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Abstract. The increasing amount of slide presentations in various sec-
tors has amplified the need for effective slide layout and semantic analy-
sis. However, we found that current slide datasets contain inconsistencies,
mislabels, and incomplete annotations. Using them as a basis for develop-
ing deep learning-based slide analysis models could lead to models that
are not robust and suboptimal. Addressing these challenges, we intro-
duce SlideCraft, a tool for creating synthetic slide datasets that imitate
real-world presentations. This tool overcomes the drawbacks of existing
datasets by allowing users to create balanced, diverse, and accurately
annotated slide data. We demonstrate SlideCraft’s efficacy in enhancing
slide layout analysis algorithms, focusing on its capability to improve
dataset quality and object detection performance. Our code and a demo
can be found at this address.

Keywords: Slide datasets · Slide analysis · Open source tool · Synthetic
dataset.

1 Introduction

Presentations in sectors such as education and research are increasingly being
recorded and shared online, particularly since the pandemic of the early 2020s.
This trend fueled a renewed interest in innovative applications for processing and
interacting with recorded digital presentations, such as summarization [30,31],
indexing [32,23,2,16], and enhanced browsing [32,23,16,2]. Slides are important
visual aids for a presentation that often drive the structure and key points of the
content of a presentation. Extracting the semantics from the slides, therefore,
is an important fundamental task that enables these downstream applications.
Much of the slides available online, however, are in image or video format, making
computational analysis and understanding of the slides a non-trivial problem.

Recent efforts in slide analysis have pivoted to data-driven, learning-based,
methods [15,28]. For such methods to be effective, there needs to be a large
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corpus of data with high-quality annotations. However, existing slide datasets
[9,8,15,28] often either suffer from inconsistencies and inaccuracies, or lack the
essential annotations [3] necessary for the development of effective analysis al-
gorithms. Beyond these issues, there are additional concerns that slow down
progress in this domain. Firstly, the process of accurately annotating slide datasets
is labor-intensive and expensive, requiring significant expertise and time to en-
sure high-quality annotations. Secondly, this challenge is compounded by the
scarcity of comprehensive slide datasets available in the public domain, limit-
ing the diversity and scope of training data for analysis algorithms. Finally,
there is often an imbalance in the type of elements present on the slides within
these datasets. For example, some classes of visual or textual elements may be
overrepresented while others are underrepresented, leading to skewed learning
outcomes and limiting the algorithms’ ability to generalize across different slide
layouts and content types.

To address these challenges, we introduce SlideCraft, a tool developed for
generating synthetic slide datasets. SlideCraft first tackles the issue of labor-
intensive annotations. Generating content with annotation eliminates the costly
and time-consuming nature of manual annotation, ensuring high-quality, consis-
tent annotations across the dataset. Second, it mitigates the scarcity of compre-
hensive slide datasets by generating a large and diverse array of realistic slides.
Finally, it addresses the imbalance in slide elements by allowing for customizable
element distribution in generated slides. This ensures a balanced representation
of both visual and textual elements. In summary, SlideCraft’s design not only
imitates real-world presentations but also methodically overcomes the existing
limitations of slide datasets, thereby facilitating the development of slide analysis
algorithms.

In this paper, we present the development, capabilities, and potential im-
pact of SlideCraft. Our focus is on its contribution to overcoming the current
limitations in slide dataset availability and quality, thereby paving the way for
future advancements in digital presentation analysis. We show that by aug-
menting the existing dataset with slides generated from our tool, we
can improve the mAP50 up to 13% on object detection models. The
source code of SlideCraft will be made publicly available for research purposes,
fostering further innovation and collaboration in the field.

2 Related Work

Studies in slide dataset creation have primarily focused on collating slides from
existing sources, with an emphasis on real-world diversity. However, these datasets
often face challenges in terms of size, annotation accuracy, consistency, and im-
balance. WiSe [9] and SPaSe [8] datasets, while offering segmentation masks
across 25 diverse classes, are limited by their small size, containing only 2000
images – a quantity insufficient for comprehensive analysis. FitVid [15] intro-
duces a more subject-diverse object detection dataset over 12 classes, yet it
comprises only 5527 images. In contrast, Slideshare-1M [3], despite being the
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largest slide collection, lacks annotations, because it was made for content re-
trieval. Meanwhile, SlideVQA [28] stands out as the most extensive annotated
slide dataset available, with 52,480 slides across 9 classes designed for object de-
tection, showcasing a step forward in annotated slide data availability. Despite
this, it faces two notable issues: a disparity between text and visual content, and
the presence of inconsistencies as shown in Figure 1.

Document layout analysis has recently garnered increased attention in the
machine learning community, a development largely fueled by the introduction
of more popular benchmarks and high-quality datasets such as DocBank [18],
DocLayNet [24], and PubLayNet [33]. These datasets have been instrumental in
advancing the field, offering comprehensive and diverse collections of document
layouts that facilitate the training and testing of sophisticated layout analysis al-
gorithms. However, despite these advancements, a significant gap remains in the
specific domain of slide layout analysis. Unlike standard documents, slides have
distinct characteristics: they are typically more visual, presented in landscape
format, and contain less structured text. Furthermore, the classification needs
for slide elements differ markedly from those in traditional document layouts.
For instance, slides often require specific classes for elements like bullet points,
titles, and visual aids, which are not commonly accounted for in general docu-
ment layout datasets. The existing datasets, while robust for general document
analysis, fall short of addressing the unique demands of slide presentations and
potential applications.

