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Abstract

Recent years in NLP have seen the continued
development of domain-specific information
extraction tools for scientific documents, along-
side the release of increasingly multimodal
pretrained language models. While applying
and evaluating these new, general-purpose lan-
guage model systems in specialized domains
has never been easier, it remains difficult to
compare them with models developed specif-
ically for those domains, which tend to ac-
cept a narrower range of input formats, and
are difficult to evaluate in the context of the
original documents. Meanwhile, the general-
purpose systems are often black-box and give
little insight into preprocessing (like conver-
sion to plain text or markdown) that can have
significant downstream impact on their results.

In this work, we present Collage, a tool in-
tended to facilitate the co-design of informa-
tion extraction systems on scientific PDFs be-
tween NLP developers and scientists by facili-
tating the rapid prototyping, visualization, and
comparison of different information extraction
models on the content of scientific PDFs. For
scientists, Collage provides side-by-side visu-
alization and comparison of multiple models
of different input modalities in the context of
the PDF content they are applied to; for devel-
opers, Collage allows the rapid deployment of
new models by abstracting away PDF prepro-
cessing and visualization into easily extensible
software interfaces. We also enable both de-
velopers and scientists to inspect, debug, and
better understand modeling pipelines by pro-
viding granular views of intermediate states of
processing. We demonstrate our system in the
context of information extraction to assist with
literature review in materials science.

1 Introduction

In recent years, systems based on large language
models (LLMs) have broadened the public visibil-

* Equal contribution.

Figure 1: Collage allows users to inspect multiple mod-
els in different modalities by presenting a stage-by-stage,
decomposed view of the PDF modeling pipeline. Here,
we see a PDF composed of text and tables, with entities
from different models shown in red and yellow. The
summary view shows extracted content, while annota-
tions and inspection views allow the user to step back
in the modeling pipeline

ity of developments in NLP. With the advent of
tools that have publicly accessible, user-friendly
interfaces, experts in specialized domains outside
NLP are empowered to use and evaluate these mod-
els inside their domains, for example to automati-
cally mine insights from scientific literature. Fur-
ther, an increasing number of these tools are mul-
timodal, handling not only text, but frequently im-
ages, or even PDFs directly. However, despite the
accessibility of these tools, the processing pipelines
they employ remain as end-to-end black boxes and
provide little interpretability or debuggability in
case of failure. Further, these systems usually rely
only on large, deployed models, potentially leav-
ing other user priorities, such as interpretability,
efficiency, or domain specialization, unaddressed.

Domain specific research in domains like clini-
cal (Naumann et al., 2023), legal (Preot,iuc-Pietro
et al., 2023), and scientific (Knoth et al., 2020; Co-
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han et al., 2022) NLP have long histories. Models
in these areas remain less accessible; in order to run
and evaluate these models on your own data, cus-
tom code is often needed. Further, because many of
these models are text-only, evaluating their results
in the context of their eventual use — for example,
directly on a PDF — poses a challenge.

This paper presents Collage, a tool that facilitates
the rapid prototyping, visualization, and compari-
son, of multiple models across modalities on the
contents of scientific PDF documents. Collage was
designed to address the interface between develop-
ers of NLP-based tools for scientific documents and
the scientists who are the intended users of those
tools. To address scientists’ needs, we ground our
design in a series of interviews with domain experts
in multiple fields, with a particular focus on mate-
rials science. Further, in cases where model results
may not meet scientists’ or developers’ expecta-
tions, we visualize the intermediate representation
at each step, giving the user a granular view of the
modeling pipeline, allowing shared debugging pro-
cesses between developers and users. Collage is
domain-agnostic, and can visualize any model that
conforms to one of its three interfaces - for token
classification models, text generation models, and
image/text multimodal models. We provide imple-
mentations of these interfaces that allow the use of
any HuggingFace token classifier, multiple LLMs,
and several additional models without requiring
users to write any code. All of the interfaces are
easily implemented, and we provide instructions
and reference implementations in our repository 1.

