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ABSTRACT

Automated medical report generation with the basis of deep learning has the potential to be a
technology that can severely improve working conditions in radiology departments all over the
world. However, a signicant hindrance to the development of such systems is the requirement of
enough training data for the explicit modeling of visible pathological and anatomical structures
that allows for meaningful processing in subsequent clinical steps. As gathering such densely
structured data is difcult and time-consuming primarily due to the need for medical experts
during annotation, we develop methods that can leverage low supervision scenarios to enable
the accurate localization of human anatomy and pathology in chest radiographs, the most com-
mon imaging procedure worldwide. Specically, we investigate three low-data scenarios in order
to provide a basis of tools for the use of medical reporting methods.

First, we look at the plain available data, images, and associated medical reports. As medical
reports are typically unstructured data, these tend to be parsed to essential few-dimensional bi-
nary vectors indicating the presence and absence of a pathology. These are utilized to train mod-
els for the recognition of diseases. However, as proper reporting requires not just recognizing an
anomaly but its position, we developmethods that can learn frommedical reports in a parsed or
free-text manner to not only accurately recognize but also localize pathologies. Furthermore, by
breaking free from the parsed report, we can avoid label noise and enable practitioners to query
at will for ndings of interest, leading towards simplied integration of deep learningmodels into
personalized structured reporting.

While identifying visually anomalous patterns is essential formedical reports, only the combi-
nation with anatomical structures lets a doctor put everything into perspective to develop strate-
gies to treat a patient. Because all anatomical structures tend to always occur in a patient, they are
hardly learnable through strategies commonly employed in weakly supervised learning. As such,
we have to rely on some form of manual annotation. To lessen the burden of annotation, we, in
the next step, investigate scenarios in which we have a few manually annotated images while
leaving signicantly more data unlabeled, namely semi-supervised learning. We notice that in
scenarios with overlapping label structures, commonly used semi-supervised approaches tend
to fail, especially when moving towards having nearly no annotated data. As such, we developed
a reference-guided pseudo-labeling scheme that allows us to utilize the co-occurrence of existing
classes in unlabeled data. As a result, we manage to surpass existing semi-supervised methods
for anatomy segmentation of chest radiographs.

While our approach shows immense potential, it still requires manual annotations at a scale
that is not humanly possible to perform usable anatomical segmentation. To overcome this hur-
dle, we look at other medical domains. Due to their shared radiation type, both computer tomo-
graphies and X-ray images look similar when projected onto a two-dimensional plane. Following
this train of thought, we aggregate any available anatomical annotation for computer tomogra-
phy images and, by projecting the volumes with their annotations back to 2D, develop the PAX-
Ray(++) dataset. This dataset enables therst-everne-grained segmentation of human anatomy
in chest radiographs, which we validate via human annotation and downstream tasks.

This thesis has built a vital basis for automated medical report generation as we provided
methods for the open recognition of pathological and anatomical structures and has advanced
medical image analysis by identifying novel tasks and developing algorithms and datasets. Our
experiment results show great promise for real-life applications of such algorithms.



ZUSAMMENFASSUNG

Automatisierte medizinische Berichterstellung auf der Grundlage von Deep Learning hat das
Potenzial, die Arbeitsbedingungen in der Radiologieweltweit erheblich zu verbessern. Einwesentliches
Hindernis für die Entwicklung solcher Systeme ist jedoch dieNotwendigkeit einer ausreichenden
Anzahl vonTrainingsdaten für die expliziteModellierung sichtbarer pathologischer und anatomis-
cher Strukturen, die eine sinnvolle Verarbeitung in nachfolgenden klinischen Schritten ermöglicht.
Da das Sammeln solcher feinen Annotationen schwierig und zeitaufwändig ist, unter Anderem
durch den Mangel an medizinische Experten, entwickeln wir Methoden, die in Szenarien mit
geringerÜberwachung agieren können, umdie genaue Lokalisierung dermenschlichenAnatomie
und Pathologie in Thoraxröntgenbildern, dem weltweit am häugsten verwendeten bildgeben-
den Verfahren, zu ermöglichen. Konkret untersuchen wir drei Szenarien mit wenigen Daten, um
eine Basis von Werkzeugen für den Einsatz von medizinischen Berichterstattungsmethoden zu
schaffen.

Zunächst betrachtenwir die verfügbarenDaten, Bilder und zugehörigenmedizinischenBerichte.
Da es sich bei medizinischen Berichten um unstrukturierte Daten handelt, werden diese typis-
cherweise inwenig dimensionale binäre Vektoren zerlegt, die das Vorhandensein vonbestimmten
Pathologien beschreiben.Diesewerden genutzt umModelle zur Krankheitserkennung zu trainieren.
Da jedoch eine ordnungsgemäße Berichterstattung nicht nur das Erkennen einer Anomalie, son-
dern deren Position erfordert, entwickeln wir Methoden, die aus medizinischen Berichten in
einer geparsten oder Freitextform lernen können, um Pathologien nicht nur genau zu erken-
nen, sondern auch zu lokalisieren. Indem wir uns von den geparsten Berichten lösen, können
wir außerdem Rauschen bei der Labelextraktion vermeiden und es Ärzten ermöglichen, beliebig
nach Befunden von Interesse suchen zu lassen, was zu einer erleichterten Integration von Deep
Learning Modellen in strukturierte Befundungsmethoden führen kann.

Die Identizierung von visuell anomalen Mustern ist für medizinische Berichte zwar uner-
lässlich, aber erst die Kombination mit anatomischen Strukturen ermöglicht es dem Arzt, alles
in die richtige Perspektive zu rücken und Strategien für die Behandlung eines Patienten zu en-
twickeln. Da alle anatomischen Strukturen in der Regel immer bei einem Patienten vorkommen,
lassen sie sich kaum durch Strategien erlernen, die beim schwach überwachten Lernen üblich
sind. Daher müssen wir auf eine Form dermanuellen Annotation zurückgreifen. Um die Last der
Annotation zu verringern, untersuchen wir im nächsten Schritt Szenarien, in denen wir einige
wenige manuell gelabelte Bilder haben, aber wesentlich mehr Daten unannotiert lassen, näm-
lich das semi-überwachte Lernen. Wir stellen fest, dass in Szenarien mit sich überschneidenden
Beschriftungsstrukturen gängige semi-überwachte Ansätze scheitern, insbesondere dann, wenn
fast keine annotiertenDaten vorhanden sind. Aus diesemGrund habenwir ein referenzgeleitetes
Pseudo-Labeling-Schema entwickelt, das es uns ermöglicht, das gemeinsame Auftreten beste-
hender Klassen in nicht beschrifteten Daten zu nutzen. Dadurch ereichen wir es die Schwach-
stellen anderer semi-überwachteMethoden für die Segmentierung von anatomischen Strukturen
in Thoraxröntgenbildern zu umgehen.

Obwohl unser Ansatz ein immenses Potenzial aufweist, benötigen wir immer noch manuelle
Annotationen in einem Umfang, der für den Menschen nicht sammelbar ist. Um diese Hürde zu
überwinden, schauen wir uns andere medizinische Bereiche an. Aufgrund ihrer gemeinsamen
Strahlungsart sehen sowohl Computertomograen als auch Röntgenbilder ähnlich aus, wenn
sie auf eine zweidimensionale Ebene projiziert werden. Diesem Gedankengang folgend, fassen



wir alle verfügbaren anatomischen Annotationen für Computertomograebilder zusammen und
entwickeln den PAX-Ray(++)-Datensatz, indem wir die Volumina mit ihren Beschriftungen auf
eine 2D-Ebene zurückprojizieren. Dieser Datensatz ermöglicht die allererste feingranulare Seg-
mentierung der menschlichen Anatomie in Röntgenbildern des Brustkorbs, die wir durch men-
schliche Annotation und Downstreamtasks validieren.

Diese Arbeit hat einewichtigeGrundlage für die automatisierte Erstellungmedizinischer Berichte
geschaffen, da wir Methoden für die offene Erkennung pathologischer und anatomischer Struk-
turen bereitgestellt und die medizinische Bildanalyse durch die Identizierung neuer Aufgaben
und die Entwicklung von Algorithmen und Datensätzen vorangetrieben haben. Die Ergebnisse
unserer Experimente sind sehr vielversprechend für die Anwendung solcher Algorithmen in der
Praxis.
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1INTRODUCTION

In this thesis, we aim to develop methods enabling quantiable automated reporting for
radiological cases. Our goal is to create a comprehensive process that captures relevant ob-
servations, such as pathologies or foreign objects, as well as their location and severity. The
development of such models demands ne-grained annotations. However, in the medical
eld, the amount of trained medical personnel required for annotation purposes is unavail-
able, resulting in the challenge of gathering sufcient training data. Therefore, we propose
methods that bring us towards automated reporting in scenarios with limited supervision.
Namely, we investigate (1) weakly supervised scenarios given available medical reports, (2)
semi-supervised scenarios where scraps of data are manually annotated, and (3) the utiliza-
tion of partially annotated domains for dense analysis. We display a high-level summary of
the addressed research questions in Fig 2. Our ndings have the potential to generate clear,
accurate medical reports and improve the overall insight in the eld of medical reporting.

Are there any abnormalities or areas of concern that could indicate a cardiac or pulmonary issue?

What is the concrete positioning of any medical implants or devices in the patients body?

Are there potential complications or risks for a surgery based on the imaging ndings?

Such questions and many more build the foundation for treating patients. Radiologists interpret
images of the human body and provide answers to these questions about a patient’s health based
on various modalities such as chest X-rays (CXR), computed tomography (CT) scans, and mag-
netic resonance imaging (MRI). This process involves understanding the anatomy and physiol-
ogy of the human body and the various imagingmodalities used to producemedical images. This
holistic understanding of a given image enables them to answer questions from departments
about their daily cases.

In this thesis, we will investigate the essential steps that bring us towards the development
of automated systems that can mimic a radiologist’s level of understanding, accurately interpret
medical images and correctly convey visual information.

1.1 MED ICAL REPORTS IN THE CL IN ICAL SETT ING

Radiologists play a crucial role in the diagnostic process by utilizingmedical imaging techniques
to help diagnose patients and either avoid or even assist in the planning of potentially risky inva-
sive procedures. After selecting the appropriate imaging modality, the radiologist interprets the
resulting images and conveys their ndings in a human-understand-able format, either verbally
or in a written report [3]. These reports typically describe all of the relevant information in the
images in a way easily understandable by humans [65, 121, 215]. What is considered relevant in-
formation often depends on the patient’s indication. For example, a patient experiencing chest
pain may have their lung and heart examined [131], while a patient post-surgery may have their
medical devices and potential complications evaluated [69, 80, 214].



1.2 ON THE DES IGN OF REPORT GENERAT ION SYSTEMS

Every year, millions of medical imaging exams are performed in Germany alone, and inter-
preting these images takes time. For example, a standard chest radiographmay only take aminute
to interpret and write the report, but more difcult exams like CT scans can take up tomore than
15 minutes.[68, 131, 142]. With hundreds of millions of exams performed each year in Germany
alone [229], this amounts to aminimumof 247 accumulative years spent annually on the analysis
of radiologic imaging1. As requirements for detailed reports increase continually, many radiology
departments struggle to keep up within the contracted hours [43, 207]. These demands pose a se-
vere issue for the healthcare system, particularly in the face of an ongoing shortage of medical
personnel [9, 10, 56], leading to avoidable errors due to rushed examination [21, 261] or even
burnout due to straining doctors [7, 22, 84].

Articial intelligence has the potential to help radiologists by reducing their workload in the
diagnostic process for both image analysis and report generation [129, 219]. Deep learning, in
particular, has shown great success in many vision and language tasks [42, 141, 221, 286] due
to the availability of large-scale datasets. Automated systems have used this technology to assist
humans in various elds such as science [27, 62, 126], content generation [210, 211, 226], and
information retrieval [224, 333]. It has also been used in radiological imaging for the automated
recognition of specic structures, such as lung nodules [144] or abdominal organs [185]. However,
to be of use in this medical setting, automated reporting systems, instead of focusing on specic
tasks, have to concisely capture all relevant behavior of interest, provide an accurate descriptor
and give a comprehensible assessment of the presented state [93, 127].

In this thesis, we aim to identify and clear some of the notable obstacles that hinder the appli-
cation of deep learning methods for generating medical reports.

1.2 ON THE DES IGN OF REPORT GENERAT ION SYSTEMS

Radiology reports provide crucial information about a patient’s medical imaging exams. These
reports can take on different forms, but they tend to include metadata about the patient, infor-
mation about why the exam was performed, the ndings from the exam, and the radiologist’s
conclusions and recommendations. This work focuses on the ndings section, which is essential
for any conclusions and recommendations. Depending on the task, this follows either a struc-
tured report or a free text. Structured reporting is becoming increasingly important in radiol-
ogy, as it allows for uniform and precise descriptions of patients, regardless of the radiologist’s
experience [241]. Task-specic experts often design a structured report to provide all the nec-
essary information for downstream analysis [65, 175]. For example, Fink et al. [65] developed a
structured report template to describe pulmonary embolisms, including information about their
presence, location, and severity, as well as related quantitative information for further diagno-
sis. This approach allows for more streamlined reporting and more straightforward analysis of
patient cohorts. However, developing and implementing a structured reporting system for nu-
merous diseases can require signicant time and rapid environmental changes, such as those
seen during the COVID-19 pandemic [137, 304, 314], may require noticeable changes structured
reporting formats to new ndings.

On the other hand, free text narratives are known methods as they are well-established and
do not require an initial introduction to the format. Furthermore, the free text allows for more
exibility and personalization in reporting [90]. It can dynamically adjust to a given image and
incorporate a wide range of reporting styles. However, due to its nature, it may omit certain in-

1We assume a lower bound of one minute per exam.
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1.2 ON THE DES IGN OF REPORT GENERAT ION SYSTEMS

Figure 1: Overview of the conceptual design of holistic automated report generation. We follow general
structure dened in the reporting consensus of the RSNA Radiology Reporting Committee [127]. The auto-
matic generation of the "Observations" section is an accumulation of (a) identifying relevant ndings, (b)
retrieving corresponding anchors based on established priors, and (c) quantication of ndings based on
anchors.

formation or become less parsable compared to a structured report, potentially hindering retro-
spective studies [93] and requiring more time during generation [90].

Given recent widespread developments in radiology and pandemic events, radiologic reports
need to adapt based on expert knowledge, follow a structured format based on precise infor-
mation, and allow the extraction of quantitative diagnostic data to categorize patients properly.
Keeping these developments in mind, we follow the concept of requirements for what we dene
as holistic, automated report generation, which we illustrate in Fig. 1. While the overall report-
ing structure is similar to standardizedmanual reporting, with sections for metadata of the exam
such as administrative information or patient identiers, observations that report on visible nd-
ings, and conclusions, we see the ndings section as consisting of three major components.

