Annotation of English scientific articles
(21.02.2024)

We need to find the following lines in the scientific articles:

Title of the article (title)

Author (or authors) (author)

Affiliation (or affiliations) (affiliation)

Sections, subsections, etc. with their content (named_item, raw_text)
References (reference)

Captions of images, tables, listings, etc. (caption)

For this purpose, we solve the task of line classification.

Input:

a document page with a line highlighted by a bounding box. The line should be

annotated with one of the following types:

Title

All lines of the article title — title;

All lines that contain authors names — author;

All lines that contain affiliations and other information about the authors — affiliation;
Lines with sections titles — named_item;

First line of each reference (in the section References) — reference;

Content (text) of sections or references — raw_text;

All lines of image/table/... caption — caption,;

Other highlighted non-textual elements and page numbers should be marked as other.

Title is located at the beginning of the article, it contains the name of the article. Each line of
the article title should be labeled as title.
Examples:
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A State-of-Art Review on Automatic Video The VIA Annotation Software for Images, Audio and Video

National Institute of Technology, Tiruchirappalli 620015, Tamil Nadu, India

Abstract. Video annotation has gained attention because of the rapid devel-
opment of video information and wide usage of video analysis in all directions.
‘With the capacity of depicting video at the semantic level, video annotation has
numerous applications in video analysis. Due to the shortcomings present in
manual video ion, A ic Video A ion was i duced. In this
paper, distinctive thodologies of ic video ion are di

These models are classified into five classes namely, (1) Generative models,
(2) Distance-based similarity model, (3) Discriminative model, (4) Ontology-
based models, (5) Deep Learning-based models. The key theoretical contribu-
tions in the current decade in support of video annotation strategies are dis-
cussed. Additionally, the future directions concerning the research aspect of
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TencentPretrain: A Scalable and Flexible Toolkit for Pre-training Models
of Different Modalities
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being applied 1o the vision and audio modalities.
(Dosoviskiy etal., 2020; Gulai et al., 2020). Table
1 lists the commonly used pre-training models and
their modules.
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1 Introduction

Pre-training on large-scale data and then fine-
tuning on_ downst as become o
paradigm for texi, vision, and audio tasks (De-
viin et al., 2019; Bao et al, 2021; Baevski et al.,
inthe pipeline

linearly. Codes withthe same function may be wit-

mes, which degrades the readabilty and
maintainability of the project.

Tn response to shortcomings of non-modular de-

ain, a modu-

1, TencentPretsain has five components, namely
mbeddi der e

paradigm, these pre-training models as well have
close model structures: On one hand, most o them
consist of the following components, embedding,

cdding, decoder, and target,
on the other hand, many modules in above compo-

and target. Among them, Larget embedding and
decoder components are optionl, since the tr-
et of many pre-training models do not involve
soquence decoding (Zbung etal 2020; Lewisetal.,
2020). TencentPretrain is hiearchical modular e

ities. For example, the transformer modulc (in
encoder component) (Vaswani et al., 2017), which

“Coresponding Autor
Fomal: nphérhaolencentcom

reedom. At component
Tevel, uses ae e to combine modukes wthin &
‘component, for example, combining multiple mod-
ulesin farget componen to perform multi-task pre-
raining (Lan et al., 2019 Sun et al, 2020). AL

Affiliation

As a rule, the affiliation list is located after the author list. Each line containing affiliations’
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Abstract

In this paper, we introduce a simple and standalone manual annotation tool for images,
audio and video: the VGG Tmage Annotator (VIA). This is a light weight, standalone and
offline software package that does not require any installation or setup and runs solely in a web.
browser. Tl VIA software allows human annotators to define and describe spatial regions in
images or video frames, and temporal segments in audio or video. These manual annotations
can be exported to plain text data formats such as JSON and CSV and therefore are amenable
to further processing by other software tools. VIA also supports collaborative annotation of a
large dataset by a group of human annotators. The BSD open source license of this software
allows it to be used in any academic project or commercial application.