2 Motivation

Collage is based on collected themes from inter-
views with 15 professionals across materials sci-
ence, law, and policy, in which the authors ask
about their practices for working with large collec-
tions of documents. For a reasonable scope, we
focus on the 9 materials scientists in our sample,
whose responses concern their process of literature
review. We focus on three themes that emerged
consistently from these interviews to inform our
design of Collage:

Varied focuses. One of the most prominent
themes to emerge in our interviews is the variety
of focuses that scientists, even in very closely re-
lated subfields, can have when reading a paper and

1
github.com/gsireesh/ht-max
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Figure 2: System architecture with currently imple-
mented models. All custom models implement our
interfaces, outline color indicates which: Token Clas-
sification, Text Generation, or Image Processing.
indicates components running in the same Docker con-
tainer, and indicates models running in the cloud.
"Materials IE" refers to materials-specific models, like
ChemDataExtractor.

evaluating it for relevance to their purpose. While
many participants focused on paper metadata, such
as the reputation of the publication venue or cita-
tion count, others focused on cues from within the
content of the paper. For the design of Collage,
we focus on accelerating co-design of models that
address specific information extraction needs on
paper content, by reducing the burden of deploy-
ing new models on PDF content, and providing a
shared, user-friendly view of the results upon which
scientists and developers can base subsequent ef-
forts.

Information in tables. As pointed out above,
many of our participants relied heavily on infor-
mation provided in tables, rather than solely in
the document text. As such, an important concern
in the design of Collage would be to allow multi-
modality in the models that it interfaces with and
visualizes.

Older documents. Our participants noted that
they regularly work with documents across a wide
time range. Several participants noted that the work
that they relied on most frequently were technical
reports from the 1950s to the 1970s. These reports
are now digitized, but are otherwise highly variable
in their accessibility to modern processing tools:
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The OCR used when digitizing them can be inaccu-
rate, they often contain noise in the scanned images,
and layouts are less standardized. This can lead
to confusion on whether issues with performance
are the fault of models themselves, or preprocesing
choices that cause that degraded performance. We
therefore aim to provide an interface that allows
users to inspect intermediate stages of processing,
to better understand where a model may have failed,
and what subsequent development should target
next: whether better performing models, or better
preprocessing.

3 Design and Implementation

We conceptualize our system in three parts: PDF
representation, which parses and makes the con-
tent of PDFs easily available to downstream usage;
modeling, i.e. applying multiple models to that
PDF representation, backed by common software
interfaces, which facilitate the rapid extension of
the set of available models; and a frontend graphi-
cal interface that allows users to visualize and com-
pare the results of those models on uploaded PDFs.
We discuss the design choices and implementation
details of each stage in the following subsections,
and show an architectural overview in Figure 2.

3.1 PDF Representation

To produce a PDF representation amenable to our
later processing, we build a pipeline on top of the
PaperMage library (Lo et al., 2023), which pro-
vides a convenient set of abstractions for handling
multimodal PDF content. PaperMage allows the
definition of Recipes, i.e. combinations of process-
ing steps that can be reused. We base our pipeline
off of its CoreRecipe pipeline, which identifies vi-
sual and textual elements of a paper, such as tables
and paragraphs.

We then introduce several new components to
the CoreRecipe, to make the paper representation
more suitable to our use case. First, we introduce a
parser based on Grobid (GRO, 2008–2023), which
provides a semantic grouping of paragraphs into
structural units, allowing us to segment processing
and results by paper section. Second, to address is-
sues with text segmentation in scientific documents,
we replace PaperMage’s default segmenter (based
on PySBD) with a SciBERT (Beltagy et al., 2019)-
based SciSpaCy (Neumann et al., 2019) pipeline.

At the end of this stage of processing, we have
the PaperMage representation of a document, in

class LiteLlmCompletionPredictor(TextGenerationPredictorABC):
def __init__(
self,
model_name: str,
api_key: str,
prompt_generator_function: Callable[[str], List[LLMMessage

]],
entity_to_process="reading_order_sections",

):
super().__init__(entity_to_process)
self.model_name = model_name
self.api_key = api_key
self.generate_prompt = prompt_generator_function

def generate_from_entity_text(self, entity: Entity) -> str:
messages = [asdict(m) for m in self.generate_prompt(entity.

text)]
llm_response = completion(
model=self.model_name, api_key=self.api_key, messages=

messages, max_tokens=2500
)
response_text = llm_response.choices[0].message.content
return response_text

Figure 3: Partial implementation of the
TextGenerationPredictor to allow LLM pre-
dictions given an Entity extracted from the PDF.
LLMMessage is a data class wrapper around the system
and user messages for LLMs in the OpenAI format.
Not shown are the property declarations; full listing can
be found in our code repository.

the form of Entity objects, organized in Layers.
Entity objects can be e.g. individual paragraphs
by section or index, images of tables, and individ-
ual sentences.