1. Identifying relevant information on the desired indication

2. Grounding the information based on known semantic priors such as anatomical concepts

3. Quantifying the severity of the identied nding

This conceptual design allows a radiologist to build a specied reporting system by dening nd-
ings of interest. In addition, themodular design enables highly exible adaptability to the desired
task, and underlying models provide interpretable information through dense predictions and
extraction of quantitative features.

The challenge of implementing a holistic reporting system is the need for dense predictions,
such as bounding box detections or mask segmentations, which require expert annotation of
thousands of images. This tedious task is even more difcult in the medical eld, where patholo-
gies are hard to identify, and correct delineation is difcult due to imaging techniques. As a result,
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1.3 THES I S ROADMAP AND CONTR IBUT IONS

Figure 2: Overview of the contribution areas and the underlying research questions of this thesis. We de-
velop methods for (1) learning from available medical reports, (2) learning scraps of manually annotated
data, and (3) the utilization of partially annotated domains for dense predictions.

the manual annotation of a single medical image can take hours, making the dense annotation
of a whole dataset nearly impossible.

So, what can we do to achieve a holistic reporting system? While directly learning to pro-
duce an entire report is complex, using the limited amount of available data to learn to solve
partial tasks seems reasonable. We explore methods for learning from medical reports, using
small amounts of dense supervision, and demonstrate how we can leverage easier-to-annotate
domains to build the basis for holistic reporting systems. Thus, we focus on developing algo-
rithms for identifying arbitrary medical ndings and anatomical structures.

1.3 THES I S ROADMAP AND CONTR IBUT IONS

This dissertation focuses on developing algorithms that bring us closer towards holistic radio-
logic reporting systems in limited data scenarios. Initially, we discuss and delineate us from re-
lated work in Chapter 2. Afterwards, we investigate three low supervision settings, which we
illustrate in Fig. 2. This includes utilizing implicit knowledge from medical reports (Chapter 3),
leveraging small amounts of densely annotated labels (Chapter 4), and making use of multiple
partially annotated domains (Chapter 5). Finally, we review our overall contributions to the eld
(Chapter 6) and discuss potential directions of future work (Chapter 7).

LEARNING FROM MEDICAL REPORTS

Can we accurately identify and localize medical ndings using training data directly from med-
ical reports? In Chapter 3, we focus on scenarios of language-based supervision signals. By de-
veloping deep neural networks using automatically generated labels from medical reports, we
demonstrate how modeling the problem as multiple instance learning can improve the localiza-
tion of pathologies while improving classication performance (based on our ACCV 2020 pub-
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1.3 THES I S ROADMAP AND CONTR IBUT IONS

lication [245]). Subsequently, we expand this setting by abandoning the concept of image-level
labels and adapting straight text supervision. Conditioning models directly on text allows us to
break away from predened denitions and manual annotation as we present the rst founda-
tion model that enables open set nding identication and localization in medical images(as
published inMICCAI 2022 [246]).

LEARNING FROM LIMITED AMOUNTS OF ANNOTATION

How canwe utilize abundant unlabeled data in combination with limited annotations to perform
semantic segmentation? Unlabeled data is often abundant in medical imaging applications, but
creating densely annotated data can be a tedious and challenging task. In Chapter 4, we explore
how to use small amounts of annotations as a reference for unlabeled samples to perform se-
mantic segmentation. Our focus is on anatomy segmentation in chest x-rays, where the overlap
of different structuresmakes typical semi-supervised approaches unsuitable.We propose a novel
pseudo-labeling mechanism designed explicitly for multi-label segmentation. We argue that vi-
sually similar regions between labeled and unlabeled images likely contain the same semantics.
We use this information tomatch pixels in an unlabeled image to the semantics of the best-tting
pixel in a reference set. This approach avoids pitfalls such as conrmation bias, which is common
in purely prediction-based pseudo-labeling (published in AAAI 2022 [242]).

LEARNING FROM PARTIALLY ANNOTATED DOMAINS

How can we utilize various partially annotated datasets? In Chapter 5, we investigate the idea
of a specic case of transfer learning following some elementary assumptions. The human body
remains unchanged regardless of the imaging modality, but some modalities allow for more ac-
curate visual feature delineation than others. Similarly, a CT allows formore accurate delineation
of visual features than an X-Ray andmanymodels sufce with a handful of training examples for
many tasks. As such, there exist several CT datasets specic for a particular task, such as organs at
risk segmentation. We show how we can leverage different annotations made in the CT domain
to accurately segment Chest X-Rays (published in BMVC 2022 [243]). We also demonstrate how
to scale the size of these projected datasets and how resulting models can be used to identify
anatomies at a level close to the inter-annotator agreement.

A NOTE ON IMPLEMENTATION

Constantin Seibold is solely responsible for the implementation of all sections of this work.
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2RELATED WORK

The methods proposed in this thesis fall into the intersection between computer vision and
natural language processing, radiology, medical image analysis, and learning with limited
data. While several of our results affect different research areas, we see our most signicant
impact on methods for developing densely annotated medical datasets. We provide signi-
cant contributions in areas such as multi-label open-set inference and semi-supervised seg-
mentation and propose conceptual changes to the ideas of medical reporting, including the
integration of dense annotations for the automatic generation of quantiable reports. This
chapter provides a comprehensive overview of the literature inuencing our work.

2.1 AUTOMAT ING MED ICAL REPORT GENERAT ION

Writtenmedical reports serve as a crucial bridge between clinical departments and between doc-
tors and patients, providing crucial information about a patient’s current state. [90, 127]. The
reports contain, apart from metadata such as the sex or age of the patient, relevant information
about its current state based on an underlying indication and presented data. In radiology, re-
ports focus on identifying anomalies and comprehensibly transferring that knowledge to oth-
ers. This transfer can be done in a standardized or free-text manner. While standardized reports
provide clear and consistent results due to their enforced structure, free-text reports allow for dy-
namic descriptions of particular cases and require a smaller training period. For a system to effec-
tively reconstruct this process, it must rst learn to analyze an image accurately and then clearly
convey complex medical information in a way that medical professionals and non-medical read-
ers can easily understand.

One approach to medical report generation is to use template generation, where the system

Figure 4: Excerpt of a structured report for chest radiograph
analysis as endorsed by the TLAP [238, 341].

lls in the blanks in a predened
template with the appropriate medi-
cal information [200]. As structured
reports focus on certain data ele-
ments in a specic format, many set-
tings can be formulated as a classi-
cation task. This allows for stream-
lining models to predict predened
classes similar to options in a doc-
tor’s evaluation [127].

We display an example of a typi-
cal structured reporting template for
standard chest radiograph analysis
endorsed by the Template Library
Advisory Panel (TLAP) consisting of
members of the RSNA and ESR [238,
341] in Fig. 4. This template consists



2.1 AUTOMAT ING MED ICAL REPORT GENERAT ION

Figure 3: An exemplary workow for the creation of datasets based onmedical reports for the classication
of pre-denedndings. Based on themanual annotation of selected samples a text classier is trained. The
text classier is then applied on either a subset or the remaining amount of the raw dataset. This process
can be enhanced through the integration of visual classiers trained on labels from the text predictions.

of a mix of free-text elds for metadata, such as clinical information and comparisons and drop-
down menus for commonly affected areas in chest radiographs. The drop-down menus contain
options to describe the state of an anatomy. I.e., the varying deviations of heart size or differently
affected areas of the pleura by effusions. In cases that stray away from the most common nd-
ings, the radiologist can mark the option “other” and elaborate via the free-text area “Additional
Findings”. This template structure enables concise and standardized processing of typical cases
while also enabling documentation of outliers.

Recent datasets [24, 52, 110, 292] have enabled the development of deep learning approaches
for the classication of ndings [17, 102, 187, 199, 209, 245, 293, 322]. These datasets are typically
annotated for a xed set of ndings [110, 259, 292], with a manual report-level annotation to
denote the presence or absence of a particular class. We display an exemplary workow in Fig. 3.
One starts by selecting a set of cases with clean visual data for manual report-level annotation
to denote the presence or absence of a class. Then, using these text annotations, one can apply
a text classier for multi-label classication of medical reports for the remaining dataset [110,
292]. Some approaches rene the annotation process by taking iterative training of visual multi-
label classication models using these annotations into account [23]. The ensemble of text and
visual classiers has led to a more accurate classication of ndings [23, 293]. Many works build
on these datasets to identify diseases, using different kinds of convolutional neural networks or
transformers for multi-label classication [12, 25, 30, 85, 86, 149, 155, 157, 159, 167, 193, 208, 209,
231, 251, 271, 287, 290, 292, 293, 311, 320]. These models can complete simple template-based
reports, but are unable to adapt to provide detailed information such asmeasurements or deviate
from the predened setting. As a side note, although the template-based reporting approach is
straightforward and natural to apply, it is not well investigated in current literature and clinical
settings.
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Another direction is the automatic generation of free text reports through the use of visual
encoders and language decoders in an end-to-end manner [19, 103, 119, 151, 272, 293, 297].
Some models incorporate comparisons to prior knowledge through retrieval of similar cases in
the training set [60, 158] or learned prototypes [288], as well as external knowledge from knowl-
edge graphs [204, 262, 329]. However, the underlying structure often relies on standard visual
encoders, such as DenseNet, [103, 105]. Language models, ranging from Recurrent Neural Net-
works (RNN) [303] using Long Short-Term Memory (LSTM) [100, 293] to recent transformer-
based methods like Generative Pre-trained Transformers (GPT) [11, 19, 206]. While these meth-
ods produce human-readable text, they can be unreliable as they suffer from aws in the training
data such as data imbalance [235] ormodel design as they are unable to extract quantitativemea-
surements due to the lack of dense predictions. Moreover, it has been shown that in some cases,
even simple baselines not relying on image features can beat these methods in commonly used
metrics [11], indicating a disconnect from models that provide a human-like comprehension of
images.

Lastly, we want to mention the importance of exact measurements and localizations in ra-
diology. Several studies have quantied the severity of diseases based on the size and position
of anomalies such as clots in the vasculatory system [65]. Other research has examined the re-
lationship between anatomy volume and the occurrence of pathologies [6, 220, 302]. The mea-
surement of tumor size is also crucial in determining the malignancy and treatment of cancer or
its correlation to other pathologies [16, 89, 192]. While detailed measurements like those used in
research can provide amore comprehensive view of a patient’s condition [276], they are often not
performed in clinical practice due to the time-consuming nature of manual measurements [98].
While machines built on dense predictions can automate these tedious tasks, they are often not
used in automatic reporting because of a lack of available training material, particularly in chest
radiographs. They are, therefore, mainly limited to specic use cases.

Our contribution: One of the signicant challenges in current medical reporting methods
is their limited reliability of predictions, inability to provide quantiable data, and reliance
on restricted training data. The concept of holistic automatic reporting addresses these is-
sues by utilizing visually interpretable predictions, which can be challenging to obtain in
the medical eld through heavily annotated training data. In Section 3.2, we abandon the
concept of label supervision for free-text reports in pathology classication models leading
to open-set classication, which, in turn, allows for a greater range of potential subtleties
through template-based reporting. In addition, we improve disease localization through our
self-guiding loss in Section 3.1.
The reliability and interpretability of a report are often restricted by the network’s ability to
recognize structures in medical images. However, as this data type is not always available
for training, we have developed methods that enable deep learning methods to perform
these tasks for anatomical and pathological information in Section 5.2. This allows for the
automated generation of medical reports incorporating a wide range of information such as
concrete sizes of anatomical structures or lung nodules.

2.2 UNDERSTAND ING OF V I S ION AND LANGUAGE

Human comprehension of every day life situations depends on their cognition of various signals.
As we form semantic concepts from gathered information, we can convey this information to
others through common signals such as images or language. As we intend to approach more
human-like models, it is essential for models to not only grasp visual aspects but also link these
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2.2 UNDERSTAND ING OF V I S ION AND LANGUAGE

to corresponding semantic concepts as found to allow for a common ground of communication
between humans and machines.

With the emergence of deep learning, there have been signicant strides in the juncture of se-
mantic concepts of both computer vision and natural language processing, thanks to advances
in CNNs [96, 141, 258] and word embeddings [181, 196]. Early efforts in this eld used two-
stage training pipelines that were specic to particular downstream tasks, such as Visual Ques-
tion Answering [5] or Image Captioning [283] using datasets like COCO Captions [36, 163] or
Flickr30k [202]. These models typically combined trained visual models, like plain convolutional
networks [96, 141, 258], with textual encoders, using late fusion methods like concatenation or
feature renement to merge the two feature spaces [5, 100, 113, 174, 283]. More recently, multi-
modal attention approaches have been proposed to better capture the alignment between image
and text regions. These models adapt the inuence of correspondences between the two modal-
ities based on their weight [132, 309, 318]. While these models allowed to tap into the potential
of multi-modal understanding, they have been limited by the size of the training datasets, which
limits their ability to understand semantic concepts and go beyond what they have seen before.

To overcome this limitation and to create universal vision-languagemodels, recent approaches
follow the concept of large-scale multi-modal pre-training utilizing datasets with millions [190,
205, 240, 250] or even billions of image-text pairs [34, 116, 197, 239]. To use this large amount of
data, most methods typically employ fusion-based or dual encoder-based approaches [38, 153,
205, 330]. Dual encoder architectures use separate encoders for eachmodality and only integrate
the interaction between the modalities through similarity measures between the image and text
representations [116, 205, 330]. On the other hand, fusion encoders use additional self-attention
layers tomodel a shared latent space [38, 152, 326]. While fusion-based architectures tend to per-
form better on visual reasoning tasks, dual-encoder architectures are more exible and excel in
many standard vision tasks. 1

Zhang et al. [330] lead the way with the rst dual encoder architecture for vision-language
pre-training. They proposed a contrastive objective between an image and a sampled sentence
fromamedical report, pulling co-occurring image-sentence pairs closer in latent space andpush-
ing non-co-occurring pairs further apart. This was applied for netuning classication models
and retrieving Chest X-Rays and corresponding reports. Similarly, Radford et al. [205] and Jia et
al. [116] apply the same objective on the natural image domain and, apart from potential ne-
tuning, show the effectiveness of this approach for open-set 2 recognition by treating image clas-
sication as an image-to-text retrieval problem, where the goal is to return the most similar text
class concept (also known as a prompt) for a given image. It is worth noting that the choice of
prompts can have a signicant impact on recognition ability, with swings in performance of, i.e.,
more than 40% for satellite images [205, 336, 337], indicating that in addition to model quality,
domain knowledge may be necessary to make full use of pre-trained models.