Abstract is successful in the field of text, is increasingly
being applied to the vision and audio modalities.
(Dosovitskiy etal., 2020; Gulati et al., 2020). Table
1 lists the commonly used pre-training models and

their modules.

Recently, the success of pre-training in text
domain has been fully extended to vision, au-
dio, and cross-modal scenarios. The proposed
pre-training models of different modalities are
showing a rising trend of homogencity in their
model structures, which brings the opportu-
nity to implement different pre-training mod-
cls within a uniform framework. In this paper,
we present TencentPretrain, a toolkit support-
ing pre-training models of different modalities.
‘The core feature of TencentPretrain is the mod-
ular design. The toolkit uniformly divides pre-
training models into 5 components: embedding,
encoder, target embedding, decoder, and tar-
get. As almost all of common modules are
provided in each component, users can choose
the desired modules from different components
to build a complete pre-training model. The
‘modular design enables users to efficiently re-
produce existing pre-training models o build
brand-new one. We test the toolkit on text, vi-
sion, and audio benchmarks and show that it
can match the performance of the original im-
plementations.

The trend towards homogeneity in pre-training
models is becoming more apparent, which makes it
possible to integrate them into a uniform frame-
work. A representative work in this direction
is Huggingface Transformers (Wolf et al., 2020),
which exploits a non-modular design mode. For
each pre-training model in Huggingface Transform-
ers, several separate classes are created, and the
code is not refactored with additional abstractions.
Users can develop their pre-training models inde-
pendently which is useful to collaborative develop-
ment in the community. However, in this design
mode, users need to implement the model from
scratch when adding a new pre-training model, re-
quiring considerable code work. In addition, with
the increased number of pre-training models, the
number of classes and lines of code also increases
linearly. Codes with the same function may be writ-
ten many times, which degrades the readability and
‘maintainability of the project.

1 Introduction

Manual annotation of a digital image, audio or video is a fundamental pro
research projects and industrial applications. It requires human annotators to define and describe
spatial regions associated with an image or still frame from a video, or delineate temporal segments
associated with audio or video. Spatial regions are defined using standard region shapes such as
a rectangle, circle, cllipse, point, polygon, polyline, frechand drawn mask, cte. while the temporal
segments are defined by start and end timestamps (e.g. video segment from 3.1 sec. to 9.2 sec.)
These spatial regions and temporal segments are described using textual metadata.
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Tn this paper, we present a simple and standalone manual annotation tool, the VGG Tmage Annotator
(VIA), that supports both spatial annotation of images and temporal annotation of audio and videos
It s written using solely H'TML, Javascript and CSS, and runs as an offline application in most modern
web browsers, without requiring any installation or setup. The complete VIA software fits in a single
self-contained HTML page of size less than 400 kilobyte. This light footprint of the VIA software
allows it to be easily shared (e.g. using email) and distributed amongst manual annotators. VIA can
be downloaded from http://uww. robots . ox. ac. uk/~vgg/sof tvare/via

Since VIA requires no installation or setup, and is up and running in a few seconds, non-technical
users can begin annotating their images, audio and video very quickly; and consequently, we have
seen widespread adoption of this software in a large number of academic disciplines and industrial
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Named item

Named item is a title of some structure part of the article: section, subsection, etc. The line
should be labeled as named_item if it contains only text of the title. If there is additional
raw text (not title), then the line should be labeled as raw_text.

Examples:
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In this paper, we introduce a simple and standalone manual annotation tool for images,
audio and video: the VGG Image Amnotator (VIA). This is & light weight, standalone and

emporal scgments in audio or
can be exported to plain text data formats such as JSON and CSV and therefore are amenable
to further processing by other software tools. VIA also supports collaborative annotation of a
large dataset by a group of human annotators. The BSD open source license of this software
allows it to be used in any academic project or commercial application.