3.2 Modeling and Software Interfaces

To facilitate the easy implementation of new in-
formation extraction tools, we define common in-
terfaces that simplify the process of adding addi-
tional processing to a document’s content. These
interfaces standardize three kinds of annotation
on PDF content, allowing users convenient ac-
cess to the PDF’s content as images or strings
(though they can access the PaperMage represen-
tation) and automatically handling visualization
in several supported formats. This requires users
to implement only a few simple functions in the
modalities their models already use. All models
currently in Collage are implementations of these
interfaces. We describe the interfaces, the require-
ments for implementation, and current implemen-
tations below. All interfaces are defined in the
papermage_components/interfaces package of
our repository. In order to add a new custom pro-
cessor, users must define a class that extends one
of the interfaces specified below, and then regis-
ter their predictor in the local_model_config.py
module.
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Figure 4: LLM Selector, as it appears in the File Upload
view. Users specify an LLM to query, enter their API
key, customize the prompt for an LLM, and repeat for
any number of LLMs and prompts.

Token Classification Interface: This interface
is intended for any model that produces annota-
tions of spans in text, i.e. most “classical” NER
or event extraction models. Users are required to
extend the TokenClassificationPredictorABC
class and override the tag_entities_in_batch
method, which takes a list of strings to tag, and pro-
duces a list of lists of tagged entities per-sentence.
Tagged entities are expected to have the start and
end character offsets, and the interface’s code au-
tomatically handles mapping indices from the sen-
tence level to the document level, and visualizing
annotated text using the displaCy visualizer 2.

To demonstrate this interface, we provide two
implementations: one with a common materials
information extraction system, ChemDataExtrac-
tor2 (Swain and Cole, 2016; Mavracic et al., 2021),
which we wrap in a simple REST API and Docker-
ize to streamline environment and setup, as well as
a predictor that can apply any HuggingFace model
that conforms to the TokenClassification task
on the HuggingFace Hub3.

Text Generation Interface: Given the promi-
nence of large language model-based approaches,
this interface is designed to allow for text-to-
text prediction. Users are required to extend
the TextGenerationPredictorABC class, and to

2
https://demos.explosion.ai/displacy-ent

3Model list available here.

implement the generate_from_entity_text()
method, which takes and returns a string. This
basic setup allows users to e.g. prompt an LLM
and display the raw response. A popular prompt-
ing method, however, is to request structured
data e.g. in the form of JSON. To accommodate
this, and to allow for aggregating LLM predic-
tions into a table, users can also implement the
postprocess_text_to_dict() method. The de-
fault implementation of this method attempts to
deserialize the entirety of the LLM response into a
dictionary, but users can implement custom logic.

Our implementation of this interface uses
LiteLLM4, a package that allows accessing multi-
ple commercial LLM services behind the same API.
We allow users to specify the endpoint/model, their
own API key, and a prompt, and display predictions
from that model. We show a partial implementa-
tion of this predictor in Figure 3, and a sample of
its results in Figure 5.

Image Prediction Interface: Given the focus
on tables and charts that many of our interview
participants discussed, and the fact that table pars-
ing is an active research area, we additionally pro-
vide an interface for models that parse images,
the ImagePredictorABC in order to handle mul-
timodal processing, including tables. This inter-
face allows users two options of method to over-
ride: In cases where only image inputs are needed
(e.g. if a table extractor performs its own OCR),
the process_image() method; in cases where
the method is inherently multimodal, implemen-
tors can instead override the process_entity()
method, which allows them full access to Paper-
Mage’s multimodal Entity representation. This
interface requires implementors to return at least
one of three types of data: a raw string representa-
tion, which we view as useful for e.g. image cap-
tioning tasks; a tabular dictionary representation,
for the case of table parsing; or a list of bounding
boxes, in the case of models that segment images.
Implementations of this interface are free to return
more than one type of output; all of them will be
visualized in the frontend.