Specialized datasets focused on document elements like tables [17], charts
[21], diagrams [14], plots ([22]), equations [6] and handwriting [20] have been
developed to encourage better analysis and recognition. Given that slide presen-
tations often incorporate such elements, leveraging these specific datasets within
SlideCraft presents an excellent opportunity to refine and broaden the analysis
capabilities of models trained using SlideCraft-generated slides.

Historically, synthetic datasets have been approached with caution in ma-
chine learning applications due to their tendency to diverge from real-world
scenarios. This divergence often results in a performance gap when algorithms
trained on synthetic data are applied to actual tasks. In contrast to this trend,
some researchers have employed advanced techniques like Generative Adversar-
ial Networks (GANs) to create more realistic synthetic datasets [7,5,4]. These
methods involve training neural networks to generate data that closely mimic
real-world scenarios, a technique that has shown promise in fields such as im-
age and document generation but which cannot be easily used to create reliable
annotations. Others have utilized photorealistic open-world computer games to
generate large datasets, offering reliable pixel-level semantic annotations for en-
hanced accuracy in various applications [27].

Furthermore, another approach in the generation of synthetic datasets for
document layout analysis has involved creating layouts first by using a gener-
ative model and then populating them with content [25]. This method targets
article layouts, where the focus is on arranging text and graphical elements in
a manner consistent with traditional document formats, thereby creating syn-
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Fig. 1. SlideVQA contains some inconsistencies and errors. The Obj-Text class which
represents all the text seen on any graphical elements (Image, Diagram, Table, Figure)
is not always annotated. Moreover, there is some confusion between the class Figure
and Diagram shown in the last two slides. Even though they are both horizontal charts,
one is labeled as Diagram and in the other, as Figure. This affects training performance
and evaluation reliability.
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thetic datasets that resemble the structure of real-world documents. However,
these techniques are predominantly tailored to the needs of standard document
layouts, such as articles and reports, and do not directly address the unique
requirements of slide presentations, such as having more visual content such as
charts, graphs, and images, as well as the necessity to accommodate diverse lay-
outs. The semantic organization within slides, how information is structured and
prioritized, differs significantly from traditional documents, necessitating tools,
and datasets specifically designed to understand and generate these visually ori-
ented formats.

We provide a detailed analysis of SlideCraft in the next section.

3 SlideCraft

SlideCraft is a tool designed for generating extensive, labeled datasets for train-
ing learning-based slide layout analysis methods. Its primary function is to fa-
cilitate the production of a wide array of annotated slide data. This tool op-
erates through a set of flexible rules that ensure the generation of coherent,
well-structured, and readable presentations. These rules can be dynamically ad-
justed by users, allowing for the creation of customized layouts and styles to suit
specific requirements.

The tool can be broken into four components, each responsible for generating
a different element: content, layout, style, and annotation. Figure 2 shows the
whole pipeline of SlideCraft.

Fig. 2. Pipeline of SlideCraft
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3.1 Content

The content component of SlideCraft is integral to generating the textual and
visual elements of the slides, with primary reliance on Wikipedia articles for
source material in our current implementation (the source material could come
from anywhere). Each section and subsection of an article is adeptly converted
into an individual slide, aligning with the original content’s structure. To adapt
the typically lengthy and detailed text from Wikipedia articles to a slide-friendly
format, we employed Mistral-7B [11], a Large Language Model, for summariza-
tion. This LLM was tasked with distilling the textual elements into bullet points
and short sentences, which are more suitable for the concise and direct nature
of slide presentations.

However, given that Wikipedia articles are predominantly text-based and
slides necessitate a strong visual component, we introduce the possibility of
supplementing them with various graphical elements from other public datasets.
This addition includes charts (ChartQA [21]), plots (PlotQA [22]), diagrams
(AI2D [14]), tables (TableBank [17]), equations (im2latex-100k [6]), handwriting
(IAM-OnDB [20]), logos (Logodet-3k [29]) and more. While incorporating these
diverse visual elements could introduce a degree of incoherence with the original
text, it is a deliberate choice aimed at enhancing the overall visual diversity
of the slides. This step is beneficial for the primary objective of the tool - to
improve the performance of slide layout analysis algorithms. We show in our
experiments that the use of this additional material helps to improve object
detection performance in several classes.

By expanding the range of visual content in the slides, we provide a richer and
more challenging dataset for training these algorithms, ultimately contributing
to their enhanced accuracy and effectiveness in real-world applications.