For tasks such as image-based reasoning or visual grounding, many models rely on dense
predictions in the form of bounding boxes or masks [4, 38, 78, 267, 317, 323]. These models often
use pre-trained models such as Faster R-CNN [218] or panoptic feature pyramid networks [134]
trained on a high-quality dataset such as MS COCO [163] or Visual Genome [139], to generate
high-quality proposals [78, 164, 316]. These proposals can then be used to explicitly model intra-

1Fusion-based architectures can be less efcient due to their need to encode all possible image-text pairs to compute
similarity scores, which can hinder their use for open-set recognition or explicit retrieval [73].

2The used denition of “open-set” or “zero-shot” recognition becomes somewhat fuzzy in literature. While initially,
one considers recognition of classes unseen during training, several models seemany of the concepts during training,
however, are not explicitly trained for classication.
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image associations [124, 164, 316], which in turn allows for the solution of complex tasks such as
high-level reasoning [298].

Our contribution: Whereas most recent methods stated above rely on the abundance of
available web data, the medical domain often faces difculties in obtaining sufcient data
and imbalanced data distribution for disease patterns. This thesis aims to address these chal-
lenges and facilitate a holistic understanding of medical images. Thus, we investigate, on
the one hand, how we can leverage report supervision to enable dynamic pathology recog-
nition on chest X-rays. In Section 3.2, we establish the rst multi-label inference scheme for
open-set recognition with vision-language models 3and investigate the impact of prompt-
ing in the medical domain. Furthermore, we show how we can effectively scale datasets for
vision-language pre-training through prompt-based supervision. Additionally, we address
the limited availability of dense annotations in the medical eld by investigating methods
for learning with limited data (Chapter 4) and introducing a new, densely annotated ne-
grained dataset for the segmentation of anatomical structures, enabling anatomy-based im-
age analysis (Chapter 5).

2.3 LEARN ING FROM L IM ITED ANNOTAT IONS

The availability of densely annotated datasets has helped to improve understanding of complex
scenarios in elds like autonomous driving [83] and smart living [49, 203]. However, the high
annotation cost can be a major barrier to deep learning in many applications. For example, it
can take around an hour to annotate a single mask image in the Cityscapes dataset [46]. While
it is relatively easy for most people to understand and segment a street scene and thus can be
outsourced to laypeople, this may not be the case for more specialized domains like medicine,
which often require input from domain experts for proper annotations [216]. As domain experts
are often hard to come by, it is essential to consider methods that can reduce the annotation
burden and help to build datasets for comprehensive image understanding.

One approach that has gained popularity is using weak supervision, which relies on the co-
occurrence of class labels and inherent image features. By using image-label pairs, networks
learn to recognize discriminative regions of objects, which can be visualized using saliencymeth-
ods like class activation mappings (CAMs) [29, 248, 334] or guided backpropagation [263]. For vi-
sualization, CAMs adapt the commonly used concept of the average pooling of the feature maps
before a nal classication layer by removing the pooling layer and replacing the linear classica-
tion layer with a 1×1 convolution. This way, one applies the classication weights to the individ-
ual elements of the featuremap followed, which can be normalized to generate a heatmap to indi-
cate themost relevant regionswithin the image. By using saliencymaps as hints, severalmethods
have been able to retrieve bounding boxes [55, 74, 154, 301] or segmentationmasks [256, 300] us-
ing strictly image-level supervision. Some combine these methods to merge network knowledge
with low-level image features resulting from region proposal methods such as EdgeBoxes [339],
Selective Search [278] or BING [39] to generate more accurate regions of interest.

A different tactic is Semi-supervised learning (SSL) which combines few densely labeled sam-
ples with a larger number of unlabeled samples to improve the performance ofmachine learning
models. This eld has seen signicant progress in recent years through different conceptual di-

3Tiu et al. [274] independently introduced a similar framework for open-set pathology recognition around the same
time as our MICCAI 2022 [246] publication.
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rections [14, 15, 28, 33, 191, 198, 260] as most methods follow one or combinations of directions
such as consistency regularization [70, 115, 260, 273] or entropy minimization [82].

Consistency regularization is based on the idea that different views of the same data describe
the same semantics. Thus the encodings made by a model for these different views should also
be similar, usually enforced with a loss term. In many cases, a simple augmented version (i.e.
slight cropping) is used as a supervision signal for more strongly augmented views of a sample
(multiple iterations of RandAug [48]) as in FixMatch [260]. For example, French et al. [70] use Cut-
Mix [324] to enforce consistency betweenmixed outputs and the predictions from corresponding
mixed inputs for semi-supervised segmentation. Ouali et al. [191] aligns the outputs of themain
segmentation decoder module and auxiliary decoders trained on different perturbations to en-
force consistent feature representations. Chen et al. [35] use two independent networks with the
same structure and enforce consistency between their predictions.

Entropy minimization aims to maximize a classier’s condence by approaching the optimal
decision boundary for an underlying system by extrapolating information from annotated to un-
labeled ones [81]. One way to do this is through pseudolabeling [28, 111, 147]. Approaches typi-
cally train a classier with unlabeled data using targets derived from amodel’s predictions with a
condence value above a certain threshold, assuming that predictions with high condence are
more likely to be correct. [147]. The threshold can be set manually or dynamically depending on
the prediction [150, 310]. However, pseudo-labeling can be problematic if themodel is poorly cal-
ibrated or makes incorrect high-condence predictions [87, 223], leading to noisy training data.
PseudoSeg [340] adapts FixMatch [260] and thus enforces consistency between segmentations
of weakly and strongly augmented images employing GradCAM [248]. Contrary to score-based
pseudo-labeling, one can follow a transductive setting and perform label propagation. This gen-
eration process of pseudo-labels is often not feasible in an online setting as the requirement of
a nearest-neighbor graph to the high demand on run-time and memory consumption for label-
propagation. It is performed after a set amount of iterations [111, 165, 254]. Even when not con-
sidering all data simultaneously, Taherkani et al. [266] match clusters of unlabeled data to their
most similar classes in an ofine procedure. In this fashion, pseudo-labeling literature can be
divided into online variants, which build pseudo-labels for unlabeled data directly during for-
ward pass [147, 260], and ofine variants, which generate new targets for the dataset in greater
intervals [28, 33, 111, 198, 308].

Another recently growing idea for segmentation with limited resources is the utilization of
synthetic training data [222, 230, 236]. Instead of using manually annotated data, which can
be costly and time-consuming, methods utilizing simulation platforms such as video game en-
gines can mass-produce synthetic training data [222, 225]. The challenge lies in matching the
concepts of the synthetic source domain with the ones of the desired target application. Several
methods attempt to solve this via latent space or distribution alignment of the source and target
domains [282, 305], variants of pseudolabeling [128], and consistency regularization [237]. Syn-
thetic data has been utilized in games like Sims, GTA, and Witcher 3 [138, 222, 225], the concept
of utilizing an easy to annotate source domain as a basis for the segmentation of others has also
been applied in the eld of radiology. For example, Jiang et al. [117] used annotations of CT
scans to train models for the segmentation of lung tumors in MRI images through image transla-
tionmethods based onCycleGAN. Similarly, Dou et al. [59] utilized adversarial feature alignment
between CT andMRI for whole heart segmentation.

Our contribution: The concept of holistic automatic reporting heavily depends on visually
interpretable predictions, which are difcult to obtain in the medical eld through densely
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2.4 CHEST RAD IOGRAPH DATASETS

Dataset Year Source Frontal4 Lateral Annotations Findings Anat. Instances
O
ri
gi
n
al

JSRT[257] 2000 247 - M 1 5 1.2K
Montgomery [114] 2013 138 - L 1 - -
Shenzen [114] 2013 615 - L 1 - -
OpenI [52] 2016 3.8K 3.6K R - - -
CXR14 [292] 2017 112K - L, B 14 - 1.6K
CheXpert [110] 2019 191K 32K L 14 - -
PadChest [23] 2019 108K 49K L 170 104 -
MIMIC-CXR [120, 121] 2019 224K 133K R,C 14 - -
Object-CXR[97]∗ 2020 9K - B, E, P 1 - 18K
VinDr-CXR [188] 2020 18K - B 22 - 9K

Su
b
se
t

RSNA Pneumonia[255] 2019 CXR14 26K - M 1 - 6K
SIIM-ACR[64] 2020 CXR14 12K - M 1 - 3.5K
ReacX[18] 2021 MIMIC-CXR 3K - ET N/A N/A N/A
ChestX-Det[160] 2021 CXR14 3,5K - P 14 - 9.6K
CLiP[268] 2021 CXR14 30K - L 3 - 17K

O
u
rs PAXRay[243] 2022 RibFrac[118] 440 440 M - 166 145K

PAXRay++ 2023 Misc[118] 7.2K 7.2K M - 158 2M

Table 1: Comparison of related datasets for Chest X-Rays with our PAXRay variants. R, C, B, E, L, M, P stand
for Report, Class Labels, Bounding Boxes, Ellipsoids, Lines, Masks, Polygons respectively.

annotated training data. To address this challenge, we propose several strategies to alleviate
the annotation burden.We propose a loss function based on dynamic entropyminimization
for classicationmodels, which allows formore interpretable class activationmappings (Sec-
tion 3.1). We also demonstrate how to extract multi-label open-set localizations(Section 3.2).
Furthermore, we intertwine online-generated pseudo-labels with consistency regularization
to alleviate drawbacks in either of the two formulti-label segmentation(Chapter 4). This task
is especially relevant in domains withmany overlapping visual structures, as in chest X-Rays.
Additionally, in Chapter 5, we use computer tomography to generate large-scale, densely an-
notated datasets of pseudo chest x-rays, enabling the segmentation of real-world x-ray data,
a crucial step in adequately analyzing these images.

2.4 CHEST RAD IOGRAPH DATASETS

A deep learning-based system can only be as good as the data it is built on. While some datasets
aim to provide as much data as possible [239, 240], others prioritize detailed annotations to en-
able a wide range of downstream tasks [88, 163]. In the medical domain, however, gathering an-
notations can be difcult due to the need formedical experts and the challenges of sharing highly
personal data. We display a list of available datasets in this domain in Table 1.

Initial public datasets were relatively small-scale (less than 1K images). They focused on par-
ticular classes such as JSRT [257] for nodule detection and the Shenzhen as well as the Mont-
gomery County dataset [114] on tuberculosis. JSRT also provides anatomical masks for the heart,
lungs, and clavicles. The IU OpenI dataset has been the rst dataset containing image-report
pairs with studies containing both lateral and frontal views, but, as it contains less than 10K
weakly labeled images, training deep networks with it can lead to non-generalizable results [11].

Recently, several chest x-ray datasets have been released that build on available image-report
pairs. Datasets such as ChestX-Ray14 [292], CheXpert [110], and PadChest [23] automatically

4Frontal refers to AP/PA Chest X-Rays alike.
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parse pathology labels frommedical reports using workows similar to what is displayed in Fig. 3
andprovide themwith corresponding images. This narrows the focus and protects personal infor-
mation contained in medical reports. In addition, MIMIC-CXR [121] provides the image-report
pairs openly, allowing for a broader range of information. While these datasets have made sig-
nicant progress in automating x-ray processing as they provide vast amounts of annotated im-
ages (>100K images), they suffer from the lack of densemask annotations, which are essential for
many computer vision approaches [253, 321].

There have also been efforts to expand these larger datasets through additional dense anno-
tations. For example, the SIIM-ACR dataset [64] provides 3576 mask annotations for pneumoth-
orax in 12,954 frontal images, while the RSNA Pneumonia Challenge [64] contains 6012 masks
for 26,684 cases of pneumonia. The VinDr-CXR [188] provides box annotations for 18K images.
However, they also display a very long-tail distribution. Bigolin et al. [18] provide roughly 3,000
sets of eye-tracking data from radiologists corresponding to medical reports and images. Lian et
al. [160] provide 9.6K instancemasks for 3578 images for diseases in thirteen common categories
of the ChestX-Ray14 dataset. The CLiP dataset contains 18K line annotations for catheter and
tube types.

Our contribution: Overall, the lack of anatomical annotations limits their utility for reliable
reasoning (e.g., correct alignment of an endotracheal tube within the trachea) and hinders
our ability to understand and interpret the images in their entirety. Therefore, to further ad-
vance the eld of automated x-ray processing, it will be essential to prioritize the inclusion
of detailed anatomical annotations in future datasets.
In Chapter 5, we introduce the PAX-Ray dataset, a comprehensive resource for anatomy seg-
mentation in chest radiographs.With over onemillionmask annotations for various anatom-
ical structures in both frontal and lateral views, PAX-Ray is a unique and valuable resource for
researchers and practitioners. Our ne-grained label structure includes 160 labels covering
the thoracic, abdominal, vasculatory, and bone systems, allowing for a thorough analysis of
chest radiographs. Given the labor-intensive nature of manually annotating such a dataset,
the release of PAX-Ray signicantly contributes to automated x-ray processing. It will facili-
tate further research on anatomical understanding and automatic report generation.

2.5 MULT I PLE INSTANCE LEARN ING

Multiple Instance Learning (MIL) has become awidely adopted assumptionwithin weakly super-
vised learning [26, 171, 234, 285], often used in weakly supervised detection [41, 63, 269] and seg-
mentation [148, 252, 270]. MIL works by assuming that a sample consists of a “bag” of instances,
and the bag is considered positive for a certain class if there is at least one positive instancewithin
the bag. However, during training, only the bag-level label is available. While initially proposed
for drug activity prediction [57], it has since found a use for elds such as common signal process-
ing [136, 176, 296, 338] and the analysis of large, difcult-to-annotate datasets, which often face a
small amount of positive and large amounts of negative elements, like histopathology images [47,
108, 148, 264].

While the choice of pooling function is often a max-operator or an approximation for deep
MIL networks [159, 176, 292], recent research has explored the use of learnable pooling functions
that combine embeddings or predictions of instances to make bag-level predictions [107, 161,
176, 296, 320, 338] but also on how to leverage the use of articial supervision within a MIL set-
ting to train the network additionally through instance-level losses [183, 249, 295, 338]. MIL has
also been shown to improve by introducing articial instance labels for prediction scores above
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a certain threshold. However, this method has limited supervision as it ignores the association
between positive and negative instances. [249, 295, 338].

