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Figure 1: Intelligent PDF Tagging (iTagPDF) automatically produces three kinds of PDF accessibility metadata: (a) 

content regions and their locations (tags), (b) their reading order, and (c) content specific metadata, such as structure 

information for tables and alt texts for figures and formulas. iTagPDF is the first to combine all major tasks of making 

a PDF accessible into one tool, and outperforms all prior approaches by jointly modeling the input source and the 

rendered pixels of the PDF. 

Abstract 

Most academic research is ultimately disseminated through 

documents in the PDF format. This format has advantages in 

flexibility and portability, but presents challenges for accessi- 

bility that have stubbornly resisted solutions despite decades 

of attempts. Tagging PDFs is hard to automate because tags are 

currently generated visually, not semantically, which makes
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the output cluttered and manual correction tedious and error- 

prone. Ironically, this semantic structure already exists during 

authoring but is discarded during PDF rendering. This raises 

an obvious question, can we use this lost semantic information 

to better automate tagging in PDFs? In this paper, we develop 

iTagPDF , a system that refines generated metadata using the 

semantics in the source documents of research papers. We 

demonstrate that the metadata generated by iTagPDF already 

surpasses what authors currently submit to ACM conferences 

on many criteria. Our approach represents a concrete step to- 

ward finally automating accessibility remediation in research 

paper PDFs.
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1 Introduction 

Most academic research is disseminated through documents in 

the Portable Document Format (PDF), primarily because this 

format preserves formatting across many different platforms. 

Originally a proprietary printer format introduced by Adobe, 

PDF has evolved significantly over the decades into a versatile 

and flexible format with an open standard. Despite this, persis- 

tent challenges remain in ensuring that documents prepared 

in this format consistently include the metadata necessary to 

make them accessible to people with disabilities [ 2 , 3 ]. These 

challenges are inextricably tied to the complicated and confus- 

ing procedures required to make a PDF accessible. The PDF 

format is used almost exclusively in the academic community 

despite its shortcomings. 

Making a PDF accessible requires three primary kinds of 

metadata, which directly translate to how assistive technology 

conveys the content: (i) tagging individual sections of the PDF 

content according to their type and location on the page ( e.g. , 

heading, paragraph, figure, etc.), (ii) defining an appropriate 

reading order, and (iii) providing content-specific metadata 

( e.g. , alternative text description for images or structured in- 

formation for tables and lists). 

The tools available for providing this necessary metadata 

(called accessibility remediation) are tedious to use and it is 

difficult to know if you have made the PDF accessible correctly. 

Although a number of tools exist for PDF remediation [ 1 , 7 , 32 ], 

they mostly work in the same way – the tool visualizes each 

page of the PDF document including any existing metadata 

information and the user must manually provide (or fix) the 

metadata. Because the metadata is only visible via special- 

ized remediation tools and assistive technologies, it often goes 

unchecked or even accidentally removed during various pro- 

cessing steps during publication. 

Given the general difficulty of working with PDFs, several 

projects have instead approached the problem as one of trans- 

forming the PDF into formats that are easier to work with, 

such as HTML. As an example, one goal of the ACM TAPS 

1 

process is to gather sufficient data from authors in order to 

produce papers in multiple formats, including both PDF and 

HTML. Despite extensive work in preparing source documents 

to comply with TAPS, authors still need to manually remedi- 

ate their PDFs for them to be accessible. HTML versions are

1 https://authors.acm.org/proceedings/production-information/taps- 

production-workflow 

created as part of the ACM Digital Library, but they tend not 

to be as easily available or shared, such as on an offline device 

or authors’ homepages. 

In this work, we explore if we can leverage the multiple 

representations of papers that are naturally created during 

the authoring process for automatic research paper PDF re- 

mediation. We build a system called iTagPDF that uses this 

combined representation to create highly accurate tags in the 

correct reading order. To evaluate iTagPDF, we create a first- 

of-kind dataset for academic paper PDFs that includes metrics 

specifically created for accessibility. 

In particular, we leverage both the source document of 

the paper (LaTeX) and its visual rendering (PDF). The visual 

rendering is an important source because it is the final output 

that readers are assumed to have, and is the result of multiple 

steps during the publication process that are difficult to capture 

from source alone. We use the visual rendering in two ways – 

first, we run a state-of-the-art object detection model on the 

visual rendering of the PDF, and also we run optical character 

recognition on each segment to determine what text it contains. 

These steps produce two sets of visual bounding boxes to 

ground the location of the text visually on the page. We then 

use the text as an index into the source document, which we 

use to find related metadata ( e.g. , heading levels, alt texts), and 

also to influence reading order where visual layout is unclear 

(common in two column formats). 

We believe our method is starting to approach the quality 

level needed to perform tagging and reading order remediation 

automatically. While we advise being appropriately cautious, 

we are not the first to recognize that AI may be starting to get 

to the point where it may obviate the need for human interven- 

tion and that this may allow us to finally solve long-standing 

problems in accessibility [ 36 ]. In the particular instance of PDF 

tagging and reading order, we believe this is likely to become 

nearly solved because the information necessary to do this 

well is already available when producing PDFs, it just exists 

in disparate sources. 

In summary, this paper contributes the following: 

• iTagPDF : An automatic PDF remediation system that 

combines the visual and source representations of PDFs 

to better detect tags, their reading order, and content 

specific metadata. 

• A new dataset and associated metrics targeted at what 

matters for accessibility of PDF research papers. 

• An evaluation of our novel method establishing a strong 

baseline for this dataset. 

2 Related Work 

Making academic paper PDFs accessible has remained a persis- 

tent challenge over the past decade [ 3 , 10 ]. This is partly due 

to the technical limitations of existing PDF remediation tools, 

and partly due to the human challenges involved in the au- 

thoring process. We discuss these challenges and examine the 

emerging role of vision-language models in PDF accessibility.

https://doi.org/10.1145/3772318.3790289
https://authors.acm.org/proceedings/production-information/taps-production-workflow
https://authors.acm.org/proceedings/production-information/taps-production-workflow
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2.1 Human Challenges in Authoring 

Accessible Research Papers 

The research community overwhelmingly relies on PDF as the 

standard format for disseminating academic papers because 

of its consistency, portability, and print fidelity. However, this 

choice significantly undermines accessibility. To make a PDF 

accessible, authors must proactively supply the required ac- 

cessibility metadata, i.e., its underlying semantic markup, that 

enables assistive technologies, such as screen readers, to inter- 

pret the document’s content correctly. Unsurprisingly, authors 

often fail to provide this metadata consistently or at adequate 

quality, rendering most academic content inaccessible to peo- 

ple with disabilities, as the following studies demonstrate. 

A decade ago, Brady et al. [ 3 ] examined the accessibility of 

1.8k PDFs published at ACM venues and found only a fraction 

of papers were tagged, even in conferences related to accessi- 

bility, with particularly poor coverage at CHI (<26.8%). Wang et 

al. [ 39 ] expanded this analysis through automated evaluation 

of roughly 11k academic PDFs from diverse venues and noted 

that only 2.4% papers were compliant with Adobe-5 standards. 