We demonstrate implementations of both types.
For raw image outputs, we implement a predictor
that calls the MathPix API5, a commercial service
for PDF understanding. For the multimodal ap-
proach, we implement a predictor that builds on

4
https://docs.litellm.ai/

5
https://mathpix.com/
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the Microsoft Table Transformer model (Smock
et al., 2023). This model predicts bounding boxes
around table cells, which we then cross-reference
with extracted PDF text in the PaperMage represen-
tation to provide parsed table output. An example
of parsed table output from this predictor can be
seen in figure 5.

3.3 Visualization Frontend

We present the results of the PDF processing in an
interactive tool built using Streamlit6 that allows
the user – whether scientist or developer – to upload
a PDF, define a processing pipeline, and inspect the
results of that processing pipeline at each stage.
More concretely, after the paper is uploaded and
processed, we present the results of the pipeline in
three views, in decreasing order of abstraction from
the paper. The intention of this is to first show the
user the potential output of their chosen pipeline for
a given paper, then allow them to inspect each step
of the pipeline that led to that final output. Each
view is described in more detail below, and has a
screenshot in Appendix A.

File Upload and Processing. The first view we
present to a user allows them to upload a file, and
to define the processing pipeline applied to that file.
Basic PDF processing is always performed, and
users can then toggle which custom models will be
run. Users can additionally specify any number of
HuggingFace token classification models or LLMs
with the provided widget, which allows users to
search the HuggingFace Hub, select LLMs, and
customize the prompts for them. We show a view
of the LLM model selector in Figure 4.

File Overview. This view presents the high-level
extracted information from the paper, as candi-
dates for what could be shown to the user as part
of their search process. In particular, we show a
two-column view, with tables of tagged entities
from both token-level predictors and LLMs on the
left, and the processed content of images on the
right. Users can filter based on sections, to e.g.
find materials mentioned in the methods section
of a paper. If the user finds the content extracted
with the pipeline useful, the model and processing
pipeline could be further developed into a more
integrated prototype. If not, the user can proceed
to the succeeding views, to see where models may
have failed.

6
https://streamlit.io

Annotations. This view allows the user to com-
pare the results of models in the context of the PDF.
We present another two-column view, in which the
PDF is visualized on the left, and allows the user to
select a paragraph or table at a time, and visualize
the results of each model on it. In the case of text
annotation, we visualize the entities identified by
token prediction models as well as predictions from
LLMs. In the case of images, all of the available
output types from the image processing interface
are visualized. We show a composite screenshot of
this interface in Figure 5.

Representation Inspection. This view presents
visualization of the PDF representation available
to any downstream processing that the user might
select. In the sidebar, users can choose to visualize
any PaperMage Layer, i.e. set of Entity objects,
tagged by the basic processing steps. Then, in a
view similar to the raw annotations view, they can
see all of those entities highlighted on the PDF in
the left-side column. Once the user selects an ob-
ject, they see the raw content extracted from that
object in the right-side column, in the form of its
image representation and the text extracted from it,
along with the option to view how the text is seg-
mented into sentences. This view allows users to
inspect how the PDF processing choices may have
affected the text they send to models, which often
have significant effects on their downstream perfor-
mance (Camacho-Collados and Pilehvar, 2018).

4 Addressing Needs from Interviews

Our system is specifically designed to respond to
the concerns raised in our interviews. First, to ac-
commodate the varied processes of materials scien-
tists, we design interfaces that allow for easy imple-
mentation of new models into our framework; our
existing implementations of those interfaces also
allow for the application of multiple LLMs and
HuggingFace models directly in the context of the
PDFs under review. This allows users to search for
and evaluate models that suit their existing work-
flows. For tables, we both provide an interface
and implementations that allow the comparison
of proprietary and open-source table parsing sys-
tems. Extending this work to new table models
and evaluating them is simplified by our software
and visualization interfaces. Our inspection view
is designed to address concerns about older PDFs:
in being able to inspect the results of processing,
users and engineers of this system can identify fail-
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Figure 5: The annotations view. On the left, a screenshot showing the sidebar, allowing file and model selection,
and the left pane, a visualization of the PDF with clickable regions highlighted. On the right, screenshots showing
visualizations from the Table Transformer model with bounding boxes and parsed table (top), a HuggingFace
transformer model with token-level tags (middle), and GPT-3.5 Turbo, with JSON output parsed into a table
(bottom).

ure modes in both the upstream and downstream
processing.