1 Introduction

Manual annotation of a digital image, audio or video is # fundamental processing stage of many
research projects and industrial applications. It requires human annotators to define and describe
spatial regions associated with an image o still frame from a video, or delincate temporal segments
associated with audio or video. Spatial regions are defined using standard region shapes such as
ellipse, point, polygon, polyline, freehand drawn mask, etc. while the temporal
ed by start and end timestamps (¢.g. video segment from 3.1 sec. to 9.2 sec.).
These spatial regions and temporal segments are described using textual metadata

Tn this paper, we present a simple and standalone manual annotation tool, the VGG Image Annotator
(VIA), that supports both spatial annotation of images and temporal annotation of audio and videos.
It s written using solely HTML, Javascript and CSS, and runs as an offline application in most modern
web browsers, without requiring any installation or setup. The complete VIA software fits in a single
self-contained HTML page of size less than 400 kilobyte. This light footprint of the VIA software
allows it to be easily shared (e.g. using email) and distributed amongst manual annotators. VIA can
be downloaded from http: //ww. robots. ox..ac.uk/~vgg/sof tware/via.

Since VIA requires no installation or setup, and is up and running in a few seconds, non-technical
n annotating their images, audio and video ver v; and consequently, we have
ad adoption of this software in a large number of academic disciplines and industrial

the competition.
The test dataset is similar to the training dataset. It con-
tains 10 documents for each language.

3. Proposed approach

As in the previous year (Kozlov et al., 2021), we pro-
pose the 2-stage method for solving the both tasks TD
and TOC generation (Figure[2). Each stage includes
classification using the XGBoost classifier.

1. The binary classifier classifies each line as title or
non-title.

2. For each filtered title from the first stage, its depth
is found using the second multiclass classifier.

The main steps of our algorithm are described below.

|i1. Text and metadata extraction.

‘We extracted text, bold and italic font, colours, etc. of
the text with help of PDFMiner (Yusuke Shinyama,
2019), which has different layout reading modes.
To read the entire document we have chosen
the universal layout mode for multi-column docu-
ments with parameters LAParams(line_margin=1.5,
line_overlap=0.5, boxes flow=0.5, word_margin=0.1,
detect vertical=False). Thus the list of lines with text
and metadata is extracted from the input

As preprocessing, we remove footers and headers from
a document using the method (Lin, 2003). It helps to
improve the quality of the binary classifier and the TOC
extraction module. Moreover, we delete empty lines
because they aren’t useful for our target result.

3.2. Existing TOC extraction.

As iti. information, we extract a ta-
ble of content (TOC) for each document. We look for
the keywords of the TOC heading in the document (for
example, "Table of contents”, "CONTENT”) as the be-
ginning of TOC. Then, we detect the TOC’s body using
regular expressions.

Most tables of contents in the given documents are
one-column regardless of the number of columns in
the whole document. The TOC extraction module re-
quires PDFMiner to be run in the single column mode
because the TOC text may be read automatically as
a multi-column. In this case, PDFMiner should be
run with the parameters LAParams(line-margin=3.0,
line_overlap=0.1, boxes flow=0.5, word_margin=1.5,
char_margin=100.0, detect vertical=False).

3.3. Features extraction.

The list of extracted lines and extracted TOCs (if

To obtain lines with labels we matched the provided la-
belled titles and the extracted lines using a Levenshtein
distance with 0.8 threshold.

present) are p: to obtain a vector of features for
each extracted line. We formed a vector from 197 fea-
tures, some of which are grouped and described in the
Table[2}

In the example below, the line in the bounding box should be labeled as raw_text:
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video annotation strategies are discussed.

| Abstract. Video annotation has gained attention because of the rapid deve |
opment of video 1nformation and wide usage of video analysis 1n a ‘ections.
With the capacity of depicting video at the semantic level, video annotation has
numerous applications in video analysis. Due to the shortcomings present in
manual video annotation, Automatic Video Annotation was introduced. In this
paper, distinctive methodologies of automatic video annotation are discussed.
These models are classified into five classes namely, (1) Generative models,
(2) Distance-based similarity model, (3) Discriminative model, (4) Ontology-
based models, (5) Deep Learning-based models. The key theoretical contribu-
tions in the current decade in support of video annotation strategies are dis-
cussed. Additionally, the future directions concerning the research aspect of

Reference

In the end of the article links to the related works are located, i.e. references. First line of

each reference (in the section References) should be labeled as reference.