Our contribution: Our research addresses the challenges faced by traditional MIL meth-
ods for data with imbalanced class distributions. In these scenarios, the minimization of
entropy leads to clumped value distributions within a bag, making it difcult to apply strict
thresholding for pseudo-label generation. We propose a novel approach that uses instance-
level scores to adapt a threshold to create articial instance-level supervision dynamically.
This allows the network to learn implicitly from the bag label while also considering explicit
instance-level predictions in training. Furthermore, by dividing the predictionmaps into the
foreground, background, and ambiguous regions, the network can provide instance-wise tar-
gets of varying levels of certainty.
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Part II

LEARNING FROM
LIMITED SUPERV IS ION





3LEARNING FROM
RADIOLOGIC REPORTS

Automatedmedical report generation has the potential to become a streamlining tool in the
the healthcare process. We start of with one of the pivotal problems of automated reporting,
namely, the identication and localization of relevant ndings. Since such information is
contained within a medical report, the main goal of this chapter is to investigate methods
that are able to extract the required knowledge to teach neural networks to identify ndings.
We, rst, take a look at learning from parsed labels and how we can make use of implicit
information to localize ndings in Section 3.1. As parsed labels restrict a networks potential,
we, in Section 3.2, show subsequently how report-level supervision enables neural networks
to identify ndings in an open-set manner.

The ability to accurately identify abnormalities in medical images is crucial for effective di-
agnosis and treatment. Deep learning techniques have made great strides in this area, enabling
the reliable recognition of a wide range of categories in images, as demonstrated on numerous
large datasets [141]. This same approach can be applied to the analysis of medical observations,
such as the millions of chest radiographs (CXR) captured annually [186]. The availability of large
CXR datasets like Open-I and ChestX-ray14 [23, 52, 110, 121, 292] has allowed for the use of deep
neural networks to assist in the detection of pulmonary abnormalities [12, 25, 85, 149, 155, 157,
159, 167, 193, 208, 209, 231, 251, 271, 287, 290, 292, 293, 311]. The underlying concept is displayed
in Fig. 5. The CXR of a patient is passed through a network. The network processes the visual fea-
tures via a series of convolutions [146] or attention blocks [281] to identify the occurence of a
pathology. The location of a nding can then inferred based on the activations of the network.

But how are these networks trained?While in the natural image domainmost commonly there
exists enough labelled data to train sophisticatedmodels for detection [168, 213, 218] or instance
segmentation [95], most existing large-scale CXR datasets rely on the usage of medical reports as
manual annotation is hard to perform in the clinical setting on a large scale due to the unattain-
ability of medical staff.

Figure 5: In our framework, the network trained on report-based information reads chest X-ray images
and produces overall image-level pathology prediction scores and their corresponding locations.



3.1 PATHOLOGY RECOGN IT ION FROM REPORT-LEVEL LABELS

In the following sections, we develop methods that make use of different training setup in-
volving reports and show not only how to improve localization through our self-guided loss but
also how we enable open set nding recognition through report-guided contrastive training and
subsequent prompting.

3.1 PATHOLOGY RECOGN IT ION FROM REPORT-LEVEL LABELS

The following section is based on our publication in ACCV 2020 [244].
One common approach for training neural networks for nding recognition often involves

the use of labels frommedical reports as targets for image-based training [110, 292]. These labels
are generated in a similar manner as displayed in Fig. 3. While this workow saves time, it can
lead to inaccurate labels and hinder the training of advanced models. As a result, the identica-
tion and localization of ndings is at best considered weakly supervised due to the lack of dense
annotations and inherent label noise stemming from the annotation process.

There are twomain approaches toweakly-supervised pathology localization inCXRs: network
saliency and Multiple-Instance Learning (MIL). Saliency-based methods [12, 25, 193, 209, 251,
271, 287, 292] use visualization techniques like class activation mappings (CAM), GradCAM, or
excitation backpropagation to implicitly predict locations [248, 325, 334]. However, these meth-
ods rely on global average pooling, which can lead to less indicative decisions due to healthy
regions outweighing the few regions of interest containing abnormalities. MIL-based methods,
on the other hand, use Fully Convolutional Networks (FCN) to implicitly learn patch-level pre-
dictions for localization [159, 167, 231, 311]. InMIL, the input data is treated as a bag of instances
where the label is only available at the bag level. This approach works well for medical images, as
small regions may dene the presence of a pathology within the overall image.

Our focus is on MIL-based approaches for diagnosing and localizing pulmonary abnormali-
ties in CXRs. Previous MIL-related work has explored the use of different pooling functions to ag-
gregate predictions or embeddings [107, 161, 176, 292, 296, 312, 319, 338]. However, we argue that
this approach ignores the potential of using instance-level predictions in training. We present a
novel loss formulation split into two stages. The rst stage leads to conventional bag-level clas-
sication, while the second stage leads to more precise predictions by generating auxiliary su-
pervision from instance-level predictions. By separating the prediction maps into foreground,
background, and ambiguous regions, the network can provide itself with instance-wise targets at
different levels of certainty.

3.1.1 Online Instance-Level Pseudo-Labeling via Self-Guidance

We will rst dene multiple-instance learning. We then introduce our proposed Self-Guiding
Loss (SGL) and explain how it differs from existing MIL-loss formulations. Finally, we will dis-
cuss the use of SGL for classication and weakly supervised localization of CXR pathologies in a
MIL setting.

3.1.1.1 Preliminaries of Multiple-Instance Learning

Consider a set of bag-of-instances,B, with size N , and their associated labels,B  {(B1, y1), . . . ,
(BN , yN )}. Each bag-of-instances, Bi , has Ni instances, Bi , j ∈ Bi , where j ∈ {1, . . . ,Ni }. The labels,
yi ∈ {0,1}C , describe the presence or absence ofC classes, which can occur independently of each
other. The label for a specic class c ∈ {1, . . . ,C }, for a bag and an instance is denoted by yci ∈ {0,1}
and yci , j ∈ {0,1}, respectively. A label of 1 is referred to as positive, while a label of 0 is referred to as
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3.1 PATHOLOGY RECOGN IT ION FROM REPORT-LEVEL LABELS

Figure 6: Illustration of supervision for different loss function concepts for MIL. Strict bag-level supervi-
sion (left) provided, Zhou et al. ’s BIL [338] (center left), Mor et al. ’s MMM [183] (center right) and on
the right our proposed SGL.

negative. The MIL assumption requires that yci  1 if and only if there exists at least one positive
instance, which can be dened as:

yci max
j

yci , j . (1)

Note that while the bag-level annotation, yci , is available in the training data, the instance-level
annotation, yci , j , is unknown.

Our goal is to learn a classier that can predict the likelihood of each instance within a bag be-
longing to each class. Inmany deepMIL approaches, this classiermay consist of a convolutional
backbone, Ψ, linked with a pooling layer, Φ, to combine predictions or features. The class-wise
likelihood of a single instance is denoted by pc

i , j (Bi , j ) ∈ [0,1], with:

pc
i (Bi ) {pc

i ,1(Bi ,1),p
c
i ,2(Bi ,2), . . . ,

pc
i ,Ni

(Bi ,Ni )}Ψc (Bi )
(2)

representing the set of all instance-level predictions for class c of the i -th bag. These instance-
level predictions are then aggregated using a pooling layer to obtain bag-level predictions:

pc
i (Bi )Φc (p

c
i (Bi )) (3)

where pc
i (Bi ) ∈ [0,1]. For simplicity, we omit the arguments of the presented functions from this

point on.

3.1.1.2 Dening the Self-Guiding Loss

The Self-Guiding Loss (SGL) is designed to address the challenges of theMIL setting, where there
is a lack of knowledge about the correct instance labels and an imbalance between positive and
negative instances. In MIL, it is common to merge instance predictions and train the model by
optimizing any loss function using the bag’s label, y , and the bag prediction, p. This level of su-
pervision is shown on the left in Fig 6. The bag label is depicted in the top row, while the types
of instance supervision are displayed in the bottom. Numbers represent the target label, while
a dash ( “-”) denotes that there is no supervision for that particular instance. While this level of
supervision can lead to accurate bag-level predictions, it does not ensure that the determining
instances are correctly inferred.

Our loss formulation is split into two parts to address this issue. The rst part denes the bag-
level loss, while the second part describes how the network’s predictions can be used to create
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articial supervision for each instance.

Bag-Level Loss. The bag-level loss functions in the same way as classic MIL approaches. It gener-
ates bag-level predictions by aggregating the network’s instance-level predictions. We calculate
the loss for this stage using common loss functions,L , such as the binary cross-entropy, by pass-
ing the prediction and target for all classes and bags as follows:

LBag (B, y) 1

C ·N


c

i
L (pc

i , yi ) (4)

where i ∈ 1, . . . ,N and c ∈ 1, . . . ,C . This loss depends on the choice of the pooling function,Φ, and
allows the instance-level loss to step in to provide more distinct supervision.

Instance-Level Loss.Todene the instance-level loss, we start by assuming that a network trained
solely on bag labels will inevitably assign some positive instances a higher prediction score than
most negative instances. Based on this, we identify three types of instance predictions. Instances
with a high score are likely to be considered positive, while those with a low score are likely to
be considered negative. Instances with scores close to the decision boundary are ambiguous, as
theymay easily be swayed during training and do not provide a clear indication of the actual class
of the instance. We therefore establish three types of supervision based on the certainty level of
each prediction within a bag.

Our rst step is to normalize the prediction set using min-max feature scaling to avoid biases
resulting from algorithmic decisions or data imbalance. The resulting rescaled bag of predictions,
θ, is dened as:

θci j 
pc
i j −min(pc

i )

max(pc
i )−min(pc

i )
(5)

where min and max return the minimum and maximum values within a set, respectively. We
then use the normalized predictions to create a ternary mask, M , depicting targets based on the
previously mentioned cases, similar to Hou et al. [104] and Zhang et al. [327]. To do this, we
dene upper and lower thresholds, δh and δl , to partition the prediction set, with δh+δl  1 and
δh ≥ δl ≥ 0. Anything larger than the upper threshold, δh , is considered a positive instance, while
everything lower than δl is considered negative. The target mask, M , is then dened for each
instance, j , in the bag, i , for class c as:

Mc
i , j 





0 , if θci , j  δl or y
c
i  0

θci , j , if δl ≤ θci , j ≤ δh

1 , if δh  θci , j

. (6)

For distinct positive and negative predictions, we can provide instance-wise supervision with
target values of 1 and 0, respectively. We can also assume, based on Eq.1, that all instances within
negative bags are negative, and set their masks to 0. However, for uncertain regions, it is more
difcult to assign explicit labels. While we want to guide the network’s decision process, we also
need to account for potential misassignments. To address this, we set the target value to θ rather
than a xed value. This approach is similar to the label smoothing technique [265]. Instead of
usingmaximal target values, we insert the adjusted value into the loss function as the target value.
This slightly pushes the loss towards the most extreme predictions within the uncertain instance
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set, steadily increasing the number of distinct positive and negative predictions over the course
of training.

We can construct the loss using a basic loss function, L , such as binary cross entropy, by
usingM as the target. The instance-level loss is then dened as:

L Inst (B,M )

i


c


j
2α

c
i−1 ·L (pci , j ,Mc

i , j ), (7)

where each part is normalized by the number of pixels with the respective supervision types.
This strengthens the network’s decision process for its more certain instances. We also introduce
a weighting factor, α, to inuence the impact of each bag based on the overall certainty of its
prediction. We make the assumption that a positive bag will always also contain a majority of
negative instances, thus, the network should be able to seggregate between the two camps. We
dene α as:

αc
i max(max(pc

i )−median(pc
i )),1− yi ) (8)

Since a positive bag in a common MIL setting should have a low median value due to a limited
number of positive instances, it is given a high weight if the network is able to clearly separate
positive from negative predictions. Therefore, for positive bags, α  0 if all predictions are the
same value, and α  1 if the network is able to clearly separate positive from negative instances,
under the assumption that the number of positive instances is much smaller than the number of
negative ones. For negative bags, α 1 holds due to the given supervision.

The complete loss is now dened as

LSGL(pi , yi )LBag +λ ·LInst , (9)

where λ is the hyperparameter that weighs the instance-level loss. An example of the nal
supervision for our loss can be seen in Fig 6. The standard approach on the left does not use
instance-level supervision. In the center left, Zhou et al. ’s BIL provides a positive label for in-
stances above the 0.5 threshold and a negative label for others, while maintaining the bag super-
vision. The MMM loss by Mor et al. in the center right considers positive labels for the maxi-
mum instances and negative labels for the minimum instances. It also uses a target of 0.5 for a
mean-pooled prediction. In contrast, our loss adapts its assumed supervision to the produced
predictions. Instead of simply using themaximum or applying a xed threshold, we threshold on
a rescaled set of predictions, which helps to avoid a common issue with imbalanced data. Our
formulation incorporates all instance predictions while providing a margin of error based on the
network’s certainty over the smoothed targets, θ, and the weighing factor, α.

3.1.2 Multiple Instance Learning for Chest Radiograph Diagnosis

We study theMIL scenario for CXR diagnosis where the goal is to predict the presence or absence
of specic pathologies based on small, individual patches of the image. These patches, which
can be seen as the instance, are grouped into a larger collection, or bag, and the label for the
bag is determined by whether any of the instances suggest the presence of the pathology. For
example, the presence of a nodule, which may be small and hard to see in the overall image, can
be identied through the analysis of individual instances.While we are providedwith image-level
labels for the pathologies, we do not have access to more detailed information such as bounding
boxes or pixel-level annotations. The goal of ourmodel is to be able to classify the bag of instances
and provide insights into which regions of the image are affected by the pathology.
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Figure 7: Overview of our framework for thoracic disease identication and localization. A chest X-ray is
passed through an FCN producing a prediction map. This map is used to compute the instance- and bag-
level losses.

Overview. Figure 7 illustrates our scheme for CXR diagnosis. The process begins with an FCN
that processes the CXR images, resulting in patch-wise classication scores for each abnormality.
The number of patches is determined by the size of the perceptual eld, which is related to the
backbone architecture of the network. Each patch is processed independently through a 1× 1
convolutional classication layer. Here, we do not add any additional modules to the backbone
network. The patch-level predictions are then aggregated using a pooling layer to produce a bag-
level prediction, which is used to calculate the bag-level loss. In the next step, an instance-level
loss function is applied based on the patch-level predictions. Finally, both the instance-level and
bag-level losses are combined and optimized, with an additional penalty applied to the occur-
rence of non-zero elements inM using an L2-norm, whichmaximizes the patch-wise condence
scores.
Choice of Pooling Function. The selection of an appropriate pooling function is crucial for ac-
curate bag-level prediction in a MIL-setting. Max and mean pooling can result in imprecise deci-
sions. In the context of MIL for CXR diagnosis, the Noisy-OR function has been used, but it can
suffer from numerical instability due to the product of multiple instances. Instead, we have cho-
sen to use Softmax pooling, which has been successful in audio event detection and allows each
instance to inuence the bag-level loss based on its intensity, providing a balance

Figure 8: We display exemplary positive bags of size
10 for MNIST-bags (top) and CIFAR10-bags (bottom).
Positive instances denoted in green, negatives in red.

between instance-level predictions [176, 296].