5 Co-design with Collage

In this section, we walk through an example of
how Collage might facilitate the development of
an information extraction pipeline for a materials
scientist. In this scenario, Bob, a materials scien-
tist, wishes to extract the synthesis parameters of
a class of materials called zeolites from a dataset
of PDFs from the 1980s to the 2010s. Papers dis-
cussing Zeolite synthesis often report parameters
both in the text of the paper as well as in tables, so
multimodal extraction is crucial. He has worked
with Alice, an NLP developer, before but they have
not yet collaborated on this project.

Evaluating off-the-shelf models. Bob begins in
Collage by trying to see if there is an existing model
that already works for his case. Using the Hugging-
Face model selector in the upload paper view, he
searches for tagging models, but only finds models
trained on general scientific or biomedical text, not
materials. He is, however, able to write a prompt

for an LLM model to extract this information, and
he adds predictors that call out to two popular com-
mercial models to extract the information that he’s
interested in. He uploads a recent paper that he’s
been reading, and waits for Collage to process it.

Finding modeling opportunities. Once Collage
has processed the paper, Bob heads to the sum-
mary view, and compares the results from the two
commercial models. He’s able to view the param-
eters that they extracted, filtered by section, to de-
velop an understanding of what heuristics might
get him the information he wants: parameters iden-
tified in the related works section, for example,
are frequently irrelevant to his search. In the sum-
mary view, he’s also able to see the tables that
Collage has identified and parsed with the Table-
Transformer and MathPix models, along with their
labels and captions, and the tagged bounding boxes
for the table cells.

To make sure those annotations are reasonable,
he heads to the annotations view, where he can vi-
sualize the extracted information side-by-side with
the original PDF content, and compare the annota-
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tions from his two LLMs. He’s also able to check
whether the table detection model has predicted
sensible bounding boxes that both don’t exclude
content like table footnotes, but also don’t include
irrelevant, non-table content. He notes that while
the table parsing from both models is reasonable,
the paper he’s reading reports values in ratios that
may not be comparable across papers. To have a
single pipeline that produces normalized results,
he’d like to use a multimodal LLM, but in Collage
currently, LLMs can only be applied to text. He
decides to get in touch with Alice, to see if she can
develop an LLM-based table information extrac-
tion model.

Prototype model development. Alice begins
work on a table information extraction tool, but
there are a lot of possible options to evaluate:
should she use a multimodal model and process
the table in image format? Should she linearize
the table into text, and have a text-only LLM work
with it? In Collage, both options involve little more
than implementing the LLM call, so it’s easy to
do both and then compare. For the multimodal
case, Alice extends the image predictor interface,
which allows her to receive as input the cropped
image of any element on the page and pass that to
an LLM; for the text-only case, Alice can easily
access the underlying document representation use
the already identified and parsed tables (which are
in a DataFrame-compatible format) and convert
them into markdown for her linearization. She is
able to return a dictionary in the same schema for
both predictors, which will automatically be visu-
alized in the frontend as a Pandas dataframe. She
commits her code, registers the predictors, and asks
Bob to take a look in the Collage interface.

In-context evaluation. Bob then re-processes his
paper through Collage, making sure to check the
boxes for Alice’s new table parsing predictors. In
the summary view, he’s able to compare the pre-
dicted, normalized tables to the original PDF, to
verify that the models are performing the normal-
ization correctly. He then picks the better perform-
ing model, and asks Alice to create a pipeline that
can process his entire dataset. Alice is able to take
the predictor, add it to the PaperMage recipe that
underlies Collage, and run it over Bob’s set of PDF
documents, adding a step to export the parsed ta-
bles that Bob saw in the Collage interface.

Diagnosing errors. Bob looks through the
parsed tables from processing all of the PDFs, and
notes that for the older PDFs, the parsed content
doesn’t look right. He’d like to diagnose the prob-
lem. Because the processing that Alice and Bob run
on these documents is the same as that underlying
Collage, the results can be visualized in the tool,
even if they were not directly processed through
it. Bob loads the representation of the parsed older
document, and is able to view the results from the
model that didn’t look right. While the bounding
boxes for the table look correct in the annotations
view, he’s also able to see in the inspection view
that the text detected within the table has not been
correctly OCR’d. He can now contact Alice to see
if there’s a fix for that problem, but in the meantime,
he can examine the visualizations for his PDFs to
understand how the publication year might affect
whether the deployed suite of models can correctly
extract and normalize information, and what the
cutoff year might be for the results to be trustwor-
thy.