Unfortunately, these numbers have seen little improvement 

to this day, with Kumar et al. [ 10 ] recently reporting just 3.2% 

compliance among the ∼ 20k papers they assesed using the 

Adobe-6 standards. 

Lazar et al. [ 11 ] inspected the accessibility of multiple years 

of CHI proceedings and compared several intervention strate- 

gies including requesting, mandating, or distributing the re- 

sponsibility for PDF remediation among authors and other 

stakeholders in the publishing process. They reported that 

even in the year when authors received considerable feedback 

about the accessibility issues in their submissions, the propor- 

tion of tagged PDFs only increased marginally (from 20.6% to 

26.8%) and failed to sustain in the subsequent years. Bigham 

et al. [ 2 ] further detailed why authors neglected in making 

their documents accessible. They argued authors lacked suffi- 

cient incentives to engage with a complex remediation process, 

largely due to inadequate tooling. At the time, they noted that 

the community had already been waiting nearly a decade for 

better tools, and cautioned that even if such tools were even- 

tually improved, it would remain unclear whether authors 

would use them effectively (or at all). 

Menzies et al. [ 17 ] studied author perspectives on creating 

accessible documents and revealed many challenges in PDF 

remediation such as the laborious nature of the process, re- 

quirement for specialized knowledge, difficulties in verifying 

correctness, reliance on expensive software, and complica- 

tions introduced by the publishing workflow (e.g., re-running 

the software for every submission, publishers inadvertently 

stripping metadata, and the process typically being left to the 

last stage before deadlines). Notably, they underscored how 

authors with disabilities faced additional barriers due to the 

inaccessibility of remediation tools themselves, which delayed 

their progress and limited their agency. For example, the pro- 

cess of visually tagging a PDF itself is inaccessible to blind 

authors. These findings make it clear that expecting authors 

to manually make their PDFs accessible is neither effective 

nor viable, underscoring the importance of shifting toward 

automated solutions. 

2.2 Tooling for Making PDFs Accessible 

Though making PDFs automatically accessible seems like a 

solvable problem, those who have worked on it have noted 

that it is a messy problem requiring substantial engineering 

effort [ 2 ]. This is because PDFs are rooted in visual formatting, 

which makes it difficult to extract their underlying structure. 

Three kinds of tools have been developed to tackle PDF acces- 

sibility: (i) borne-accessible PDF creation platforms, (ii) PDF 

remediation software, and (iii) PDF to HTML (or other ac- 

cessible formats) conversion tools. We discuss the individual 

benefits and limitations of each of these categories below. 

Some PDF creation platforms, such as Microsoft Word, en- 

able authors to export an accessible PDF directly from the edi- 

tor. However, this approach has two major drawbacks. First, 

both Wang et al. [ 39 ] and Kumar et al. [ 10 ] found that ac- 

cessibility compliance varies substantially by the typesetting 

platform, with Microsoft Word producing the most accessi- 

ble PDFs while LaTeX invariably yielding the least. Second, 

Rajkumar et al. [ 30 ] noted that even correctly generated borne- 

accessible PDFs often still required additional remediation. 

These limitations have motivated long-standing efforts to 

produce borne-accessible PDFs specifically within the LaTeX 

ecosystem. Some packages in LaTeX (such as pdfx 

2 , hyper- 

xmp 

3 , accessibility 

4 ) provide partial support for embedding 

metadata directly in generated PDFs but do not fully automate 

tagging of the document structure. The LaTeX Tagged PDF 

project [ 21 ] initiated in 2020 as a multi-year effort, aims to 

enable the generation of fully accessible PDFs using LaTeX. 

It seeks to overcome the limitation whereby LaTeX discards 

much of the document’s contained semantic structure when 

producing a PDF, as noted by prior work [ 2 , 21 , 30 ]. However, 

even five years after its initiation, recent updates note that the 

project supports automatic generation of accessible PDFs for 

only a subset of LaTeX documents that import packages from 

a small pre-defined list [18, 19]. 

PDF remediation software, particularly Adobe Acrobat [ 1 ], 

has become the de facto standard for making academic PDFs 

accessible as it can be applied regardless of the original PDF 

creation process. However, as discussed in the previous sub- 

section, prior works [ 2 , 17 ] have extensively documented the 

challenges of using Acrobat, including the high cost of soft- 

ware license, an unintuitive user interface, and the low-quality 

of automated tags requiring authors to manually review and 

correct them. Prior work has assessed the usability of exist- 

ing open-source tools [ 30 ] such as PAVE 

5 , and developed AI- 

supported PDF remediation tools with more intuitive user 

interfaces, including as the earlier Ally [ 29 ] and the latest 

PAVE 2.0 by Schmitt-Koopmann et al. [ 32 ]. However, while
2 https://ctan.org/pkg/pdfx 

3 https://ctan.org/pkg/hyperxmp 

4 https://ctan.org/tex-archive/macros/latex/contrib/accessibility 

5 https://pave-pdf.org/?lang=en

https://ctan.org/pkg/pdfx
https://ctan.org/pkg/hyperxmp
https://ctan.org/tex-archive/macros/latex/contrib/accessibility
https://pave-pdf.org/?lang=en
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Figure 2: Visualizations of metadata generated for a research paper [ 27 ] by (a) accessibility remediation tools (i, v 

in blue), (b) machine learning pipelines for document layout analysis (ii–iv in lilac), (c) vision-language models for 

object detection (vi–viii in green), and (d) iTagPDF (ix). Existing approaches rely solely on visual features of the PDF, 

producing cluttered, incomplete or incorrect metadata. In contrast, the metadata identified visually by iTagPDF is 

further refined using additional context from source documents (e.g., LaTeX source files), resulting in cleaner and 

more semantically accurate results. 

Ally was notably inaccessible due to the dexterity required for 

drawing reading order arrows with a mouse, PAVE 2.0 cannot 

automatically detect elements such as captions and footnotes 

because of limitations in the classes included in its training 

dataset. Schmitt-Koopmann et al. further disclosed that 20% of 

their participants were willing to spend only under a minute 

per page to make their PDFs accessible and longed for a fully 

automated approach to tagging PDFs. Nonetheless, no prior 

tool fully automates PDF accessibility remediation, due to the 

inherently intractable nature of retroactively tagging PDFs. 

Consequently, tools such as SciA11y [ 39 ] and Paper to 

HTML [ 38 ] have been developed to convert PDFs into more 

accessible and interactive HTML formats. Complementarily, 

Brinn et al. [ 4 ] conducted user research suggesting that pro- 

viding an HTML version of an academic paper, alongside the 

PDF and TeX source, could substantially improve the accessi- 

bility of the research posted on arXiv. Notably, Frankston et 

al. [ 8 ] observed that working directly from the source docu- 

ments provided a superior starting point compared to PDFs, 

which is why platforms like ar5iv and the ACM Digital Library 

directly convert source files into accessible HTML. Despite 

these efforts, the uptake of alternative formats in scholarly 

communication remains severely limited, with even CHI and 

ASSETS venues requiring PDF submissions for review. 