3.1.3 Experimental Setup

3.1.3.1 Datasets

MNIST-Bags. In a similar manner to Ilse et
al. [107], we use the MNIST-bags [107, 146]
dataset to test our method in a MIL setting.
The dataset consists of grayscale MNIST im-
ages of size 28× 28 that have been resized to
32× 32. A bag is considered positive if it con-
tains at least one image with the label "9". The
number of images in a bag follows a Gaus-
sian distribution based on a xed bag size. We
study the effect of different average bag sizes
and training set sizes on the performance of
the model. During evaluation, we use 1000
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bags created from the MNIST test set with the same bag size as used in training and average
the results of ten training runs.
CIFAR10-Bags.We are creating collections of image patches called bags from the CIFAR10 [140],
similar to those we previously created from the MNIST dataset. We have a total of 2500 training
bags and 5000 test bags, each with a xed number of instances. A bag is considered to be positive
if it contains at least one instance with the label "dog". We display visual examples in Fig. 8. We
are interested in exploring the impact of having different numbers of positive instances per bag
on the performance of our model. To do this, we will average the results of ve training runs.
ChestX-ray14. To demonstrate the effectiveness of our loss function for medical diagnosis, we
conduct experiments using the ChestX-ray14 dataset [292]. The images are originally 1024×1024
in size, which we resize them to 512×512 for our experiments. We use the standard train/val/test
split provided by Wang et al. [292], which gives us a split of 70%/10%/20%. Additionally, we
evaluate our localization performance on the subset of 880 images with bounding boxes for 8 of
the 14 pathologies.

3.1.3.2 Implementation Details

For the experiments on MNIST-Bags, we use the LeNet5 model [146] as described in Ilse et al.
[107] and apply max-pooling with δl  0.3 and λ 1 unless otherwise specied. We train the BIL
model [338] using mean-pooling because we found that it was unable to be trained with max-
pooling.

For the experiments on CIFAR10-bags, we train a ResNet-18 model [96] with the same opti-
mizer hyperparameters and a batch size of 64 for 50 epochs. We also apply max-pooling with
δl  0.3 and λ 1.

For the ChestX-ray14 experiments, we use a ResNet-50 model [96] initialized with ImageNet
pretraining, following the base model of Wang et al. [292]. We modify the nal fully connected
and pooling layers with a convolutional layer of kernel size 1×1, resulting in the same number
of parameters as in the work of Wang et al. . Standard image normalization techniques [233] are
applied. During training, we randomly crop the images to size 7/8 of the input image size, and
use the full image size during test time. Themodel is trained for 20 epochs using Adam optimiza-
tion [133] with a learning rate of 10−4, weight decay of 10−4, andβ1  0.9,β2  0.999. The learning
rate is decayed by a factor of 0.1 every 10 epochs, and we set δ 0.3 and λ 20. We increase the
value of λ to keep the magnitudes of the two losses similar. The model is implemented using
PyTorch [194].

3.1.3.3 Evaluation Metrics

To evaluate the performance of our network, we use the area under the receiver operating charac-
teristic curve (AUC) as ameasure of classication ability. To assess the network’s localization abil-
ity, we follow the approach of Russakovsky et al. [233] and calculate the average intersection-over-
union (IoU) score for each class. We threshold the probability map at a scalar value Tp to obtain
the predicted area and then calculate the intersection between the predicted and ground truth
areas. For MNIST and CIFAR10 bags, we use a threshold of Tp  0.5 for the positive instances.
The localization accuracy is calculated as the number of correct predictions (hi t ) divided by the
total number of predictions #hi t

#hi t+#miss , where a correct prediction is dened as a correct class
prediction with an IoU greater than a predened threshold TIoU .
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Figure 9: Ablation study on different aspects of our SGL onMNIST-bags.

3.1.4 Results

Ablations onMNIST-Bags. In Fig. 9 (a), we present ablation studies involving different combina-
tions of the loss components. We start with the max-pooling baseline and successively add parts
of the proposed self-guidance loss (SGL). On its own, max-pooling struggles with identifying pos-
itive and negative bags, but it improves slowly in terms of IoU and AUC with increasing numbers
of training bags. When we add the proposed loss without the rescaling mentioned in Eq. 3.1.1.2
and the weighting component (shown as "Inst. (No Rescale)"), the method becomes unable to
learn, as even random initializations may lead the network to incorrect conclusions. When we
add the rescaling component (shown as "Inst."), the model signicantly outperforms the previ-
ous versions in both metrics. This achieves higher maximums than using the applied weighting
factor α, as shown by "Inst. + Weight." However, the addition of the weighting factor provides a
more stable training, especially for smaller amounts of training data.
MNIST-Bags. The results of the AUC and IoU evaluations for mean bag sizes of 10, 50, and 100
with a varying number of training bags are shown in Fig. 10. The top and bottom rows display
the results from left to right, respectively. The mean, best, and worst results for each method are
presented. For small bags, our method performs similarly to the simple max-pooling baseline in
both AUC and IoU. We attribute this average performance to the small number of instances in

Figure 10: Test AUC and IoU for MNIST-Bags for differing avg. instances per bag.
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Figure 11: AUC and IoU for CIFAR10-Bags for differing number of positive instances per bag with size of
50 and 100.

a bag, which does not allow for effective use of our ternary training approach. As the bag size is
increased to 50 and 100, our proposed loss performs better than the max-pooling baseline, as
well as the other methods, for both metrics. This is particularly evident in the IoU, where our
method achieves nearly double the performance of the next best method for almost all amounts
of training bags. We nd that our approach does not trade off between condent predictions and
overall AUC, but rather facilitates a training environment that improves both metrics. It is worth
noting that while increasing the number of training bags improves performance for any bag size,
our method achieves exceptional performance for both AUC and IoU with a small number of
examples for larger bags. This suggests that self-guidance can improve a method regardless of
dataset size.
CIFAR10-Bags. The results for themean bag sizes of 50 and 100 with varying numbers of positive
instances per bag are shown in the top and bottom rows of Figure 11. We see that for smaller
bag sizes, straightforward mean-pooling achieves the highest AUC scores for CIFAR10-Bags. In

At. Card. Cons. Ed. Eff. Emph. Fib. Hernia Inf. Mass Nod. Pl. Th. Pn. Pt. Mean

Wang et al. 0.70 0.81 0.70 0.81 0.76 0.83 0.79 0.87 0.66 0.69 0.67 0.68 0.66 0.80 0.75

Li et al. * 0.80 0.87 0.80 0.88 0.87 0.91 0.78 0.70 0.70 0.83 0.75 0.79 0.67 0.87 0.81

Liu et al. * 0.79 0.87 0.79 0.91 0.88 0.93 0.80 0.92 0.69 0.81 0.73 0.80 0.75 0.89 0.83

ResNet-50+SGL 0.78 0.88 0.75 0.86 0.84 0.95 0.85 0.94 0.71 0.84 0.81 0.81 0.74 0.90 0.83

Table 2: Comparison of classication performance for pathologies on the ChestX-Ray14 dataset. Here, 70%
of all images were used for training with no bounding box annotations available. Evaluations were per-
formed on the ofcial test split containing 20% of all images. “*” denotes usage of additional bounding
box supervision. At., Card., Cons., Ed., Eff., Emph., Fib., Inf., Nod. , Pl. Th. , Pn., Pt. stand for Atelectasis,
Cardiomegaly, Consolidation, Edema, Pleural Effusion, Emphysema, Fibrosis, Hernia, Inltration, Pleural
Thickening, Pneumonia, and Pneumothorax respectively.
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TIoU Model At. Card. Eff. Inf. Mass Nod. Pn. Pt. Mean

0.1

Wang et al. [292] 0.69 0.94 0.66 0.71 0.40 0.14 0.63 0.38 0.57
Li et al. [159]* 0.71 0.98 0.87 0.92 0.71 0.40 0.60 0.63 0.73
Liu et al. [167] 0.39 0.90 0.65 0.85 0.69 0.38 0.30 0.39 0.60
SGL (Ours) 0.67 0.94 0.67 0.81 0.71 0.41 0.66 0.43 0.66

0.3

Wang et al. [292] 0.24 0.46 0.30 0.28 0.15 0.04 0.17 0.13 0.22
Li et al. [159]* 0.36 0.94 0.56 0.66 0.45 0.17 0.39 0.44 0.50
Liu et al. [167] 0.34 0.71 0.39 0.65 0.48 0.09 0.16 0.20 0.38
SGL (Ours) 0.31 0.76 0.30 0.43 0.34 0.13 0.39 0.18 0.36

0.5

Wang et al. [292] 0.05 0.18 0.11 0.07 0.01 0.01 0.01 0.03 0.06
Li et al. [159]* 0.14 0.84 0.22 0.30 0.22 0.07 0.17 0.19 0.27
Liu et al. [167] 0.19 0.53 0.19 0.47 0.33 0.03 0.08 0.11 0.24
SGL (Ours) 0.07 0.32 0.08 0.19 0.18 0.10 0.12 0.04 0.13

0.7

Wang et al. [292] 0.01 0.03 0.02 0.00 0.00 0.00 0.01 0.02 0.01
Li et al. [159]* 0.04 0.52 0.07 0.09 0.11 0.01 0.05 0.05 0.12
Liu et al. [167] 0.08 0.30 0.09 0.25 0.19 0.01 0.04 0.07 0.13
SGL (Ours) 0.02 0.01 0.1 0.00 0.04 0.00 0.03 0.01 0.01

Table 3: Disease localization accuracy are evaluated with a classication threshold of 0.5. “*” denotes ad-
ditional bounding box supervision. Abbreviations follow Table 2.

general, our method (SGL) performs better than straightforward max-pooling for all numbers of
instances. In terms of IoU, our method outperforms other methods for a wide range of numbers
of positive instances per bag. For larger bag sizes, SGL achieves similar AUC performance to BIL,
which was trained using mean-pooling, while outperforming it in terms of IoU for all numbers
of positive instances per bag. The self-guidance of our method addresses the limitations of max-
pooling and improves accuracy for any bag size or number of positive instances.
ChestX-Ray 14: Multi-Label Pathology Classication. Table 2 shows the AUC scores for differ-
ent disease classes, comparing the results of our loss function with those of other classication
approaches:Wang et al. [292], Li et al. [159], and Liu et al. [167]. All of thesemethods use a ResNet-
50 network as the backbone and the latter two also make use of bounding box supervision and
architectural adaptations. Our approach outperforms the baseline ResNet-50 of Wang et al. in
all categories, and achieves better classication performance than the other methods in 9 out of
14 classes in total. We also achieve a higher mean performance than the other methods, which
use additional bounding box annotations and architectural modications such as additional net-
works [167] or additional convolutional layers [159, 167].
ChestX-Ray 14: Pathology Localization. To evaluate the localization accuracy of different meth-
ods, we measure the accuracy over a range of intersection-over-union (IoU) thresholds. For our
method, we upsample the prediction maps using nearest-neighbor interpolation, and then con-
struct bounding boxes around the connected components of the maximum prediction. The re-
sults are shown in Table 3 for IoU thresholds of TIoU ∈ 0.1,0.3,0.5,0.7. In Figure 12, we also pro-
vide qualitative examples for each pathology, where the expert annotation is shown in green and
the predicted bounding box is in orange.

Our method performs well across all pathologies at an IoU threshold of TIoU  0.1, and gen-
erally outperforms the baseline method of Wang et al. [292]. However, for higher thresholds, our
model performs worse than the more specialized approaches of Li et al. [159] and Liu et al. [167].
We attribute this suboptimal quantitative performance to two factors: the low spatial resolution
of our output, which can make it difcult to achieve high IoU scores, especially for naturally
small classes like nodules; and the overall coarse and partially faulty annotation for example in
the case of inltrates, which affect the lung area but may also include the cardiac area, reducing
the IoU. Despite these limitations, our proposed method still produces more precise predictions
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Pneumothorax Pneumonia

Mass Atelectasis

Nodule Infiltrate

Effusion

Input Baseline SGL

Cardiomegaly

Input Baseline SGL
Figure 12: We compare the patch-wise predictions between a mean-pooling trained baseline to our pro-
posed method for different diseases. The value ranges from 0 (blue) to 1 (red). We show prediction boxes
(orange) around the connected component of the maximum prediction and Ground-Truth bounding
boxes (green).

compared to the baseline model and is able to more clearly distinguish between healthy and
abnormal tissue. These results suggest that our loss function leads to rened predictions.

3.2 BREAK ING WITH F IXED SET PATHOLOGY RECOGN IT ION

The following section is based on our publication inMICCAI 2022 [246].

While our Self-Guiding Loss improves the identication of ndings, we still rely on the diver-
sity and quality of the label extraction process. When we now want to be able to identify patholo-
gies that are not part of the training set, the label extractionwould have to be adapted accordingly.
Adding new disease classes requires a signicant amount of time and effort to annotate the data,
and subsequently retrain the system. To avoid this hurdle inherent in label supervision, several
works train models directly using text supervision [330], but to access the information encoded
within the model weights to properly perform nding inference, models still need to netuned
on pre-dened labels.

Recent advances in contrastive language-image pre-training have shown that it is possible to
achieve object recognition without relying on predetermined class denitions [116, 197, 205, 294,
330]. Thesemodels learn to represent images and textual descriptions in a joint feature space and
use text prompts to transform the recognition task into a matching task between text and image
embeddings. However, applying them to radiological reports is non-trivial because reports have
a different structure compared to natural image captions. Radiological reports consist of mul-
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tiple distinct sentences that together describe all relevant information, whereas natural image
captions are typically dened by a single object.

In the following, we present a method for report-guided training of vision-language models
and show how we can query these models to perform open set pathology recognition. This en-
ables not only a more exible training process but also more dynamic identication and local-
ization of different pathologies. We, thereby, investigate the factors affecting the performance of
multi-modal training and inference.

3.2.1 Global-Local Contrastive Learning

We display the training process of our vision-language model for disease recognition in Figure
13. To handle the complexity of medical reports, we split the representations into sentence-level
and report-level ones, which are derived from a shared visual and language encoder. Our model
utilizes the shared feature space to account to predict the presence or absence of a pathology by
providing respective prompts.

3.2.1.1 Model Overview

Contrastive language and image pretraining (CLIP) has demonstrated effectiveness in object
recognition in natural images [205] by learning from image-caption pairs where a caption often
corresponds to a short sentence. However,medical reports typically consist ofmultiple sentences
describing different aspects of the image (i.e. state of the pleural space, size of the heart, ...). To
consider not only the global report context but also the individual subsets, our model captures
text information on a local sentence- (s) and global report-level (R) level. As such, we separate
our model into an image encoder ξ, which embed an image I as zI  ξ(I )  φξ(ψ(I )), and a text
encoder θ, which encodes sentences zs  θ(s) and reports zR φθ(θ(R)).