Examples:

7 Discussion and Conclusions

In this paper, five types of AVA techniques are discussed regarding its framework,
merits, and The deep learning-based, the discriminative model-based, and
generative model-based annotation methods fall under the category of learning-based
iques. In the discriminative ion technique, video annotation

is considered as a multi-label problem. Hence, the binary classifier cannot
determine the relation between the existing classes. Robust visual features are extracted
utilizing CNN in the deep leaming-based techniques. They utilize alternate frame-
works, such as RNN, to infer the semantic label relationship, for automatic video
i ively, the distance-based similarity model-based technique fol-

lows a two-step framework. The prediction is done based on similar videos. The for
implementation of applications with simple semantic features can be done easily using
Ontology-based algorithms. However, to leam more complex semantics, machine-
learning techniques are required. A decision tree is a suitable technigue for video

2. Plugins: State-of-the-art computer vision models are becoming very accurate for tasks such as
segmenting and tracking objects, reading text, detecting keypoints on a human body, and many
other tasks commonly assigned to human annotators. These computer vision models can help
speed up the manual annotation process by seeding an image with automatically annotated
regions and then letting human annotators edit or update these regions to create the final
annotation. Thanks to projects like TensorFlow.js, it is now possible to run many of these
models in a web browser. We envisage such computer vision models attached as plugins to VIA
and running in the background to assist human annotators. We are currently developing such
a plugin to automatically track an object in a video.

Acknowledgements: This work is funded by EPSRC programme grant Seebibyte: Visual Search

the Era of Big Data (EP/M013774/1).

annotation and retrieval because of the ease in use for implementation. These decision References
rules are used for intuitive mapping from low-level features to high-level concepts. It
can be inferred that the five type of AVA techniques relies on the different ways to | [1] BigParticle.Cloud. How-to: Generate primary object masks. https://www.bigparticle.

bridge the semantic gap by analyzing the semantic context.
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Above or below the article’s figures, tables, charts, etc. captions are located. They may
a title. Each line containing a text of the caption
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Fig. 1. The process of Automatic Video Annotation

In this paper, five AVA strategies are illustrated. The taxonomy for the model-
based techniques is shown in Fig. 2. The generative models are discussed in Sect. 2.
Section 3 discuss about the distance-based similarity model, discriminative models are
discussed in Sect. 4. The ontology-based models are discussed in Sect. 5, and deep
learning-based models are discussed in Sect. 6. Section 7 discusses about a different
framework, and challenges in annotation models. The previously mentioned five
classifications of AVA strategies can be additionally arranged into a few sub-classes as
indicated by their fundamental ideas. Provides a taxonomy for Automatic Video
Annotation techniques.

“The testdataset i similar to the aining dataset. It con-
tains 10 documents for cach language.

3. Proposed approach
As in the previous year (Kozlov et al., 2021), we pro-
pose the 2-stage method for solving the both tasks TD
and TOC generation (Figure 2). Fach sage includes
classification using the XGBoost classfer

1. The binary classifie classifies each line as tile or
non-tite

2. For each filtred ilefrom the frs stage, ts depth
is found using the sccond muliclass classifer

‘The main steps of our algorithm are described below.

31, Text and metadat extrac
We extracted text, bold and italic font, colours, etc. of
the text with help of PDFMiner (Yusuke Shinyama,
2019), which has different layout reading modes.
To read the entire document we have chosen
the universal layout mode for mult-column_docu-
ments with parameters ~ LAParams(line margin=L5,
line_overlap=0.5, boxes flow=0.5, word margin=0.1,
detect vertical=False). Thus the list of lines with text
and metadata is extracted from the input documents,
To obtain ines with labels we matched the provided la-
belled titles and the extracted lines using a Levenshigin
distance with 08 theeshold.

91

2 document using the method (Lin, 2003). It helps to
improve the quality of the binary classiier and the TOC
extraction module. Morcover, we delete cmpry lines
because they aren't useful for our target esult.

32, Existing TOC extraction.

