmented with a dedicated MathML evaluation mode that includes a normalization
stage adapted to the EPO annotations and MathML-specific conversions. The proposed
model is compared with several state-of-the-art MER systems on both PatentME-
600k and public benchmark datasets to measure its performance and generalization

capabilities.

"https://zenodo.org/records/20446086, accessed 2026-08-03.
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CHAPTER 4 — PatentME-600k and MML-Net

4.2 The Patent ME-600k Dataset

4.2.1 Source of the Patent Collection

The patent collection used in this chapter was obtained from the EP Full-text Data
distributed by the EPO. This collection contains all EP-A and EP-B publications
released by the EPO from the 1970s to the present. Before creating the dataset, the
EPO was contacted to confirm that the extracted mathematical expression images
and MathML annotations could be redistributed for research purposes. The dataset
documentation includes the required EPO attribution statement.

The data are distributed as weekly ZIP archives, each containing all patent pub-
lications of the week. We named the archives according to the publication year and
week number. For example, EP Full-text Data 2026/031 contains all European patent
publications released during the 31st week of 2026. Each ZIP archive is organized into
folders corresponding to the publication kind codes. Documents of type A correspond
to patent applications (e.g., Al, A2, etc.), while documents of type B correspond to
granted patents (e.g., B1, B2, etc.). Additional suffixes such as NW, W1, and W2
indicate corrected versions of previously published documents.?

Within each publication—type directory, individual patent documents are stored in
separate archives. Each archive contains the XML representation of the publication,
its PDF version, and all extracted assets, including the figures, chemical expressions,
and segmented images of mathematical expressions originating from the original patent
application manuscript. Figure 4.1 illustrates the directory structure of an EPO weekly

ZIP archive, while Figure 4.2 presents the content of a single patent folder.

EPO Weekly Batches Document Type Patents

25-01.zip EPNWA1 EP24918951NWAL.zip -
25-02.zip EPNWBL EP23722725NWAL.zip -
25-03.zip EPNWB2 :

Figure 4.1: Directory structure of an EPO weekly EP Full-text Data ZIP archive.

This source was selected because the EPO provides an accessible way to retrieve large-

scale patent collections. Weekly archives are publicly available through stable download

2See https://www.epo.org/en/searching-for-patents/helpful-resources/first-time-h
ere/definitions for more details (accessed 2026-08-04).
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Figure 4.2: Example of the contents of a single patent archive within an EPO weekly
archive. The example is simplified for illustration purposes and does not correspond to
an actual patent publication.

links, allowing the automatic acquisition of a large number of patent documents.

To train our MER model, we need to create image-MathML pairs for mathematical
expressions. While the segmented mathematical expression images are directly available
inside each patent folder, the corresponding MathML annotations are embedded in the
XML representation of the publication. A dedicated extraction pipeline was developed
to recover these annotations and associate them with their corresponding images.

The pipeline processes each weekly ZIP archive and extracts all individual patent
applications. For each of them, the XML file is parsed and all mathematical expressions
are identified through the <maths> elements. Each mathematical expression contains
a <math> element storing the MathML annotation and an <img> element containing
the reference to the associated TIF image. The image-MathML matching is performed
using the image filename stored in the XML file attribute.

Figure 4.3 illustrates an example of this matching process between the patent PDF
document, the XML annotation, and the extracted TTIF mathematical expression image.

For each extracted expression, a selection of metadata is saved alongside the image
and MathML annotation, as summarized in Table 4.1.

The complete extraction pipeline is applied to all EPO weekly archives from batch
25-01 to batch 26-11, corresponding to 63 weekly archives (52 weeks of 2025 and 11

weeks of 2026). This period was selected as it represented the most recent available
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Figure 4.3: Example of a mathematical expression extracted from a patent PDF, its
associated XML representation, and the corresponding image matched using the file
attribute of the XML annotation.

Field Description

image_path Path to the extracted mathematical expression image
patent_number Identifier of the source patent document

math_id Identifier of the mathematical expression

img_file Original image filename

display_type Display mode of the mathematical expression, inline or block
img width, img height Image dimensions provided by the XML metadata
real_img_width, real_img height Actual dimensions of the image (slightly bigger)

img_id Unique identifier combining patent number and image name
mathml Extracted MathML representation of the expression

Table 4.1: Metadata stored for each extracted mathematical expression.

collection at the time of dataset creation while already providing a sufficiently large
number of documents.

The final collection contains 391,824 patent applications. Among them, only 54,022
patents contain at least one mathematical expression (13.79%), while 337,802 patents do
not contain any (86.21%), which justifies the need for large-scale automatic extraction
to generate enough mathematical expressions. Since EPO patents can be published in
English, French, or German, extracted expressions may also contain textual elements
from these languages. Therefore, the dataset includes mathematical expressions with
both symbolic content and occasional textual components (See Figure 4.3).

The complete dataset is divided into training, validation, and test subsets using
an 80%, 10%, 10% split. After extraction, all MathML annotations are processed by
the normalization pipeline described in the following section to obtain a consistent

representation for training and evaluating MER models.

4.2.2 MathML Normalization and Cleaning

The raw MathML annotations provided in EPO patent documents cannot be directly
used for model training and evaluation due to the presence of deprecated MathML tags

and variations in the representation of some equivalent mathematical structures. That is
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why we designed a dedicated MathML cleaning and normalization pipeline. Its objective
is to convert the heterogeneous MathML markups into a consistent representation while
preserving their semantic and visual properties.

First, the MathML structure is standardized by replacing deprecated or problematic
elements with more robust alternatives. In particular, all <mstyle> elements are
converted into <mrow> elements. When an attribute such as mathvariant = ... is
defined at the <mstyle> level, it is propagated to descendant <mi> elements that do
not already specify a variant, ensuring that character styling information is preserved
after the conversion.

Unnecessary attributes and redundant structures are also removed. The display
attribute of the root <math> element is discarded and saved as a separate metadata.
Redundant nested <mrow> are also removed.

Deprecated <mfenced> elements are converted into equivalent <mrow> structures.
This transformation is required because <mfenced> is deprecated in current MathML
specifications and is not properly rendered by all modern software. The opening and
closing delimiters are converted into <mo> operators, and separators are inserted between

child elements. An example for this conversion is given below :

Before After

<mfenced open="(" close=")" 1 | <mrow>
separators=","> 2 <mo> (</mo>
<mi>a</mi> 3 <mi>a</mi>
<mi>b</mi> 4 <mo>,</mo>
</mfenced> 5 <mi>b</mi>
6 <mo>)</mo>

7 | </mrow>

Spacing information is also normalized. Since <mspace> elements may contain
variable spacing values depending on the original rendering process, all spacing ele-
ments are replaced by explicit non-breaking and standardized spaces represented as
<mtext>&#160;</mtext>. Similarly, empty <none> elements used in some MathML
are replaced with explicit spacing tokens to avoid information loss during subsequent
normalization operations.

Mathematical Unicode characters are normalized to avoid inconsistencies between
Unicode-based and MathML-based representations. Characters containing implicit typo-
graphic information, such as double-struck, script, italic, bold, or fraktur variants, are de-
composed into their base character and an explicit mathvariant attribute. For instance,
the Unicode character R is converted to <mi mathvariant="double-struck">R</mi>.
This normalization ensures that equivalent mathematical symbols share the same

representation regardless of their original encoding.
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Finally, adjacent identifier elements are merged whenever they represent a continuous
identifier. During this operation, the original mathematical style is preserved. For
example, two consecutive italic identifiers, <mi>A</mi><mi>B</mi>, are normalized
into <mi mathvariant="italic">AB</mi>. This normalization reduces unnecessary
structural variations while maintaining the exact same visual interpretation of the
mathematical expression.

Overall, this preprocessing step produces a homogeneous MathML representation
from heterogeneous EPO annotations. It reduces formatting-related variability and

provides a consistent input representation for MER model training and evaluation.

4.2.3 MathML Tokenization and Vocabulary Construction

After the MathML cleaning and normalization steps, the resulting expressions are
converted into token sequences for training our sequence-to-sequence models. We
designed the tokenizer to provide a compact representation. Each opening and closing
MathML tag is converted into a dedicated token, including the associated attributes
when present. For example, the element <mi mathvariant="italic"> is considered
as a single token. The textual contents and words contained inside the MathML
elements are separated into individual character and embedded as unique tokens.
This hybrid tokenization strategy preserves the structural information of MathML
while limiting the vocabulary size. Since spacing elements are normalized during the
previous cleaning stage as <mtext>&#160;</mtext>, these elements are represented
by a dedicated single special token <mspace/> to simplify their generation. Finally,
four additional special tokens are added to the vocabulary: <PAD> is used for sequence
padding, <UNK> represents unknown tokens, and <S0S> and <E0S> respectively indicate
the beginning and the end of a sequence.

Below is an example of the tokenization of a MathML markup, resulting in the
token list [2,61,128,145,134,134,133,34,3] :

Before After
<mi mathvariant="italic"> 1 |<S0S>
speed 2 |<mi mathvariant="italic">
</mi> 3 speed
4 | </mi>
5 | <E0S>

To avoid data leakage, only MathML expressions from the training subset are used to
build the vocabulary. During vocabulary construction, token frequencies are computed,
and tokens occurring fewer than a predefined minimum number of times are removed.
This filtering step eliminates extremely rare tokens to reduce the decoder complexity.

We selected a minimum frequency threshold of 9, meaning that a given token must
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occur at least nine times in the training set to be included in the vocabulary. This
reduces the vocabulary from 438 to 352 tokens, corresponding to a 19.6% reduction
in vocabulary size. However, these 86 removed token types account for only 280
token occurrences out of 45,419,180 of the whole dataset, corresponding to a negligible
0.00062% of all token occurrences. The removed tokens include "H", "<+" and <mtable
groupalign="decimalpoint">. The complete list is available in Figure A.1 of the
appendix. These removed tokens are treated as <UNK> tokens.

The final vocabulary is stored as an ordered list, and two mappings are generated:
a token-to-index mapping used during model training and an inverse index-to-token
mapping used for sequence decoding. Each normalized MathML expression is converted
into a sequence of tokens by replacing every token with its corresponding vocabulary
index. The resulting tokenized representations are stored alongside the original MathML

expressions and will be used for model training and evaluation.

4.2.4 Statistical Analysis

A statistical analysis was conducted to characterize the size, visual properties, and
complexity of the expressions of PatentME-600k. The main statistics are summarized
below, while more detailed results are available in Appendix A.1.

PatentME-600k contains 669,582 image-MathML pairs extracted from 51,952
patents. The dataset is divided into training, validation, and test sets with an 80%,
10%, 10% split. The split is performed at the patent level, ensuring that all expressions
from a given patent are assigned to the same set. It contains both block and inline
mathematical expressions, with block expressions representing 66.1% of the dataset.

The resulting dataset statistics are summarized in Table 4.2.

Table 4.2: Overview of the PatentME-600k dataset.

Statistic Value
Number of expressions 669,582
Number of patents 51,952
Training samples 535,665 (80.0%)
Validation samples 66,958 (10.0%)
Test samples 66,959 (10.0%)
Block expressions 442716 (66.1%)
Inline expressions 226,866 (33.9%)
Vocabulary size 352

MathML complexity and visual properties

The complexity of a mathematical expression can be described from both its visual

representation and its MathML representation. For the former, we report the image
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width, image height, and image aspect ratio. For the latter, we can measure the
tokenized MathML length. Since the MathML expressions were tokenized so that
complex tags such as <mi mathvariant="bold"> are represented as a single token, we
avoid measuring artificially long sequence length due to the MathML markup. These
distributions are shown in Figure 4.4 and Table 4.3.

PatentME-600K Dataset Statistics

(a) Token sequence length (b) Image width
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Figure 4.4: Distributions of token sequence length, image width, image height, and
image aspect ratio in PatentME-600k.

Table 4.3: Main MathML complexity statistics of PatentME-600k.

Measure Mean Median P95 Max
Token sequence length  86.80 62 230 5,443
Image width (px) 677.8 555 1,642 2,811
Image height (px) 108.1 83 248 2,846
Aspect ratio 7.77 5.64 22.22 52.97

The dataset covers a broad range of expression sizes. They have a median token
count of 62 tokens and a 95th percentile of 230 tokens, while only 103 expressions
(0.02%) contain more than 2,000 tokens. The maximum observed sequence length is
5 443 tokens. The images also show large variations in size, with a median width of
555 pixels, a median height of 83 pixels, and a median aspect ratio (width over height)
of 5.64. This large aspect ratio is consistent with the fact that many mathematical
expressions are written as horizontal, single-line expressions. A clear cutoff can be
observed at approximately 2,000 pixels in image width. This can be explained by the

physical dimensions of the source pages. For reference, an A4 page at 300 DPI is
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approximately 2,480 pixels wide. This explains why almost all expressions remain below

this width (minus 480 pixels for the margins), with only a few exceptions.

MathML Vocabulary and Token Distribution

The train split of the dataset contains 352 distinct tokens. The most frequent tokens
are mainly MathML structural tags and common mathematical operators and symbols.
Table 4.4 reports the most frequent tokens, while Figure 4.5 shows their rank-frequency

distribution.

Table 4.4: The most frequent tokens in the train split of Patent ME-600k.

Token  Frequency || Token Frequency | Token  Frequency
</math> 535,665 || <mrow> 489,678 || <mn> 373,771
<math> 535,665 || </mrow> 489,678 || </mn> 373,713
</mi> 529,301 || <mi> 476,557 || = 328,110
<mo> 495,945 || <msub> 276,144 || </msub> 276,144
</mo> 495,945 || ) 260,020 || ( 259,877

Token Frequency Distribution
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Figure 4.5: Token-frequency distribution in PatentME-600k on logarithmic axes. The
dashed line shows the fitted power-law trend.

The frequency distribution has a distinctive shape caused by the syntax of MathML.
Unlike natural-language words, many MathML tokens are constrained by markup rules.
In particular, opening and closing tags are used in pairs, so tokens such as <mo> and
</mo>, or <mrow> and </mrow>, occur with very similar frequencies. However, the

tokenizer treats opening mi tags with attributes, such as <mi mathvariant="italic">,
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as distinct tokens. This explains the differences in frequency between opening and
closing mi tags.

In natural language, word distributions typically follow Zipf’s law, with frequency
decreasing according to a power law and appearing approximately as a straight line
on a log-log plot. In contrast, the PatentME-600k token distribution has a curved
trend, with a small set of highly frequent tokens followed by a long tail. A power-law
fit gives an exponent of approximately —3.75 and an R? of only 0.765, indicating a
clear deviation from Zipf’s law. This difference reflects the fact that MathML tokens do
not behave like natural-language words: they are strongly constrained by XML syntax,
with opening and closing tags, as well as nested structures, generating characteristic
frequency patterns?.

PatentME-600k provides a large number of training examples with broad vari-
ability in visual and structural complexity, which is valuable for training a robust
encoder—decoder recognition model. The complete statistical analysis, including addi-
tional percentiles, per-split statistics, and structural element frequencies is provided in
Appendix A.1.

4.3 MML-Net Model

This section presents MML-Net, a MER model designed to recognize mathematical
expressions from patent images and directly generate their MathML representation.

Direct MathML generation reduces the number of transformations required between
recognition and subsequent processing. To the best of our knowledge, very few MER
systems generate MathML directly, as most existing approaches target LaTeX and
would require an additional LaTeX-to-MathML conversion step for patent processing.
MML-Net instead learns directly from MathML extracted from patents, producing the
representation required by the industrial processing chain and matching the requirements
and style of the EPO.

Rather than designing a highly complex model from scratch, we select four archi-
tectures from the recent MER literature, train and evaluate them on PatentME-600k
and select the best-performing one. It is then further evaluated against existing MER
systems on multiple datasets using the PIE-MER evaluation framework presented in
Chapter 3.

3We highly recommend the video essay by Vsauce, "The Zipf Mystery", 2015. Available at https:
//youtu.be/fCn8zs9120E, accessed 2026-08-24.

5


https://youtu.be/fCn8zs912OE
https://youtu.be/fCn8zs912OE

CHAPTER 4 — PatentME-600k and MML-Net

4.3.1 Design Choices

Our objective is not to reach the extremely high accuracy of the existing manual
processing chain, which must reach 99.99% accuracy, i.e. Exact Match ratio, after
human verification. Such a level of performance is highly unlikely to be reached by
any MER model. Instead, the objective is to develop a practical automatic model that
provides a useful level of automation while remaining understandable, maintainable, and
retrainable in the Luminess environment. We choose an encoder—decoder architecture,

as this type of architecture has shown strong performance in our state of the art.

Encoder

Based on the results of the state of the art, four encoder architectures with strong
performance are compared: ResNet-50, Vision Transformer (ViT), Convolutional Vi-
sion Transformer (CvT), and Swin Transformer. These architectures represent differ-
ent stages in the evolution from conventional convolutional architectures to modern
Transformer-based approaches. This comparison allows us to evaluate whether more
recent Transformer-based encoders provide a practical advantage for the MathML
generation task.

The first encoder is an ImageNet-pretrained ResNet-50 [164], a convolutional neural
network based on residual blocks. We use the first three layers of the network to preserve
a more detailed spatial representation of the image, resulting in 1024 feature channels
instead of 2048 with the final layer.

The second encoder is a Vision Transformer (ViT) [40]. It processes an image as a
sequence of patches and uses self-attention between them. It is relevant for mathematical
expressions, where dependencies can exist between visually distant elements such as
fractions, superscripts, subscripts, and delimiters. The selected ViT configuration
is the ViT-B/16 encoder in the default vit_base_patch16_224 configuration with
ImageNet-pretrained weights, an input resolution of 224 x 224 and a patch size of
16 x 16.

The third encoder is the Convolutional Vision Transformer (CvT) [42], which
combines convolutional operations with Transformer-based self-attention. This design
keeps the locality of convolutional networks while benefiting from the global modeling
capabilities of Transformers. This architecture achieved great results on multi-font
image to LaTeX recognition in the MathNet paper [58]. We use their architecture and
pretrained encoder weights for our experiment, with an embedding dimension of 384,
and input images rescaled from 300 DPI to the model required 600 DPI.

The fourth encoder is a Swin Transformer [41]. Swin divides the image into
local windows and applies self-attention within each of them. By shifting the win-

dows between consecutive layers, it can capture relationships across neighboring re-
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gions while maintaining efficient computation. We use the pretrained Swin-Tiny
swin_tiny_patch4 window7_224 architecture and ImageNet weights for our experi-
ment, with a default input resolution of 224 x 224, a patch size of 4 x 4, and a window
size of 7. It provides a more recent Transformer-based alternative to the standard ViT
architecture.

The main configurations used for the four encoders are summarized in Table 4.5.

Table 4.5: Encoder and decoder configurations used in the experiments.

Encoder Decoder
Architecture Pretrained Output dim. dy.qa | Layers Heads FF dim.
ResNet-50 ImageNet 1024 2048 4 16 2048
ViT-B/16 ImageNet 768 768 4 16 2048
MathNet-CvT  im2latexv2 384 384 4 16 2048
Swin-Tiny ImageNet 768 768 4 16 2048

Decoder and Tokenizer

The decoder is a Transformer decoder composed of 4 layers, with 16 attention heads
and a hidden dimension that adapts to the encoder output dimension with an adaptive
fully connected layer. It autoregressively predicts each token of the MathML sequence
from the visual representations produced by the encoder.

The decoder generates the most probable token, one at a time. At each decoding
step, the previously generated tokens are provided to the decoder together with the
encoded visual representation. This process continues until the end-of-sequence token
is produced. Positional encoding for the decoder uses sinusoidal embeddings, providing
stable representations for variable-length sequences.

The output sequence is tokenized using the XML-aware tokenizer described in
Section 4.2.3. This explicitly models the structure of the MathML document and
reduces the risk of generating invalid XML tags. The vocabulary size is 352 tokens.

For reproducibility, the decoder configuration was adapted to the output dimen-
sionality of each encoder, while keeping the remaining decoder parameters fixed across
experiments. In all cases, the decoder uses four Transformer layers, 16 attention heads,
a feed-forward dimension of 2048, a dropout rate of 0.01, and a maximum sequence

length of 200.

Training Details

The models are trained using cross-entropy loss. The loss is computed over the predicted
MathML tokens while ignoring padding tokens. We use the Adam optimizer with an

initial learning rate of 10~%. Each model is trained for a maximum of 20 epochs. The
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best checkpoint is selected according to validation loss measured on the validation set.
Training is performed on one NVIDIA A40 GPU.