During training, for a given report R , we capture the local context by splitting the report into
its individual sentences R  {s1, . . . , sn} and extracting sentence-level embeddings zsi  θ(si ), si ∈
R . To create global embeddings that contain the full information of the report, we use attention
pooling φ to aggregate the sentence-level embeddings, which corresponds to a single layer QKV-
attention block with the Query conditioned on the average of the sentence embeddings [280]:
zR  θ(R)  φθ([zs1 , . . . ,zs|R| ]). To incorporate the embeddings zI , zs , and zR into shared multi-
modal representations, we project the sentences and reports through linear transformations pr S

and prR into separate feature spaces. We also project the image embedding zI twice, once into a
global representation prG (zI ) to align with prR (zR ) and once into a local representation pr L(zI )
for alignment with pr S(zs).

For clarity in subsequent formulas, for a dataset of image-report pairs (Ii ,Ri ) ∈ {(I1,R1), . . . ,
(IN ,RN )} we omit inputs for our projections, e.g. the global projection of an image Ii as prGi in-

stead of prGi (θ(Ii )) or for the projection of the kth sentence from report Ri , we write pr Sik .

3.2.1.2 Training Objectives

LocalContrast:While radiological reports provide information about a patient’s health, not every
sentence is directly related to specic ndings. Some sentencesmaymention clinical procedures
or required follow-up examinations. However, we can assume that all clinically relevant informa-
tion is present in a subset of sentences within the report due to doctors’ obligations to document
their ndings. This property parallels the previously mentioned MIL assumption.
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Figure 13: Illustration of our proposed report-guided training scheme. A medical report is split into sen-
tences and processed by a text encoder. The image is passed through an image encoder with augmented
views. We apply self-supervised SimSiam-losses (SSV), sentence-level local contrast between sentences
and an associated image embedding (L), as well as report-level global contrast between report embed-
dings and image (G). Furthermore, we apply the losses building on local and global contrast on the aug-
mented views used in SSV.

Given this, it might seem natural to utilize MILNCE [180] as the MIL-based objective for inte-
grating sentences in training. This formulation minimizes the distances between matching sets
of two feature modalities, leading to a natural symmetry. As we face a matching between a sin-
gle (the image) and a set of representations (sentences) for our local setting, we redesign it by
splitting its symmetry:

LL(Ii ,Ri )− log

n
k1 exp(σ(pr

L
i ,pr

S
ik )/τL)N
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log
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S
ik )/τL)

, (10)

with τL being a learned parameter and σ(·, ·) denoting the cosine similarity.
Global Contrast: For each batch in our training, we assume that each image-report pair is unique
and use the following objective which leverages attention-fused reports:

LG (Ii ,Ri )− log
exp(σ(prGi ,pr

R
i )/τG )N

j1 exp(σ(pr
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i ,pr

R
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exp(σ(prGi ,pr
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j1 exp(σ(pr
G
j ,pr
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i )/τG )

(11)

Self-Supervision: CLIP has been shown to be a data-intensive algorithm [197, 205]. Several re-
cent methods have combined self-supervision signals with the CLIP objective [156, 184]. As, in
the medical domain, we often have access to signicantly smaller datasets compared to the nat-
ural image domain, we follow the approach of Li et al. [156] and incorporate SimSiam [37] to
address this issue. To do so, we generate two augmented versions of the input image A1(I ) and
A2(I ) and add a three-layer encoder-head pr E and a two-layer prediction-head pr P on top of the
visual backboneψ to enforce similarity between the two views:

LS(A1(I ),A2(I ))−σ(pr PA1(I )
,detach1(pr EA2(I )

))−σ(pr PA2(I )
,detach(pr EA1(I )

)) (12)
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(a) Cosine (b) Basic (c)Detailed

Figure 14: Illustration of inference schemes for open setmulti-label classication. (a)Cosine computes just
the similarity between image features and the class prompt. (b) Basic uses prompts for both presence and
absence of the class and normalizes the similarity to either. (c)Detailed uses a set of positive and negative
prompts for the class.

The augmentation follow SimSiam [32] and, thus, incorporate random resize and cropping, color
jittering and blurring. We omit random ipping as orientation is a major denotion in medical
reports (i.e. right lung vs. left lung). In addition, we use the augmented images from the self-
supervised objective and apply our local and global contrastive objectives in the samemanner.

LM (Ii ,Ri )LG (A1(Ii ),Ri )+LL(A1(Ii ),Ri )+LG (A2(Ii ),Ri )+LL(A2(Ii ),Ri ) (13)

The nal objective for report-guided training is as follows:

L (Ii ,Ri )λ1∗LL(Ii ,Ri )+λ2∗LG (Ii ,Ri )+λ3∗LS(Ii ,Ri )+λ4∗LM (Ii ,Ri ) (14)

with λ1  λ2  λ3  0.5 and λ4  0.25. We set these values intuitively based on the inverse of the
number of present contrastive loss terms in each loss formulation similar to Radford et al.’s CLIP,
or Chen and He’s SimSiam.

3.2.2 Model Inference

In traditional xed set classicationmodels, identifying the class of a given image is a straightfor-
ward process: the image is passed through a network and the class with the highest condence is
chosen as the prediction. However, when the model architecture or training procedure does not
allow for a classication layer, vision-language often utilize zero-shot-like inference [106, 205,
294], which involves searching for the nearest neighbor search in a semantic space based on text
embeddings [71] in a multi-class setting. As such, one pre-extracts tting text embeddings repre-
senting each class and for a given image nds the closest matching query. This setting has been
also been applied for zero-shot pathology recognition [106], where an image had to be assigned
to one out of a set of ve diseases. However, this method becomes problematic when trying to
detect multiple diseases, as pathologies are not mutually exclusive and modeling each possible
combination as individual classes is infeasible. Similarly, modeling co-occurrence as individual
classes is also infeasible due to the exponentially rising number of possible class combinations.
To address this issue, we propose a multi-label classication method that queries an image with

1 "detach" stops gradient computation for a variable in backpropagation.
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class-related prompts andutilizes their similarity scores as prediction probabilities for the respec-
tive disease class. We distinguish between three potential settings and illustrate these in Fig. 14.

The rst setting, Cosine, uses the class c directly as query q . We compute sentence-level and
report-level embeddings of the text query and compute their cosine similarity to the global and
local image embedding. We, then, use the average of these scores as class prediction score P (c , I ).

PCosine (c , I )
σ(pr L ,pr Sq )/τ

2
+
σ(prG ,prRq )/τ

2
(15)

We recognize that the similarity of a single query for the class presence can be ambiguous due
to the proximity of opposing semantics (e.g. negations) in the feature space, leading to potential
confusion between the presence and absence of a class. To overcome this, we perform inference
over two sets of queries for each class c - one indicating the presence of the class (q

p
c ) and the

other indicating its absence (qn
c ). For example, the query "opacities consistent with pneumo-

nia" would indicate the presence of pneumonia, while "the lungs are clear" would indicate its
absence.

In our Basic setting, we consider prompts such as q
p
c = "{class}" and qn

c = "no {class}". We
calculate the cosine similarity between the image and both queries, and the nal prediction for
class c is dened as the ratio of the exponential of the similarity score for the presence query to
the sum of the exponentials of the similarity scores for both the presence and absence queries,
with the learned scaling factor τ depending on the used projection.

PBasic (c , I )
exp(σ(pr L ,pr Sqp )/τ)

exp(σ(pr L ,pr Sqn )/τ)+exp(σ(pr L ,pr Sqp )/τ)

+
exp(σ(prG ,prRqp )/τ)

exp(σ(prG ,prRqn )/τ)+exp(σ(prG ,prRqp )/τ)

(16)

To improve the effectiveness of language-vision models, it is important to align the down-
stream task to the training [205]. In zero-shot classication, the features of the class name are
typically extracted through a word embedding model [291], which can lack important context
about the class. Similarly, while we narrow down our observed space in our Basic setting, we
found that a more detailed prompt design can improve performance. To address this issue, we
model a set of positive and negative prompts specic to pathologies to enhance the matching
process between visual and textual projections.

We consider a set of prompts following the templatesQp = ‘{adverb}{indication_verb} {effect}∗

{location}∗ {class_synonym}’ and Qn = ‘{adverb} {indication_verb} {absence} {class_synonym}’.
We utilize all combinations of these categories to create a variety of prompts. During inference,
the features of all queries in the same set are averaged. We term this settingDetailed:

PDetai led (c , I )
exp(σ(pr L ,mean(pr SQp ))/τ)

exp(σ(pr L ,mean(pr SQn ))/τ)+exp(σ(pr L ,mean(pr SQp ))/τ)
+

exp(σ(prG ,mean(prRQp ))/τ)

exp(σ(prG ,mean(prRQn ))/τ)+exp(σ(prG ,mean(prRQp ))/τ)
,

(17)

with prQ 
q∈Q prq denoting the set of projections on every query within the templatesQ .
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3.2.3 Localization with Vision-Language Models

Figure 15: Illustration of the QKV-attention pool-
ing (left) and the restructuring for localization
(right) [335].

As we do not have an explicit classication
layer, we cannot directly transfer Class Activa-
tionMappings to ourmethod. Instead, during
inference, we compute the nal local/global
representation by applying a linear layer to the
output of the QKV-attention pooling and com-
pute the class score based on class query em-
beddings. To now compute a saliencymap, we
follow Zhou et al. [335] and split up the at-
tention pooling by discarding the Query and
Key linear layers. We apply the weights of the
Value layer and subsequent projection indi-
vidually to all elements of our feature map
to result in a map in the local/global feature
space. Thus, we compute the class score by
applying the different inference settings de-
scribed in Sec. 3.2.2 for each tile of our feature
map to acquire our nal saliency map. We il-
lustrate this process in Fig. 15.

3.2.4 Prompt-based Dataset Extension

While medical reports are more commonly used in practice, most large-scale datasets are only
publicly available with xed sets of labels. By reversing our prompt engineering process, we can
investigate the effect of additional data in the training of our method. To study the impact of
additional data on the training of ourmethod, we generate synthetic reports for the PadChest and
ChestX-Ray14 datasets based on their class labels. This allows us to sample sentences indicating
the presence or absence of a class and create over 200k additional image-report pairs.

3.2.5 Experimental Setup

3.2.5.1 Datasets

MIMIC-CXR: It contains 377,110 chest X-rays taken from 65179 patients with 14 disease labels
and 227,835 reports. We use the splits provided by [121]. Unless further specied all models were
trained on this dataset.
CheXpert: It contains 224,316 chest X-rays taken from 65,240 patients with 14 disease labels. The
labels are shared with MIMIC-CXR. We only consider the validation split provided by [110].
ChestX-ray14: It contains 112,120 frontal-view chest X-rays taken from 30,805 patients with 14
disease labels. We use the splits provided by [245].
PadChest: It consists 160k chest X-rays of 67k patients with 174 ndings. We use this dataset
solely for training purposes in the pseudo-label scheme.
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Figure 16: Performance changes based on differences in prompt generation. Class wise performance on
the left. Mean performance to the right. Models trained onMIMIC.

3.2.5.2 Evaluation Setup

We evaluate the multi-label classication ability of all networks via the AUROC and show the
performance over MIMIC-CXR, CheXpert and ChestX-Ray14. For all experiments except Table ??
we consider validation performance. Labels with value -2 and -1 are ignored for the calculation
of the metric as their state is not certain. For all ablations, we use the "basic"-prompting scheme,
while for further experiments the "detailed"-scheme is used.

3.2.5.3 Implementation Details:

For all experiments we use the same ResNet50 and Transformer as Redford et al. [205] as back-
bones.We optimizewith AdamW [170], a learning rate of 0.0001with a cosine schedule and 10000
warm up steps. We trained classication models with a learning rate of 0.0005 as this has shown
slightly better performance. During training, we resize the images to the inference size of 320 ×
320 and randomly crop by 288x288. For sentence-based models, we use a context length of 72
tokens, while for others we use 144 tokens. Each sentence model uses up to 10 sentences.

3.2.6 Results

Ablation - Effect ofHeads:Weexamine the effect of using both prediction heads during inference.
To begin, we present the performance of each head individually, then compare different fusion
approaches in Table 4. For feature fusion, we combine the local and global features of the same
modality. For score fusion, we calculate scores as described and aggregate the class predictions

Inf. MIMIC CheXpert CXR14 Avg.

Local 77.81 78.09 71.72 75.87
Global 76.24 80.42 71.00 75.88
Max 76.85 71.29 78.22 75.45
Cat 77.29 80.30 71.72 76.43
Mean 77.06 81.08 71.50 76.54

Table 4: We evaluate the impact of the scores
from the model heads and their combinations.

Parts MIMIC CheXpert CXR14 Avg.

LG 75.47 77.24 69.22 73.97
LG+LL 76.20 82.24 69.26 75.90
LG+LL+LS 76.10 76.08 74.24 75.47
LG+LL+LM 77.03 77.36 71.72 75.37
Ours 77.06 81.08 71.50 76.54

Table 5: Ablation on the impact of the different loss
parts described in Section 3.2.1.2.
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Figure 17: Contributions of data scaling for chest radiograph dataset. Performance change of adding addi-
tional chest X-ray datasets with prompt-based captions.

based on either the maximum or average score. We nd that the global and local head show
almost the same performance for our method. While max-score fusion results in a 0.4% drop in
across-dataset performance, mean-score fusion shows a 0.6% improvement.
Ablation - Effect of Losses: Table 5 illustrates the inuence of various objective functions on
the model. As we can see, incorporating local contrast enhances the model’s performance by
2%. However, using both the self-supervised and mirrored objectives results in a 0.45% decrease
in performance. Interestingly, the self-supervised loss alone signicantly improves performance
on ChestX-Ray14 by over 2%. Combining both objectives yields a 0.6% increase in performance
across all datasets.
Multi-label Inference and Prompt Engineering:We show the impact of our proposed inference
schemes in Figure 16. We see that performance improves considerably when switching from a
simple similarity score to our Basic scheme. Especially classes such as fractures were unable to
be categorized just using cosine-similarity, whereas when positive and negative prompts these
can be better identied. When the detailed prompt the mean performance further improves,
however, we can see that the performance worsens for some classes, indicating that the correct
choice of prompts is also of importance.
Data size Impact: As depicted in Figure 17, the use of prompt-based reports during training
signicantly enhances the validation performance of ChestX-Ray14 through the incorporation of

Method
MIMIC-CXR CheXpert ChestX-Ray14
(in-domain) (out-of-domain) (out-of-domain)
val test val val test

Label-Supervised 77.26 77.42 78.90 79.70 76.47

CLIP 73.23 70.25 75.85 68.03 63.34
SLIP 72.45 72.44 78.49 71.45 67.55
MILNCElocal 69.30 69.18 74.98 67.56 63.06
LoCo 77.03 78.15 81.71 71.92 68.14
GloCo 75.47 76.58 77.24 69.22 65.86
Ours 78.46 79.40 78.86 75.77 71.23

Ours* 78.30 80.40 83.24 79.90 78.33

Table 6: Classication performance on MIMIC, CheXpert and Chest-XRay14. * indicates that the model
was trained with additional PadChest and ChestX-Ray14 data.
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Pneumothorax Pneumonia

Mass Atelectasis

Nodule Inltrate

Effusion Cardiomegaly

Input Cosine Basic Detailed Input Cosine Basic Detailed

Figure 18: We compare the patch-wise predictions of the considered inference schemes for different dis-
eases. The value ranges from 0 (blue) to 1 (red). We show prediction boxes (orange) around the connected
component of the prediction over a 0.8 threshold and Ground-Truth bounding boxes (green).

articial training data. While some classes may experience a decline in performance, the overall
improvement is apparent when articial additional data is added.
Comparison with Other Approaches: We pit our method approach against a vision network
trained with label supervision on its corresponding dataset, as well as other methods trained
using theMIMIC-CXR dataset. CLIP uses contrastive losses between the entire report and the im-
age [205]. SLIP expands on CLIP and incorporates self-supervision through a SIMCLR-like objec-
tive [184].MILNCElocal , which is trained with the MILNCE objective alone [180]. We also tested
our method using both the local and global objectives, referred to as LoCo and GloCo. Using the
"detailed" prompt scheme, we evaluated the results, which are shown in Table 6.