While prior work generally underscores the importance of 

source documents and the loss of semantic markup in visual 

PDFs, it is surprising that no research has addressed preserving 

this structure within the PDF itself. While seemingly straight- 

forward, this problem remains unsolved, motivating us to 

explore whether recent advances in vision-language models 

can help bridge the gap. 

2.3 Can Vision-Language Models Help? 

Recent advances in document understanding rely heavily on 

machine learning pipelines (including large language models) 

that attempt to parse layout, extract text, and even answer 

questions (e.g., DocVQA [ 16 ]). These tasks are useful for in- 

formation retrieval and limited forms of semantic linking, and 

they are sometimes used downstream in systems that convert 

PDFs to alternative formats (for example, both SciA11y and 

Paper to HTML use the GROBID ML pipeline [ 15 ]). However, 

these tasks remain narrow in scope and are unable to recover 

the precise spatial structure or order required to visually tag 

PDFs themselves. 

Object Detection models, such as YOLO [ 31 ], trained or 

fine-tuned on document layout datasets ( e.g., PubLayNet [ 41 ], 

DocLayNet [ 28 ] or DocBank [ 13 ]) can often detect visual ele- 

ments on pages like text and figures with high accuracy. How- 

ever, they struggle to distinguish finer semantic categories like
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Figure 3: iTagPDF combines multiple representations of a PDF document. Illustrated in this figure are the steps it 

follows on a research paper PDF [ 12 ]: (i) processes the visual rendering of PDFs (blue background), (ii) parses the 

source document (lilac background) and finally, (iii) aligns the visual and source representations using a large language 

model (LLM). 

paragraphs and captions. Moreover, they are limited to a fixed 

set of labels and often overlook elements important for accessi- 

bility, such as background artifacts. In theory, vision-language 

models (VLMs) like GPT-4V for object detection could over- 

come these limitations by using free-form text prompts to infer 

more nuanced structure. In practice, however, most existing 

approaches [ 5 , 6 , 14 ] perform poorly on document tagging 

tasks (see Figure 2), likely due to the scarcity of semantically 

tagged documents in their training sets. 

Still, the notion of providing “context” offers a promising 

direction. Our key insight is that source documents can supply 

the missing semantic context needed for PDF tagging in these 

foundation models. In our work, we explore an in-context 

learning approach to build a semantically richer context by 

combining the source and visual representations of the PDF. 

Then, we build a system leverages this context to guide and 

refine visual tags in their corresponding PDFs. 

3 Combining PDF Visual and Source 

Representations 

We propose a new method that combines the visual and source 

representations of a PDF document to gather semantic context 

that can then be used further for tagging a PDF far more ac- 

curately than visual-only methods. Our method (see Figure 3) 

comprises of three steps: i) processing the visual rendering 

(PDF pages), ii) parsing the source document ( e.g. , LaTeX files), 

and finally, iii) aligning both representations using a large 

language model (LLM). 

3.1 Visual Rendering (PDF) Processing 

The first step is to identify content regions and their respec- 

tive types in page images extracted from PDFs. These regions 

may include headings, tables, figures, and paragraphs. This 

is achieved by performing inference on an object detection 

model fine-tuned on document images, which outputs bound- 

ing boxes, labels, and confidence scores for each PDF page. 

Then, text contained on the page is extracted using an Op- 

tical Character Recognition (OCR) system. OCRs typically 

output word-level bounding boxes for all detected text on 

the page, along with the corresponding recognized text. Each 

word-level bounding box is then mapped to the corresponding 

predicted content region, and the recognized text is aggregated 

within each region. If textual content exists outside the current 

set of content regions, it is considered standalone and added 

as an individual text content region. 

3.2 Source Document Parsing 

Concurrently, the input source document(s) are linearized to 

form a single semantic context for further remediation of the 

generated content regions. This can be implemented via a 

custom LaTeX parser. Our parser processes the main.tex file 

and recursively incorporates content from all included files 

(e.g., <section>.tex and main.bbl). 

This semantic context is pre-processed to remove com- 

ments, package imports, and other non-visual metadata. The 

cleaned document is then segmented into “chunks” – snippets 

of LaTeX code that are expected to render distinct visual con- 

tent regions on a page. These chunks may include elements 

such as the title ( \title{} ), section headings ( \section{} or



CHI ’26, April 13–17, 2026, Barcelona, Spain Peya Mowar, Aaron Steinfeld, and Jeffrey P Bigham 

\subsection{} ), authors ( \author{} ), lists \begin{itemize} 

or \begin{enumerate} ), references ( @article{} ), footnotes 

(\footnote{}), and other meaningful constructs. 

3.3 Aligning Visual and Source 

Representations 

To combine visual and semantic representations, the OCR text 

output is aligned with the corresponding semantic chunk for 

each content region. Candidate semantic chunks are sorted 

and filtered based on their forward and reverse word overlap 

scores with the OCR content. Let 𝑇 be the multi-set of words in 

the OCR text, and 𝑆 be the multi-set of words in the semantic 

snippet, then these scores are computed as: 

Forward_Overlap(𝑆,𝑇 ) = 

|𝑆 ∩𝑇 |
|𝑇 | 

(1) 

Reverse_Overlap(𝑆,𝑇 ) = 

|𝑆 ∩𝑇 |
|𝑆 | 

(2) 

Considering both these scores ensures the semantic chunk 

sufficiently explains the OCR text (forward), and that the OCR 

text meaningfully reflects the snippet chunk (reverse). This list 

of candidate chunks is then further filtered by prompting an 

LLM agent. Keeping an LLM in the loop helps reliably interpret 

noisy OCR text, recall semantic structure from ambiguous 

syntax, and handle edge cases that heuristics might struggle to 

resolve. The prompt instruction highlights given to the LLM 

agent are as follows:

Task : “You are given OCR text from a rendered LaTeX doc- 

ument and a list of LaTeX source chunks. Your task is to 

identify which specific LaTeX chunk(s) most likely rendered 

the visual content from the OCR output.” 

Input : OCR Text: {ocr_text} , LaTeX Chunks (with IDs): 

[{chunk_snippet},...] 

Output : JSON ordered list of chunk identifiers, e.g., 

["chunk_001","chunk_011",...] 

Instructions: 

• Identify the smallest set of chunks that best explain 

the OCR text. Each selected chunk must contribute 

content not already covered by earlier ones. Do not 

include multiple chunks that contain the same con- 

tent. 

• It is acceptable for a chunk to contain extra content, 

as long as part of it matches the OCR. Matching does 

not need to be exact. (E.g., \begin{abstract} ) may 

also render the ABSTRACT heading. However, the 

OCR text needs to reasonably be present in the code 

content. 

• If the OCR text contains metadata likely from back- 

ground elements (e.g., asides, repetitive headers and 

footers), such as the ACM reference format, submis- 

sion dates, copyright information, or if none of the 

LaTeX chunks plausibly match the OCR text, return 

an empty list:[]

The LLM agent returns an initial mapping of semantic 

chunks to content regions, identifying which snippets most 

plausibly render each visual element. The content regions are 

further refined using this mapping through two targeted ad- 

justments which are detailed below. These refinements are 

applied recursively until no further changes occur in the con- 

tent regions or their associated mappings. 