Evaluation of MathNet Weights Initialization

The first experiments were conducted using the CvT encoder initialized with pretrained
MathNet weights. However, this model produced unexpectedly poor results on the
MathML generation task. The model achieved only 1.15% Exact Match and a normalized
Levenshtein distance of 0.5567 after 20 epochs. Although the model was able to generate
MathML sequences, the predictions contained many errors and hallucinations. To
determine whether this poor performance was related to the CvT architecture or to the
initialization, the same Cv'T architecture was trained from scratch. The results of the
two configurations are presented in Table 4.6, and a few predictions from both models

are shown in Figure 4.6.

Table 4.6: Comparison of the Cv'T trained from scratch and initialized with MathNet
weights.

Model Best epoch Exact Match Norm. Levenshtein
CvT from scratch 14 50.06% 0.0767
CvT MathNet 20 1.15% 0.5567
Xi, Xi Xj, Xi, X Xi, X
Ground Truth CvT MathNet Pretrained CvT from Scratch

R(t) =YX, v'r N(T) = 32 S o V' R(7) = X2, v

Ground Truth CvT MathNet Pretrained CvT from Scratch
N3 x4 Ny X [(N")C x (Vo) X N3 X4

Wi, €C Wi, eC ™ | Wi, €C
Ground Truth CvT MathNet Pretrained CvT from Scratch

Figure 4.6: Examples of MathML predictions produced by the CvT initialized with
MathNet weights and the CvT trained from scratch on the same input expressions.
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When trained from scratch, the CvT reaches 50.06% Exact Match and a normalized
Levenshtein distance of 0.0767. The large performance difference between the two
configurations indicates that the poor results are not inherent to the Cv'T architecture
and may be instead associated with the MathNet initialization.

However, this experiment does not allow the precise cause of the poor transferability
to be isolated. MathNet was originally trained for image-to-LaTeX recognition, whereas
MMIL-Net performs image-to-MathML generation. Even if the transferred parameters
correspond only to the visual encoder, with the decoder being trained from scratch for
the MathML vocabulary, the representations learned by MathNet may be specialized
to the visual and structural characteristics relevant to LaTeX generation and may not
transfer optimally to the MathML generation task.

Another difference concerns the image resolution used during training. MathNet
was designed for images rendered at 600 DPI, whereas the images used in the present
experiments originate from 300 DPI documents. To use the pretrained model, the
300 DPI images were upscaled by a factor of 2 to match the expected resolution.
However, the MathNet paper reports that upscaling 300 DPI images performs worse
than using images originally rendered at 600 DPI. The input images provided to the
pretrained encoder do not fully match the conditions under which the MathNet visual
representations were learned. This difference may further reduce the effectiveness of
the transferred weights.

Overall, the results suggest that the MathNet initialization is not suitable for
the proposed MathML generation task. For the comparison with the other encoder
architectures, the CvT trained from scratch is kept as the CvT configuration in the

next section.

4.3.2 Results of the Training Experiments

The selected architectures are trained on the PatentME-600k training data and evaluated
on its validation set. The evaluation focuses on Exact Match and normalized MathML
Levenshtein distance. Exact Match measures the proportion of predictions that are
identical to the reference MathML sequence, and normalized Levenshtein distance
measures the relative edit distance between the predicted and reference MathML.

Following the analysis of the MathNet initialization, the Cv'T trained from scratch is
used for the comparison with the other encoder architectures. The results are presented
in Table 4.7.

The results show a clear advantage of the Transformer-based encoders over the
ResNet-50 baseline. The ViT obtains the highest Exact Match score, with 54.89%,
followed by Swin-Tiny with 53.40% and the CvT trained from scratch with 50.06%.

ResNet-50 obtains 39.70%. The same ranking is observed for normalized Levenshtein
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Table 4.7: MML-Net results on the PatentME-600k validation set.

Encoder Pretraining Best epoch Exact Match (1) Lev. Distance (J)

ResNet-50  ImageNet 8 39.70% 0.1184
ViT ImageNet 15 54.89% 0.0631
CvT None 14 50.06% 0.0767
Swin-Tiny  ImageNet 19 53.40% 0.0688

distance. The ViT obtains the lowest distance, with 0.0631, followed by Swin-Tiny with
0.0688 and the CvT with 0.0767. ResNet-50 obtains a higher value of 0.1184.

The training behavior also provides information about the capacity of the different
encoders.

ResNet-50 reaches its best validation performance earlier than the transformer
configurations at epoch 8. In contrast, the Transformer-based architectures benefit from
longer training, with the ViT reaching its best performance at epoch 15 and Swin-Tiny
at epoch 19.

The Swin-Tiny results are particularly close to those of the ViT, with only a 1.49
percentage point difference in Exact Match and a 0.0057 difference in normalized
Levenshtein distance. This suggests that Swin-Tiny may have potential for MathML
generation and could potentially achieve higher accuracy, but at the cost of a longer
training time, a larger configuration, and higher computational cost.

Overall, the ViT achieves the best performance on both evaluation metrics. We

select it as the visual encoder for MMIL-Net in the remainder of this work.

4.4 FEvaluation of MML-Net

This section evaluates the selected MML-Net ViT architecture against existing MER
systems on several datasets and on PatentME-OCR, a dedicated test split of patent
expressions. The evaluation uses the PiE-MER evaluation framework introduced in
Chapter 3, which provides a common evaluation space for models generating different

output representations.

4.4.1 Evaluation with PiE-MER

The evaluation is performed on four established LaTeX MER datasets, im2latex100k,
im2latexv2, IBEM, and ME20k, as well as on PatentME-OCR. The four public datasets
were introduced in the state-of-the-art chapter and provide standard benchmarks for
MER. PatentME-OCR is generated using a process similar to Patent ME-600k, gathering
mathematical expressions extracted from European patent documents and annotated
in MathML.

80



CHAPTER 4 — PatentME-600k and MML-Net

PatentME-OCR is used exclusively for evaluation. None of the evaluated models
was trained using this dataset. This makes it possible to measure how existing MER
systems generalize to the target patent domain and, in particular, whether a model
trained directly on PatentME-600k benefits from domain-specific training.

PiE-MER converts the outputs of the different models into common representations.
For models generating MathML directly and datasets of MathML expressions, a new
MathML mode is implemented in PiE-MER, as illustrated in Figure 4.7. In this mode,
the predicted and reference MathML expressions are first normalized using the parser
described in Section 4.2.2. The normalized expressions are then rendered as images.

In parallel, Symbol Label Graph representations [99] are generated to allow structural

comparison.
Conversion
Dataset = == = Evaluation
sTTEEEEEEEEEE - IN
I ]
' 1 OCR Inference
1 EREIme T 1 Predicted LaTeX
! Image !
| : LaTeXML
: Ground Truth | ; MathML comparison Predicted
: Mathme ~ [& = = = = = »l MathmL
N e —————— ~’
Ground Truth MathML comparison Predicted Cleaned
Cleaned MathmL [ = = = = =» MathML
LgEval LgEval
library library
Ground Truth Graph comparison Predicted Label
Label Graph [* > Graph
Puppeteer Puppeteer
Ground Truth MML | Visual comparison Predicted MML
Rendered Image | - ”| Rendered Image
Predicted LaTeX textogif
Rendered Image

Figure 4.7: Conversion pipeline for the MathML mode of PiE-MER.

A MathML-to-LaTeX conversion is not performed because no sufficiently reliable
conversion tool was identified for this evaluation. Instead, the rendered images and
Symbol Label Graphs provide a common evaluation space for models producing LaTeX
and models producing MathML.

For the four public datasets, both the reference expressions and the outputs of the
evaluated LaTeX-based MER models are represented in LaTeX and rendered using
LaTeX. For Patent ME-OCR, the reference expressions and the outputs of MML-Net are
represented in MathML and rendered using MathML. This avoids requiring a conversion
between LaTeX and MathML and allows the different systems to be evaluated in their

native output representation.
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The main metrics are Visual Exact Match and Label Graph Exact Match. Visual
Exact Match compares the rendered prediction with the rendered ground-truth and is
equal to 1 only when the two images are identical pixel by pixel. For the public datasets
and the reference models, the images are rendered from LaTeX, as LaTeX is their original
output modality. For evaluation on PatentME-OCR and of MML-Net, the images
are rendered from MathML, as MathML is the available markup representation. We
refer to this metric as Hybrid Visual Exact Match because the same visual comparison
protocol is applied across evaluation settings using images generated from different
markup languages, namely LaTeX and MathML.

Label Graph Exact Match compares the corresponding Symbol Label Graph repre-
sentations and evaluates whether the predicted graph is identical to the reference.

Table 4.8 summarizes the visual evaluation modalities according to the markup
languages used by the dataset and the model output. To ensure a consistent visual
comparison, the prediction and reference are first converted to a common markup
language when necessary. The resulting expressions are then rendered from this common

representation, and the rendered images are compared to compute the Visual Exact
Match.

Table 4.8: Visual evaluation procedures according to dataset and model markup
languages.

Model output Dataset reference .
Evaluation procedure

modality modality
LaTeX LaTeX Render both expressions from LaTeX for visual
comparison.
LaTeX MathML Convert the model output from LaTeX to MathML,

then render both expressions from MathML for
visual comparison.

MathML LaTeX Convert the dataset reference from LaTeX to
MathML, then render both expressions from
MathML for visual comparison.

MathML MathML Render both expressions from MathML for visual
comparison.

These strict metrics are particularly appropriate for the target use case, as the
objective is to produce expressions that can be directly integrated into the production
pipeline. Even a small recognition error can have serious consequences for the patent

publication process, as it could lead to the rejection of the entire document.
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4.4.2 Compared Methods

Six models are compared in this evaluation. The selection includes dedicated MER
systems, multimodal vision-language models, and MML-Net. We compare specialized
mathematical OCR systems with more general-purpose models that have demonstrated
strong performance on document and mathematical recognition tasks. They are sum-
marized in Table 4.9.

Table 4.9: Models evaluated with PiE-MER.

Model Architecture Output Training characteristics
TexTeller 2.0 Vision Transformer LaTeX Trained on 7.5M diverse for-
encoder—decoder mulas
pix2tex CNN-ViT encoder— LaTeX Dedicated mathematical
decoder OCR
MathNet Convolutional Vision LaTeX Trained on  multi-font
Transformer encoder— im2latexv2
decoder

Qwen2-VL-OCR2- Vision-language LaTeX Fine-tuned for OCR and

2B-Instruct model based on mathematical tasks
Qwen2-VL-2B

DotsOCR NaViT vision encoder LaTeX Large-scale  multimodal
+ Qwen2 language pretraining and document
model OCR training

MML-Net Transformer encoder— MathML  Trained on PatentME-600k
decoder

TexTeller 2.0 [165] is a Vision Transformer-based encoder—decoder MER model,
trained on approximately 7.5 million diverse mathematical expressions. It is a large-scale
specialized model designed specifically for MER and generates LaTeX representations
of mathematical expressions.

pix2tex [166] is another dedicated mathematical OCR system based on a CNN—
Vision Transformer encoder—decoder architecture. It also generates LaTeX sequences.

MathNet [58] is a specialized MER system based on a Convolutional Vision
Transformer. It was trained on the multi-font im2latexv2 dataset and is designed to
handle variations in mathematical fonts. MathNet expects input images to be scaled
to 600 DPI, which is an important consideration when evaluating datasets acquired at
lower resolutions. We rescale images to 600 DPI before running the model, as justified
in Section 3.4.1.

In addition to these specialized MER systems, two recent vision-language models
are included.

Qwen2-VL-OCR2-2B-Instruct [167] is a fine-tuned version of Qwen2-VL-2B-
Instruct for OCR-related tasks, including mathematical recognition and LaTeX gen-

eration. Qwen2-VL is a multimodal architecture that combines a vision encoder with
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the Qwen2 language model, allowing visual information to be processed jointly with
language representations.

DotsOCR [76] is a document-oriented vision-language model designed for OCR and
structured document understanding. Its architecture combines a NaViT-based vision
encoder [168], which supports the processing of documents with varying resolutions and
aspect ratios, with a Qwen2-based language model. Unlike dedicated MER systems,
DotsOCR is trained as a general document OCR model rather than specifically for
MER.

The inclusion of these two vision-language models is relevant because large multi-
modal models are exposed to very large and heterogeneous collections of documents,
mathematical notation, and textual content during pretraining. They can acquire
knowledge of mathematical notation and document layouts without being specifically
designed as MER systems. In this evaluation, both models are prompted to generate
LaTeX, as a large proportion of the mathematical content encountered during their
training is likely to originate from scientific documents and PDF files in which LaTeX-
based mathematical representations are common. It also provides a common output
representation for comparison with the specialized MER systems. The prompts used
for both models are provided in Appendix A.2.

Finally, MML-Net is the model proposed in this chapter. Unlike the other evaluated
systems, MML-Net directly generates MathML and was trained on PatentME-600k,
a large collection of mathematical expressions extracted from European patents. Its
evaluation provides both a comparison with existing MER systems and clues on the

potential benefit of domain-specific training for patent-oriented mathematical OCR.

4.4.3 Datasets

The evaluation uses five datasets: im2latex100k, im2latexv2, IBEM, ME20k, and
PatentME-OCR. The first four are established LaTeX-based MER benchmarks in-
troduced in the previous chapter. PatentME-OCR is generated in the same way as
PatentME-600k, as it contains MathML markup and heterogeneous expressions ex-
tracted from European patents. We use it to evaluate generalization to our target
patent domain. It contains 40,955 mathematical expression images extracted from 448
European patents, distinct from the one in Patent ME-600k.

The distribution of image dimensions and MathML sequence lengths is shown in
Figure 4.8. The dataset covers a broad range of image sizes and expression lengths,
representing the heterogeneity of the patent expressions.

Examples of expressions from PatentME-OCR are presented in Figure 4.9. They
have different sizes, noise levels, and fonts. Such variations are representative of the

poor document conditions in patent applications and are not necessarily represented in
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Figure 4.8: Distribution of image dimensions and MathML lengths in Patent ME-OCR.
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Figure 4.9: Examples from PatentME-OCR with different sizes, qualities, and fonts.

4.4.4 Results and Discussion

The main results are presented in Figure 4.10, using heatmaps generated with PiE-MER.
The first heatmap reports the Hybrid Visual Exact Match, while the second reports the
Label Graph Exact Match .

The results show a clear separation between the public MER benchmarks and
PatentME-OCR. No single model consistently performs best on the four public datasets,
while all models experience a large performance drop on PatentME-OCR. except MML-
Net, which reaches 47.5% Visual Exact Match. The main results are discussed below
by model family.

Specialized MER models

TexTeller 2.0 and pix2tex represent the behavior of specialized LaTeX-based MER
systems. Their Label Graph Exact Match remains below 30% on im2latex100k and
im2latexv2, but exceeds 60% on ME20k. The latter contains shorter and simpler
high-school-level mathematical expressions collected from a website. This suggests that
exact recognition remains difficult even on standard clean MER benchmarks based
on scientific documents, while perfect recognition is more achievable for shorter and
simpler expressions.

MathNet reaches 91.4% Visual Exact Match on the im2latexv2 test set, illustrating
the importance of training and evaluating for a specific dataset, here with a focus on

multi-font recognition. Its performance drops on ME20k. One possible explanation
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Visual and LabelGraph Exact Match Across Models and Datasets (%)
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Figure 4.10: Hybrid Visual Exact Match of the evaluated models across the four LaTeX-
based datasets and PatentME-OCR. The first four columns are evaluated from rendered
LaTeX, whereas the Patent ME-OCR column is evaluated from rendered MathML.

86



CHAPTER 4 — PatentME-600k and MML-Net

is the resolution of ME20k: MathNet expects 600 DPI inputs but ME20k contains
100 DPI images. Upscaling cannot recover the information lost during acquisition at
100 DPI and may introduce blur and interpolation artifacts. This result also shows
that robustness to font variations does not transfer to robustness to changes in image

resolution.

Vision-language models

The two VLMs achieve strong and relatively consistent results on the public benchmarks.
Qwen2-VL-OCR2-2B-Instruct reaches between 35.8% and 65.6% Visual Exact Match,
while DotsOCR reaches up to 83.6% on IBEM. These results show that general document-
oriented VLMs can perform very well on mathematical expressions despite not being
specifically designed for them.

Their strong performance may be explained by their large-scale pretraining on
heterogeneous documents containing large amounts of mathematical and LaTeX content.
However, these results should be interpreted with caution. The public test datasets
used here may have been included in the training data. Possible benchmark leakage
may contribute to their performance since the training sets are not fully disclosed.

However, this advantage does not transfer to Patent ME-OCR. Qwen2-VL-OCR2-2B-
Instruct reaches only 14.8% Visual Exact Match, while DotsOCR also drops to 21.8%.
Strong benchmark performance does not imply equivalent robustness on unseen patent

documents.

MML-Net

MML-Net exhibits the opposite behavior. Its performance on the public LaTeX-based
datasets is generally low, except on ME20k, where it reaches 41.1% Visual Exact
Match. It is not a general replacement for existing LaTeX-oriented MER systems. On
PatentME-OCR, however, MML-Net reaches 47.5% Visual Exact Match and 48.9%
Label Graph Exact Match, achieving the best results among all evaluated models. The
latter indicates that the complete mathematical structure, including symbols and their
relations, is correctly reconstructed for almost half of the patent expressions.

This result is expected because MML-Net was trained on PatentME-600k. The large
gap between MML-Net and the general-purpose VLMs on Patent ME-OCR suggests that
large-scale multimodal pretraining alone may not be sufficient for this use case. Specific
training on patent-domain mathematical expressions is required to obtain competitive
performance. However, its performance remains far from sufficient for using it alone
in a reliable industrial system. Patent MER is challenging even with domain-specific

training.
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Overall Discussion

The results show that public MER benchmarks provide only a limited view of specific
patent recognition performance. Models that perform well on public datasets can
perform poorly on PatentME-OCR because it contains patent-specific variations in style,
image quality, and mathematical content. Our MML-Net model achieves reasonable
performance and outperforms the other models on patent data, including large VLMs
such as DotsOCR. This result highlights both the difficulty of the task and the benefit
of training on domain-specific mathematical expressions.

The experiments also demonstrate the value of PiE-MER, which allows different
kinds of models generating either LaTeX or MathML to be compared using the same
visual and structural metrics despite their different output representations.

MML-Net was intentionally designed as a relatively simple architecture that is easy
to understand and retrain. Its current performance can serve as a baseline for the rest
of this thesis, while further optimization remains possible with larger models, improved

architectures, longer training, and alternative training strategies.

4.5 Conclusion and Future Work

This chapter presented PatentME-600k and MML-Net, a dedicated dataset and MER
model designed to generate MathML directly from expression images. PatentME-600k
provides large-scale training data representative of mathematical expressions found in
European patents, while MML-Net is designed for the target MathML representation.

Four visual encoders were evaluated: ResNet-50, ViT, CvT, and Swin-Tiny. The ViT
achieved the best results. The final model reaches 54.89% Exact Match and a normalized
Levenshtein distance of 0.0631 on the PatentME-600k validation set. The model is
one of the first specialized image-to-MathML models and could help automate part of
the mathematical transcription in a controlled processing pipeline, as demonstrated in
Chapter 7.

The remaining gaps to improve recognition motivate the following chapters. Chap-
ter 5 investigates reference-free post-OCR quality estimation, while Chapter 7 studies the
prediction of recognition failures before recognition. It also proposes a semi-automatic
processing chain in which MML-Net can operate in parallel with manual transcription,
automatically processing expressions predicted to be suitable for OCR while difficult
cases remain available for human transcription.

Several directions could further improve MML-Net and the PatentME dataset. First,
with access to more GPU memory and computational resources, a larger portion of
the EPO database could be processed using the dataset generation pipeline proposed
in this work and made available at github.com/fwieckowiak/PatentME. This could

88


github.com/fwieckowiak/PatentME

CHAPTER 4 — PatentME-600k and MML-Net

lead to larger versions of PatentME, similar to the successive im2latex datasets. For
example, a future PatentME-2M dataset could contain several million mathematical
expressions collected over a longer period.

Second, the current MML-Net could be improved with more recent encoder and
decoder architectures, as well as alternative training strategies. Reinforcement learning
could optimize a reward derived from Exact Match or structural similarity to better
train the model. This could be particularly relevant for MML-Net, where a small
number of token-level errors can cause an entire expression to be counted as incorrect
under Exact Match.
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5.1 Introduction and Motivation

For our use case of MER in patent applications, detecting potential recognition errors is
essential to avoid mistakes propagating to the final documents and to downstream tasks
of indexing and retrieval of patent literature. In conventional MER evaluation, the
correctness of a prediction is measured against the textual ground-truth using metrics
such as Exact Match, edit distance, or BLEU. These metrics require access to the
reference markup and are unusable at inference time, where only the input expression
image and the OCR prediction are available. This motivates a reference-free verification
method that can estimate the likelihood that an OCR prediction is correct, without
requiring the ground-truth markup.