Our local contrastive loss consistently outperformed the MILNCE version across all datasets.
Our complete proposed method outperformed the CLIP and SLIP baselines, achieving similar
performance to the supervised ResNet for domains similar to MIMIC. However, it underper-
formed on the ChestX-Ray14 dataset. When we added the additional articial report datasets of
PadChest and ChestX-Ray14, our methodmanaged to beat label-supervised performance across
all datasets.

3.2.6.1 Saliency Mappings

We show the patch-wise activations of our network for different ndings in Fig. 15. We highlight
the differences between the our inference schemes for cases of ChestX-Ray14. We can see that
for nearly all classes, the Cosine inferences are more spread out and do not allow the network to
focus on essential patterns. In contrast, the Basic inference allow the network to focus on more
specic regions, which get expanded on byDetailed.
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Figure 19: Illustration of the QKV-attention pool-
ing (left) and the restructuring for localization
(right) [335].

Effect of the prompt: The choice of prompt
has an immense effect on not only the clas-
sication performance but also the localiza-
tion. In Fig. 19, we show the saliency maps for
two prompts corresponding to the class ’sup-
port devices’. For the prompt There is a sup-
port device, the network is unable to pick up
any specic corresponding pattern in the im-
age. For a specic support device, however,
this is turns out differently. By prompting for a
pacemaker instead, the network activates on
the main body of the pacemaker, albeit not on the leads. This can be ascribed to the fact that
support devices are typically referred to by their actual names instead of their supercategory. As
such, the supercategory appears less in the medical reports, which hinders the training process
to build proper text-image associations.

3.3 CHAPTER CONCLUS ION

To generate holistic radiological reports, we require to not only identify particular diseases, but
also recognize where they occur. In this chapter, we propose a novel loss formulation in which
one gathers auxiliary supervision from the network’s predictions to provide instance-level super-
vision. This enables the model to nd a trade-off between classication and localization perfor-
mancemore efciently without any additional supervision such as bounding boxes or pixel-wise
annotations. In comparison to existing MIL-based loss functions, we do not rely on initializa-
tion and still provide pixel-wise supervision driving the network. Due to the design of this loss,
it can support any MIL-setting such as patch-based pathology diagnosis. We demonstrate our
method on two MIL-based datasets as well as the challenging NIH ChestX-Ray14 dataset. We
display promising classication and localization performance qualitatively and quantitatively.

However, the need for prior label extraction restricts the capabilities of a network, as we can-
not identify ndings that were not specically selected. Expanding a dataset to t new needs is
an expensive process. To combat this issue, we subsequently proposed an approach tomake net-
works less reliant to label supervision through contrastive language-image pre-training on report
level. By directly utilizing themedical report during training, we can teach the network to identify
any nding that occurs in clinical practice. As the information of these models is not directly ac-
cessible, we introduced a novel way of constructing inference. By querying for the presence and
absence of a class, we can not only precisely identify but also localize any nding in a manner
that is competitive with label-supervised models across different datasets.

While we believe that our work opens more possible uses for report-supervised models, we
also have to note potential pitfalls. The quality of the resulting feature space is heavily dependent
on the training data. In the natural image domain, many methods train on millions to billions
of image-text or image-label pairs, whereas we are vastly limited in dataset size. As such, the
dataset cannot model the entirety of the radiological information and results in a heavy long
tail distribution with certain ndings only being present a handful of times in contrast to a vast
majority of healthy patients. In addition, similar to other CLIP-based methods the classication
performance of the models heavily depends on the similarity of the chosen inference prompts
to the natural text occurrence of the respective classes. We noticed that the proposed detailed
prompting schemes can performworse than the basic scheme for certain classes if the text is not
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aligned to the target domain. Similarly, the way “support devices” are occurring in reports does
not align with the prompting scheme as it describes a super class of a variety of appliances and
will not appear directly as term in medical reports.

In summary, we present promising methods for the identication and localization of radio-
logical ndings with no need for manual supervision as we can make efcient use of available
medical reports. We outline our contributions as:

Contribution1:Weprovide a novel loss function that applies predictionmaps for self-guidance
to achieve better classication and localization performancewithout the necessity to expand
a given fully convolutional network architecture.

Contribution 2: We develop a training procedure for vision-language models on medical
reports that considers individual sentences and the entire report to better encode ndings.
This way, we canmake better use of the longer text structure of medical reports compared to
other vision-language models.

Contribution 3: We show, how these models, for the rst time, can be used for open set
classication and localization through the use of contrasting inference setting, making use
of presence and absence prompts. We, hereby, achieve performance that is comparable with
label-supervised methods.

Our methods can note the occurrence of various ndings and localize them in the image,
however, this does not capture the all relevant information in a human-readable format. To prop-
erly convey present abnormalities, they have to be set into the anatomical context of the patient.
Anatomical structures cannot easily be learned implicitly as they occur for every patient and thus
cannot be inferred from absence or presence. In the following chapter, we take a look at the intri-
cacies of anatomy for segmentationmodels and show how these models can be learned with few
annotations.
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4LEARNING FROM LITTLE
AMOUNTS OF ANNOTAT IONS

Accurate and comprehensive reporting of medical ndings relies on precise recognition of
anatomical landmarks. However, collecting these annotations can be challenging, especially
when certain positions have multiple interleaving semantics. This leaves us with a limited
number of labeled images and a vast amount of unlabeled data. In this chapter, we inves-
tigate the intricacies of semi-supervised learning with focus on chest x-rays to make use of
both labeled and unlabeled data. Here, the overlap of visible structures turns the task from a
multi-class to amulti-label segmentation problem. To overcome the issues of themedical do-
main, we introduce reference-guided pseudo-labeling, where we perform nearest-neighbor
comparisons between unlabeled data and a set of labeled reference images to assign pseudo-
labels, which are weighted based on their class entropy. We show through our experiments
that this approach excels in themulti-label and also is applicable in the standardmulti-class
segmentation setting.

The following sections are built on our AAAI 2022 publication [242].

4.1 UNDERSTAND ING CXRS : MULT I - L ABEL SEGMENTAT ION

Through the presence and absence of image features, we, sooner or later, can often learn which
features correlate with different ndings by resorting to large amounts of weakly annotated data
such as image-text pairs. However, to properly convey these ndings, we also have to identify
associated anatomical landmarks. As these landmarks are visible throughout all samples as ev-
ery human shares the same underlying anatomy, learning through a simple occurrence signal
becomes difcult. Thus, in order to properly teach machines anatomical understanding, we re-
quire explicit dense annotations.

Acquiring detailed annotations for tasks such as semantic segmentation is a challenging and
time-consuming process [46], particularly in the medical eld due to the specialized knowledge
needed [179]. Additionally, the demands of clinical practice often make it difcult for doctors
to provide a large amount of detailed annotations. Therefore, it is desirable to achieve accurate
semantic segmentation with minimal annotated data. In order to improve the performance of
semantic segmentation with limited annotated data, one solution is semi-supervised learning
(SSL). SSL extrapolates from small amounts of labeled data through different objectives involv-
ing also a larger amount of unannotated data during training. Some approaches include student-
teacher frameworks [33, 79, 198, 307], consistency regularization [191, 212, 260], and pseudo-
labels [111, 147, 223]. Pseudo-labelmethods typically use network predictions for unlabeled data
either online as targets for training during the same iteration, often in conjunction with generat-
ing predictions from perturbed versions of an input image [14, 15, 260], or they are saved for later
re-training of the model [308]. These techniques have been investigated particularly in the med-
ical eld to segment certain organ structures or pathological patterns for modalities such as CT
due to the annotation difculty [297].
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(a)
Condence-based

Multi-Class Pseudo-Labeling
(b)

Condence-based
Multi-Label Pseudo-Labeling

(c)
Nearest-Neighbor-based

Multi-Label Pseudo-Labeling

Figure 20: Comparison of pseudo-labeling by examples. On the left, we display condence-based pseudo-
labeling for multi-class settings. In the center, we show condence-based pseudo-labeling for multi-label
settings. On the right, we show our proposed nearest-neighbor-based pseudo-labeling for multi-label seg-
mentation. We note that an imbalance in condence can lead to several ignored classes.

In contrast to related work, we, when considering chest X-Rays, cannot assume that one pixel
belongs to a singular class as it would be the case in a CT volume. As the X-Ray penetrates the
body it delivers a projection of all structures it passes through based on their attenuation [177].
When now trying to assign a semantic to a certain pixel, we have to consider multiple classes
simultaneously. This leads us to a multi-label problem as we now would have to predict several
classes at the same time instead of pitting them against each other in a multi-class setting.

Whenwe consider standard condence-basedmulti-class pseudo-labeling,we apply a thresh-
old to the softmax predictions of a network for an unlabeled sample. If the prediction passes the
threshold, we use its argmax as a target. Otherwise, we ignore the sample. To transfer to themulti-
label setting, we get an independent sigmoid prediction for each class. By applying thresholding
to the network predictions, we now potentially get pseudo-labels as well as ignore labels within
the same sample. Thus, we backpropagate information for condent classes much more often
than for potentially associated less condent ones. This enforces the predictions’ pre-existing bi-
ases while neglecting valid co-occurring samples, which might get a low prediction due to being
rarer overall, which can lead to the issue of conrmation bias [223]. We display this problem in
the center of Fig. 20.

In order to address the issue of conrmation bias in multi-label pseudo-labeling, we propose
a new approach inwhichwe compare embeddings between predictions of unlabeled and labeled
reference images to instill supervision. Instead of directly forming the supervision from the class
predictions, we extract the label vector from the nearest-neighbors of an unlabeled pixel among
the pixels in a labeled small reference set. This method allows us to regulate the bias towards
large classes and bypass the problems of using direct class predictions as supervision.

We show the effectiveness of our method different scenarios with small amounts of labeled
data. Our method shines when segmenting overlapping labels with scarce data as we reach fully
supervised performance from just six labeled images on the JSRT [257] dataset. In comparison to
other pseudo-labeling strategies, ourmethod also enables the segmentation of high-class scenar-
ios aswe display for a small set ofne-grained annotations for CXR anatomy.We, further, show its
applicability for multi-class segmentation on the RETOUCH [20] dataset, achieving competitive
results especially for minimal amounts of samples.
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Figure 21: Overview of the proposed training step for unlabeled images. For each unlabeled image, we ex-
tract its features in addition to a pool of sampled annotated images to generate pseudo-labels. In parallel,
we use the predictions of a weakly augmented sample to act as supervision for a strongly augmented ver-
sion of the image. On the right, we illustrate our reference- based pseudo-label generation for k = 5.

4.2 REFERENCE-GU IDED PSEUDO-LABEL GENERAT ION

In this section,we present a newapproach to generating online pseudo-labels by using label-wise
feature similarities from a set of annotated reference samples. We start by introducing some pre-
liminary denitions, thendescribe our Reference-guided Pseudo-Label Generation (RPG)method,
and nally enhance RPG with augmentation-based consistency regularization.

4.2.1 Preliminary Denitions

In the context of semi-supervised semantic segmentation, we are given a small set of labeled
images SL  {(xi , yi )}

Nl

i1, where each image is represented as xi ∈ Rch×h×w with ch channels,

height h, andwidthw . The labels are represented as yi ∈ {0, . . . ,c−1}h×w for c-class segmentation
or yi ∈ {0,1}c×h×w for multi-label segmentation. Additionally, we are given a large number of
unlabeled imagesSU  {xi }

Nu

i1. The goal is to useSL andSU to train amodel that can accurately
predict labels on previously unseen images.

To this end, we dene the segmentationmodel as a two-part process: a dense feature extractor
ffeat : Rch×h×w → Rd×h×w and a subsequent pixel-wise classier fcl s : Rd×h×w → [0,1]c×h×w . The
feature extractor is a neural network, while the classier is implemented using a 1×1 convolution
and normalization function (either sigmoid or softmax, depending on the format of the labels yi ).

4.2.2 Nearest-Neighbors from References for Pseudo-Label Generation

In our approach to generate pseudo-labels for semantic segmentation,weutilize image-reference-
pairs and transfer the semantics of the labeled image to the unlabeled image. Instead of making
condence-based predictions, we nd the best t in feature space by discovering most similar
data point from a pool of references. Using these pseudo-labels, we can then train our model
using the cross-entropy loss. Our method is illustrated in Fig. 21.
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4.2.2.1 Building a Reference Pool

As we build pseudo-labels from labeled references by making feature space comparisons, we
project both labeled and unlabeled pixels into the same feature space using ffeat. However, pro-
cessing all h×w d-dimensional pixel-wise representations for each image in SL is not feasible
due to limited memory. Integrating solutions like a memory-bank [306] becomes difcult due
to the large number of pixel-wise representations and coinciding semantics. To address these
issues, we randomly sample a poolP of labeled images fromSL in each mini-batch iteration:

P  {(x, y)∼SL }p (18)

Figure 22: Example of equidistant pixel-
sampling via Nearest-Neighbor interpo-
lation for the generation of our refer-
ence pool.

Sincewewill later generate pseudo-labels fromP , it is im-
portant that all classes are present in the pool, otherwise
it will not be possible to recover missing class labels. To
ensure this, we assign each labeled image a global class la-
bel indicating whether a single pixel of a particular class is
present, and sample p images such that each class occurs
at least once inP .