• Splitting or Merging Content Regions : When one 

content region maps to multiple semantic chunks, dis- 

tinct elements ( e.g. , a section and a subsection header) 

have been erroneously merged into one content region. 

Conversely, when multiple content regions correspond 

to a single semantic chunk, a coherent visual element, 

such as a paragraph or list, has been incorrectly frag- 

mented into several bounding boxes. Bounding box area 

heuristics are used to correct such cases. 

• Mapping Figures to Semantic Chunks : Since our 

mapping is based on text overlap, it does not asso- 

ciate visual elements with their corresponding semantic 

chunks ( i.e. , \begin{figure} blocks). Content regions 

labeled as Picture in DocLayNet taxonomy are associ- 

ated with the nearest text region that has already been 

assigned to a figure chunk (typically the caption). A 

visual proximity heuristic (threshold: 4% page height) 

is used to determine this mapping. 

4 Intelligent PDF Tagging (iTagPDF) 

iTagPDF processes the PDF visually to generate content re- 

gions and refines them by taking additional semantic context 

from the source documents. The specific implementations of 

the modules in iTagPDF are detailed in Table 1. Using a com- 

bined visual and source representation, iTagPDF ultimately 

produces and embeds content tags in a coherent reading order 

(see Figure 4), and other content specific accessibility metadata. 

After generating the accessibility metadata, iTagPDF automat- 

ically invokes a Java script using the iText Core library 

6 to 

embed this metadata in the PDF. 

4.1 Content Regions 

After obtaining the mapped semantic chunk for each content 

region, iTagPDF applies a combination of regular expressions 

against the semantic chunk to correct or refine the visual label 

and generate appropriate content tags. A content region not 

mapped to any semantic chunk, i.e., not added by the author 

in the source document, is treated as an <Artifact> . Our 

current implementation of iTagPDF produces 13 document- 

level tags: <H1:H3> , <P> , <Caption> , <Table> , <L> , <Figure> , 

<Artifact> , <Note> , <Formula> , <BibEntry> , and <Author> , 

and 3 content-specific tags: <TH>, <TD>, and <LI>.

6 iText is a PDF SDK library for developers that provides enables low-level 

modification of the PDF structure, including the document’s XMP metadata 

stream and the construction of a PDF tag tree.
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Figure 4: The combined mapping of visual and source representations are used to generate accessibility tags in a 

coherent reading order. The semantic chunk corresponding to a content region acts as an index for sorting the tags 

based on the original source documents. 

4.2 Reading Order 

iTagPDF considers the semantic chunk associated with each 

content region as an anchor for recovering the intended read- 

ing order of the PDF. Specifically, it sorts content regions on 

each page based on the position of their corresponding seman- 

tic chunk in the source LaTeX file. This ensures the reading 

order follows the author intent: for example, reading footnotes 

at their mention, paragraphs spanning columns uninterrupted, 

associating figures with their captions, and skipping artifacts. 

4.3 Content Specific Metadata 

4.3.1 Tables. iTagPDF further tags the structure of each table 

in the PDF. For each content region tagged as a <Table> , the 

region is cropped, and inference with another table-level ob- 

ject detector is performed on the cropped image. This object 

detector produces bounding boxes for each cell (wired or un- 

wired) in the table. The text is extracted for each cell via the 

OCR module, and passed on to an LLM agent along with the 

semantic chunk associated with the table. The LLM agent is 

asked whether the cell is a row header, column header, or a 

data value. It’s response is then parsed to further generate the 

<TH> and <TD> tags. The prompt instructions to the LLM are 

as follows:

Task : “You are given OCR text for a cell in the table and the 

LaTeX code that rendered the table. Your task is to identify 

whether the cell should be tagged as a table header (TH) or 

a table data (TD) cell. If the cell is a header, specify whether 

it is a row header or a column header.” 

Input: 

Cell OCR Text: {ocr_text} 

Table LaTeX Code: {latex_code} 

Output:

Respond strictly in the format: 

Label: TH or TD 

Role: row or column or none (if not a header cell)

4.3.2 Headings. iTagPDF uses the semantic chunk for each 

heading to determine its level. The title ( \title{} ) of the 

paper is tagged as <H1> , while section ( \section{} ) and sub- 

section headers ( \subsection{} ) are tagged as <H2> and <H3> 

respectively. iTagPDF also generates <Author> tags that map 

to the <P> role, following ACM’s recommended practice for 

tagging author blocks in academic PDFs. 

4.3.3 Lists. The current implementation of the document- 

level object detector in iTagPDF automatically identifies list 

items ( <LI> ) on the page. During content region refinement 

(Section 3.3), iTagPDF determines whether the list items corre- 

spond to a single semantic chunk, i.e. , a single list, and merges 

the corresponding regions to generate a list tag ( <L> ). Cur- 

rently, iTagPDF does not handle references as list elements. 

4.3.4 Formulas. Since the semantic chunks already contain 

the original LaTeX source for all mathematical equations in 

the PDF, iTagPDF embeds the raw LaTeX directly as its alt text, 

rather than attempting to re-render or translate the math. Our 

current implementation does not yet identify inline formulas, 

future versions of iTagPDF could include support for them. 

4.3.5 Figures. For generating an alternative text description 

for a figure in the PDF, iTagPDF first checks if the author has 

already provided it in the LaTeX code ( \Description{} ). If 

this description is not found, iTagPDF prompts an LLM agent 

to automatically describe the figure. The prompt to the agent 

(derived from the instructions on creating accessible figures
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Module Implementation

Document-Level Object Detector Ultralytics YOLOv11 model [9] fine-tuned 

7 on the DocLayNet dataset [28]

Optical Character Recognition (OCR) Google’s Tesseract OCR Engine [34] via PyTesseract v0.3.13 

8

Parsing and Splitting LaTeX Files Custom Python-based parser with regular expressions

Large Language Model (LLM) Agent OpenAI GPT-4o

Table-Level Object Detector Real-Time Detection Transformer (RT-DETR) [40] trained by PaddleOCR 

9

Embedding Generated Metadata in PDF iText Core SDK/Library 

10,11

Table 1: Implementation of the different modules in the iTagPDF system. 

provided to authors by ACM DIS 

12 ) is given in Appendix A. 

5 Experiments 

We performed a manual evaluation of iTagPDF by assembling 

a dataset of ACM research papers along with their source files. 

We adapted and redefined classical machine learning (ML) met- 

rics to suit the specific challenges of PDF tagging, providing 

a more accurate estimate of automated tagging performance. 

Our system’s results serve as a baseline for the broader re- 

search community. Finally, we manually assessed how well 

iTagPDF-generated metadata met the PDF accessibility criteria 

based on recent work [32]. 