An approach could be to compare the original expression image with an image
rendered from the predicted markup. A clean visual representation of the prediction
can be obtained simply by rendering it with a controlled rendering engine. However,
it cannot be directly compared with the input image, as it may contain scanning
noise, compression artifacts, degraded resolution, variations in font, character thickness,
or spacing. Conversely, a small visual difference may correspond to a structurally
significant recognition error, for example in a subscript, superscript, operator, or other
small mathematical element.

This chapter proposes a solution to this problem through SiaEval, a reference-free
post-OCR verification framework. It uses only the input expression image and the
rendered OCR prediction image to determine whether the prediction is exact. To this
end, a Siamese architecture is trained to learn a visual embedding space that is robust
to variations in font, scale, and image quality while remaining sensitive to structural
and semantic differences between mathematical expressions.

To determine whether SiaEval generalizes across different OCR models, it is first
trained and evaluated on the errors produced by the TexTeller 2.0 MER model, an
open-source MER model. A final section applies the framework to the predictions
of MML-Net, our specialized MER model presented in Chapter 4. Since MML-Net
produces much more subtle errors than TexTeller 2.0, this experiment also discusses

the adaptations required to achieve satisfactory performance with this model.

5.2 Related Work

This section briefly reviews existing approaches to mathematical expression similarity
and the use of Siamese Networks for visual similarity learning. We aim to position
SiaEval with respect to existing similarity-based approaches and highlight the absence

of suitable reference-free visual evaluation.

This chapter is based on results reported in [169].
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5.2.1 Mathematical Expression Similarity and Retrieval

Mathematical expression similarity has been studied extensively in the context of math-
ematical information retrieval [170]. Existing approaches represent expressions using
their textual or structural representation and compare them in a shared representation
space. These representations may rely on the expression’s semantic context, its tree
structure, or learned embeddings of its textual representation. Other approaches rely
on structural representations such as layout trees, recursive X—Y decomposition, or
connected components [171, 143, 172, 173, 174, 175].

These approaches propose metrics to evaluate mathematical expression similarity but
always require the textual markup of the reference expression. This allows the system
to compare a query expression against a known representation of the reference. In the
post-OCR verification scenario considered in this chapter, only the patent expression
image and the rendered OCR prediction are available. No ground-truth markup is
available at inference time, so these text or graph-based methods cannot be used.

Metrics and similarity scores based on rendered images or symbol layout graphs
partially address this limitation [176]. Purely visual metrics such as IMEGE [177]
compare rendered representations under controlled conditions.

Most of these approaches rely on a textual or controlled visual representation of the
reference expression. However, the ground-truth markup is not available at inference in
the post-OCR verification setting considered here, and the input image may contain
scanning noise, compression artifacts, degraded resolution, variations in font, character
thickness, or spacing. These limitations make direct textual or visual comparison

impossible to use and motivate our reference-free approach.

5.2.2 Siamese Networks for Visual Similarity Learning

The problem is closely related to visual verification tasks in which two inputs must be
compared despite variations in their appearance. Siamese Neural Networks (SNNs) are
a natural framework for this type of problem [178]. They map two inputs into a shared
embedding space and learn a distance function in which similar samples are close and
dissimilar samples are separated.

Siamese architectures have been successfully applied to document and OCR-related
tasks, including word spotting in historical Arabic manuscripts [179], symbol classifica-
tion [180], Urdu character recognition [181], and recognition of low-quality document
text [182].

They have also been applied specifically to mathematical expressions. For example,
[183] learns visual embeddings of mathematical expressions for retrieval and highlights
the importance of hard negative sampling. In handwritten MER, [184] combines

contrastive learning with an OCR objective using paired handwritten and rendered
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expressions. These approaches use visual embeddings either for mathematical expression
retrieval or as part of the recognition process. They do not address the problem of
verifying whether a generated mathematical markup correctly represents a given input

image without access to its ground-truth transcription.

5.2.3 Reference-Free Evaluation with LLMs

Recent works have investigated the ability of LLMs to measure the reliability of their
own outputs or to evaluate outputs produced by other systems. In [185], the authors
study whether the confidence expressed by a GPT model is calibrated with the actual
quality of its predictions. Similarly, [186] use LLMs as evaluators to estimate the quality
of named entity recognition and linking outputs in a reference-free setting, obtaining
promising results in noisy conditions.

For MER, [187] analyze the entropy of the predictions generated by a ChatGPT-based
MER system and show relationships between this entropy, recognition performance, and
the quality and resolution of the input image. LLM-based evaluation provides a natural
reference-free baseline for this kind of setting because the model can directly inspect
the input and the predicted output without having access to ground-truth annotations.

However, these approaches primarily rely on the language model’s confidence or
reasoning capabilities rather than on an explicit visual similarity between the input

expression and the predicted output.

5.2.4 Positioning of SiaEval

The SiaEval architecture proposed in this chapter combines the reference-free setting of
post-OCR verification with the visual similarity learning of Siamese Networks. Unlike
conventional MER evaluation and most mathematical expression similarity approaches,
it does not require the ground-truth markup at inference time. Instead, it learns from
pairs of original expression images and rendered OCR predictions whether the two
visual representations correspond to the same mathematical expression.

To the best of our knowledge, no previous work has formulated post-OCR verification
of mathematical expressions as a visual similarity problem between an original expression
image and its rendered OCR prediction. This chapter introduces this formulation and
investigates the use of a Siamese architecture to determine whether the generated

prediction correctly represents the input expression.
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5.3 Methodology

5.3.1 Problem Formulation

In this section, a lowercase letter represents a MathML markup string, while an
uppercase letter denotes its rendered image. Let a reference image of a mathematical
expression X be associated with a correct MathML representation y™ and an incorrect
MathML representation y~, together with their corresponding visual renderings Y
and Y~ (Figure 5.1).

<ma th><msubsup> V
<mi>D</mi> lSUal
—{ OCR Model (—{ 272 » Rendering —.
</<rr./subLs}:>p> (300 dpi)
e Rendered OCR
Du‘ | Erroneous Prediction Y-
n MathML y-
Patent <ma th><msubsup> o 1
Image X Pirieo/ind Visua '
(300 dpi) <mo>"'</mo> Renderlng D’Il
(300 dpi)
Rendered Patent
Patent MathML Y*
MathML y*

Figure 5.1: Generation pipeline of the reference image X, positive image Y*, and
negative image Y .

Our objective is to train a model that, given the reference image X and a candidate
image Y, can determine whether the candidate image corresponds to a correct or
incorrect MathML markup string. This task is not trivial because the reference image
X can have arbitrary font, quality, and style. Direct comparison between X and 1%
using simple image similarity metrics is not sufficient.

To address this problem, a Siamese Neural Network, illustrated in Figure 5.2, is used
to embed both images into a shared embedding space and compute the distance between
the resulting vectors. Let ex and ey denote the embeddings of the two expressions.
Their similarity is measured using the angular distance. For very close vectors, cosine
distance compresses small differences, whereas angular distance is linear with respect to
0, providing finer discrimination between highly similar embeddings. Early experiments

also showed that angular distance was more effective for this task. It is defined as:

1 (exaey”>
dlex,e¢) = — _ de 1].
( , Y) arccos(He || || || , [0, ]

Using a contrastive loss, the model is trained to keep the embeddings of X and
Y* close while pushing the embeddings of X and Y~ apart. A contrastive loss is

preferred over a triplet loss because it directly optimizes the distance between positive
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and negative pairs, resulting in an interpretable similarity measure. In contrast, triplet
loss enforces a relative ordering between an anchor, a positive, and a negative sample,
which is less directly aligned with the verification task. Triplet loss will be used for a

mathematical expression sorting task in Chapter 6. The contrastive loss is defined as:
2
L(X,Y,2)=zd(ex,ep)* + (1 - 2) max(O,m — d(eX,ey)) ,

ify =vy+

1,
, and m > 0 is a margin hyperparameter.

0, fY=Y"

with z =
The classification decision Z is obtained by thresholding the distance:

1, ifd(ex,ey) <7 _ o
with 7 the selected similarity threshold.

IS
I

0, otherwise,

In this binary classification problem, a false positive corresponds to an incorrect
prediction incorrectly flagged as correct, while a false negative corresponds to a correct
prediction incorrectly flagged as erroneous. For our high-precision scenarios, the decision
threshold 7 is selected on a validation set using a Precision-Recall curve to enforce a
very low number of false positives. Positive pairs correspond to images representing the
same formula, while negative pairs correspond to prediction errors. The threshold 7 is
selected to achieve at least 95% precision on the positive class. This ensures that pairs
predicted as identical are almost always correct (high precision) and limits the number
of negative pairs incorrectly classified as positive (false positive). With a selected
threshold, model performance is evaluated using recall on the positive class, i.e. the
ratio of identified positive samples over all actually positive samples. Having some false
negative pairs is less critical in this setting, as they can be corrected by downstream
models and manual verification.

To ensure that the model is not overly conservative at this high-precision operating
point and rejects all the expressions, recall is measured at 95% precision. A low recall
would indicate that the model accepts only a small proportion of the correct predictions
as positive, and is very conservative. Conversely, a high recall at 95% precision indicates
that the model can automatically accept a larger proportion of correct predictions while

maintaining the required precision.

5.3.2 Data Acquisition

Training the Siamese network requires reference mathematical expressions with hetero-
geneous image quality, their ground-truth markup, and incorrect OCR predictions. To
this end, we rely on the PatentME-OCR dataset introduced in Section 4.4.3 and on
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Figure 5.2: The SNN architecture for the verification task. The reference and predicted
images are encoded by a shared network and compared in the embedding space.

the evaluation results presented in Section 4.4.4. To demonstrate that the proposed
framework can be applied to an existing OCR system without requiring modifications
to the recognition model itself, the predictions of TexTeller 2.0 are used to construct
the training data.

As a reminder, Patent ME-OCR consists of 40,955 mathematical expression images
extracted from 448 European patents, together with their corresponding MathML
representations extracted from the patent XML files. MathML simplification and
normalization were applied to ensure reliable conversion and rendering without altering
the visual appearance or meaning of the expressions (see Section 4.2.2). Tags such
as <mstyle>, <mpadded>, and <mspace> were replaced because they interfere with the
rendering pipeline, while the deprecated <mfenced> tag was replaced with an <mrow>
containing explicit delimiters and separators. Figure 5.3 illustrates the variability in
image quality, style, and font present in the dataset, making post-OCR verification
particularly challenging.

R‘;}gaﬁ: — Rﬁm * Mtotal OR1+R2 7 { (F.f)}nf
' .. rera 1P\ S,
= F4v - lim Mb.cha

Rges=1/(1/R1+ 1/Ro+... 1/Ry), 1< f <2

Figure 5.3: Examples of mathematical expressions from PatentME-OCR, with different
sizes, qualities, and fonts.

The predictions of TexTeller 2.0 [165] are collected on the PatentME-OCR dataset
introduced in Section 4.4.3. TexTeller 2.0 is a MER model trained on 7.5M diverse
mathematical expressions and designed to handle rare symbols, complex multi-line
expressions, and matrices. The reference images X, ground-truth markup 3™, rendered
ground-truth images Y ", predicted markup ¢, and rendered predictions Y are extracted

from the evaluation conducted in Section 4.4.4.
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These outputs are then used to construct positive and negative pairs, associating
each reference image with either a correct or an incorrect rendered prediction. The
resulting dataset consists of the positive and negative pairs (X, Y ™) and (X, Y ™) defined
in Section 5.3.1. Positive samples Yt are generated by rendering the ground-truth
MathML extracted from the patent XML, while negative samples Y~ are generated by
rendering incorrect MathML predictions produced by TexTeller 2.0 (see Figure 5.1).

This procedure results in the PatentME-Siamese dataset, consisting of 67,680 pairs,
evenly split between positive (33,840) and negative (33,840) samples. Each sample
contains the reference patent image X and the query image Y, a binary label, and
the metadata associated with the model evaluation. The dataset is split into 60,972
training pairs, 3,346 validation pairs, and 3,362 test pairs, ensuring the coresponding
positive and negative samples are in the same split.

Using the errors produced by a single OCR model exposes the verifier to realistic
prediction errors from a specific recognition system, rather than relying on artificially
generated or overly obvious negative examples. Adapting SiaEval to another OCR
model or recognition domain would require retraining the verifier on representative

errors of the target system, as done in Section 5.6.

5.3.3 Siamese Network Architecture

Our Siamese pipeline is illustrated in Figure 5.2. We select a lightweight ResNet-18
CNN as the encoder, which has proven effective for mathematical expression embedding
[158] and allows for rapid experimentation. A fast and compact architecture is also
desirable for real-time post-OCR verification. The network is trained from scratch, as
the size of the dataset is sufficient to learn a task-specific representation.

The contrastive loss and angular distance described in Section 5.3.1 are used for
training and comparison, respectively. The contrastive margin m is treated as a
hyperparameter to be optimized. To determine an operating point for discriminating
between positive and negative decisions based on the distance produced by the network,
an optimal threshold 7 is selected on the validation set to achieve a minimum precision
of 95%. This threshold can be determined from the Precision—Recall curve. The general
performance of the model across operating points is also quantified by the area under
this curve, measured using Average Precision (AP).

The selected threshold is then applied to the test set to obtain the final positive
and negative predictions. These predictions are compared with the ground-truth labels
to produce the confusion matrix, from which the final test precision and recall are
computed.

We also perform a study on the impact of input image preprocessing. For the

ResNet-18 SNN, we resize all input images to a fixed square size of either 2242 or 5122
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pixels, and we compare two rescaling strategies: resizing while preserving the aspect
ratio with top/bottom or left /right padding (Padding), and rescaling to fully fill the

square input size (Scaling). These preprocessing methods are illustrated in Figure 5.4.

Input Image Scaling Padding
PRF; I — — PRF

" 2:9gT(PRF,,PRF,)’ " 2:.9ggT(PRF,,PRF,)’

TR

Figure 5.4: The two preprocessing methods evaluated in our study.

We optimize the margin m through Bayesian optimization over 14 trials on the
validation set, each trained for 20 epochs, with the same objective of maximizing recall
@95% precision. The final model with the best input preprocessing and margin is then
trained and evaluated 7 times for 50 epochs. We use a batch size of 128 and the Adam
optimizer with a cosine-annealing learning rate scheduler to improve convergence. We
report the losses, average precision, and test recall over time, as well as the validation

Precision-Recall curve and test confusion matrix of the best model on its best epoch.

5.3.4 GPT-5-mini Baseline

We use GPT-5-mini as a zero-shot VLM baseline because it can directly compare the
reference image and the rendered OCR prediction without the ground-truth transcription
at inference time. We compare it against our Siamese approach. The prompt in Figure
5.5 instructs the model to determine whether the reference and query images represent

the same or different expression.

System prompt

You are an expert Al system for rigorous mathematical expression comparison.

Task: Given two images, determine whether the represented mathematical expressions
are semantically identical.

Ignore differences in font, size, and equation numbering.

Bold and italic carry semantic meaning and must be treated as differences.

Layout differences are significant: a stacked (vertical) fraction and an inline fraction (e.g.,
1/2) must be considered different.

Output strictly a JSON object with the following field:

{distance: a float in [0,1]}. The distance value must satisfy: 0 indicates identical
expressions, 1 indicates completely different expressions.

Figure 5.5: Prompt used with GPT-5-mini
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To limit the token usage and cost of this experiment, we scale down the images such
that their longest side does not exceed 512 pixels while preserving aspect ratio. Like
the Siamese model, GPT-5-mini returns a distance value that represents how similar
the two expressions X and Y are. We use the same pipeline to find 7 on the validation
set and evaluate on the test set. GPT-5-mini is prompted to provide a numerical
similarity distance in the range [0,1], allowing us to apply the same threshold selection

and evaluation procedure to both approaches.

5.4 Results

5.4.1 Siamese Model

Table 5.1 reports the impact of input resolution (2242 vs. 5122) and preprocessing
method (Padding vs. Scaling) on the Siamese network described in Section 5.3.3, trained
for 50 epochs with margin m = 0.5. Padding consistently yields higher test recall than
scaling at both resolutions, with the best performance obtained using 5122 inputs with
padding with a best recall of 72.99% at epoch 41. Models trained with 2242 inputs reach
peak recall earlier (epochs 27-28), indicating early convergence and limited gains from
additional training. Bayesian optimization of the margin parameter m was conducted
over 14 trials using 512% inputs with padding. An optimal margin of m = 0.33 was

found for our architecture.

Table 5.1: Impact of input preprocessing on the validation recall at 95% validation
precision. Training over 50 epochs.

Input Processing Final Recall (%) Best Recall (%) Epoch of Best

Padding 224? 59.49 62.64 28
Scaling 2242 43.19 55.68 27
Padding 5122 68.71 72.99 41
Scaling 5122 27.36 31.23 36

Figure 5.6 reports the performance of the final model (margin m = 0.33, 5122 inputs
with padding) over 7 runs. It shows the average training and validation losses, validation
average precision, and test recall across 50 epochs.

Figure 5.7 reports the evaluation of the best run, including the validation precision-
recall curve, test confusion matrix, and predicted test distance distributions. With a
decision threshold 7 = 0.068 selected to ensure at least 95% validation precision, the
model achieves a true negative rate of 95.30% and a recall of 77.81% on positive pairs
in the test set. The distributions of distances for positive and negative samples are well
separated with some overlap. The decision threshold 7 = 0.068 separates the two groups

in the embedding space and limits the number of false positives. The observed angular
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distances lie in [0, 0.5] rather than [0,1] due to the embedding optimization: vectors
for positive pairs are close (the distance is close to 0) and negatives are separated just
enough to satisfy the contrastive margin of m = 0.33.

Manual verification of the false positives and false negatives produced by the Siamese
model was conducted to confirm the ground-truth labels. Some predictions initially
labeled as errors were found to be correct upon manual review. This indicates that
there are some minor inconsistencies in the dataset. Out of 373 false negatives, 29
were corrected to true negatives, and 12 out of 79 false positives were corrected to true

positives. Overall, the corrected samples represent 1.22% of the entire test set.

Training Metrics Over Epochs (Mean = Std)
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—e— Train Loss g o —e— Test Recall
—s— Validation Loss 2075 faﬁ =075
n (V]
[ s (9]
a MW t 0.0 f 020
S102 o g
Co.25 F 0.25
[] .
3: —e— Average Precision
0.0 0.5 1.0 1.5 0'000.0 0.5 1.0 1.5 0'000.0 0.5 1.0 1.5
Cumulative training samples 1e6 Cumulative training samples le6 Cumulative training samples 1e6

Figure 5.6: Evolution of the training metrics for the final SNN model (margin m = 0.33,
512% input with padding) averaged over 7 runs.
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Figure 5.7: Validation precision-recall curve, test confusion matrix, and distribution of
predicted distances on the test set for the best SNN model.

5.4.2 GPT-5-mini Approach

The same protocol was applied to the GPT-5-mini baseline with a threshold selected on
the validation set to ensure at least 95% precision. In practice, only 7 = 0 satisfied this
requirement, labeling all samples as negative, resulting in a 0% recall. To circumvent
this, the test threshold was set to 7 = 0.00", meaning that only samples with a distance
exactly equal to 0 are labeled as positive, while any sample with a distance strictly

greater than 0 is labeled as negative.
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At this operating point on the test set, the model achieves a true negative rate
of 91.02% and a recall of 38.96% on positive pairs. Figure 5.8 shows the PR curve,
test confusion matrix, and distance distributions for this baseline. Compared to the
Siamese model, GPT-5-mini shows lower verification performance: its recall is much
lower (38.96% vs 77.81%) even with a slightly lower true negative rate (91.02% vs
95.30%). The distribution plot shows distances clustered near 0 and 1, reflecting a
sharp separation between inputs perceived as similar versus different. However, many
negative samples appear near 0, where ideally only positives should be located. This
overlap corresponds to potential false positives and explains why a very strict test

threshold of 7 = 0.00" was required to maintain the desired precision.

Results of GPT-5-mini on Texteller Predictions
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Figure 5.8: Validation precision-recall curve, test confusion matrix, and visualization of
predicted distances between samples on the test set for the GPT-5-mini baseline.

5.5 Discussion

5.5.1 Impact of input processing

The input resolution analysis shows that using a small input size leads to a drop in
performance. Equations in PatentME-OCR vary between 0 and 2000 pixels in width,
and most of them are under 512 pixels in height. Reducing them to 2242 compresses
fine details and visual information. A 5122 input window preserves enough details for
accurate recognition at the cost of a higher GPU usage and longer training time.

For the rescaling strategies, padding consistently outperformed scaling. This may
be due to the fact that the task is sensitive to symbol shapes and relative positioning.
Scaling distorts these properties, while padding preserves them even if it introduces
white regions. Also, some patent expressions include equation numbers in the images
that must be ignored in the verification task. They can artificially increase the image

size and force aggressive down-scaling to fit the input window, degrading performance.
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Identifying them and recropping the images may help solve this issue, at the risk of

removing some relevant parts of the expressions.