As additional information, we separately extrict a ta-
ble of content (TOC) for each document. We look for
the keywords of the TOC heading in the document (for
example, "Table of contents”, "CONTENT”) as the he-
ginning of TOC. Then, we detect the TOC's body using
regular expressions
Most tables of contents in the given documents are
one-column regardless of the number of columns in
the whole document. The TOC extraction module re-
quires PDFMiner to be run in the single column mode
because the TOC text may be read automatically as
a multi-column, In this case, PDFMiner should be
0

33, Features extraction.

The list of extracted lines and extracted TOCs (if
resent) are processed 1o obtsin a vector of features for
cach extracted line. We formed  vector from 197 fea-
tures, some of which are grouped and described in the
Table2

Raw text

Each line containing a text of the article (except the
raw_text. Footnotes are also considered as a raw text.

aforesaid types) should be labeled as

Examples:
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2. Plugins: State-of-the-art computer vision models are becoming very accurate for tasks such as
sogmenting and tracking objocts, reading text, detecting keypoints on a human body, and many
other tasks commonly assigned to human annotators. These computer vision models can help
speed up the manual annotation process by seeding an image with automatically annotated
regions and then letting human annotators edit or update these regions to create the final
annotation. Thanks to projects like TensorFlow.js, it is now possible to run many of these
models in a web browser. We envisage such computer vision models attached as plugins to VIA
and running in the background to assist human We are currently ing such
a plugin to automatically track an object in a video.
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1. ISP RASI - for each language, classifiers were
trained only on the documents of that language.
Namely, classifiers for English documents were
trained only on English documents, etc.

2. ISP RAS2 - for each language, classifiers were
trained on the documents of all available lan-
guages.

While training separate classifiers for each language,
we selected the best classifiers’ options. We tried the
grid of possible parameters combinations and found
options that gave the highest score. The resulting op-
tions are enlisted in the Table (3]

Due to the lack of time, during training classifiers on
documents of all languages, we also used the parame-
ters shown in the Table/3}

We use 3-fold cross-validation for evaluate the results
of each model. The mean results for both experiments
(ISP RAS1 and ISP RAS2) are given in the Table[d]
‘The evaluation script is provided by the organizers.

4. Results
‘The competition results on test dataset are presented in
the table 5| (Title Detection), and tables 6} 7} 8 (TOC
generation). In addition, the best three results of the
previous year were added. Our approach ranks first
among submitted solutions in 2022 for English and
French documents, and second for Spanish documents.

of which are interpreted differently for different doc-

some features (color, font size, style, etc.) as a title, but
the equivalent line in another document is not a title.
Also, we don’t combine adjacent titles together as in
the ground truth of the data sets

As well, a two-stage model accuracy in the title de-
tection task is limited by the binary classifier. If the
model filters out the title lines in the first step, it will
not be able to determine their depths in the second one.
Therefore, the accuracy of the two-stage model will not
exceed the accuracy of the binary classifier.

As a development of the work, we propose to con-
sider more advanced and complicated models, e. g. the
LSTM model. This model can give greater accuracy
through the use of long-term memory. Thus, we will
be able to remember the previous predictions made up
to this point in the document.

6. Conclusion

We proposed the approach for automatic title detection
and TOC generation for PDF financial documents with
atextual layer. We extracted lines with metadata using
Pdfminer and found existing TOCs using the regular
expressions. Empty lines, headers and footers were re-
moved from consideration. Extracted lines were trans-
formed to the feature matrix with the vector of prede-
fined features for each line. Then we used a two-stage

[4] Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster R-CNN: Towards real-time
object detection with region proposal networks. In Advances in Neural Information Processing s,
Systems (NIPS), 2015.

model for title detection and TOC generation. First, we
filter titles from all document lines using the XGBoost
binary classifier. Then, we find the depths of the filtered
lines using the second XGBoost classifier. Optimal pa-
rameters for the classifiers were found to improve the

Discussion

The two-stage model demonstrates high scores for both
tasks. But the model has disadvantages. Primarily, the
‘model misclassifies questionable titles, the ground truth
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Abstract