5.1 Dataset Creation 

Authors often post their pre-prints online on arXiv in the 

source document format. We searched for papers published at 

the ACM CHI and ASSETS conferences on arXiv over the past 

six years (2019–2024), filtering for entries that included source 

documents. We selected these conferences because ACM AS- 

SETS requires authors to tag their PDFs for accessibility, while 

CHI strongly encourages it. Both venues are also well known 

for publishing accessible computing research, so authors are 

more likely to be familiar with accessibility standards. Addi- 

tionally, we aimed to download the most recently published 

papers, assuming that authors would have access to the latest 

PDF remediation tools. As such, these PDFs were more likely 

to be tagged for accessibility. For each paper, we downloaded 

the LaTeX source from arXiv and the corresponding PDF from 

the ACM Digital Library to obtain the authors’ final submitted, 

tagged versions. We discarded any entries where the arXiv 

version differed from the ACM version. In total, we collected 

40 research paper PDFs (20 CHI; 20 ASSETS), comprising 554 

pages (297 CHI; 257 ASSETS) and over 10,000 visual segments 

that required tagging.

7 https://github.com/moured/YOLOv11-Document-Layout-Analysis 

8 https://pypi.org/project/pytesseract/ 

9 https://www.paddleocr.ai/main/en/version3.x/module_usage/table_cells_ 

detection.html 

10 https://itextpdf.com/solutions/universal-accessibility-pdfua 

11 https://github.com/itext/itext-java 

12 https://dis.acm.org/2023/creating-accessible-figures-and-tables/ 

5.2 Metadata Quality Metrics 

To evaluate the quality of automatically generated tags and 

their reading order for accessibility, we redefined standard 

error rate metrics to better reflect the nuances of these tagging 

PDFs for accessibility. Traditional ML metrics for object detec- 

tion, such as Intersection over Union (IoU) or mean Average 

Precision (mAP), are not directly aligned with the goals of 

content localization and semantic tagging for two reasons: 

(i) we lack precise ground truth annotations for these tasks, 

and (ii) there are multiple valid interpretations of how content 

may be tagged. For example, a region of text may be appropri- 

ately represented either as a single bounding box or as several 

smaller boxes, depending on semantic intent or tagging gran- 

ularity. This also extends to reading order – multiple reading 

sequences may be equally valid depending on the content 

structure. 

Instead, we focused on defining error metrics that can be 

computed manually: 

(1) To determine the how well content on a page is local- 

ized, we define Box Error Rate analogous to Word Error 

Rate (WER): 

𝐵𝐸𝑅 = 

(𝐼 + 𝐷 + 𝑆)
𝑁 

(3) 

where 𝐼 is the number of insertions (missed content with 

no bounding box), 𝐷 is the number of deletions (extra 

or redundant boxes), 𝑆 is the number of substitutions 

(bounding boxes that do not fully contain their intended 

content), and 𝑁 is the total number of expected content 

regions. Assuming our method generates 𝑇 tags, we 

compute the reference count as 𝑁 = 𝑇+𝐼−𝐷 . The values 

of 𝐼 , 𝐷 , and 𝑆 were counted manually for each page. 

Then, bounding box accuracy score can be computed 

as Accuracy = 1 − BER. 

(2) To evaluate tag classification, we define Classification 

Error Rate (CER) as: 

CER = 

Number of incorrectly classified tags (C)
Total number of generated tags (T) 

(4)

https://github.com/moured/YOLOv11-Document-Layout-Analysis
https://pypi.org/project/pytesseract/
https://www.paddleocr.ai/main/en/version3.x/module_usage/table_cells_detection.html
https://www.paddleocr.ai/main/en/version3.x/module_usage/table_cells_detection.html
https://itextpdf.com/solutions/universal-accessibility-pdfua
https://github.com/itext/itext-java
https://dis.acm.org/2023/creating-accessible-figures-and-tables/
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We count C by checking for classification mismatches 

manually. Redundant tags (D) should be labeled as arti- 

fact, else they are considered misclassified. The preci- 

sion score of the predicted tag labels can then be com- 

puted as Precision = 1 − CER. 

(3) Finally, we evaluate reading order by computing Read- 

ing Order Error Rate (ROER) as: 

ROER = 

Number of misplaced tags (M)
Total number of generated tags (T) 

(5) 

If a tag does not follow the natural reading order, it is 

manually counted as misplaced. Similar to CER, we can 

compute reading order precision score as Precision = 

1 − ROER. 

5.3 Overall Accessibility Criteria 

We further evaluated how well our generated metadata fulfills 

PDF accessibility criteria, as defined in a CHI 2025 paper [ 32 ]. 

While that work examined user performance with manual PDF 

remediation tools on tagging, specifying reading order and 

providing content specific metadata using these metrics, we 

evaluate iTagPDF, the first approach that fully automates PDF 

remediation against these criteria. We compare iTagPDF with 

two baselines: (i) Adobe Acrobat Pro Auto-Tagging, the most 

widely used PDF remediation software, and (ii) the higher 

standard of author-submitted PDFs to ACM CHI and ASSETS 

conferences [ 11 ]. Acrobat’s cloud-based tagging feature, more 

accurate than its legacy on-device counterpart, was enabled 

to provide a stronger baseline for comparison. 

6 Results 

6.1 Metadata Quality 

Overall, iTagPDF demonstrated high performance across all 

three tasks (content localization, semantic tagging and reading 

order identification) on our dataset, as shown in Table 2. It pre- 

cisely distinguished between <Author> , <Note> , <Caption> , 

and <P> (Figure 5), which can sometimes be difficult even for 

authors to tag manually, as we will see in the next subsection.

Criteria Error [%] Score [%]
Bounding Boxes 4.72 95.28
Classification 4.03 95.96
Reading Order 2.74 97.26

Table 2: Quality of document-level tags, determined by 

manual evaluation of iTagPDF on our dataset ( 𝑁 = 40 

PDFs). For further breakdown of bounding box error 

types, refer to Appendix B. 

Visual elements, such as <Figure> and and <Table> , were 

most responsible for the incorrect bounding box errors in our 

results. Our refinements in Section 3.3 were not always able 

to correct content region boundaries, especially when deal- 

ing with non-textual content, such as figures or sub-figures 

(see Figure 6(b)). Future versions of iTagPDF could employ 

distinct object detector models to specifically identify these ele- 

ments more accurately. Sometimes, elements were erroneously 

tagged as <Artifact> , making it the most redundant tag in 

our predictions (see Appendix B for more details). This could 

be attributed to either OCR being unable to process content in 

other languages (see Figure 6(a)), or generalization errors in 

our word overlap-based heuristics that failed to identify corre- 

sponding semantic chunks (most commonly for headings). We 

also observed a few instances where distinct content regions, 

e.g., a caption and a table, or a header and the paper title, were 

combined or misclassified due to their semantic similarity. 

6.2 PDF Accessibility Remediation 

The metadata generated by iTagPDF on a subset ( 𝑁 = 25 ) of 

our dataset was much more accurate than Adobe Acrobat’s 

auto-tagging approach on almost every criteria (depicted in 

Table 3). In fact, iTagPDF even surpassed authors’ submit- 

ted manually tagged PDF metadata on several accessibility 

criteria: reading order, headings, lists, tables, and captions. Ad- 

ditionally, iTagPDF exhibited greater consistency across the 

evaluated papers compared to both baselines (see Appendix D 

for details). 