5.5.2 Comparison with the GPT-5-mini Baseline

Our simple ResNet-18 SNN baseline achieves strong performance despite its simplicity
and limited training set of 61k samples. Even under these constraints, it outperforms the
GPT-based baseline on the PatentME-Siamese comparison task. Vision Transformer-
based encoders could likely capture even finer visual differences and further improve
performance. The naive GPT-5-mini approach performs worse, likely because it is
not optimized for the specific comparison task. These results show the benefit of
task-specific visual metric learning over a naive strategy for this verification task.

The main source of errors appears to be image quality rather than expression
complexity. Qualitative observations show that both simple and complex equations can
be correctly matched, suggesting that the model is robust to variations in complexity.
Many errors are instead caused by extremely low-quality patent scans and very large
expressions that must be scaled down to fit the CNN input size. This downscaling can
cause fine details to be lost and makes errors more difficult to detect.

Some other limitations include the quality of the annotations used to generate
the positive and negative pairs and the presence of mislabeled samples in the source
XML data. Manual verification of the false positives and false negatives in the test set
revealed that 1.22% of the samples were mislabeled, mostly due to errors in the patent
XML files. Since the training and validation sets were not manually verified, similar
inconsistencies may also be present in these splits. This label noise is a limitation of
the available data and may affect the reliability of the learned metric.

The current analysis of error causes is also mainly qualitative; a quantitative analysis
of the factors affecting verification errors, such as image quality, expression size, and
error type, would provide a better understanding of the model’s limitations. In addition,
the 5122 input resolution can lead to a loss of fine details in very large expressions.
Larger or more specialized encoders, as well as evaluation on additional patent data,
could further improve the results.

These results show that a lightweight Siamese network can provide an effective
reference-free verification for MER predictions. The results demonstrate the feasibility
of learning a visual verification metric from OCR errors. The next section attempts to
transfer this model to verify the predictions of MML-Net, whose errors are considerably

more subtle than those produced by TexTeller 2.0.
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5.6 Adaptation to MML-Net

The previous experiments demonstrated the SiaEval framework on the errors produced
by an existing MER model, TexTeller 2.0. We refer to this version of the model as
SiaEval-TT. The next objective is to apply the same verification pipeline to the
predictions of MML-Net, the model presented in Chapter 4, which is intended to be
integrated into the final recognition pipeline.

MML-Net achieves higher recognition performance on the same PatentME-OCR
dataset, with a Visual Exact Match rate of 47.5%, compared with 18.8% for TexTeller
2.0. Its remaining errors are expected to be more difficult to detect. Two experiments
are conducted to investigate this difference. First, SiaEval-TT is directly applied to the
MML-Net predictions without any retraining. Second, a new SiaEval model is trained
specifically on MML-Net errors, referred to as SiaEval-MN, using the same overall

framework but with an adapted image encoder.

5.6.1 Transfer of SiaEval-TT

SiaEval-TT is first applied directly to the validation MML-Net predictions on Patent ME-
OCR. The resulting distances are shown in Figure 5.9. The model fails to provide a
useful operating point at 95% precision for distinguishing correct and incorrect MML-
Net predictions. The distributions of distances for the two classes overlap completely,

preventing the selection of a threshold that provides any Precision—Recall trade-off.

Results of SiaEval-TT on MML-Net Predictions
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Figure 5.9: Application of SiaEval-TT, trained on TexTeller 2.0 errors, to MML-Net
predictions.

This result shows that the representation learned by SiaEval-T'T does not transfer
to the error distribution of MML-Net. MML-Net errors appear to be much harder to
distinguish visually than those produced by TexTeller.

This difference can be observed by comparing the distributions of the normalized
edit scores of the two OCR models, shown in Figure 5.10. Most MML-Net predictions
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have edit scores concentrated between 0.9 and 1, indicating that many of its predictions
involve only small differences from the correct expression. In contrast, TexTeller
2.0 errors are more broadly distributed, with a larger proportion occurring between
approximately 0.6 and 0.9. These errors correspond to more visible differences between

the predicted and correct expressions and are easier for SiaEval-TT to distinguish.

Density Plot of the Edit Score of
MML-Net and Texteller 2.0 on PatentME-OCR
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Figure 5.10: Distribution of normalized edit scores for TexTeller 2.0 and MML-Net
predictions on PatentME-OCR.

Examples of these subtle MML-Net errors are presented in Figure 5.11, together
with the corresponding reference patent image and TexTeller 2.0 prediction. In each
case, the MML-Net prediction differs from the reference by only a small visual detail,
such as a single symbol, character, or local structural element. Such differences are

harder to detect than the larger errors produced by TexTeller 2.0.
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Figure 5.11: Examples of subtle and more obvious recognition errors produced by
MML-Net and TexTeller 2.0.

These observations explain the poor transfer performance of SiaEval-TT. The model
has learned a representation adapted to the visual characteristics of TexTeller 2.0 errors,

while MML-Net produces a different and more challenging error distribution.
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5.6.2 SiaEval-MN

To adapt SiaEval to these harder samples, we modify some aspects of the visual encoder.
The original model uses a ResNet-18 encoder trained from scratch with a 512 x 512
input window. The new encoder instead uses ImageNet-pretrained weights and a
larger rectangular input of 1024 x 320 pixels. The ImageNet pretraining provides a
more informative initialization than training the encoder from scratch, while the new
input resolution increases the input surface area by 25% and better matches the wide
rectangular shape of mathematical expressions in PatentME-OCR. The image is resized
to fit in the window while preserving its aspect ratio, then centered and padded to
obtain the 1024 x 320 input window. Compared with the original 5122 input window,
this reduces the quantity of white padding above and below the expression and should
preserve more visual details that may be important to distinguish correct expressions
from subtle OCR errors.

The same hyperparameters defined in Section 5.3.3 are used to train SiaEval-MN.
This adaptation changes only the visual representation and input preprocessing, while
the data acquisition, verification principle, loss function, and decision procedure remain
unchanged.

SiaEval-MN results are presented in Figure 5.12. At the operating point selected
to maintain 95% validation precision, SiaEval-MN uses a threshold 7 = 0.057 and
reaches a test true negative rate of 97.30% and a recall of 59.37% on the positive class.
This means that 97.30% of the erroneous predictions are correctly flagged as erroneous,
while 59.37% of the actually correct predictions are flagged as correct. This is a large
improvement over the direct application of SiaEval-TT and demonstrates that quickly

retraining the verifier on representative errors from the target OCR model is effective.

Results of SiaEval-MN on MML-Net Predictions
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Figure 5.12: Performance of SiaEval-MN trained on MML-Net errors.

The lower recall, compared to the results of Section 5.4 which reached 78%, reflects
the increased difficulty of the MML-Net verification task. The threshold can be adjusted

depending on the requirements of the downstream application. For example, targeting
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a lower 90% validation precision results in a more lenient threshold of 7 = 0.098, with a
lower true negative rate of 92.45% but a recall of 73.72%. This operating point provides
a recall closer to that obtained previously, at the cost of accepting a higher proportion

of false positives. This second operating point is displayed in Figure 5.13.

Results of SiaEval-MN on MML-Net Predictions
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Figure 5.13: Performance of SiaEval-MN trained on MML-Net errors at a more lenient
operating point.

5.6.3 Ablation Study

To measure the contribution of each adaptation introduced for MML-Net, an ablation
study is conducted by progressively modifying SiaEval-TT. The experiments start
from the model trained on TexTeller 2.0 errors and successively introduce retraining
on MML-Net errors, ImageNet-pretrained weights, and the 1024 x 320 input window.

Table 5.2 reports the best test precision and recall obtained for each configuration.

Table 5.2: Progressive ablation of the adaptations introduced for SiaEval-MN.

Configuration Test Precision (%) Test Recall (%)
SiaEval-TT on TexTeller 2.0 predictions 94.30 77.81
SiaEval-T'T on MML-Net predictions 75.00 0.28
+ Retraining on MML-Net errors 95.91 19.66 (+19.38 pp)
+ ImageNet-pretrained weights 94.64 29.64 (+9.98 pp)
+ 1024 x 320 input window 94.04 57.32 (+27.68 pp)

The results show that each adaptation contributes to the verification performance
on MML-Net errors. Directly applying SiaEval-TT to MML-Net predictions results
in almost no recall, corresponding to the results of Figure 5.9, confirming that the
representation learned from TexTeller 2.0 errors does not transfer effectively to the MML-
Net error distribution. Fine-tuning the verifier on MML-Net errors restores the ability
to distinguish the two classes, increasing recall to 19.66%. Using ImageNet-pretrained

weights further increases recall to 29.64%. The largest improvement is obtained by
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replacing the square 5122 input with the 1024 x 320 window, which increases recall to
57.32% while maintaining 94.04% precision.

These results indicate that the adaptation to MML-Net benefits from both learning
from model-specific errors and improving the visual representation. In particular, the
larger rectangular input window provides the largest individual gain in recall, suggesting

that preserving fine-grained visual details is important for detecting the subtle errors
produced by MML-Net.

5.6.4 Discussion on Model-Specific Adaptation

Overall, the experiments highlight two main findings regarding the adaptation of
SiaEval to different OCR models. First, the learned similarity representation is not
fully model-independent. The results show that SiaEval-TT does not transfer directly
to MML-Net, whose errors are fewer but more subtle. The different error distributions
require a learned representation specifically adapted to these fine-grained differences.
The intuition that SiaEval-TT would be sufficiently general to detect MML-Net errors
without retraining is therefore not supported by the results.

Second, the verification framework can nevertheless be adapted to a new OCR
model without redesigning the entire verification pipeline. Retraining SiaFval on MML-
Net errors substantially improves its ability to detect these more subtle errors, while
requiring only a lightweight retraining procedure and limited architectural changes.
Only the encoder and input preprocessing are adapted to the target error distribution.

An existing limitation concerns the adaptation of SiaEval to human transcriptions.
Available production data do not contain enough labels of actual human transcription
errors. Since the manual workflow targets approximately 99.99% accuracy, genuine
errors are extremely rare in the available data. No current experiments can therefore

establish whether SiaEval could reliably detect errors in manual transcriptions.

5.7 Conclusion and Future Work

This chapter introduced SiaEval, a reference-free post-OCR verification framework for
PMER. Instead of comparing an OCR prediction with textual ground-truth, SiaEval
compares the input expression image with an image rendered from the predicted
MathML and learns a visual similarity metric through a Siamese network.

The experiments on errors from the TexTeller model demonstrate that a lightweight
ResNet-18 Siamese network can distinguish correct and incorrect predictions under
large variations in font, scale, and image quality. The model achieves a recall of 77.81%
at 95.30% true negative rate, outperforming a zero-shot GPT-5-mini baseline.

The experiments with errors from our MML-Net model show that the verifier is
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sensitive to the distribution of OCR errors used during training. The model trained on
TexTeller errors, SiaEval-T'T, does not transfer to MML-Net errors, whose errors are
fewer and more subtle. Retraining the verifier on MML-Net errors and adapting the
encoder improves performance, demonstrating that SiaEval can be adapted to a new
recognition model while preserving the same verification framework.

For future work, larger and more diverse encoders, additional training data, and hard-
negative mining could improve the detection of subtle recognition errors. Curriculum
learning could also be used to progressively introduce increasingly difficult negative
examples. Second, preprocessing could be improved by automatically removing irrelevant
elements such as equation numbers and by better handling very large or degraded
expressions. Finally, incorporating textual information from the predicted MathML
alongside visual features could help distinguish subtle mathematical errors that are

difficult to detect from appearance alone.
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6.1 Introduction

The previous chapters addressed two complementary aspects of a reliable recognition
system: improving the recognition model and estimating the robustness of its predictions
in production. However, even a high-performing automatic system cannot fully automate
the process when very high quality requirements must be met. Consequently, a subset of
mathematical expressions still requires human intervention for verification or correction.
In the Luminess production workflow, mathematical expressions are manually reviewed
and validated by trained operators through a process that is already functional and
provides reliable results (See Section 1.2).

This chapter introduces two contributions developed specifically for the Luminess
production pipeline: Formulasort and Formuladif. They aim to exploit the struc-
ture, redundancy, and similarity present in documents to organize and assist human
intervention in a way that simultaneously reduces its cost and the risk of error.

The first contribution aims to reduce repetitive manual operations by ordering
mathematical expressions according to their visual similarity. By grouping similar
expressions, Formulasort facilitates the reuse of previously typed expressions by operators
and reduces the cognitive effort associated with rapidly switching between different
types of mathematical structures.

The second contribution, Formuladif, generates visual difference images between
consecutive expressions. Its purpose is to support operators when almost identical
expressions are processed consecutively, particularly when they use copy-paste. A
clear image highlighting subtle differences between two successive images helps prevent
inattentive copy-pasting and the introduction of additional errors.

Although these contributions address our specific industrial workflow, their under-
lying methods rely on general computer vision algorithms, including image similarity
metrics, hierarchical clustering, and a decision model trained to reproduce human

decisions and predict the relevance of automatically generated difference images.

6.2 Motivation for Formulasort and Formuladif

To help us design new assistance tools for mathematical expression transcription that
are useful to the production team, we observed the production workflow and interviewed
operators working at the Luminess production site in Romania. The objective was to
better understand the limitations of the existing human-in-the-loop workflow and find
improvement opportunities. Due to confidentiality, the detailed organization of the
production process and the complete interview discussions cannot be fully disclosed.
However, the main observations relevant to the design of Formulasort and Formuladif

are presented in this section.
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For each patent, mathematical expressions are first manually segmented and stored
according to their original order of appearance in the patent document. These extracted
expressions form a sequence of equations that operators progressively transcribe into
MathML through the production interface (Figures 6.1 and 6.2 illustrate this process).
To limit the length of this task, operators currently process expressions in small batches
of 10 formulas. The mathematical expressions are taken in the order in which they
appear in the patent document and divided into batches following this order. This
prevents operators from having to manually handle very large documents containing

thousands of expressions in a single session.
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Figure 6.1: An illustration of the segmentation of mathematical expression images from
patent applications.

5 MathType - Untitied 1

- 0000 TF _ -
- " ' [ ‘“{ iy {""II*'@{-w'l{ :.n{mc{amc Awd | aae

T Batch 1 T P G T R B R BT A O
& 0003 F Ko
= 0004 TF ¢ / =F T.T I:] n-.n-
&) 0005 TF c | lm e Y= !
& 0007 1i[3 & K : : . l : :
S T dKe Batch 2 .
- 0009 TF i df dg
& 0010 T Ko | d( ] g(x)(x)— f(x)—=(x)
o w o S (x)= dx dx
& oon2 TF -
Nem dx g (x)
& 0ona . TF / i — ——

Each batch is presented to a human

Images are saved in the order operator for manual entry

they appear in the original
document

Figure 6.2: Ilustration of the batch creation and transcription process.

Many patents contain repeated or nearly identical mathematical expressions. Dupli-

cates are particularly frequent in patent claims, which are published in the three official
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EPO languages: French, English, and German. The same mathematical expression may
appear several times within the same patent document, once in each language version
of the claims.

Expressions with similar mathematical structures often require similar MathML
symbols, keyboard shortcuts, and interface operations. Processing such expressions
sequentially could allow operators to reuse the same shortcuts and interface elements,
reducing the time spent searching for symbols and decreasing the cognitive effort
associated with switching between different mathematical structures and menus. Placing
identical or highly similar expressions consecutively also facilitates the use of the copy-
paste tool. When the same mathematical expression appears multiple times, an operator
can directly reuse the transcription of an expression that was typed immediately before,
instead of transcribing it from scratch.

To quantify the potential benefits of reusing previously transcribed formulas, an
analysis was conducted on the test set of the PatentME-600k dataset presented in
Chapter 4, comprising 66,959 mathematical expressions extracted from 23,024 distinct
patents. As shown in Table 6.1, 57,163 formulas occur only once, while 3,886 occur
multiple times within individual patents (i.e., they have the exact same MathML
markup). By transcribing each repeated group only once and reusing the resulting
MathML through copy-paste, 5,910 formula occurrences, corresponding to 8.83% of
the 66,959 formulas, could be processed through copy-paste instead of being manually

transcribed from scratch.

Table 6.1: Distribution of duplicate mathematical expressions within individual patents
in the PatentME-OCR dataset.

Occurrences Expressions

1x 57,163
2x 2,907
3x 599
4x 194
5x 70
6x 45
7x 18
8x 17
Ix 9
10x 6
> 10x 21

Total duplicates: 3,886

However, this increased use of copy-paste introduces an additional risk. When two
consecutive expressions are similar but not identical, copying an existing transcription

and manually modifying it may be more error-prone than entering the expression from
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scratch. Subtle differences between two expressions can be unnoticed during a rapid
visual comparison, potentially resulting in an incorrect transcription.

Operators were frequently observed rapidly flicking between the previous and current
expressions in the production interface to compare them visually and identify differences.
This rapid alternation between expressions can help identify small differences but is
dependent on human perception and may fail when the modifications are subtle.Quality
control also showed a higher error rate for expressions that had been copy-pasted
compared with expressions typed from scratch.

All of these observations highlight the need for an additional visual cue that can
make subtle differences more explicit.

Sorting by similarity may have a dual effect. It can reduce transcription effort by
allowing greater reuse of previous expressions and making the process faster, but it
can also increase the risk of transcription errors when similar expressions have subtle
differences. This trade-off motivates the two complementary contributions introduced

in this chapter:

o Formulasort: a similarity-based ordering method designed to group identical and
similar mathematical expressions. By placing related expressions consecutively
and in the same batch, Formulasort reduces the cognitive effort required to use

the input interface and facilitates the use of copy-paste.

o Formuladif: a visual comparison method that generates difference images be-
tween consecutive expressions. Formuladif provides an explicit visualization of
similarities and differences by highlighting modified regions between two expres-
sions. This additional information is particularly important after Formulasort,
since grouping similar expressions may increase the use of copy-paste operations

and consequently the risk of overlooking subtle differences.

Formulasort exploits similarity to reduce cognitive and interaction costs, whereas
Formuladif makes differences explicit to reduce the error risk introduced by this in-
creased reuse. Figure 6.3 illustrates the proposed approach on a patent containing
multiple similar mathematical expressions. The first row shows the original order of
the expressions, and the second shows their order after applying Formulasort and the
difference images generated by Formuladif. This example shows how similar expressions
can be grouped together and how the differences between consecutive expressions can
be made explicit.

The methodology used to develop and evaluate these two tools, as well as quantitative

results on their performance, is described in the following sections.
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Figure 6.3: Example of the reordering performed by Formulasort. The top row shows
the original order, while the bottom row shows the reordered expressions and generated
difference images.

6.3 Formulasort

6.3.1 Methodology

Overview

The objective of Formulasort is to automatically determine a transcription-efficient
ordering of the mathematical expressions contained in a patent, such that visually
similar expressions are presented consecutively.

Let

X = (z1,29,...,2N)

denote the sequence of mathematical expressions in a patent application. This order
comes from the reading order of the document and is not necessarily optimal for
the transcription task. In particular, visually similar or identical expressions may be
separated by unrelated expressions, requiring operators to repeatedly switch between
different shortcuts on their virtual keyboard and making it less obvious when the
copy-paste functionality can be used between expressions.

Formulasort aims to produce a new ordering
/ / / /
X' = (2], 25,...,2%)

of the same expressions, such that visually similar expressions are placed closer together.
Given a distance function d between expressions, the quality of an ordering can be

expressed by the cumulative distance between consecutive expressions:
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To achieve this, we use agglomerative hierarchical clustering with single linkage, a
clustering method for which the distance between two clusters is defined as the minimum
distance between any pair of observations belonging to the two clusters [188]. This
choice allows expressions with different visual characteristics to be grouped when they
are connected through pairs of similar expressions, rather than requiring all expressions
within a group to be mutually similar. Agglomerative hierarchical clustering iteratively
compares feature vectors to build a clustering dendrogram, as illustrated in Figure 6.4.
The leaves of the dendrogram can then be read from left to right to obtain an ordered
list of mathematical expressions, with similar expressions placed consecutively.

Formulasort tries to minimize the cumulative distance by generating an ordering
from the hierarchical clustering dendrogram. Visual features are extracted from the
images of the mathematical expressions and pairwise distances are computed between
them. The resulting distances are used for hierarchical clustering, and the leaves of
the dendrogram are read from left to right to obtain a new order for presenting the
expressions to the operators.

Our remaining task is to identify the best feature extraction method for our mathe-
matical images and the best distance metric to produce relevant orderings. We also
need to define a way to quantify the quality of an ordering compared with the original

order of the patent to evaluate the different methods.