In this paper, we introduce a simple and standalone manual annotation tool for images,
audio and video: the VGG Tmage Amnotator (VIA). This is a light weight, standalone and
offline software package that does not require any installation or setup and runs solely in a web
browser. The VIA allows human annotators to define and describe spatial regions in
images or video frames, and temporal segments in andio or video. These manual annofations
can be exported to plain text data formats such as JSON and CSV and therefore are amenable
to further p i by other software tools. VIA also supports collaborative annotation of a
large dataset by a group of human annotators. ‘The BSD open sonrce license of this software
allows it to be used in any academic project or commercial application.
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Abstract. Video annotation has gained attention because of the rapid devel-
opment of video information and wide usage of video analysis in all directions.
With the capacity of ds video at the level, video ion has
numerous applications in video analysis. Due to the shortcomings present in
manual video annotation, Automatic Video Annotation was introduced. In this
paper, distinctive methodologies of automatic video annotation are discussed.
These models are classified into five classes namely, (1) Generative models,
(2) Distance-based similarity model, (3) Discriminative model, (4) Ontology-
based models, (5) Deep Learning-based models. The key theoretical contribu-
tions in the current decade in support of video annotation strategies are dis- self-contained ITML page of size less than 400 kilobyte. This light footprint of the VIA software

cussed. Additionally, the future d concerning the research aspect of allows it to be casily shared (c.g. using cmail) and distributed amongst manual annotators. VIA can
video - ies are di d be downloaded from http: //uww. robots . ox..ac. uk/~vgg/sof tware/via.

1 Introduction

Manual annotation of a digital image, audio or video is a fundamental processing stage of many
research projects and industrial applications. Tt requires human annotators to define and describe
spatial regions associated with an image or still frame from a video, o delineate temporal segments
associated with andio or video. Spatial regions are defined using standard region shapes such as
& rectangle, circle, cllipse, point, polygon, polyline, frochand drawn mask, cte. while the temporal
segments are defined by start and end timestamps (e.g. video segment from 3.1 sec. to 9.2 sec.)
These spatial regions and temporal segments are described using textual metadata.

| arXiv:1904.10699v3 [cs.CV] 9 Aug 2019|

Tn this paper, we present a simple and standalone mannal annotation tool, the VGG Tmage Annotator
(VIA), that supports both spatial annotation of images and temporal annotation of audio and videos
Tt is written using solely ITTMT,, Javascript and CSS, and runs as an offline application in most modern
web browsers, without requiring any installation o setup. The complete VIA software fits in a single

Sinee VIA requires no installation or setup, and is up and running in a few seconds, non-technical
users can begin annotating their images, audio and video very quickly; and consequently, we have
despread adoption of this software in a large number of academic disciplines and industrial

Keywords: Automatic Video Annotation (AVA) - Deep learning + Ontology *

Feature extraction - Convolutional Neural Network (CNN) R

of each model. The mean results for both experiments
(ISP RASI and ISP RAS2) are given in the Table [4]
The evaluation script is provided by the organizers.

to this point in the document.

6. Conclusion

We proposed the approach for automatic title detection
and TOC generation for PDF financial documents with
a textual layer. We extracted lines with metadata using
Pdfminer and found existing TOCs using the regular
expressions. Empty lines, headers and footers were re-
moved from consideration. Extracted lines were trans-
formed to the feature matrix with the vector of prede-
fined features for each line. Then we used a two-stage
model for title detection and TOC generation. First, we
filter titles from all document lines using the XGBoost

4. Results

The competition results on test dataset are presented in
the table 3| (Title Detection), and tables 6] [7, [§] (TOC
generation). In addition, the best three results of the
previous year were added. Our approach ranks first
among submitted solutions in 2022 for English and
French documents, and second for Spanish documents.

5. Discussion

The two-stage model demonstrates high scores for both
tasks. But the model has disadvantages. Primarily, the
model misclassifies questionable titles, the ground truth

binary classifier. Then, we find the depths of the filtered
lines using the second XGBoost classifier. Optimal pa-
rameters for the classifiers were found to improve the

92