Adobe Acrobat tends to automatically generate several 

empty <Span> tags, that inflate the number of tags gener- 

ated on a page by approximately 10X magnitude. This makes 

manual evaluation of these tags extremely challenging and 

impractical. We found similar order of the number of tags in 

the author submitted PDFs as well, presumably because most 

authors use Acrobat to remediate their PDFs. Hence for evalu- 

ating these baselines, we counted the grouped tags displayed 

on the Acrobat user interface. 

The reading order presented in this table was evaluated 

for the document-level tags. iTagPDF was successfully able 

to arrange paragraph spanning multiple columns together, 

even with figures or tables visually interrupting them. Further, 

iTagPDF was able to tag author names and affiliations in the 

correct order, whereas other baselines often failed to do so. 

Unlike Acrobat, iTagPDF correctly tagged repetitive headers 

as <Artifact> and excluded them from the reading order. 

We evaluated table structures for a smaller subset of our 

dataset ( 𝑁 = 5 ) since a complete evaluation was not feasible 

given their high frequency. Adobe Acrobat performed tagged 

most tables highly accurately in our dataset. Since this result 

is inconsistent with prior work [ 32 ], we suspect Adobe has 

improved their backend model powering structured tagging 

for tables. However, while their model is not publicly accessi- 

ble to the academic community, our work is the first open and 

reproducible method for tagging table structures in PDFs. Er- 

rors in table structure tagging for iTagPDF included cases with 

ambiguity in interpreting the first entry of each row as either 

a row header or a data value. Because our current implemen- 

tation of iTagPDF prompts an LLM for each cell individually, 

the resulting outputs can sometimes be inconsistent. Future 

work on iTagPDF may include asking an LLM higher-level
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Adobe Acrobat 

Auto-Tags What Authors Submitted iTagPDF (Ours) 

Criteria [%] CHI [%] ASSETS [%] Total [%] [%] (𝑁 )

All Content Tagged 100.0 (6167) 100.0 (1787) 100.0 (1584) 100.0 (3371) 100.0 (5087)

Reading Order 85.53 84.44 93.37 88.62 96.42

Headings Tagged 65.31 39.70 95.36 71.92 91.58 (618) 

+ Level 62.26 39.70 95.09 71.76 89.79

Tables Tagged 73.91 81.25 59.37 66.67 89.79 (49) 

+ Structure (𝑁 = 5) 81.29 72.20 42.85 62.59 72.40 (877)

Lists Tagged 58.22 11.76 83.33 46.46 83.09 (71) 

+ Structure 61.44 49.36 60.00 51.51 92.30 (195)

Figures Tagged 57.93 76.90 84.93 81.60 75.20 (121) 

+ Alt Text 0.0 76.90 84.93 81.60 75.20

Formulas Tagged 0.0 0.0 – 0.0 50.00 (2) 

+ Alt Text 0.0 0.0 – 0.0 50.00

Captions Tagged 0.0 0.0 0.0 0.0 82.92 (164)

Average Score 49.68 48.63 72.65 55.59 81.36

Normalized Score 87.03 79.52 81.53 80.97 95.19 

Table 3: Comparison of PDF accessibility tagging between metadata generated by Acrobat’s auto-tagging feature, what 

authors submitted and iTagPDF. To compare the results, we manually evaluated 25 randomly selected papers from 

our dataset. The parenthesis indicates the total number of elements evaluated against the criteria.

Figure 5: Positive examples of iTagPDF-generated metadata: (a) Figures, captions, and artifacts are accurately classified; 

(b) Footnote order is correctly predicted, repetitive headers are skipped.



iTagPDF: Towards Finally Automating PDF Accessibility CHI ’26, April 13–17, 2026, Barcelona, Spain

Figure 6: Negative examples of iTagPDF-generated metadata: (a) Paragraphs in Japanese are tagged artifacts; (b) Figures 

are occasionally merged with captions or split into sub-figures. 

questions such as whether a table contained any row or col- 

umn headers. Interestingly, by leveraging semantic context 

from the LaTeX table syntax, iTagPDF was occasionally able 

to identify headers spanning multiple rows or columns. In 

contrast, Adobe Acrobat assumed only the first row or column 

to serve as a header in such cases. 

Overall, all the baselines were reasonably accurate at iden- 

tifying figures on a page. However, Adobe Acrobat at times 

mislabeled artifacts, tables, and non-English text as figures, 

which contributed to its low score. Every figure in the PDFs 

authors submitted had an alternative text description provided 

by the authors. While iTagPDF also generates alt text for fig- 

ures, evaluating the quality of alt text generated is beyond the 

current scope of this work. Researchers are actively studying 

interactive LLM-guided tooling for producing alt text [ 33 ] and 

future work could also look at evaluation of such automatic 

and semi-automatic alt text generation approaches. Interest- 

ingly, neither the authors nor Adobe tagged any captions accu- 

rately in our dataset. Currently, Acrobat cannot automatically 

distinguish between captions and paragraphs, perhaps due to 

the absence of caption labels in its training data. 

Our evaluation aligns with prior accessibility assessments 

of ASSETS and CHI papers [ 3 ], showing that papers submitted 

to ASSETS are significantly more compliant with accessibility 

standards than those submitted to CHI. Moreover, iTagPDF 

outperforms CHI authors at remediating PDFs for accessibility 

on nearly all criteria, indicating that future CHI conference 

proceedings could potentially benefit from automated seman- 

tic tagging methods. 

7 Discussion 

This paper presented a novel method for preserving the se- 

mantics of source documents to automatically enhance PDF 

accessibility. Reflecting on our results, we discuss how shift- 

ing attention from metadata remediation to preservation can 

effectively resolve many stubborn challenges in automating 

PDF accessibility. Moreover, as automation grows increasingly 

powerful, we consider the promise and pitfalls of reducing, 

or entirely eliminating, human intervention in accessibility 

enhancement workflows. 

7.1 Limitations & Future Work 

We identify several limitations in the current implementation 

of iTagPDF, and outline promising directions for future work. 

Firstly, our work focuses on research paper PDFs authored 

in LaTeX. Despite being a fairly popular academic author- 

ing tool, LaTeX-borne PDFs often struggle with accessibility 

compliance [ 10 ]. While we demonstrate our method using 

LaTeX source files, other types of source documents, such as 

Microsoft Word or Adobe InDesign files, may also contain 

valuable semantic information that can be lost during PDF ren- 

dering. Extending our approach to these formats is a natural 

next step for this work. In addition, although our evaluation 

focuses on scientific publications from ACM venues, we em- 

pirically observed that our approach generalizes well to other 

types of publishers (See Appendix E). Future work should in- 

vestigate how well the our method performs in other contexts 

where PDF accessibility remains challenging, including news- 

papers [ 22 ], government and digital forms [ 25 , 35 ], and a wide 

range of technical, leisure and commerce reports. 