Hierarchical clustering of seven mathematical expressions
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Figure 6.4: A dendrogram resulting from hierarchical clustering of mathematical
expression images, comparing extracted visual features. The new order for presenting
the expressions to the human operator can be read from left to right following the green
arrow.
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Formulasort dataset

A dedicated dataset composed of 994 patent documents was created for Formulasort.
We randomly selected 80% of the documents for training and 20% for testing. The
resulting training set contains 792 unique patents and 9,032 mathematical expressions,
while the test set contains 202 unique patents and 2,055 mathematical expressions.
The distribution of the number of mathematical expressions per patent is shown in
Figure 6.5. A two-sample Kolmogorov—Smirnov test was performed to verify that the
two datasets have similar distributions of number of expressions per patent. The test
resulted in a KS statistic of D = 0.0305 and a p-value of 0.9970, suggesting that the
train and test sets have similar distributions in terms of the number of mathematical

expressions per patent.
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Figure 6.5: Distribution of the number of mathematical expressions per patent in the
training and test datasets.

Each patent contains a list of images of mathematical expressions from the patent,
stored in the order in which they appear in the text, as well as the MathML markup of
each expression. The MathML markup is not available in production, as Formulasort
sorts the images before the mathematical expressions are transcribed. It is used as a
reference to evaluate the quality of the resulting order. The original order represents the
order in which the expressions would be presented to an operator without Formulasort.
The training set is used to train the supervised approaches, while the test set is used to

evaluate and compare all models.

Image representations

To use hierarchical clustering, it is necessary to define how the mathematical images
are represented and compared. Two main approaches are considered: pixel-based
image similarity and CNN-based feature representations, with pretrained and fine-tuned
variants. Unlike in the SiaEval chapter, the images being compared come from the same
document, so there is generally less heterogeneity in terms of font, size, and noise level.

However, variations may still be present and must be taken into account when defining
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the similarity between two expressions. For the pixel-based approach, the mathematical
images are resized to 256 x 256 pixels and flattened into a one-dimensional vector.

For the CNN-based approach, feature vectors are extracted from different CNN back-
bones. Our approach is similar to the feature comparison employed in [156]. We compare
three CNN models: ResNet18 [164], MobileNetV3-Small [189], and SqueezeNet [190].
These architectures were selected to provide different levels of model size and computa-
tional cost while remaining suitable for CPU-based inference. In addition, hierarchical
clustering has a computational complexity of O(n?) with respect to the number of
expressions. Using lightweight CNN backbones reduces the time required to extract the
feature vectors and makes the complete sorting process faster, particularly for patents
containing a large number of mathematical expressions. The three architectures also
provide a comparison between a relatively larger lightweight model (ResNet18) and
smaller architectures (MobileNetV3-Small and SqueezeNet). For each CNN architecture,
a fine-tuned version is trained using a supervised metric-learning target based on the
MathML associated with each training image. Figure 6.6 illustrates the different visual
feature extraction methods considered.

The resulting representations, either flattened images or CNN feature vectors, are
compared using cosine or Euclidean distance to evaluate the effectiveness of these

distance metrics for Formulasort.
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Figure 6.6: Illustration of our different methods for visual feature extraction for
Formulasort.

CNN fine-tuning with a proxy task

To fine-tune the CNN models for our sorting task, a proxy target is needed to guide
the learning of a more suitable representation of mathematical expressions. Since no
ground-truth of expression ordering is available, we use the textual similarity between
MathML expressions as a proxy. The Levenshtein distance between two MathML
representations gives a measure of their structural difference. This measure does not

perfectly reflect visual similarity because of potential polymorphic ambiguity, where
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different MathML structures can produce visually similar renderings. Nevertheless, it
provides a signal that can be used to guide the CNN towards representations more
suitable for grouping related expressions.

To do so, we use triplet loss [191]. For each patent, the raw Levenshtein distance
is computed between all pairs of MathML expressions. Training triplets are then
constructed by selecting an anchor expression, a positive expression with a small
Levenshtein distance to the anchor, and a negative expression with a larger distance.
Only triplets for which the difference between the negative and positive Levenshtein
distances is at least 10 are retained. This empirical threshold imposes a minimum
structural separation between the positive and negative examples, avoiding triplets for
which the distinction between the two is too small.

The triplets are constructed independently within each patent, so that the structural
relationships used for training are derived from expressions belonging to the same
document. The number of mathematical expressions varies across patents, with a
median of 4 expressions and up to 300 expressions in the biggest patent. At most 50
expressions are sampled from each patent (see Figure 6.7) to limit the computational
cost of pairwise distance computation and triplet generation, and prevents patents with
very large numbers of expressions from contributing disproportionately to the training.
For most patents, this limit does not affect the available expressions, while it limits the

contribution of the largest patents.
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Figure 6.7: Illustration of the triplet generation process. An anchor expression is
paired with a positive expression and a negative expression based on their Levenshtein
distances. The displayed Levenshtein distances are illustrative.

The CNN is initialized with ImageNet-pretrained weights and fine-tuned with a
two-layer projection head. The backbone produces a feature vector whose dimension
depends on the architecture. The projection head maps this feature vector to a 128-
dimensional embedding, which is L2-normalized and used for metric learning. For each
triplet, Euclidean distances are computed between the anchor and the positive and

between the anchor and the negative in this normalized embedding space:
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where E,, F,, and E_ denote the normalized 128-dimensional embeddings of the
anchor, positive, and negative expressions, respectively, d(-,-) is the Euclidean distance,
and N is the total number of triplets in the batch. The margin is set to m = 0.2.
During training, the CNN backbone and the projection head are jointly optimized using
this loss.

The loss weight w; is defined as the difference between the raw Levenshtein distances
of the negative and positive expressions:

w; = dlev(:c(i) l’(i)) — dlev(a:[(f), xSﬁ))

a ? -

Here, z,, v, and x_ denote the MathML representations of the anchor, positive,
and negative expressions, respectively. We assume that triplets with a larger difference
in MathML provide a stronger supervisory signal and assign them a greater weight
during training.

To limit the computational cost of triplet generation, 20,000 triplets are randomly
sampled at each training epoch, and each CNN is fine-tuned for five epochs using a
batch size of 32.

After fine-tuning, the projection head is discarded, and the feature vector produced
directly by the CNN backbone is used as the representation for Formulasort. This
follows the recommended use of projection heads in representation learning, where the
projection head provides a task-specific space for the training objective while the pre-
projection representation can be used for the actual tasks [192]. The 128-dimensional
embedding is used as a temporary space for metric learning, and the richer backbone
feature vector is used for distance computation and hierarchical clustering.

The three supervised representations are named ResNet18-finetuned, MobileNetV 3-
Small-finetuned, and SqueezeNet-finetuned. They are compared with their correspond-
ing ImageNet-pretrained versions with no fine-tuning.

The extracted feature vectors are used to compute pairwise distances between the
mathematical expressions of each patent. These distances are then used as input to
agglomerative hierarchical clustering with single linkage, using either Euclidean or cosine
distance to compare the resulting orderings. This produces a dendrogram representing
the hierarchical similarity relationships between the expressions.

The dendrogram provides a hierarchical structure and not a unique linear ordering.
To obtain a linear ordering for Formulasort, the expressions are taken in the order of
the leaves returned by the hierarchical clustering algorithm. These leaves are read from
left to right in the resulting dendrogram representation, as illustrated in Figure 6.4.

This leaf ordering defines a new sequence of mathematical expressions presented to the
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operator. In this way, the hierarchical similarity structure provided by the clustering is

converted into the linear sequence used by Formulasort.

Quantitative evaluation of the sort quality

We need a method to characterize the resulting ordering. For an ordering containing N
expressions, the cumulative distance between consecutive feature vectors is computed
as:

-1

S = d(Ei7Ei+l)>

i=1

where d denotes the considered distance (cosine or Euclidean), and E; denotes the
feature representation of the i-th mathematical expression in the considered ordering.
The value of S represents the cumulative distance travelled through the feature space
when following the expressions in the given order. It provides a measure of the global
coherence of the ordering with respect to the considered visual representation. A lower
value indicates that the considered ordering follows a shorter trajectory through the
feature space.

Two values are computed: S,riginai, the cumulative distance along the original patent
order, and Syyq1eq, the cumulative distance along the ordering produced by Formulasort.

The cumulative-distance reduction is defined as:

AS — Soriginal - Ssorted

Soriginal

A positive value indicates that Formulasort produces a shorter trajectory through the
considered feature space than the original order, while a negative value indicates a longer
trajectory. This metric is computed for each feature representation and distance—metric
pair.

However, the visual distance used for sorting cannot be used alone to determine
whether the resulting order is correct, as it only provides information about visual
similarity. In principle, if hierarchical clustering performs well, the cumulative visual
distance should mostly be reduced after sorting. To provide a proper ground-truth
evaluation metric, we use the MathML markups. Since the MathML associated with
each expression is available in the evaluation dataset, the Levenshtein distance between
the MathML markups of consecutive expressions can be computed for both the original

and sorted orders. The cumulative MathML distance is defined as:

N-1

Slev = Z dle'u<xi7xi+1)

i=1

where dj., is the Levenshtein distance between two consecutive MathML representa-
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tions z; and x;11. We use the unnormalized Levenshtein distance so that the absolute
amount of change between two expressions contributes directly to the score. Longer
expressions can contribute more to the cumulative distance than shorter ones. This
choice ensures that a larger number of structural changes in a long expression is not
assigned the same weight as a smaller number of changes in a short expression. The
cumulative Levenshtein distance reflects the total amount of structural change between
consecutive expressions and is used here as a proxy for the cognitive load associated
with switching between expression types during transcription.

The same improvement measure is then computed:

AS,., — Siev,original — Slev,sorted
Stev original

A positive AS),., indicates a lower cumulative structural distance between consecutive
mathematical expressions according to their MathML representations. It indicates
an improvement in the structural continuity of the browsing order. When ASj., = 0,
the original and sorted orders have the same cumulative distance and are considered
equivalent. In this case, the original order is retained.

For each patent, both the visual improvement AS and the MathML improvement
ASj., are computed. To evaluate whether a sorting method improves the browsing
order, each improvement is converted into a binary outcome based on its sign: a positive
value indicates an improvement, while a negative value indicates a degradation. This
binary evaluation makes it possible to report the proportion of patents for which a
method improves the ordering.

This binary criterion is a slight limitation of our evaluation protocol, as any positive
improvement is considered equally successful regardless of its magnitude. For example,
a very small positive ASj., and a large positive AS;., are both counted as improvements.
The magnitude of the improvement is nevertheless saved in the computed scores and
could be analyzed separately.

The proportion of patents for which both the visual score and the MathML score
indicate an improvement, i.e., AS > 0 and ASj., > 0, is reported. This value represents
the proportion of cases in which Formulasort generates an ordering that is improved
according to both the visual metric and the MathML ground-truth. A patent may also
have a negative visual AS while having a positive MathML ASj.,. In this case, the
visual metric indicates that the sorting is not beneficial, even though the resulting order
is actually better according to the MathML ground-truth. Conversely, a positive visual
AS combined with a negative MathML AS., represents a case where the visual metric
incorrectly indicates an improvement. By considering the MathML criterion as the
reference criterion, we report confusion matrices and the resulting precision, recall and

F1 scores. They provide a direct measure of how reliably the visual evaluation identifies
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orders that are actually improved. In production, only the visual criterion AS can be
used to accept or reject a proposed new order. It is important to evaluate its reliability

and its alignment with the textual MathML criterion ASj,,.

6.3.2 Results of the different feature extraction methods

Table 6.2 reports the F1 scores obtained on the test set for each feature extraction
method and distance metric used for hierarchical clustering. These results show that
the fine-tuned ResNet18 using the Euclidean distance achieves the highest F1-score of

84.95% for predicting MathML-based improvements from the visual criterion.

Table 6.2: Fl-score obtained on the independent test set for each feature extraction
method and distance metric. The best value for each row is shown in bold. Models are
ranked by their best Fl-score across the two distance metrics.

Feature configuration Cosine Euclidean
ResNet18-finetuned 84.62%  84.95%
image 256 flat 79.31% 82.49%
squeezenet-finetuned 81.11% 82.49%
SqueezeNet 80.85% 77.19%
mobilenet v3 small-finetuned  79.12% 79.35%
ResNet18 79.10%  77.91%
MobileNetV3-Small 78.41%  74.56%

For the pretrained CNN models, cosine distance consistently provides better perfor-
mance than Euclidean distance. SqueezeNet, ResNet18, and MobileNetV3-Small reach
Fl-scores of 80.85%, 79.10%, and 78.41% with cosine distance, compared with 77.19%,
77.91%, and 74.56% with Euclidean distance, respectively. This indicates that cosine
distance is more suitable for comparing these pretrained feature representations.

The fine-tuned models achieve their best performance with Euclidean distance. The
fine-tuned ResNet18 evaluated with Euclidean distance reaches the highest F1-score of
84.95%. This suggests that fine-tuning changes the learned representations to make
Euclidean distance more effective for predicting MathML-based improvements from the
visual criterion.

Euclidean distance provides the best results for the simple flattened image repre-
sentation. The absolute differences between pixel values are better captured by the
Euclidean distance. The fine-tuned CNNs also generally perform better with Euclidean
distance. This behavior is expected from the training procedure, since the triplet
loss used to fine-tune the embeddings relies on Euclidean distances to bring similar
expressions closer and separate dissimilar expressions in the embedding space. The
resulting representation is optimized so that Euclidean distances reflect the similarity

relationships.
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The comparison also shows that fine-tuning does not provide the same gain for all
architectures. With the Euclidean distance, fine-tuning increases the F'l-score by 7.04
pp for ResNet18, more than for SqueezeNet and MobileNetV3-Small (45.30 pp and
+4.79 pp respectively).

In the following experiments, each feature representation is evaluated using the
distance metric that achieved the best Fl-score for that representation, as reported
in bold in Table 6.2. In addition, patents containing only one or two mathematical
expressions are excluded from the following evaluation, as reordering such a small
number of expressions does not affect the operators’ work. This reduces the test set
from 202 to 123 patents.

Figure 6.8 reports the proportion of test patents for which Formulasort improves or
degrades the ordering according to AS).,. The fine-tuned ResNet18 achieves the highest
proportion of improved orderings, with 84 out of 123 patents (68.9%), followed by
the simple image size baseline (67.2%).Overall, all feature representations improve the
ordering for around two thirds of the test set, while the fine-tuned ResNet18 provides

the most improvements.

Proportion of better or worse Formulasort
ordering according to the Levenshtein distance

ResNet18 finetuned 31.1% (38) 68.9% (84)
Image size [w,h] 32.8% (40) 67.2% (82)
MobileNetV3-Small finetuned 34.4% (42) 65.6% (80)
SqueezeNet finetuned 35.2% (43) 64.8% (79)
SqueezeNet 35.2% (43) 64.8% (79)
Image 256 flat W

37.7% (46) 62.3% (76)

38.5% (47) 61.5% (75)

ResNetl18
MobileNetV3-Small

0 20 40 60 80 100
Percentage of patents
I AS, <0 : worse ordering B ASj, =0 : better ordering

Figure 6.8: Proportion and number of test-set patents for which Formulasort improves
or degrades the ordering according to ASjey.

Figure 6.9 provides a more detailed view of the ordering results by comparing the
sign of the sorting improvement measured in the visual feature space, AS, with the
sign of the improvement measured using the cumulative MathML Levenshtein distance,
ASley. These confusion matrices show whether orderings considered better according
to the visual feature representation are also better according to the Levenshtein-based
score, which is used as the ground-truth for evaluating the sorting quality.

The true positive (top-right) and true negative (bottom-left) cases correspond to

patents for which the visual criterion and the MathML criterion agree on whether
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Figure 6.9: Confusion matrices obtained on the independent test set for each model.
Each cell of the matrix indicates if the resulting ordering improves (AS > 0) or degrades
(AS < 0) the cumulative distance between consecutive expressions, evaluated according
to the visual feature used for sorting (x-axis) and the MathML Levenshtein distance
used as ground-truth (y-axis). Values correspond to the number of patents. P and R
represent the precision and recall.

the ordering improves or degrades the image sequence. False positive (bottom-right)
and false negative (top-left) cases correspond to disagreements between the visual
representation and the MathML ground-truth. These disagreement cases are particularly
informative because MathML is not available during the actual sorting process. The
ability of a visual representation to correctly identify orderings that also improve the
MathML-based criterion indicates how well it acts as a proxy for mathematical similarity
and whether it can be trusted in production.

ResNet18-finetuned obtains the highest number of true positives, with 79 patents
correctly identified as improved according to both the visual criterion and the MathML
ground-truth. The comparison between pretrained and fine-tuned model matrices shows
fine-tuning generally increases the number of true positives while slightly reducing the
number of false positives. For SqueezeNet however, fine-tuning leads to a small decrease

in the number of true positives.

6.3.3 Discussion

The results demonstrate that mathematical expressions can be effectively reordered using
visual information alone, without requiring access to their MathML representations
during the sorting process. The best configuration, based on the fine-tuned ResNet18

representation and Euclidean distance, reaches an F1-score of 84.95% on the independent
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test set. This learned visual representation captures the information required to produce
an ordering consistent with the mathematical similarity measured from MathML. Fine-
tuning using a proxy metric improved the performance of all three evaluated CNN
architectures, although with different magnitudes in the improvement.

Formulasort provides a relatively lightweight method for generating sufficiently
good sorts of mathematical expressions to simplify manual transcription by operators.
However, the computational cost also needs to be considered. The current evaluation
focuses primarily on ordering quality, while CNN feature extraction and hierarchical
clustering can become computationally expensive when processing large numbers of
expressions. The actual processing time should be measured on the hardware used in
the production environment.

To implement Formulasort on the actual pipeline we need to take into account
patents containing a very large number of mathematical expressions. Hierarchical
clustering has a computational complexity of O(n?) in the number of expressions. Some
patents contain several hundreds or even thousands of mathematical expressions, making
clustering computationally expensive. To improve scalability in production, expressions
are first sorted according to their dimensions. Expressions are then divided into batches
containing at most Ny, = 200 expressions. Hierarchical clustering is independently
applied to each batch. This preprocessing step drastically reduces the computational
cost for these rare cases while preserving the possibility of grouping visually similar
expressions within each batch.

Overall, these results show that Formulasort is effective at improving the ordering

of mathematical expressions without relying on their MathML representations.

6.4 Formuladif

6.4.1 Methodology

Overview

The objective of Formuladif is to generate visual difference images between consecutive
mathematical expressions in the order produced by Formulasort. These images are
intended to help operators identify small differences between similar expressions, par-
ticularly when the transcription of a previous large expression can be reused through
copy-paste. In Figure 6.10, the operator reuses the transcription of the previous
mathematical expression because it is very similar to the expression that needs to
be transcribed, while being sufficiently long that transcribing it from scratch would
be time-consuming. In this case, the difference image shown in the upper right is

particularly relevant, as it allows the operator to identify at a glance the four subtle
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differences that need to be modified for the transcription to be correct, as the two

expressions are not strictly identical.
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Figure 6.10: Example of a relevant difference image generated by Formuladif. The
operator can reuse the transcription of the previous expression and identify the four
differences that need to be modified instead of transcribing the expression from scratch
or risking missing a difference and publishing an error.

Generation of the difference images

For each pair of successive expression images A and B, two difference images are
generated. The first one directly superposes the two images on a blank canvas with the
size of image B, and assigns a color to each pixel according to its presence in the two
images: white if the pixel is white in both images, green if it is black in both images,
red if it comes only from image A, and magenta if it comes only from image B.
Direct superposition can be affected by small misalignments between the two expres-
sions. Both images may contain very similar content while being shifted horizontally or
vertically, causing a direct pixel-to-pixel comparison to produce large red and magenta
areas that do not correspond to actual differences in the mathematical expressions.
To reduce these irrelevant differences, a second image is generated after estimating
a translation between images A and B using SIFT matching. SIFT detects local
keypoints [193] and computes descriptors for both images, which are matched using a
FLANN-based matcher [194] and filtered with Lowe’s ratio test [193]. The coordinates

126



CHAPTER 6 — Formulasort and Formuladif

of the remaining matches are then used to estimate a linear translation, which is applied
to align the two images before generating the second difference image.

Only translation is considered, without rotation or scaling. This restriction is
motivated by the fact that the mathematical expressions originate from the same
patent documents and are typically produced by the same author using the same
software. They can be assumed to share the same orientation and scale. Limiting the
transformation to translation avoids introducing unnecessary degrees of freedom and
restricts the alignment to the expected type of displacement between the two images.

The generation of these two difference images is illustrated in Figure 6.11. The
resulting images simultaneously represent the common content and the differences
between the two mathematical expressions. In the Formuladif pipeline, we generate
both the difference image from the direct superposition of the two images, and generated
with the SIFT superposition. The following selection method allows us to indentify the

most visually helping images.