In this case, Collage enables Bob to self-serve
cutting-edge NLP for his own use case, requiring
that he involve Alice only when Collage’s function-
ality needs extension. When that happens, Bob and
Alice can both see results in the same interface,
and can discuss errors and how to prioritize new
work. When Alice develops new predictors to ad-
dress Bob’s needs, she is required to do no PDF
processing or visualization, which are built into the
tool, and Bob can evaluate and compare the results
of these new predictors in the same interface he’s
been using the whole time. For debugging, both
Bob and Alice have access to the same representa-
tion and visualization as a shared source of truth,
and collaborate to involve both NLP and subject
matter expertise in how to fix the problem. Col-
lage can accelerate the process of collaboration
between NLP developers and scientists, allowing
for co-design and rapid prototyping with a shared
representation.

6 Related Work

Collage situates itself at the intersection of tools
that offer reading assistance for scientific PDFs
and tools that partially automate the process of
literature review by means of information extrac-
tion. Tools for scientific PDFs often focuses on
interfaces that augment the existing PDF with new
information, such as citation contexts (Rachata-
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sumrit et al., 2022; Nicholson et al., 2021), or high-
lights that aid skimming (Fok et al., 2023). How-
ever, most of these works are designed around and
purpose-built for specific models. By contrast, Col-
lage draws from projects like PaperMage (Lo et al.,
2023), by attempting to be model-agnostic, while
at the same time providing a visual interface to
prototype and evaluate those models.

Scientific information extraction and literature
review automation also have long histories. Col-
lage’s focus on materials science was driven by the
field’s existing investment into data-driven design
(Himanen et al., 2019; Olivetti et al., 2020), which
focuses on using information extraction tools to
build up knowledge graphs to inform future ma-
terials research. This adds to the existing body
of work in chemical and material information ex-
traction, including works like ChemDataExtrac-
tor (Swain and Cole, 2016; Mavracic et al., 2021)
and MatSciBERT (Gupta et al., 2022). Works like
Dagdelen et al. (2024) showcase the growing inter-
est in LLM-based extraction; as LLMs increasingly
become multimodal, this capability is likely to be
used for tasks like scientific document understand-
ing. While all of these tools are intended to be
applied to documents from the materials science
domain, they do not share an interface: most tools
expect plain text, some, like ChemDataExtractor al-
low HTML and XML documents, and some work
with images. Collage aims to be a platform on
which multiple competing approaches can be eval-
uated, regardless of the input and output formats
they require.

7 Conclusion

In this work, we present Collage, a system de-
signed to facilitate co-design and rapid prototyping
of mixed modality information extraction on PDF
content between scientists and NLP developers. We
focus on a case study in the materials science do-
main, that allows materials scientists to evaluate
models for their ability to assist in literature review.
We intend for this work to be a platform on which
to evaluate further modeling work in this area.

Ethics and Broader Impacts

Our interview protocol was evaluated and approved
by the Carnegie Mellon University Institutional
Review Board as STUDY2023_00000431.

In developing a tool to facilitate the automated
processing of scientific PDFs, we feel that it is im-

portant to acknowledge that that automation may
propagate the biases of the underlying models. Par-
ticularly in the case of English that does not reflect
the training corpora that models were built on top
of, models can perform poorly, leading to fewer
results from those papers, and the potential to in-
advertently exclude them. However, we hope that
in providing a tool to inspect model outputs be-
fore such automation tools are deployed, that we
can encourage critical evaluation and uses of these
tools.
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Figure 6: The Upload Paper view, showing (1) The currently selected models, (2) widget for selecting HuggingFace
and LLM Classifiers, (3) File upload and progress visualization.

Figure 7: The Summary view, showing (1) the sidebar allowing model and entity type selection, (2) visualized
tagged entities from the selected tagging models, (3) visualized image processing results.
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Figure 8: The Annotations view, showing (1) the sidebar allowing model and entity type selection, (2) the visualized
PDF, showing clickable regions (3) visualized annotations on the clicked region.

Figure 9: The Inspection view, showing (1) the sidebar allowing PaperMage layer selection, (2) the visualized PDF,
showing clickable regions (3) the image and the text of the selected Entity
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