Secondly, iTagPDF currently relies on a combination of 

heuristics and LLM-in-the-loop to map the visual and source 

representations of the PDF document and resolve any con- 

flicts between them. This approach is rigid and can fail when 

a reliable mapping is not found (e.g., for figures or captions), 

resulting in redundant <Artifact> tags). A promising future
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direction is constructing larger training datasets that pair the 

visual rendering of a PDF with its underlying source represen- 

tation. These datasets would support combined training over 

both semantic and visual representations, improving robust- 

ness, generalization, and the system’s ability to infer semantics 

even when the source representation is missing. Since iTagPDF 

leverages an LLM, its outputs are not strictly deterministic. To 

assess system stability, we conducted an empirical evaluation 

(detailed in Appendix C) and found that it is nearly determin- 

istic for most tags. Further opportunities include exploring 

better LLM architectures for improving consistency in tagging 

table elements and reducing the overall pipeline latency. 

Third, iTagPDF’s accuracy is limited by the performance of 

its underlying off-the-shelf modules. For example, our page- 

level object detector sometimes struggles to distinguish be- 

tween figures, sub-figures and their captions. We conducted 

qualitative comparisons across state-of-the-art models to de- 

termine each component (e.g., see Figure 2 for comparison 

among different object detectors). As these models continue 

to advance, we also expect corresponding improvements in 

iTagPDF’s performance. 

Finally, while iTagPDF provides a strong baseline for au- 

tomated PDF tagging, it does not produce some tags (such 

as <Link> ), and still relies on author verification to preserve 

authoring agency. For instance, authors must manually review 

and refine the generated figure alt-texts to ensure essential in- 

formation is conveyed accurately. While we primarily envision 

iTagPDF as an authoring or publishing tool, end-users might 

also employ it to remediate poorly tagged PDFs, provided that 

the corresponding source files are available. 

7.2 From PDF Accessibility “Remediation” 

to “Preservation” 

Most accessibility research aims to make content accessible in 

one of two ways: i) enabling authors to create accessible con- 

tent from the outset ( i.e., borne-accessible), and ii) retrofitting 

accessibility into existing content ( i.e., remediation). Because 

of various inconsistencies in how PDF creation tools render 

files, and also the complexity of the format itself, most work 

on PDF accessibility is pigeonholed into remediation. Remedi- 

ating PDFs based on their visual rendering raises ambiguities 

that have frustrated researchers for more than a decade. For 

example, making math accessible often begins with conversion 

of the visual formula to an unambiguous format such as TEX 

or MathML [ 24 ]. However, challenges remain in disambiguat- 

ing symbols and mapping their intended meaning [ 20 ]. With 

the increasing capabilities of vision-language models (VLMs), 

one might expect them to leverage their world knowledge to 

provide the required context for disambiguating such cases. 

However, VLMs too struggle with building deeper associa- 

tions as they are trained for narrow tasks on image-text pairs 

scraped from the web [37]. 

The middle ground between borne-accessible content and 

post-hoc remediation lies in the preservation of important 

semantic data that is present at creation time but often gets 

lost during rendering. Pareddy et al. [ 26 ] first proposed this 

idea for embedding user interface structural information into 

screenshot images. They explained that keeping this informa- 

tion at capture time would help screen reader users navigate 

the screenshots in line with the original designer’s intent. 

Similarly, our tagging method focused on retrieving seman- 

tic context from source documents for PDF remediation. We 

employed a retrieval-augmented generation (RAG) approach 

to incorporate relevant context for resolving visual ambigu- 

ities in tagging PDFs. Once this “ground truth” context was 

available, we could directly generate the required tags, without 

any additional training, even though these tags differed from 

the labels used by the original object detection models (see 

Table 4). Now, rather than converting equations from their 

visual rendering to LaTeX, we could directly access the LaTeX 

as originally authored. Our results show that preservation of 

this semantic metadata from the source can enable powerful 

automation in accessibility remediation.

Original Training Labels iTagPDF Tag(s)

DocLayNet Labels

title <H1>
section-header <H2>, <H3>
picture <Figure>
text <P>, <Author>, <BibEntry>
list-item <L>, <LI>
table <Table>
caption <Caption>
footnote <Note>
formula <Formula>
page-header, page-footer <Artifact>

Table-Cell-Detection Labels

cell <TH>, <TD>

Table 4: Original training labels and corresponding iTag- 

PDF tags, organized by document-level and table-level 

elements. 

7.3 The Promise and Pitfalls of Automating 

PDF Accessibility 

While AI-driven accessibility as a full solution was once anath- 

ema to the accessibility community, even some long-term 

accessibility advocates are starting to wonder when (and if) 

automated approaches might eventually replace author ac- 

cessibility requirements as it becomes increasingly perfor- 

mant [ 36 ], although none would recommend fully relying on 

this approach now. A question going forward will be how and 

whether to support a responsible transition toward more and 

more automation.
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In this specific case of PDF accessibility, authors have been 

considered the primary stakeholders responsible for making 

their documents accessible. They have long complained about 

the tedious process of PDF tagging, the difficulty of applying 

accessibility practices to complex visual elements, the poor 

usability of existing tools, and even knowing whether they 

are doing it correctly [ 2 , 17 ]. Automating these aspects of PDF 

accessibility certainly alleviates the burden on the authors. 

However, authors still need to be aware and accepting of such 

tools to use them. Other secondary stakeholders, such as pub- 

lishers, might also be able to run a semantic tagging system 

such as iTagPDF that requires only the source documents and 

the visual rendering. 

However, even “silent” tools that automate accessibility 

with minimal human intervention still require user oversight 

and understanding to perform effectively [ 23 ]. A tension in this 

work is that automating PDF remediation entirely could risk 

making authors complacent in supplying necessary context 

manually. For instance, authors must still provide or validate 

alternative text descriptions for figures. Further, over-reliance 

on automated PDF accessibility tooling might inadvertently 

reinforce the continued dominance of PDFs in academic pub- 

lishing over formats like HTML and ePub which offer far better 

accessibility support. However, given the pervasiveness of the 

PDF format in current research dissemination practices, we 

believe improving accessibility through better authoring and 

PDF remediation tools remains necessary. 

8 Conclusion 

In this paper, we introduce a novel approach that combines 

visual tagging of PDFs with semantic cues from the source 

document. We develop iTagPDF that applies this approach to 

generate more accurate and robust PDF accessibility metadata. 

iTagPDF offers what we believe to be the most reliable solu- 

tion to date for automated PDF remediation and surpasses the 

quality of manual tagging provided by authors in our collected 

dataset. It dramatically lowers author effort and removes us- 

ability barriers present in the current process of making PDFs 

accessible. Our work represents a concrete first step toward 

the long-standing goal of accurately and automatic PDF acces- 

sibility remediation. 
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Instructions: 

• Write alt text considering the context and audience. 