ST = [mHg@/mPP] x100%%.

(a) SIFT keypoints in A.
Skevie= [Mizo / Met |°%100:%.
(b) SIFT keypoints in B.

SavF Frimend Hpet]] > 100 %
(c) Direct superposition.

S P

(d) SIFT-aligned superposition.

(e) SIFT matches between A and B.

Figure 6.11: Generation of the difference images for two successive mathematical
expressions. SIFT keypoints are detected in images A and B and used to estimate
a translation between the two images. Direct superposition produces an unusable
difference image. After alignment, the resulting difference image provides a more
accurate representation of the actual differences between the two expressions.

Difference image filtering

Generating a difference image does not guarantee that the resulting visualization is
useful to an operator. Some difference images may contain large amounts of red or

magenta pixels caused by image displacement, segmentation differences, or simply large
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differences between the two expressions. Such images may be overly colored and difficult
to interpret, while providing little useful information to the operator, as illustrated in
Figure 6.12. An automatic filtering step is required to remove uninformative difference
images and retain those that are relevant for operator verification.

The filtering must determine what is considered relevant and useful in the images
and distinguish a legitimate geometric alignment from an attempt to align two genuinely

different contents.

Gy fihLur O

- eXp(ezm
Amin T T

A

x1000769.071 xseoox( ZQMC/‘;/
\20xC%

(Firegpananry ol sespanaectifiITB)

(Frequency of the same sequence in BFByry)

N\
+Cr% Empty score =

Fop &) = EPF(x) ° E] = abs(dg — Baz k)

Figure 6.12: Examples of difference images with different levels of usefulness for operator
verification. Some images have meaningful differences between expressions, and some
others contain irrelevant differences or are difficult to interpret.

To evaluate the usefulness of the generated difference images, we gathered a set
of 1000 difference images. They were randomly selected from the patent corpus, with
an equal proportion generated using the two difference-generation modes: 500 images
obtained by direct superposition and 500 images obtained after SIFT-based alignment,
to ensure that both approaches are represented equally in the evaluation of the filtering
step.

To evaluate the quality of the generated difference images, a human reference
annotation was established by asking an expert operator to annotate each image
according to its usefulness for the intended verification task. The operator was provided
with an explanation of the Formuladif pipeline and the purpose of the generated
difference images before starting the annotation. For each difference image, the operator
indicated whether the visualization would be useful or not during the verification process
using a binary label, OK or KO.

A dedicated annotation interface was developed to allow the operator to review
the generated difference images and record the corresponding relevance decision, as
shown in Figure 6.13. Since the annotation was produced by a single expert operator,
it should not be considered an objective ground-truth. The labels reflect the operator’s
opinion and may consequently contain some degree of subjective bias. Nevertheless, this

annotation is considered a relevant reference for the evaluation, given the operator’s
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expertise and familiarity with the verification workflow. These annotations are used as
reference labels for evaluating the following filtering models and baselines.

The 1,000 annotated difference images were divided into training and testing subsets,
containing 800 and 200 images respectively, while ensuring that all difference images
originating from the same patent were assigned to the same subset. The same class
distribution was maintained in both subsets, with 60% of the images labeled as relevant

by the expert annotator and 40% as irrelevant.

47200
Enter Your Name: fwi

e EDIED

Figure 6.13: Annotation interface used by the expert operator to assess the usefulness
of difference images for operator verification.

We define a simple filtering approach based on the proportion of green pixels in the
difference image. We compute G, as the proportion of green pixels among all colored

pixels in the difference image, excluding the white background:

N, green

Gratio = .
Ngreen + Nmagenta + Nred

For two identical images, all colored pixels are green and G0 = 1.

A simple baseline filter is obtained by thresholding G,.:, at 50%. This threshold
provides a simple reference against which the learned filtering models can be compared:
if less than half of the colored pixels are green, the difference image is considered too
noisy and is rejected. If at least half of the colored pixels are green, the difference image
is kept.

However, this simple rule cannot capture all situations in which a difference image
may or may not be useful. A difference image containing a large number of red or
magenta pixels may still clearly highlight a meaningful modification, while another
image with a similar proportion of red and magenta pixels may be visually confusing.
The usefulness of a difference image can depend on finer visual characteristics. That is
why we trained and evaluated several classification models to predict the relevance of
the generated difference images based on the decisions made by the human annotator.

For each difference image, a set of simple image-based features is computed. They
are grouped into three categories: color, geometric, and connected-component features.

The three groups are defined as follows:
o Color feature: G_ratio describes the proportion of green pixels among all
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colored pixels in the difference image, excluding the white background. This is
a simple visual characteristic that is likely used by the human operator when

validating the difference images.

« Geometric features: These features describe the overall size and shape of the
difference image. They consist of the image surface, width, and height, denoted as
img_surface, img _width, and img _height. We also include SIFT aligned, a
boolean metadata indicator (True or False) specifying whether the difference image
was generated after applying the SIFT-based translation described in Section 6.4.1,

or by direct superposition.

e Connected-component features: These features describe the size and num-
ber of colored connected components in the image. For each color, the aver-
age connected-component size and the number of connected components are
computed. These features include avg_red_cc_size, avg magenta_cc_ size,
avg_green__cc_size, n_red_cc, n_magenta_cc, and n_ green_ cc. In particu-
lar, many small red or magenta components may indicate scanning noise rather
than meaningful differences between images. This information may help the

classifier distinguish between noise and actual differences.

The models are evaluated by first using only the color feature G_ ratio, then adding
the geometric features, and finally the connected-component features. This allows us to
measure if adding more features improves the classification.

Three classification models are compared: Logistic Regression, Random Forest, and
XGBoost. The models are trained using the 800 images of the train set and evaluated
on the 200 images of the test set. The proportion of OK and KO images is preserved in
both subsets. Logistic Regression requires feature normalization, so we use a standard
scaler in its training pipeline. Random Forest and XGBoost are trained directly on the
extracted features.

Hyperparameters are selected using a grid search combined with 5-fold cross-
validation on the training set. For each hyperparameter configuration, the training
set is divided into five folds for cross-validation. The model is trained on four folds
and evaluated on the remaining fold. This process is repeated five times so that each
sample is used once for validation. The mean and standard deviation of the precision
and F1-score are then computed across the five folds. The tested hyperparameter grids
and feature configurations are presented in Table 6.3.

The F1-score is used as the main criterion for hyperparameter selection, as it provides
a balance between precision and recall and prevents the classifier from becoming overly
conservative and predicting the positive class only for the easiest cases. Once the

best hyperparameters have been selected, the corresponding classifier is trained on the

130



CHAPTER 6 — Formulasort and Formuladif

Table 6.3: Feature configurations and hyperparameter grids used for difference image
filtering.

Model Hyperparameter grid Feature selection
Logistic Regression C € {0.01,0.1,1, 10,100} G_ratio,
class weight € {None, balanced} G__ratio + geometry,
all features
Random Forest Nestimators € {100,200, 300} G__ratio,
max depth € {None, 5,10} G_ratio + geometry,
min samples leaf € {1,5} all features
class weight € {None, balanced}
XGBoost Nestimators € 150,100,200} G_ratio,
max depth € {1,2,3} G _ratio + geometry,
learning rate € {0.05,0.1} all features

complete training set of 800 images and evaluated on the independent test set of 200
images using accuracy, precision, recall, and F1-score.

For the final test evaluation, precision is considered the primary operational metric,
as false positives should be minimized to avoid presenting operators with too many
irrelevant difference images. Recall is also reported to ensure that a high precision is

not achieved by rejecting too many relevant difference images.

6.4.2 Results of Image Filtering

Quantitative Results

Table 6.4 reports, for each feature configuration, the best hyperparameters selected for

each classifier.

Table 6.4: Best hyperparameters for each classifier and feature configuration.

Feature set Model Best hyperparameters

G_ratio Logistic Regression C = 0.01, balanced

G__ratio Random Forest 100 trees, depth 5, leaf=>5, balanced
G__ratio XGBoost 50 trees, depth 1, 1Ir=0.05

G_ratio + geometry Logistic Regression ' = 0.01, balanced

G__ratio + geometry Random Forest 200 trees, depth 5, leaf=1, balanced
G_ratio + geometry XGBoost 100 trees, depth 3, 1r=0.05

All features Logistic Regression C = 10, balanced

All features Random Forest 200 trees, depth 5, leaf=5, balanced
All features XGBoost 50 trees, depth 3, Ir=0.05

Table 6.5 shows the test results of the classifier—feature combinations. The results
should be interpreted as the ability of the filtering methods to reproduce the relevance
decisions made by the expert operator. The confusion matrices comparing the operator
labels with the predictions of the 50% threshold baseline and the XGBoost model using

all features are also reported in Figure 6.14.
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Table 6.5: Test performance of classifier—feature configurations.

Feature set Model Accuracy Precision Recall Fl-score
G _ratio Thresholding 93.0% 100.0% 88.3% 93.8%
G__ratio Logistic Regression 95.5%  100.0%  92.5% 96.1%
G_ratio Random Forest 95.5% 100.0%  92.5% 96.1%
G ratio XGBoost 96.0% 99.1% 94.2%  96.6%
G_ratio + geometry Logistic Regression 93.0% 95.7%  92.5% 94.1%
G__ratio + geometry Random Forest 93.5% 95.0%  94.2% 94.6%
G _ratio + geometry XGBoost 94.0% 95.0%  95.0% 95.0%
All features Logistic Regression 95.0% 95.8% 95.8% 95.8%
All features Random Forest 95.5% 97.4%  95.0% 96.2%
All features XGBoost 95.0% 96.6% 95.8% 95.8%

50% Gyatio threshold XGBoost with all features

76
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Figure 6.14: Confusion matrices of the 50% G, threshold baseline and the XGBoost
filtering model using all features, compared with the expert operator’s relevance deci-
sions.

The results for the G..0-only thresholding baseline already reproduces the expert
decisions reasonably well, but remains conservative. With 120 relevant and 80 irrelevant
images in the test set, the baseline correctly identifies 106 relevant images and rejects
all 80 irrelevant images according to its confusion matrix. Its precision is 100%, but
14 relevant images are incorrectly discarded, limiting its recall to 88.3%. The learned
models using only G.i;, improve over the thresholding baseline. In particular, XGBoost
achieves the best performance, with an accuracy of 96.0%, a precision of 99.1%, a recall
of 94.2%, and an Fl-score of 96.6%.

Adding geometric and other local features does not always improve the F1l-score
compared with using G, alone. For example, the XGBoost model using all features
reaches an Fl-score of 95.8%, which is lower than the 96.6% obtained with G.atio
alone. However, the additional features can improve recall for some classifiers. Logistic
Regression and XGBoost both reach 95.8% recall with all features, compared with
92.5% and 94.2%, respectively, when using only G..io. The confusion matrix of the
XGBoost model using all features in Figure 6.14 illustrates this trade-off. Compared

with the G).0-only XGBoost model, it correctly kept more relevant images, increasing
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recall from 94.2% to 95.8%, but also kept more irrelevant images, reducing precision
from 99.1% to 96.6%. Given the relatively small test set, these differences should be
interpreted with caution.

The additional geometric and colour-based features may be useful when the global
proportion of green pixels is insufficient to characterize the difference image. For example,
an image may contain numerous small red and magenta connected components caused
by local image noise while remaining globally readable. Finer-grained features can
provide additional information about the structure and distribution of these components.
However, the present results do not show that this additional information consistently
improves the classification performance over the simpler G, representation.

Overall, these experiments show that the filtering models can reproduce the relevance
decisions of the expert operator with high accuracy. The XGBoost model using Giatio
provides the best balance between retaining relevant images and discarding irrelevant
ones, while the models using additional features can achieve higher recall at the cost of
lower precision. These results demonstrate that the proposed filtering approach can

approximate the expert’s selection of useful difference images.

Qualitative Results

Figure 6.15 illustrates several examples of the decisions made by the human annotator,
the 50% threshold baseline, and XGBoost. The first row shows cases where the
differences between the two formulas are subtle but clearly visible in the difference
image. All three approaches agree that the images should be kept, showing that these
difference images can highlight small changes that are relevant for the operator.

The second row shows difference images that should not be displayed, as they
provide no useful information to the operator. They are almost entirely composed
of red and magenta regions, indicating either that the two compared mathematical
expressions have little or no overlapping visual content, or that the images cannot be
sufficiently aligned to produce a meaningful comparison. In such cases, displaying the
difference image would not help identify a specific change or facilitate the copy-pasting
of mathematical content. All three approaches agree that these images should be
discarded.

In the third row, the underlying mathematical expressions share many common
elements, but scanning noise and bad image quality generate many red and magenta
regions. XGBoost agrees with the human annotation and keeps this image, as it can
still be useful when copying and pasting mathematical content. The 50% threshold

rejects it because the proportion of red and magenta pixels is too high.
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Figure 6.15: Examples of difference images and the corresponding filtering decisions.
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6.4.3 Discussion and Conclusion

The results obtained by our different approaches should be interpreted with caution.
The manually annotated dataset is small, and the ground-truth relies on the judgement
of a single expert human annotator. The measured performance can vary depending
on the selected examples and human interpretation of ambiguous difference images. A
larger annotated dataset would be preferable to better estimate model performance.
The main difficulty is to find a way to automatically generate a large quantity of reliable
reference annotations for this subjective filtering task. Using the Levenshtein distance
between the two underlying MathML representations could provide useful information
about the mathematical similarity of the two expressions and could be used to help
refine the training of the difference image filtering models. A future direction could be
to investigate more powerful models, such as a CNN or ViT,to make better decisions
directly from the difference images. Such an approach was not considered here because it
would be relatively heavy and because the amount of available training data is currently
insufficient.

XGBoost using all features is the model we will use for the filtering stage of the
pipeline. Although it does not achieve the highest Fl-score, using the complete set of
features is expected to produce decisions that are better aligned with human judgement.
The additional features allow the model to consider different characteristics of the
difference image and make more nuanced decisions than a model using only the amount
of green pixels.

This is particularly relevant for ambiguous cases, such as the one in the third row of
Figure 6.15, where the difference image contains a large amount of red and magenta
noise but can still be useful to the operator. The model learns to imitate the decisions
of human annotators rather than relying on a fixed threshold on a single feature.

The visual quality of the generated difference images can be improved through
post-processing. The image on the third row in Figure 6.15 could be improved using
morphological operations such as erosion, dilation, blurring, or connected-component
filtering. Such processing could remove isolated noise and make the visual interpretation
easier for the operator.

Formuladif combines automatic difference generation with a learned relevance filter-
ing stage that predicts whether a generated difference image is considered sufficiently
informative for human verification. It can also identify difference images that are
entirely green, indicating that the two input formulas are identical at the pixel level.
This information can be exploited further in the processing pipeline. When identical
consecutive expressions are identified, the system could automatically copy the MathML
content of the preceding expression to the following expression and only ask the operator

to validate the transcription.
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This chapter uses the contributions presented in this thesis to propose a new semi-
automatic processing pipeline for MER in patent applications. We show how the
proposed methods can be combined with the existing production workflow at Luminess,
and estimate their potential impact on processing time, output quality, and the effort
required from human operators.

One additional contribution specific to this new processing chain is the automatic
scheduler, presented in Section 7.1. The scheduler estimates whether a mathematical
expression is likely to be correctly recognized by the MML-Net OCR model. Expressions
predicted to be too difficult for the model are routed to the existing manual transcrip-
tion workflow, while easier expressions are processed automatically by MML-Net. In
Section 7.2, we use the results of all the previous chapters and the Patent ME-OCR
dataset to simulate patents going through the new production chain and to estimate
the improvements provided by the proposed pipeline. Our contributions are deployed so
that automation is increased without compromising the very high quality requirements

of patent production.

7.1 Automatic Scheduler

7.1.1 Motivation and Problem Formulation

This section introduces a lightweight scheduler designed to estimate, from the image
of a mathematical expression alone, whether the MML-Net OCR model described
in Chapter 4 is likely to produce a correct transcription. Figure 7.1 illustrates this
routing principle: expressions predicted to be easier are processed by MML-Net, while

expressions predicted to be more difficult are routed to human operators.
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Figure 7.1: Illustration of the automatic scheduler goal.
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Its purpose is to prevent expressions that are unlikely to be correctly recognized
by MML-Net from entering the automatic pipeline. Such expressions can instead be
routed directly to human annotators, avoiding both unnecessary OCR, processing and
the additional effort required to identify and correct OCR errors.

The problem is formulated as a binary classification task, where the target indicates
whether the OCR output reaches Exact Match with the reference MathML. Three
models are evaluated for this task. The first is a feature-based Random Forest classifier
using simple visual properties extracted from the input image. The second is a pretrained
ResNet18 classifier fine-tuned on our data. The third is a Vision Transformer (ViT-
B/16), also initialized with pretrained weights and fine-tuned on our data.

For each input expression, the three models produce a score between 0 and 1
estimating the likelihood that MML-Net will produce an Exact Match. This score
allows the scheduler to operate with a decision threshold selected according to the
requirements of the production pipeline. A high threshold can be used when only highly
reliable OCR predictions should be processed automatically, while a lower threshold
allows a larger proportion of expressions to be processed automatically at the cost of
accepting more potentially incorrect predictions.

For an input mathematical expression image x, the target variable is defined as

1 if the MML-Net output reaches Exact Match,
’y =
0 otherwise.

The scheduler estimates the value p(y = 1| ) € [0,1]. A decision threshold 7 can
then be applied to this score:

1 ifply=1|z) =7,

Ny
I

0 otherwise.

If the predicted probability is above the threshold 7, the expression is considered
suitable for automatic transcription and is sent to MML-Net. Otherwise, it is considered
too difficult for reliable automatic recognition and is sent to the existing manual
transcription workflow. The choice of 7 determines how selective the scheduler is: a
higher threshold sends fewer expressions to MML-Net, while a lower threshold sends

more expressions to the automatic pipeline.

7.1.2 Construction of the Scheduler Dataset

The scheduler dataset is constructed from the predictions of MML-Net on the PatentME-
OCR test dataset, presented in Section 4.4. The evaluation of MML-Net on these

samples provided, for each expression, both the input image and the corresponding OCR
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output, as well as the MathML Exact Match metric. It provides a direct binary target
indicating whether MML-Net produced a fully correct transcription. This information
is used to construct the target labels for the scheduler.

An expression is assigned to the positive class when the MML-Net OCR prediction
exactly matches the ground-truth MathML (Exact Match), and to the negative class
otherwise. This results in 16,955 positive examples (42.87%), for which MML-Net
produces an Exact Match, and 22,597 negative examples (57.13%) for which it does not.
The resulting dataset contains 39,552 mathematical expression images. It is divided
into training, validation, and test sets using an 80%, 10%, 10% split, while preserving
the class distribution across the three subsets and ensuring that expressions from the
same patent remain in the same split.

With this data, the scheduler does not learn to model the intrinsic difficulty of a
mathematical expression independently of the OCR model. It is taught to estimate

whether our specific MML-Net model is likely to recognize the expression correctly.

7.1.3 Visual Feature Analysis

Before training the scheduler models, we analyze the correlations between the visual
properties of the input images and MathML Exact Match. Taking inspiration from
textual OCR performance estimation methods [195], which often rely on image quality
indicators such as blur [196, 197], our objective is to determine whether simple image
characteristics contain information about the difficulty of MER and to identify which
visual properties are most associated with recognition errors in MML-Net. Since our
input images are binary, the analysis focuses on characteristics that can be derived
directly from their structure and pixel distribution rather than on conventional image-
quality measures such as blur.

A set of handcrafted features is extracted from each image. These features describe
four main properties: image geometry, pixel intensity, connected components, and
horizontal and vertical spatial projections.

The original image is first used to compute:

 image height (H), width (W), and aspect ratio (AR);

« image surface area (A), its logarithm (log(A)), and square root (v/A);
« mean pixel intensity (jus);

 number of connected components (NCC'), the mean (uc4) and standard deviation

(oca) of their surface areas;

« standard deviation of the horizontal (o) and vertical (o) pixel intensity projec-

tions.
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The same intensity-, component-, and projection-based features were computed after
resizing every image to 256 x 256 pixels. This produces a total of 18 visual features.

Pearson correlations were used to measure the relationship between these features
and two OCR evaluation metrics. We considered both MathML Exact Match and
MathML Edit Score, for comparison with both a binary and a continuous target. An
Exact Match value of 1 indicates perfect recognition and a value of 0 indicates that at
least one error is present. Similarly, an Edit Score of 1 indicates perfect recognition and
lower scores indicate increasing differences between the prediction and the reference.