3.2 Layout

The layout component is crucial in determining the arrangement and presenta-
tion of content within each slide. This component is designed to emulate tradi-
tional layouts commonly found in popular presentation tools like Google Slides
and PowerPoint. It assesses the quantity and type of content elements - be it
text, images, or graphical data - and selects the most suitable layout for each
slide. The decision-making process is guided by principles of design and read-
ability, ensuring that the final output is not only visually appealing but also
easy to comprehend. To actualize these layouts, we utilize Marp [1], a versa-
tile tool that enables the creation of slides using Markdown, HTML, and CSS.
Marp’s flexibility and simplicity allow for efficient translation of the chosen lay-
outs into polished slides. Based on the content, we choose a template tailored
to the content, and we generate a markdown file that contains instructions for
Marp to translate into a slide in HTML format. Templates are written in HTML
and CSS and contain code to create layouts with columns, headers, footers, and
different positions for elements. This approach ensures that SlideCraft can pro-
duce slides that are aesthetically consistent with standard presentation formats,
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thereby making the generated datasets ideal for enhancing slide layout analysis
algorithms. Figure 3 shows some examples of layouts we can generate.

A probability system also plays a part in determining the composition of each
slide. This system allows for control over the occurrence probabilities of various
elements within the slides. Users can adjust the generation process by specifying
the weights for different classes and determining their inclusion in a slide in a
greedy way. The system plays a role both in the content phase, where it deter-
mines the likelihood of incorporating external content, and in the layout phase,
deciding whether to include specific classes like titles, headers, and footers. This
feature is particularly beneficial when aiming to balance an existing dataset or
when focusing on enhancing specific classes that may be underrepresented or in-
adequately portrayed in the dataset. By adjusting these probabilities, we can tai-
lor the layout of the slides to address specific needs or deficiencies in the dataset.
For example, if the initial analysis indicates that slides with diagrams are less
frequent, the system can be configured to generate more slides with diagrams.
This level of customization in the layout component not only adds versatility to
SlideCraft, but also ensures that the resulting dataset is well-rounded and accu-
rately reflective of diverse presentation scenarios. Such targeted adjustments are
instrumental in fine-tuning the dataset for more effective training and evaluation
of slide layout analysis models.

3.3 Style

The style component is responsible for the aesthetic diversity of the slides. This
component operates by randomly selecting various stylistic parameters to ensure
that each slide is distinct from the others, but can also be modified to target
certain styles of slides. These parameters include a wide range of elements such
as colors for different text sections (like paragraphs, titles, headers, and footers),
font types, text sizes, the degree of text boldness, and more. Additionally, it also
encompasses choices for background styles and colors. This is done through the
modification of the CSS in the markdown files read by Marp.

Randomization in selecting these stylistic features is key to producing a
dataset with high variability. This diversity is not merely cosmetic; it is needed
for the robustness of the slide layout analysis algorithms. By exposing these al-
gorithms to diverse styles, we challenge and enhance their ability to accurately
analyze and interpret slides across a broad spectrum of designs. In doing so, the
style component contributes to the generation of a comprehensive and varied
dataset. Figure 4 shows some outputs of SlideCraft with different layouts and
styles, and Figure 5 shows the same but for the same source material.

While SlideCraft represents the first attempt at creating a synthetic slide
dataset for slide layout analysis, it is important to acknowledge its limitations
in replicating the full spectrum of slide styles. The tool is not designed to mimic
every possible type of slide, as the variety and complexity of presentation styles
are vast and often context-specific. However, our goal with SlideCraft is to cover
the most common and widely used slide styles. By focusing on these prevalent
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Fig. 3. Examples of different layouts: different number of columns, display of header
and footer, display of the title. The number of elements taken from the content can be
adjusted to choose between more visual or more textual output.

formats, we aim to provide a comprehensive and representative dataset that re-
flects the majority of real-world scenarios. This strategic approach allows us to
optimize the tool’s effectiveness in training and improving slide layout analy-
sis algorithms, while realistically addressing the practical constraints of such a
generative system.

3.4 Annotations

SlideCraft generates annotations through the processing of the HTML generated
by Marp for each slide. We employ JavaScript to access each text element within
the Document Object Model (DOM) and obtain precise bounding boxes for
these elements. To enhance accuracy, we modify the HTML by adding span tags
around paragraphs and words, enabling us to capture more detailed bounding
boxes around the text at a paragraph and word level. This approach ensures
precise demarcation of text elements, critical for effective layout analysis.

In parallel, segmentation masks are created by isolating individual elements
on the slides with CSS and computing the image difference. This method is
particularly effective for identifying and delineating graphical elements within
the slides.

For the classification of text elements, we use two information. Primarily, we
rely on HTML tags to determine their classes (e.g., ’p’ for general text, ’li’ for
bullet points, ’h1’ for titles, etc.). Additionally, we incorporate class information
derived during the layout computation phase, further refining the accuracy of
our text annotations.

Graphical elements, on the other hand, are annotated based on the clas-
sifications available from the labeled images we use from existing datasets. By
incorporating these pre-labeled images into our slides, we ensure that each graph-
ical element is accurately categorized, significantly enhancing the reliability of
our annotations. We also apply OCR to graphical elements to extract bounding
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Fig. 4. Examples of SlideCraft’s generated slides. Different styles and layouts are
shown. Colors, backgrounds, font size, and font style are chosen randomly to increase
the diversity of the generation.
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