While many guides recommend that alt text be brief, 

remember the audience for papers and pictorials is of- 

ten other researchers. Consider what an alt text reader 

would need to know to adequately review whether 

the work is relevant for their own research–such as 

accurately summarizing your results in their own lit- 

erature review or even replicating the study. This may 

require more detail than alt text written for a more 

casual context like social media. 

• Generally, structure your alt text to give a high- 

level summary, then details. However, high-level sum- 

maries should not be the same as the figure caption, 

which a screen reader user will also read. Whereas 

the caption will provide context (guidance in the pre- 

vious section), the high-level overview can overview 

the visual content (e.g., 2 line charts (top and bottom) 

depicting changes over time). The details can then 

commence. (E.g., (top) line chart titled T shows A 

on the X-axis, B on the Y-axis and contains C trend 

and/or D and E key data points.) Sharing key take- 

aways that the visual draws a reader’s eye toward 

may be included in this detail, particularly when a 

graphic is complex with many data series, datapoints, 

or trend changes. 

• Describe relevant research information. When depict- 

ing study equipment, consider its high importance 

to the figure. A lot of alt text guidance emphasizes
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the importance of describing people, sometimes more 

than other objects in the image. However, in the con- 

text of a paper or pictorial, alt text readers are likely 

also researchers and need to know more details about 

the study equipment, prototype, workshop supplies, 

etc. 

• If you are writing alt text for a data representation, it 

is likely essential that you include the chart/diagram 

type, the type of data in the chart which is often 

reflected in the axis labels and legend, and the key 

takeaways. Colors, shapes, and textures used to vi- 

sually style a data representation do not need to be 

described, but the categories they represent should 

be included. 

• Some figures may show meaningful relationships, 

such as arrows between boxes in a diagram or 

schematic. Explain meaningful relationships in alt 

text after giving the high-level overview. 

• Some figures may depict a group of images. If the 

grouping is meaningful, write this meaning in the alt 

text before describing the individual images.

B Breakdown of Metadata Errors 

Table 5 lists further breakdown of the bounding box errors 

( 4 . 72% ). Figure 7 illustrates the frequency of tag classification 

errors.

Figure 7: Classification error frequencies across 40 PDFs 

comprising 554 pages ( 𝑁 = 10 , 261 tags). Each bar 

represents the frequency of misclassification from a 

ground truth tag to a predicted tag (denoted as <True> to 

<Predicted> ). <X> denotes all the tags in our dataset. The 

most common error involves classifying various tags as 

<Artifact>, indicated by <X> to <Artifact>. 

C Tagging Stability 

We evaluated iTagPDF on 𝑁 = 5 randomly selected PDFs from 

our dataset, performing 𝑖 = 3 independent runs per document. 

Table 6 reports the aggregate averages and standard deviations 

for different accessibility tags. Overall, iTagPDF demonstrates

Error Types Distribution [%]

Insertions 38.77
Deletions 26.06
Substitutions 35.17

Table 5: Distribution of bounding box errors by iTagPDF 

on our dataset (𝑁 = 40 PDFs). 

consistent performance across runs, with a normalized ac- 

curacy of 94 . 06% and a low variance of 𝜎 = 0 . 80 . While its 

performance is highly stable for reading order and most tags, it 

shows greater variation for the <Table> and <Caption> tags. 

Criteria Accuracy [𝜇 %] (𝜎)

All Content Tagged 100.0 (0.0)

Reading Order 94.66 (0.49)

Headings Tagged 79.93 (3.23) 

+ Level 78.25 (3.20)

Tables Tagged 77.58 (10.85)

Lists Tagged 83.00 (0.57)

Figures Tagged 77.08 (1.80)

Formulas Tagged 100.0 (0.0)

Captions Tagged 54.84 (15.18)

Normalized Average 94.06 (0.80) 

Table 6: Average accuracies ( 𝜇 %) and standard deviations 

( 𝜎 ) calculated for 𝑁 = 5 random PDFs on our dataset 

across 𝑖 = 3 runs of iTagPDF. 

D Tagging Consistency 

Since users experience accessibility at the document level, we 

aggregated our results (in Table 3) per paper to evaluate the 

variation in iTagPDF’s performance across documents in our 

dataset. The detailed results are provided in Table 7. Overall, 

iTagPDF not only achieves higher tagging accuracy per paper 

but also exhibits lower performance variability across papers 

compared to other baselines for most accessibility criteria. This 

suggests that, while purely visual tagging methods are highly 

sensitive to document content and layout complexity, semantic 

tagging provides a more consistent and reliable approach. 

E Tagging Generalization 

We applied iTagPDF without modifications to academic papers 

from diverse publishers and domains, spanning audio process- 

ing, machine learning, and physics. The qualitative results are 

shown in Figure 8. Overall, iTagPDF generalizes reasonably
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Criteria Adobe Acrobat 

Auto-Tags [%]
What Authors 

Submitted [%]
iTagPDF (Ours) 

[𝜇 %] (𝜎 , 𝑁 )

All Content Tagged 100.0 (0.0, 247) 100.0 (0.0, 135) 100.0 (0.0, 203)

Reading Order 77.24 (16.05) 86.62 (19.41) 96.31 (2.31, 203)

Headings Tagged 62.3 (45.36) 74.14 (42.09) 91.59 (12.35, 25) 

+ Level 58.79 (46.65) 73.98 (42.00) 91.53 (13.48, 25)

Tables Tagged 73.68 (42.06) 75.52 (33.74) 86.55 (28.22, 2) 

+ Structure (𝑁 = 5) 86.61 (29.93) 62.69 (29.87) 74.30 (25.15, 175)

Lists Tagged 61.15 (42.75) 72.92 (13.26) 86.95 (27.54, 3) 

+ Structure 64.29 (57.52) 73.06 (39.45) 92.10 (12.76, 8)

Figures Tagged 64.29 (57.52) 83.77 (43.04) 79.20 (20.32, 5) 

+ Alt Text 0.0 (0.0) 88.31 (38.84) 79.20 (20.32, 5)

Formulas Tagged 0.0 (0.0) 0.0 (0.0) 50.00 (70.71, 0) 

+ Alt Text 0.0 (0.0) 0.0 (0.0) 50.00 (70.71, 0)

Captions Tagged 0.0 (0.0) 0.62 (2.98) 86.71 (20.58, 7)

Normalized Average 77.93 (19.71) 83.97 (15.46) 94.99 (4.37) 

Table 7: Comparison of PDF accessibility tagging between metadata generated by Acrobat’s auto-tagging feature, what 

authors submitted and iTagPDF on 25 randomly selected papers from our dataset, aggregated at the paper level. Here, 

𝜇 denotes the average score, 𝜎 denotes the standard deviation and 𝑁 denotes the average number of elements per 

paper rounded off to the nearest integer. 

well to these documents, though it occasionally struggles to 

identify the <Author>, <Caption>, and <Formula> tags.
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Figure 8: Qualitative examples of iTagPDF’s tagging performance on academic papers across diverse publication venues 

and document templates: (a) IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), (b) 

The Annual Conference on Neural Information Processing Systems (NeurIPS), and (c) Nature Physics.
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