In the resulting correlation matrix shown in Figure 7.2, positive values indicate that
higher feature values are associated with better recognition performance, while negative
values indicate the opposite. Values close to zero indicate little or no relationship,

whereas values closer to —1 or 1 indicate stronger relationships.

Correlation Between Target Metrics and Visual Features
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Figure 7.2: Correlations between the extracted visual features and the OCR evaluation
metrics.

The correlation heatmap shows that simple geometric and structural properties
contain useful information about OCR difficulty. Image width W has the strongest
correlation with Exact Match (—0.51), while the logarithm and square root of the image
area are also strongly correlated. Their stronger correlation compared with the raw
area suggests that reducing the effect of very large values with log(-) or /- provides a
better representation of image size for the linear correlation analysis. Overall, larger
expressions are associated with lower Exact Match performance from MMIL-Net.

Connected-component and projection features also provide additional information
about expression complexity. A higher number of connected components (NCC') and
larger mean component area (uc4) are associated with lower recognition performance,
whereas higher variability in component sizes (0¢4) and pixel projections (og and oy)
is associated with better performance. The negative correlation of uc4 and the positive
correlation of ooy may indicate that expressions with many components of similar size
are more difficult to recognize. An example of such an expression could be the large
matrix shown in the top-right example of Figure 7.1. The relative importance of these
features also depends on whether they are computed on the original image or on the
256 x 256 resized image. Overall, the analysis shows that OCR Exact Match is related
to several visual characteristics of the expression, supporting the use of these features

for the scheduler classification task.
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7.1.4 Evaluated Model Architectures

Three classification approaches were evaluated. They were selected to provide different

levels of complexity, from a simple feature-based model to pretrained deep visual models.

Random Forest on Handcrafted Features

The first approach uses the Random Forest classifier on the 18 handcrafted image
features described in the previous section. It is a lightweight baseline that does not
require a deep neural network. To determine the best number of features to use, we
performed a feature-count sweep. For each value of k£ from 1 to 18, the top-k features
with the highest absolute Pearson correlation with the Exact Match target were selected,
following the order in the correlation analysis shown in Figure 7.2. A Random Forest
containing 100 decision trees was then trained using these features. Validation and test
accuracy and F'1 scores were measured for each value of k. The results are reported in
Table 7.1 and Figure 7.3.

Table 7.1: Random Forest performance for different numbers of selected visual features.

Number of features Validation Accuracy Validation F1 Test Accuracy Test F1

1 76.21% 78.67% 77.85% 80.12%
2 78.41% 79.90% 78.94% 80.26%
3 78.38% 79.88% 78.94% 80.26%
4 81.67% 81.80% 81.72% 81.89%
9 81.49% 81.53% 81.97% 82.15%
10 85.51% 85.53% 86.47% 86.62%
14 87.31% 87.36% 88.02% 88.14%
18 87.86% 87.94% 88.19% 88.32%

Random forest performance vs. number of features
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Figure 7.3: Random Forest performance as a function of the number of selected visual
features.

141



CHAPTER 7 — Semi-Automatic Recognition Pipeline

The feature sweep shows a clear improvement in validation F1 as more visual features
are introduced, increasing from 78.67% with a single feature to 81.80% with 4 features
and 87.94% with all 18 features. The configuration using all 18 features provides the
best validation performance. On the test set, this configuration achieves an F1 score of
88.32% and an accuracy of 88.19%, and is kept for comparison with the other scheduler
models introduced below.

The results also show that features with relatively weak individual Pearson correla-
tions can still contribute to the classification performance when combined with other
features. They capture complementary aspects of expression difficulty that are not
fully reflected by their individual linear correlations with Exact Match. Since these
handcrafted features are inexpensive to compute, using the complete feature set adds

little additional computational cost.

ResNetl8

The second approach uses a ResNet18 convolutional neural network initialized with
ImageNet pretrained weights. ResNet18 is a compact convolutional architecture that
learns visual patterns directly from the expression image, without relying on handcrafted
features. The final classification layer is replaced by a two-class linear layer. All

11,177,538 model parameters are trainable.

ViT-B/16

The third approach uses a Vision Transformer, ViT-B/16, also initialized with Ima-
geNet pretrained weights. This architecture was selected because Transformer-based
visual encoders have shown good performance on mathematical expressions in previous
experiments, although they are more computationally demanding than the Random
Forest and convolutional approaches. The final classification head is replaced by a

two-class linear layer. All 85,800,194 model parameters are trainable.

Training and Evaluation Protocol

Both deep models use their standard ImageNet preprocessing, including resizing and
normalization according to the corresponding pretrained weights. They are trained on
the scheduler training dataset for 15 epochs using the Adam optimizer, with a batch
size of 16 and the cross-entropy loss. The initial learning rate is set to 1073,

The predicted probabilities of the Exact Match class are saved for each validation and
test sample. Precision and recall are evaluated over a range of thresholds and visualized
using precision-recall curves. The validation set is used to select the classification
threshold 7 that maximizes recall while maintaining a precision of at least 95%. This

reflects the intended use of the scheduler: we want to identify expressions that can be
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confidently processed automatically while selecting as few hard expressions as possible.
The test set remains isolated during model selection and is used only for the final

evaluation.

7.1.5 Comparison of the Three Approaches

The three trained models are first evaluated on the validation set, which is used to select
the decision threshold 7. The threshold is chosen to maximize recall while maintaining a
target precision of 95%. This selection is performed from the validation precision—recall

curves shown in Figure 7.4.

Precision-Recall Curves on the Validation Set
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Figure 7.4: Precision-recall curves on the validation set for the three scheduler models.

The PR curves show a clear difference between the three approaches. ResNet18 and
Random Forest achieve similar average precision values of 0.937, whereas ViT performs
worse, with an average precision of 0.835. The selected thresholds are 7 = 0.850
for Random Forest, 7 = 0.998 for ResNet18, and 7 = 0.999 for ViT. The very high
thresholds selected for the two neural models indicate that their predictions must be
filtered very aggressively to reach the target precision of 95%. These conservative
operating points come at the cost of lower recall.

The selected thresholds are then fixed and applied to the predictions on the test
set. The resulting confusion matrices are shown in Figure 7.5. The corresponding test

precision (P) and recall (R) are reported above each confusion matrix.
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Test Confusion Matrices at Validation-Selected Thresholds
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Figure 7.5: Confusion matrices on the test set using the decision thresholds selected on
the validation set. Test precision and recall are reported above each matrix.

On the test set, Random Forest achieves a precision of 95.71% and a recall of 58.68%.
ResNet18 obtains a similar precision of 95.69%, with a recall of 57.24%. ViT achieves
the highest precision of the three models, at 96.37%, but its recall drops to only 17.77%.
The corresponding coverage values, which represent the total number of expressions that
are predicted positive by the models and sent to MML-Net for recognition, are 30.1%
for Random Forest, 29.4% for ResNet18, and only 9.1% for ViT. Even though the three
models satisfy the target precision, only a limited portion of expressions are classified
as suitable for processing by MML-Net. This limitation is particularly pronounced for
ViT and results in very low coverage.

Overall, Random Forest provides the best trade-off at the selected 95% precision
operating point. In addition, it is considerably lighter computationally than the two
neural approaches, making it particularly attractive for large-scale deployment of the
scheduler.

The 95% precision operating point should, however, not be considered the only
possible operating point. The decision threshold 7 controls the trade-off between
precision and recall and can be adjusted according to the intended use of the scheduler.
A lower threshold would increase recall and allow a larger proportion of difficult
expressions to be passed to the OCR system, at the risk of potentially generating more
incorrect predictions to be caught by downstream verifications.

The comparatively weak performance of ViT may be related to the experimental
setting. ViT-B/16 is a larger and more data-hungry architecture than the other
approaches, and its performance may require a larger training set and longer training
time. In contrast, the lightweight and fast Random Forest model is particularly well

suited to the requirements of the scheduler’s use case.
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7.1.6 Discussion on the Scheduler

These results show that relatively simple visual information can already provide a strong
estimate of OCR difficulty. The Random Forest requires only the extraction of a small
number of image statistics, whereas ResNet18 and ViT require a complete forward pass
through a pretrained image encoder. However, the feature-based approach is based on
handcrafted visual descriptors and may be affected by biases introduced during feature
design. It is also trained to predict the success or failure of the MML-Net model. A
change in the OCR architecture or training data would most likely require retraining
the scheduler.

Nevertheless, its low computational cost and competitive predictive performance
make it suitable when the scheduler must be applied to a large number of expressions. In
addition, the scheduler could be operated with a lower threshold 7 if a higher coverage
is preferred, allowing more difficult expressions to be processed automatically while

relying on the downstream verifications to identify recognition errors.
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7.2 Evaluation of the Semi-Automatic Processing
Pipeline

This section integrates the contributions developed throughout this thesis into an
improved semi-automated pipeline for the transcription of mathematical expressions at
Luminess. The objective of this pipeline is to increase the level of automation, reduce
transcription errors, and reduce the repetitive workload of human operators.

Figure 7.6 compares the current Luminess production workflow with the proposed
integrated pipeline. The proposed workflow does not aim to completely replace human
transcription. Instead, it introduces several automatic components that identify ex-
pressions suitable for automatic recognition, process them using MML-Net, verify the
resulting predictions, and provide additional support to operators for the expressions

that instead go through the manual workflow.
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(b) Proposed pipeline combining the contributions developed throughout the thesis.

Figure 7.6: Overview of the existing and proposed mathematical expression recognition
pipelines.

146



CHAPTER 7 — Semi-Automatic Recognition Pipeline

7.2.1 Proposed Workflows

To illustrate how the different components could interact in practice, this section
considers a hypothetical batch corresponding to the 3153 mathematical expressions of
the Patent ME-OCR test set. The results are obtained by combining the performances
measured independently for each component and should not be interpreted as a strict
evaluation of the complete pipeline. This simulation is used to compare two operating
modes. Mode A maximizes the reduction in human processing time, and mode B
maximizes the quality of the final transcriptions. To illustrate this section with the

actual number of processed expressions, all values are rounded to the nearest unit.

Mode A: Maximum Reduction of Human Processing Time

In this mode, the objective is to minimize human intervention. The scheduler routes
each expression either to the manual branch or to the automatic branch. Expressions
sent to the manual branch are transcribed by human operators, while expressions
selected for the automatic branch are processed exclusively by MML-Net. SiaEval then
evaluates the resulting automatic predictions and either accepts them as final outputs
or routes them to human verification. At the end of the process, there is no prediction
aggregation. We either use the prediction from the manual branch, or the one from the

automatic branch. This mode is illustrated in Figure 7.7.

Considered too hard for
automatic processing

e

Mix of human and
OCR transcriptions

Error Detected >

Considered favorable for
automatic processing

Figure 7.7: Mode A : minimize the required human intervention.

Based on the scheduler results (Figure 7.5), 1963 expressions would be directly
routed to manual processing, while 1190 would be processed by MML-Net. Among these
1190 expressions, approximately 1139 would be correctly recognized and 51 incorrectly
recognized. This corresponds to an effective Exact Match accuracy of % ~ 95.71%.
This value is considerably higher than the overall 47.5% Exact Match Ratio obtained by
MML-Net in Section 4.4.4, as the scheduler filters out expressions for which MML-Net

is more likely to fail.
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SiaEval would then evaluate the 1190 automatic predictions, including the 51 errors
produced by MML-Net. At the more lenient operating point using 7 = 0.098, giving a
true negative rate of 92.45% and a recall of 73.72%, approximately 844 predictions would
be automatically accepted by SiaEval, including 4 erroneous predictions. Relative to the
initial batch, this corresponds to a residual error rate of approximately ﬁ ~ 0.13%, or
an estimated quality of approximately 99.87% under our assumptions. The remaining
346 expressions would be rejected and redirected to human verification, including 299
predictions that were actually correct.

At the double manual verification stage, all manually transcribed expressions and
all expressions rejected by SiaEval must be verified. This results in 1963 4 346 = 2309
human verification operations.

Formulasort also reduces the time required for manual transcription. Its effect
on transcription quality has not been quantitatively evaluated, but it was estimated
in Section 6.2 that copy-paste could be used for 8.83% of the expressions instead of
transcribing them from scratch.

We use a simplified cost model in which a manual transcription costs 2 time units,
a copy-and-paste transcription costs 1 time unit, and a verification costs 1 time unit.
These values were discussed with the operators involved in the production workflow,
who considered them to provide a reasonable average estimate of the relative time of

these operations. With this model, the fully manual workflow requires:

2+2x1) X 3153 — 12612
%/_/ \/—/
one manual transcription
+ two manual verification

number of expressions

time units for the complete batch.

For Mode A, the estimated human processing time is:

(2(1—0.0883) + 1 x 0.0883) x 1963 +2x (1963 +346) = 8371

manual
—+transcriptions

average transcription cost
with Formulasort

manually transcribed
+ rejected by SiaEval

double verification

time units. This represents a reduction of 12612 — 8371 = 4241 time units, corre-
sponding to a 33.63% reduction in human processing time. Knowing the workload of
mathematical transcription represents 230.5 hours of manual processing per week, this
corresponds to a reduction of approximately 77.5 hours per week.

This mode prioritizes processing-time reduction. Its main limitation is that automatic
predictions accepted by SiaEval do not benefit from an independent human transcription.
In particular, the approximately 4 errors not detected by SiaEval would remain in the

final patent output in this simplified scenario, since no prediction comparison between
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human and automatic transcriptions is performed with this mode.

Mode B: Maximize the Transcription Accuracy

The second mode introduces an extra layer of human supervision. The scheduler still
separates the input expressions into a manual branch and an automatic branch, but
expressions selected for the automatic branch are also manually transcribed. This
provides both an independent human reference and an automatic prediction for a subset
of the expressions, allowing us to perform prediction comparison at the end of the

process. This mode is illustrated in Figure 7.8.
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Figure 7.8: Mode B : maximize the transcription accuracy.

In this configuration, all 3153 expressions are routed to manual processing, with 1190
of them additionally processed by MML-Net. For these 1190 expressions, MML-Net
produces the same approximately 1139 correct and 51 erroneous predictions as in Mode
A.

SiaEval would then reject 346 expressions for human verification, including 299
predictions that were actually correct, and accept 844 predictions, including the 4 erro-
neous predictions. In addition, the prediction aggregator can compare the independent
human transcriptions with the automatic predictions. Assuming that the aggregator
identifies disagreements for the 4 cases where the automatic prediction is incorrect, an
additional 4 human verification operations would be required.

Under the same simplified cost model, the initial human processing and verification

operations require:

(2(1 —0.0883) +1 x0.0883) x 3153 +2x (31534 346) —+ 4 = 13030
—— ——

additional
verifications

manual

—_—
transcriptions manually transcribed

+ rejected by SiaEval

average transcription cost
with Formulasort

double verification

time units.
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Compared with the fully manual workflow, this increase of 13030 — 12612 = 418
time units corresponds, relative to the 230.5 hours of manual processing per week, to
an increase of only 3.31% or 7.6 hours per week in human processing time.

As a result, the 1190 expressions processed by the automatic branch benefit from
both an independent human transcription and an automatic recognition. This provides
an additional mechanism for detecting errors in either transcription: a disagreement
between the two outputs can trigger a final human verification. Under the assumptions
of this simplified scenario, this additional layer of supervision could theoretically improve
the final quality beyond that of the current workflow. Performing this extra verification
for 1190 expressions costs here 418 extra time units, and would have cost 1190 time
units if performed manually according to our simulation.

The estimated processing time, weekly workload, and expected quality of the three
configurations are summarized in Table 7.2. The values in parentheses indicate the gain

or loss relative to the fully manual workflow.

Table 7.2: Theoretical comparison of the proposed processing workflows.

Method Time (units) Time (h/week) Expected quality
Fully manual 12612 230.5 99.99%
Mode A 8371 (—33.63%) 153 (—77.5h)  99.87% (—0.12 pp)
Mode B 13030 (+3.31%)  238.1 (+7.6 h) 99.99 + %

7.2.2 Discussion and Limitations of the Integrated Evaluation

Overall, the two operating modes illustrate the trade-off between processing efficiency
and quality assurance. Mode A minimizes human intervention and provides a theoretical
reduction in human processing time, but accepts the risk of undetected errors in the
automatic branch. Mode B performs a human transcription for all expressions while
adding automatic recognition, SiaEval, and prediction aggregation for a subset of the
expressions, resulting in a slightly higher human processing cost but providing additional
methods for detecting and resolving errors.

The complete pipeline has not yet been deployed or evaluated end-to-end in the
Luminess production environment. The quantitative scenario presented above should be
interpreted as a simulation of performance rather than as an evaluation of the complete
system. The numerical results combine the individual performances of the different
systems and do not account for unforeseen interactions between them. There is also a
risk of distribution shift between the experimental and production distributions, and
variations in human operator behavior.

A robust evaluation should process the same selection of patents through both the

existing and the two proposed workflows under real conditions. Relevant measurements
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should include total processing time, time spent at each stage, routing decisions,
automatic predictions accepted or rejected, and final transcription accuracy. This
paired evaluation would directly quantify the time and quality differences introduced
by the proposed workflow against the manual pipeline. Human operator feedback is
also necessary to assess the practical impact of Formulasort, Formuladif, and prediction
aggregation. Their benefits depend heavily on how operators interact with the interface,
how quickly they verify suggested transcriptions, and whether the proposed parameters
are appropriate under real working conditions.

Operator training is another important consideration for deployment. If Mode A
is introduced directly, new operators could be exposed only to the most difficult and
ambiguous expressions that MML-Net cannot recognize. This could make the manual
workload to appear more complex and potentially increase fatigue and frustration.
A progressive deployment strategy could reduce this effect. Mode B could first be
introduced to familiarize operators with the new tools and workflow, followed by a
gradual transition toward Mode A as operators become familiar with the system.

We could also assign new operators a larger proportion of easier expressions to help
them become familiar with the transcription process, before progressively handling
the more difficult expressions routed to the manual branch in Mode A. In practice,
increasingly large batches of expressions could be routed exclusively to MML-Net while

monitoring quality and operator feedback.
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7.3 Conclusion

This chapter presented an integrated workflow combining the contributions developed
throughout this thesis into a coherent semi-automated processing architecture. The
scheduler provides a routing decision for expressions according to their expected OCR
prediction accuracy. MML-Net automatically processes expressions considered suitable
for recognition, while SiaEval provides an additional verification layer. Remaining
expressions are processed manually, with Formulasort reducing repetitive transcription
work and Formuladif facilitating the identification of subtle visual differences. Fi-
nally, the prediction aggregation module compares the available human and automatic
predictions to identify potential disagreements requiring further verification.

Under the simplified assumptions of the quantitative scenario, Mode A reduces
estimated human processing time by 33.63%, corresponding to approximately 77.5
hours saved per week, while reaching an estimated quality of approximately 99.87%.
Mode B increases estimated human processing time by only 3.31%, or approximately
7.6 additional hours per week, while providing additional independent verification
mechanisms that could potentially reduce the residual error rate and raise the final
quality beyond 99.99%.

The complete workflow has not yet been evaluated end-to-end in the production
environment. A controlled comparison of identical patents processed through the
current and proposed workflows, combined with quantitative measurements and operator
feedback, will be necessary to determine the actual gains and calibrate the different

components before deployment.
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8.1 Industrial Context and Research Problem

This thesis investigated how mathematical expressions in real-world technical documents
can be recognized and selectively processed with a high level of reliability, in order to
enable the indexing and retrieval of mathematical information from large document
databases.?

In particular, this thesis investigated the pipeline used to process patent applications
at the EPO, as part of the industrial partnership with Luminess. More specifically,
it focused on the scientific problem of MER, a research topic that has been studied
for several decades and that has made significant progress with the emergence of deep
learning methods and end-to-end architectures.

Mathematical expressions in patent applications have strong visual heterogeneity
due to variations in printing quality, resolution, font, typographic style, and the various
artifacts that can occur in real-world documents. They must also be converted into
MathML so that they can be integrated into the final XML representation. This
context differs from the expressions often considered in the literature, which are clean
or synthetically generated expressions from LaTeX.

The target accuracy of the processing pipeline for patent applications is 99.99%,
corresponding to the proportion of expressions that must be recognized exactly without
errors. Currently, this level of accuracy is achieved through a fully manual process in
which expressions are transcribed and verified twice by human operators. Such a high
level of accuracy is difficult to achieve with a recognition model alone and requires a
complete processing pipeline with additional verification mechanisms, such as confidence
scores, human validation, and other quality-control measures.

The objective of this thesis was to evaluate existing MER models, train models
for this specific task, and also propose a processing pipeline integrating pre- and
post-processing around the recognition model, with the possibility of involving human
operators when required. The goal of these extra steps is to determine which expressions
can be reliably processed automatically and which expressions should be verified or
processed by a human operator, with the aim of reducing human processing time,

improving quality, and reducing the cognitive workload of operators.

154



CHAPTER 8 — General Conclusion and Perspectives

8.2 Answer to the Research Questions

8.2.1 Capabilities and Limitations of Current MER Methods

RQ1: What are the capabilities and limitations of current MER methods when applied
to real-world patent documents?

This first research question is answered by the state-of-the-art presented in Chapter
2, and is supported by the evaluations conducted on the PatentME-OCR dataset in
Section 4.4.

The state of the art investigated MER along three complementary dimensions:
models, datasets, and evaluation metrics.

Regarding models, the literature shows a gradual transition from traditional ap-
proaches based on pipelines separating symbol recognition from structural analysis to
end-to-end architectures based on deep learning. Encoder—decoder architectures based
on Vision Transformers currently constitute a dominant family of models for MER.
Recent progress in general-purpose Vision-Language Models in document understanding
tasks has not yet translated into comparable performance on the specific task of MER,
particularly on real-world patent expressions.

Datasets have evolved towards very large-scale collections mainly generated from
LaTeX, providing the amount of data required to train modern deep models. However,
they often lack variations in fonts, backgrounds, rendering quality, and degradations
and rely on clean synthetic expressions. Another limitation concerns the target repre-
sentation. Most existing datasets use LaTeX, while structurally richer representations
such as MathML or Label Graphs remain less commonly used for MER.

Evaluation also presents several limitations. Text-based metrics for LaTeX, such
as Exact Match and edit distances, measure the correspondence between predicted
and reference markups, but can be sensitive to differences in representation between
mathematically or visually equivalent expressions. Visual and structural metrics provide
more information, and embedding-based approaches offer another interesting direction
for measuring semantic or multimodal similarity. However, no single metric can capture
all relevant dimensions of recognition quality.

To further investigate these limitations on patent expressions, a selection of five
models from the literature was evaluated on the Patent ME-OCR dataset introduced
in Section 4.4, which provides mathematical expression images paired with MathML
references from patent applications. The best-performing previous model achieved only
21.8% Visual Exact Match, as shown in the rightmost column of Figure 4.10.

Overall, current MER architectures have achieved strong performance on existing
benchmarks, but the datasets and evaluation procedures used to develop them remain

limited in their ability to reflect real-world patent documents.
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8.2.2 Measuring Quality and Reliability

RQ2: How can the quality and reliability of MER predictions be measured, both during
model evaluation and in production?

Two contributions address this question: PiE-MER in Chapter 3 and SiaEval in
Chapter 5. They propose two different approaches to evaluate the quality and reliability
of MER systems.

The PiE-MER results show that an evaluation based on a single metric or modality
can provide an incomplete characterization of model performance, and may even lead to
different conclusions depending on the evaluation measure considered. A prediction may
be considered incorrect according to a textual metric while exhibiting high visual or
structural similarity to the reference. PiE-MER addresses this limitation by considering
several modalities for evaluation, comparing mathematical expressions at the LaTeX,
MathML, image, and Label Graph levels. This multimodal evaluation makes it possible
to better characterize the errors produced by MER systems and avoids reducing
recognition quality to an exact match between two sequences.

Such reference-based evaluation requires access to a ground-truth reference, which
is unavailable in production. To evaluate a model in production, we can only use the
input image and the model prediction, so metrics that require the ground-truth cannot
be used to evaluate the quality of the predictions. SiaEval addresses this limitation
by introducing a reference-free post-OCR verification framework that compares the
embeddings of the input image and the rendered model prediction with a Siamese
network. It outputs a confidence score that can be used to accept or reject the OCR
predictions.

Together, these two contributions make it possible to evaluate the quality of MER
systems both during model development, when reference annotations are available, and
for estimating prediction reliability during operational use, when only the input image

and the model prediction are available.

8.2.3 The Role of Large-Scale Domain-Specific Data

RQ3: How can large-scale technical document databases be used to improve automatic
MER?

This research question is addressed through the creation of two domain-specific
datasets, Patent ME-600k and PatentME-OCR, using the large-scale patent collection
available on the EPO online portal. PatentME-600k contains more than 600,000 image—
MathML pairs and was designed for training recognition models, while PatentME-OCR
was designed as a test resource for evaluating their performance on patent mathematics.
A statistical analysis of these datasets was conducted to characterize the diversity of

the mathematical expressions encountered in patent applications, in terms of visual
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characteristics and MathML complexity.

To make these data usable for training a new MER model, we introduced a dedicated
MathML tokenizer. We used it to train MML-Net, a ViT-based encoder—decoder
specifically designed for MER in patent applications. MML-Net was compared with
several models from the literature and achieved 54.89% MathML Exact Match and a
normalized Levenshtein distance of 0.0631 on the PatentME-600k validation set.

These results show that domain-specific training is important for reliable MER
performance on patent mathematics. Models developed and evaluated on existing
public datasets may not transfer reliably to the heterogeneous expressions of patent
applications. The creation of large-scale domain-specific datasets is a key step towards

developing MER systems that can meet the requirements of industrial applications.

8.2.4 Assistance to Human Operators

RQ4: How can automatic systems assist human operators by reducing processing time,
errors, and cognitive load?

The manual transcription and verification process was studied through discussions
with operators performing manual transcription in Romania, as well as direct observation
of the process on site. The difficulties associated with the transcription and verification
of mathematical expressions were identified and reported in Section 6.2.

Based on these observations, two contributions were developed to assist operators
without replacing the existing human workflow. Formulasort changes the order in which
mathematical expressions are presented to operators by grouping similar expressions
together. This facilitates the use of the copy-paste tool of the transcription interface,
and aims at reducing unnecessary task switching, processing time, and cognitive load.

Formuladif provides an automated visual comparison of successive mathematical
expressions, highlighting subtle differences between expressions that may be overlooked.
This facilitates the verification process and helps reduce transcription errors, particularly
when the transcription is performed rapidly and relies heavily on copy-paste.

Formulasort and Formuladif illustrate how automatic assistance can improve an exist-
ing human-in-the-loop workflow by simplifying repetitive tasks, facilitating verification,

and helping operators focus their attention on subtle differences.

8.2.5 Conditions for Reliable Automation

RQ5: Under which conditions can MER be reliably automated, and when is human
intervention still required?

The answer to this research question relies on the combination of the Scheduler from
Section 7.1, MML-Net from Chapter 4, and SiaEval presented above.
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A first requirement for reliable automation is a recognition model adapted to the
target domain. The experiments conducted with MML-Net demonstrate the importance
of training on data representative of the mathematical expressions encountered in patent
documents. MML-Net achieves a Visual Exact Match for approximately half of its
predictions. Although this performance is above the state of the art for this task, it also
shows that a recognition model alone is not sufficient to guarantee reliable automation,
as a large proportion of predictions still contain errors.

This is why this thesis introduces methods for estimating and verifying the reliability
of recognition predictions. The Scheduler operates before recognition and uses the
visual characteristics of mathematical expressions to estimate the probability that it
will be correctly recognized by MML-Net. It can identify potentially difficult cases and
route expressions either towards automatic transcription or towards the existing human
transcription process. This Scheduler can be operated at different thresholds to adjust
the balance between the level of automation and the error risk.

SiaEval provides a complementary verification mechanism after recognition. It
can identify predictions that are likely to be incorrect and redirect them to human
verification. SiaEval can also be operated at different thresholds to balance the level of
automation and potential error rate.

The combination of automated recognition, prediction validation, and the existing
human processing pipeline for uncertain cases makes it possible to control the level of
automation while retaining human intervention for expressions that cannot be reliably

handled automatically.

8.3 Proposed Semi-Automatic Pipeline

Chapter 7 integrates the different contributions into a semi-automatic processing pipeline
for reliable MER. The proposed approach extends the existing manual workflow with
automatic recognition, difficulty estimation, and prediction verification mechanisms.
The resulting pipeline is illustrated in Figure 8.1. Two operating modes were proposed:
Mode A aims to minimize human processing time, while Mode B aims to maximize
the reliability of the final output.

A simulated evaluation of the two modes on the complete pipeline was conducted by
combining the results obtained in the previous chapters. The comparison with the fully
manual workflow is reported in Table 8.1. Mode A reduces the estimated processing
time by 33.63%, while maintaining an expected quality of 99.87%. Mode B increases
the estimated processing time by 3.31% compared with the fully manual workflow, but
integrates an extra automatic verification step to reduce the residual error rate.

In practice, the optimal configuration will depend on the target balance between

automation and reliability, as well as on the thresholds selected for the different modules.
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Table 8.1: Theoretical comparison of the proposed processing workflows.

Method Time (units) Time (h/week) Expected quality
Fully manual 12612 230.5 99.99%
Mode A 8371 (~33.63%) 153 (—77.5h)  99.87% (—0.12 pp)
Mode B 13030 (+3.31%)  238.1 (+7.6 h) > 99.99%

Further evaluation in real production conditions should identify the most appropriate
configuration and incorporate operator feedback on the usefulness and effects of the

different components.

. : Existing processes
O: Our contributions
@ : Corresponding chapters Manual Manual

Verification 1 Verification 2

LError DetectedJ— —_—— = - J

Segmentation

Usedto Usedto Used to
evaluate train train

Figure 8.1: Proposed pipeline combining the contributions developed throughout the
thesis, with the corresponding chapter numbers indicated on the different components.

8.4 Limitations

Several limitations remain and motivate future research. Most importantly, the proposed
semi-automatic pipeline was evaluated through a simulation based on the experimental
results obtained in the different chapters. A validation under real production conditions
is required to measure actual processing times, error rates, and the impact of each
component on the operators’ workflow. In particular, the theoretical cost model used
to estimate processing time should be confronted with real measurements, taking into
account variations in expression complexity and operator behaviour.

Although domain-specific training significantly improved MER, MML-Net does
not yet achieve a very high accuracy. Further improvements to MER models could
be investigated using approaches identified in the literature, such as more advanced
encoders, spotlight and coverage-based attention mechanisms, multi-scale image inputs,
automatic segmentation of multi-line expressions, and alternative training strategies

such as reinforcement learning. These approaches could be specifically investigated on
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mathematical expressions from patent documents.

The Scheduler and SiaEval components also present several limitations. They
were both developed and evaluated using predictions from MML-Net. Their ability to
generalize to other MER architectures, datasets, error distributions, and production
environments remains to be investigated. SiaEval had to be retrained specifically for
MML-Net, as the model trained on errors from another MER system did not transfer
well to MML-Net errors. Future work should investigate more model-independent
approaches that can be transferred across recognition systems. The thresholds used by
the Scheduler and SiaEval should also be optimized under real production conditions
based on the measured trade-off between automation, processing time, and reliability.

Another limitation concerns the human—machine interaction itself. The proposed
assistance tools were designed to reduce repetitive work and facilitate verification, but
their impact on operators was not quantitatively evaluated in a controlled production
study. Future experiments should measure processing time and error rates, as well as
task switching, verification effort, and operator feedback. Such studies would provide a

more complete evaluation of the actual value of the proposed pipeline.

8.5 Future Work

Several research directions could further extend this work.

Adaptive and domain-specific MER

A first direction is the development of more specialized MER systems. Recurring fonts,
layouts, and document styles could be identified to cluster similar patent applications
and develop specialized recognition models adapted to specific document families or
visual styles. The textual context surrounding an expression and previously transcribed

expressions could also be exploited to resolve ambiguities and improve model predictions.

Reliable and selective automation

Scheduler and SiaEval provide initial mechanisms for deciding which predictions can be
processed automatically. Future work could investigate how to combine these approaches
with multiple OCR systems and prediction aggregation to make more reliable automation
decisions, for example through voting strategies. Improving confidence calibration and
routing strategies could also increase the proportion of predictions that can be processed

automatically while maintaining the required level of accuracy.
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Human-assisted recognition

Human intervention could be made more targeted and informative. Attention maps or
intermediate feature maps could be investigated to identify the regions of an expression
that are responsible for an incorrect prediction. This information could support targeted
human verification by highlighting potentially problematic symbols or regions.

The human annotations available in the production workflow could also be used for
active and continual learning. Human corrections could help identify difficult examples
and iteratively improve recognition models. Learning from human feedback could also be
investigated to incorporate operator corrections into model training. These approaches
could be combined with curriculum-learning strategies to progressively expose models

to increasingly difficult expressions.

Future work should build on these results by evaluating the proposed approaches in
real production conditions and by further improving mathematical processing along
three complementary directions: more adaptive and domain-specific recognition models,
more reliable and selective automation, and more effective human-assisted recogni-
tion. Together, these directions could improve both the accuracy and efficiency of

mathematical processing workflows.

The contributions developed during this thesis should also be applied beyond the
patent processing use case. The proposed methods could be used on historical mathe-
matical documents and handwritten manuscripts such as Grothendieck’s handwritten
mathematical manuscripts', which present many recognition challenges. Such collections
would provide an interesting setting for studying domain adaptation and human-assisted

recognition.

1See https://webusers.imj-prg.fr/~leila.schneps/grothendieckcircle/unpubtexts.php,
accessed 2026-09-09.
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A.1 PatentME-600k
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Figure A.1: List of the 86 tokens filtered from the PatentME-600k dataset. The symbols
displayed as capital letters (X, P, O, N, ...) are uppercase Greek Unicode characters
and not Latin uppercase characters.
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Table A.1: Detailed composition of PatentME-600k.

Category Number of expressions Percentage

Dataset

Total 669,582 100.00%
Split

Train 535,665 80.00%
Validation 66,958 10.00%
Test 66,959 10.00%
Display type

Block 442,716 66.12%
Inline 226,866 33.88%

Table A.2: Distribution of the number of mathematical expressions per patent over
the 51,952 patents in PatentME-600k. The distribution is strongly right-skewed: the
median patent contains four expressions, while the mean is 12.89 and the maximum is
4,874 expressions.

Statistic Number of expressions
Mean 12.89
Standard deviation 39.19
Minimum 1
1st percentile 1
5th percentile 1
25th percentile 2
Median 4
75th percentile 12
95th percentile 49
99th percentile 132.49
Maximum 4,874
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Table A.3: Detailed image statistics for the 669,582 mathematical expressions in
PatentME-600k. Width and height are expressed in pixels. Large differences between
the mean and median values indicate strongly right-skewed distributions, especially for
image width, height, and area.

Statistic Width Height Aspect ratio Image area
Count 669,582 669,582 669,582 669,582
Mean 677.82  108.07 7.7 85,472
Std. 498.55 87.76 6.81 136,832
Minimum 12 24 0.04 840
1st percentile 59 47 0.63 3,481
5th percentile 83 47 1.00 5,893
25th percentile 248 59 2.55 18,894
Median 555 83 5.64 45,496
75th percentile 1,039 118 10.82 96,111
95th percentile 1,642 248 22.22 292,758
99th percentile 1,843 461 29.91 635,700
Maximum 2,811 2,846 52.97 4,801,619

Table A.4: Distribution of tokenized MathML sequence lengths in PatentME-600k.
Complex MathML tags such as <mi mathvariant="bold"> are represented as single
tokens.

Statistic Token length
Count 669,582
Mean 86.80
Standard deviation 96.97
Minimum 4
1st percentile 15
5th percentile 17
25th percentile 35
Median 62
75th percentile 106
95th percentile 230
99th percentile 447
Maximum 5,443

Table A.5: Tokenized MathML sequence length by dataset split.

Split Count Mean Median Std. Min P95 P99
Train 535,665  86.79 62 96.77 4 230 447
Validation 66,958  87.11 62 96.99 4 232 454
Test 66,959  86.55 62 98.55 4 231 441
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Table A.6: Tokenized MathML sequence length according to display type.

Type Count Mean Median Std. Min P95 Max
Block 442,716 107.99 81 110.04 4 271 5,443
Inline 226,866  45.44 33 39.21 4 118 996

Table A.7: Detailed statistics of MathML structural complexity in PatentME-600k.

Statistic # MathML nodes MathML depth
Count 669,582 669,582
Mean 29.35 5.43
Standard deviation 34.76 2.01
Minimum 1 1
1st percentile 5 3
5th percentile 5 3
25th percentile 11 4
Median 20 )
75th percentile 35 6
95th percentile 81 9
99th percentile 160 12
Maximum 2,007 28

Table A.8: Frequency of major structural MathML elements in PatentME-600k. The
percentage represents the proportion of expressions containing at least one occurrence
of the corresponding element.

Element MathML tag Number of expressions Percentage
Subscript msub 345,042 51.53%
Subscript—superscript msubsup 215,990 32.26%
Fraction mfrac 173,053 25.84%
Superscript msup 122,015 18.22%
Matrix mtable 61,935 9.25%
Over mover 54,236 8.10%
Square root msqrt 26,258 3.92%
Under—over munderover 19,087 2.85%
Under munder 14,284 2.13%
Root mroot 922 0.14%
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Table A.9: Distribution of structural MathML elements per expression. The values
represent the number of occurrences of each structural element within an individual
expression.

Element Mean Std. Min Median P95 P99 Max
Fraction 0.42 1.05 0 0 2 4 101
Superscript 0.38 1.37 0 0 2 ) 196
Subscript 1.98 3.97 0 1 8 16 430
Subscript—superscript 0.55 1.36 0 0 2 5 158
Under 0.04 0.34 0 0 0 1 32
Over 0.17 0.86 0 0 1 4 66
Under—over 0.04 0.32 0 0 0 1 32
Matrix 0.13  0.52 0 0 1 2 58
Square root 0.06 0.36 0 0 0 1 46

Table A.10: Frequency of the 20 distinct MathML tags observed in PatentME-600k.

MathML tag Frequency

mi 5,704,182
mo 5,359,371
mrow 2,448,438
mn 1,877,016
msub 1,326,302
math 669,582
mtext 436,561
mtd 397,882
msubsup 368,298
mfrac 281,596
msup 257,530
mtr 233,264
mover 114,170
mtable 84,160
msqrt 36,875
munderover 28,488
munder 23,802
mmultiscripts 3,618
mprescripts 3,196
mroot 1,113
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A.2 Prompts Used for Vision-Language Models

The two vision-language models were evaluated using slightly different prompts. The
experiments were conducted at different stages of the PhD and the prompts were not
the same. The Qwen2-VL-OCR2-2B-Instruct prompt was inspired by the prompting
strategy proposed in [71]. The DotsOCR prompt was kept shorter and directly specified
the expected LaTeX output format.

The difference between the prompts is a limitation of the experimental protocol.
However, both explicitly require the models to output only the LaTeX representation
of the mathematical expression, which is the information required for the PiE-MER
evaluation. The impact of prompt wording is assumed to be limited in the present
comparison. A systematic comparison of multiple prompts could provide additional
information, but such an experiment would require a large amount of additional inference

time and computational resources for limited results.

System prompt

You are a Mathematical Expression Recognition Assistant. You will provide the LaTeX
of the expression given the image. Do not transcribe the equation number. Provide
ONLY the LaTeX string between $$ delimiters.

Figure A.2: Prompt used with Qwen2-VL-OCR2-2B-Instruct. The prompt was inspired
by [71].

Prompt

Extract only the LaTeX content from this image. Return it between $$ ... $$ delimiters.

Figure A.3: Prompt used with DotsOCR.
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A.3 Publications and Presentations Related to This
Thesis

« SIFED 2024 — Symposium International Francophone sur I'Ecrit et le Document,
11 June 2024, Nantes, France. Poster presentation: Mathematical Equations

Recognition for Patent Publication.

« ICDAR 2024 — International Conference on Document Analysis and Recogni-
tion, 30 August—4 September 2024, Athens, Greece. Doctoral Consortium poster:
Mathematical Equations Recognition for Patent Publication and Accessibility.

Recipient of the Best Dancer Award (social award).

« SIFED 2025 — Symposium International Francophone sur I'Ecrit et le Document,
6 June 2025, La Rochelle, France. Poster presentation: A Multimodal Evaluation
Pipeline for Mathematical Expression Recognition: Comparisons of Datasets,
Metrics, and Models.

« ICDAR 2025 — International Conference on Document Analysis and Recogni-
tion, 16-21 September 2025, Wuhan, Hubei, China. Published paper and poster
presentation: A Multimodal Evaluation Pipeline for Mathematical Expression

Recognition: Comparisons of Datasets, Metrics, and Models.

« SIFED 2026 — Symposium International Francophone sur I'Ecrit et le Document,
12 June 2026, Rouen, France. Oral presentation: PatentME: A Dataset and
Reference-Free Post-OCR Verification Task for Printed Mathematical Expression

Recognition. Recipient of the Best Presentation Award.

« ICDAR 2026 — International Conference on Document Analysis and Recogni-
tion, 30 August—4 September 2026, Vienna, Austria. Published paper and oral
presentation: PatentME: A Dataset and Reference-Free Post-OCR Verification

Task for Printed Mathematical Fxpression Recognition.
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