We create the reference setRP by extracting the pixel-
wise features of each image in P to get pairs of pixel-
representations and -labels:

RP  {( ffeat(x), y) : (x, y) ∈P } (19)

To reduce memory requirements, we sub-sample equidis-
tant pixel-level representations and labels to a smaller size
s × s using nearest-neighbor interpolation as shown in
Fig 21. Doing so also lets us retain the correct semantics of a feature vector as information does
not get blurred which would be the case for linear interpolation.

We discard the spatial relationships between pixels and treat RP as a set of d dimensional
feature vector-label pairs with |RP | p ·h ·w . By sampling continuously fromP in each iteration
during training, the labeled images can be subject to various data augmentation techniques (i.e.
cropping, rotation, ...), resulting in a diverse set of pixel-level representations inRP .

4.2.2.2 Nearest-Neighbor Label Assignment

We create pseudo-labels for each unlabeled pixel by nding the closest labeled pixels in feature
space from a reference pool RP . We extract pixel-wise features û  ffeat(u) for each unlabeled
image u ∈ SU in the mini-batch, where û is a feature map of size h ×w and dimension d . We
then assign a target to each unlabeled vector ûχ,υ with spatial coordinates χ,υ ∈Nh×w based on
the contextually closest vector in RP . The proximity measure between labeled and unlabeled
pixel-representations is the clipped cosine distanceD, resulting in:

D(r , ûχ,υ) 1−max(

d
i1 ri · ûχ,υ,id

i1 r
2
i ·

d
i1 û

2
χ,υ,i +ϵ

,0), (20)

where r ∈RP , y is the label, ϵ 1e−8, and the subscript i indexes the i -th dimension of a vector.
The distance between two feature vectors is zero if they are identical and one if they are orthogo-
nal or contrary to each other.
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For each unlabeled pixel uχ,υ, we assign a pseudo-label l (uχ,υ) based on the label of its closest
sample in the reference pool:

l (uχ,υ) y : argmin
(r ,y)∈RP

D(r , ûχ,υ) (21)

The labels of the entire image are given by l (u) {l (uχ,υ) : uχ,υ ∈ u}. Note that this way, y can
be either a one-hot vector or a complex multi-label vector. Our approach differs from traditional
pseudo-labeling, where a network has to surpass manually designed thresholds for each class,
as we directly utilize the label assignment for each corresponding point. Our nearest-neighbor
target assignment method is similar to previous work [111, 165, 178], but we operate online and
access multiple reference images simultaneously.

4.2.2.3 Density-based Class Entropy

With an tting pool size p, our nearest-neighbor label assignment has been shown to be effective
for semantic segmentation. However, we have observed that this method can be problematic
when the features of an unlabeled pixel are similar to multiple classes, as this can mislead the
network during training. To address this issue, we weigh the impact of an unlabeled pixel based
on the ambiguity of its surroundings in the feature space.

Specically, for an unlabeled pixel with feature ûχ,υ, we compute the minimum distance δ
j
ûχ,υ

to each class j among the k nearest neighborsRk
P

in the feature space:

δ
j
ûχ,υ

 min
(r ,y)∈Rk

P
∧y j

D(r , ûχ,υ) (22)

If class j is not present in the reference pool Rk
P
, we set the distance δ j ûχ,υ to one. We then

use these class distances to compute the j class probabilities P
j
uχ,υ

for the unlabeled pixel via the
class-wise normalization:

P
j
uχ,υ


1−δ

j
uχ,υ

+ϵ

c
j ′1 1−δ

j ′
uχ,υ

+ϵ
, (23)

where ϵ is a small constant added to avoid division by zero. We then calculate the weightWuχ,υ for
the unlabeled pixel using the normalized entropy of the class probabilities:

Wuχ,υ  1+
c

j1
P
j
uχ,υ

logP
j
uχ,υ

logc
(24)

This factor Wuχ,υ lowers the weight of pseudo-labeled pixels in highly ambiguous regions of
the feature space. It encourages the inclusion of more classes in the pseudo-labels, rather than
just choosing the most common one, because the distances to all classes are taken into account.

Additionally, this weighting handles the case where δ
j
uχ,υ

 1 for all classes, in which the entropy
is maximal and the unlabeled pixel is ignored (Wuχ,υ  0). We illustrate further cases in Figure 21.
Finally, our method is formalized as the loss functionLRPG :

LRPG E(x,y)∈SL
[CE( f ccls( f f eat (x)), y)]

+Ex∈SU
[CE( f ccls( f f eat (x)), l (x)) ·Wx ], (25)

with CE denoting binary or multi-class cross-entropy depending on the type of segmentation
task.
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4.2.3 Consistency Regularization

To demonstrate that our approach is compatible with consistency regularization techniques in
semantic segmentation, we adapt it with FixMatch [260]. we generate pseudo-labels from net-
work predictions on weakly augmented images and use them as labels for strongly augmented
versions of the same image, thus enforcing consistency between them. The weak augmentations
used are typical perturbations such as ipping, while for strong augmentations, we follow the
RandAugment method [48]. Our setup is similar to that of Sohn et al. [260], but since we are
dealing with segmentation instead of classication, we create pixel-level pseudo-labels and set
the designated label for areas affected by the CutOut augmentation [51] to ‘background’. For one-
hot targets y , we use the standard pseudo-label formulation [260] shown in Equation 26.

l ′(uχ,υ)



argmaxc f

c
cl s(ûχ,υ) , if f ccl s(ûx,y) τ

ignore , else
(26)

We also extend the FixMatch formulation to enable multi-label segmentation as shown in Equa-
tion 27, where τ is a scalar threshold value that separates labeled and ignored pixels.

l ′(uχ,υ)



 f ccl s(ûχ,υ) , if | f ccl s(ûχ,υ)−0.5| |0.5−τ|
ignore , else

(27)

The whole image is labeled by choosing based on the task the respective l ′(·) .

l ′(u) {l ′(uχ,υ) : uχ,υ ∈ u} (28)

We denote the nal consistency regularized loss termLRPG+ as:

LRPG+ LRPG +Ex∈SU
[CE( f ccl s( f f eat (as(x))),as(l

′(x)))] (29)

Our RPG enables the network to learn co-occurring targets, which leads tomore condent predic-
tions in weakly augmented images. This compliments the FixMatch-based approach as we now
also gather pseudo-labels for more complex class combinations for consistency regularization.

4.3 EXPER IMENTAL SETUP

In this experimental section, we evaluate the performance of several methods for semantic seg-
mentation in the context of limited annotated data and the applicability of our RPG for ne-
grained anatomy segmentation. To do this, we will compare several approaches, beginning with
a standard UNet Baseline model that is trained only on the available annotated data. However,
due to the small number of annotated images, we run these models for a xed number of itera-
tions rather than a xed number of epochs. We will consider the condence-based Pseudo-Label
method, which was originally proposed by Lee et al. [147] This method uses pseudo-labels for
predictions above a certain threshold τ. We stack these against a naive Nearest Neighbor label
assignment approach, which does not employ a weighting function. Furthermore, we also com-
pare to two recent methods: MLDS (Multi-Label Deep Supervision) [217], which combines deep
supervision with a Mean-Teacher [273] setup, and "FixMatch" [260], which leverages strongly
and weakly augmented prediction comparisons. We use mean Intersection over Union (mIoU)
as the performance metric to compare the performance of these methods.
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Figure 23: Display of super-classes of our annotation scheme of anatomy in chest radiographs.

4.3.1 Datasets

Our method is evaluated on two medical tasks: multi-label segmentation of CXR anatomy and
multi-class segmentation of retinal uid. For the CXR anatomy task, we use the public JSRT
dataset, which consists of ve classes that may overlap at the pixel level: right and left clavi-
cle, right and left lung, and heart. The dataset includes two sets of images (123 and 124). For
each set, we generate ve random splits, each using a different number of labeled images (Nl ∈
{3,6,12,24}). For each split, we use ve images from the rst set for validation and the second
set for testing. To further demonstrate the effectiveness of our method for overlapping labels in
small data settings, we expand upon the JSRT dataset by using more detailed annotations, result-
ing in a total of 72 labels belonging to the following supercategories: Ribs, Vertebrae, Shoulder
Girdle, Heart, Lung and Sub-Diaphragm. These labels include ner-grained classes within and
between different super-categories, such as the different lobes of the lung and the anterior and
posterior parts of each rib. Our label scheme is outlined with the (super-) classes illustrated in
Fig. 23. To create this expanded dataset, a medical expert annotated two CXRs, taking up to 3
hours per image. We evaluate the performance on this task by fusing our ne-grained classes
into the corresponding JSRT labels and using ve JSRT-labeled images from the rst set for vali-
dation and the second set for testing.

For the retinal uid segmentation task, we use the Spectralis vendor of the RETOUCH dataset,
which includes 14 optical coherence tomography volumes with 49 b-scans each. We follow the
setup of a previous study [217] and perform 10-fold cross-validation, with training sets using a
different number of labeled images (Nl ∈ 3,6,12,24) in each split and validation and test sets of
roughly equal size. We ensure that in each split, all diseases are represented at least once in the
mask labels.

4.3.2 Implementation Details

For our image segmentation model, we utilize the UNet architecture [227] with batch normaliza-
tion [109] and bilinear upscaling blocks. Each convolutional layer, except for the nal layer, has
a kernel size of 3 and a bias. The feature extraction function, ffeat, describes the network up to
the second to last layer. The classication function, fcls, consists of a 1×1 convolution followed
by a sigmoid function for JSRT data and a Softmax function for RETOUCH data. We initialize
the network using Xavier initialization [77] with a gain of 0.01 and use Adam optimization [133]
with default parameters, a learning rate of 0.0005, and a weight decay of 0.0005. The model is
trained for 100 epochs on JSRT data, 200 epochs on extended JSRT data, and 50 epochs on RE-
TOUCH data.For data augmentation, we randomly rescale images to between 90% and 110% of
their original size and crop them to 80% of their original size. We also apply additive noise sam-
pled from a normal distribution with mean 0 and standard deviation 0.1 with a probability of
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35%, jitter images with an intensity of 0.15 and a probability of 80%, and rotate images by up to
12%with a probability of 70%.We use a batch size of 5 and image size of 512 for JSRT and a batch
size of 8 for RETOUCH data, following the preprocessing described in [217]. In all experiments,
the data batches consist of a combination of P with p  3 and randomly sampled images from
the full dataset. We set the number of nearest neighbors considered to be k  7000 and the rep-
resentation map size to be s  64. All experiments were run on a single 11GB NVIDIA GeForce
RTX 2080 using the PyTorch framework [195]. We evaluate the model every 10 epochs, apply the
best-performing model on the validation set to the test set, and report the mean and standard
deviation of the results.

4.3.3 Ablation Studies

4.3.3.1 Pool Size for Pseudo-Label Assignment

p Nl  3 Nl  6 Nl  12 Nl  24

1 0.52±0.02 0.66±0.04 0.74±0.02 0.78±0.01
2 0.58±0.04 0.72±0.03 0.77±0.03 0.82±0.01
3 0.64±0.05 0.76±0.02 0.81±0.02 0.84±0.01
4 0.65±0.04 0.76±0.02 0.79±0.03 0.84±0.01
5 0.66±0.03 0.77±0.02 0.82±0.02 0.84±0.01

Table 7: Comparison of Nearest-Neighbor perfor-
mance for different image pool sizes.

In order to assess the effectiveness of us-
ing nearest-neighbor-based pseudo-label gen-
eration for semantic segmentation, we con-
ducted experiments to analyze the segmenta-
tion performancewith different combinations
of pool size and the number of annotated im-
ages. The results, presented in Table 7, indi-
cate that when only a single image is used, the
network’s segmentation performance is rela-
tively poor. However, as we increase the num-
ber of images in the pool, we see a consistent improvement in performance for all amounts of
annotated images. We found that while increasing the pool size overall has a positive impact on
performance, the improvement beyond p  3 is signicantly smaller and the required memory
increases consistently. Based on these ndings, we conclude that p  3 is a suitable trade-off be-
tween performance and memory consumption, and we maintain this value for all subsequent
experiments.

4.3.3.2 Amount of Observed Neighbors

To combat potential ambiguity in feature space, we integrate our class entropyweighting scheme
into the nearest neighbor assignment. Thus, we explored the effect of the effective radius in fea-
ture space on our density-based class entropy weighting for different pool sizes p and relative
amounts of considered neighbors k for Nl  3. The results of our analysis are presented in Ta-
ble 8 with each column displaying the relative amount of all considered features in the reference
poolRP .

p k  25% k  50% k  75% k  100%

1 0.55±0.03 0.57±0.02 0.56±0.01 0.52±0.04
2 0.60±0.04 0.62±0.03 0.58±0.03 0.51±0.04
3 0.66±0.03 0.70±0.02 0.67±0.02 0.52±0.06
4 0.68±0.03 0.68±0.03 OOM OOM
5 0.68±0.02 OOM OOM OOM

Table 8: Comparison of RPG for different k and im-
age pool sizes. ’OOM’ denotes ’OutOfMemory’.

As can be seen in the table, the performance
of ourmethod increases as k is increased, regard-
less of the pool size. This improvement is ob-
served until 50% of all features in the reference
pool, at which point the performance peaks and
then falls off signicantly for larger values of k.
This suggests that an increased search radius is
generally benecial, but nding the optimal k
can be challenging.Wewere unable to test larger
values of k for larger pool sizes due to memory constraints.
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Figure 24: Qualitative Segmentation Results on the JSRT [257] dataset for Nl  6.

It is also worth noting that the results in Table 8 show a clear improvement over the nearest-
neighbor assignments alone, as demonstrated in the rst column of Table 7. Overall, our weight-
ing scheme appears to be effective in enhancing the performance of RPG when applied to the
nearest neighbor assignment.

4.3.4 Quantitative Results

4.3.4.1 Results on JSRT

In Table 9, we present the mIoU scores of the compared methods for multi-label anatomy seg-
mentation. Standard pseudo-labeling demonstrates varying performance depending on the cho-
sen threshold, with better results for more annotated images but worse performance than the
baseline in the low data case for any chosen threshold. Nearest Neighbor pseudo-labels improve
upon the baseline by 3-5% for few samples, but show slightly worse results for 24 annotated exam-
ples. FixMatch achieves a 12% improvement above the baseline for Nl  3, but its performance
deteriorates formore annotations despite taking longer to converge. Both FixMatch and standard
Pseudo-labeling exhibit varying performance for different values of τ. Our proposed method,

Methods Nl  3 Nl  6 Nl  12 Nl  24

Baseline 0.59±0.04 0.73±0.02 0.81±0.01 0.85±0.01
Pseudolabelτ0.8 [147] 0.56±0.04 0.73±0.04 0.81±0.03 0.87±0.01
Pseudolabelτ0.95 [147] 0.57±0.03 0.74±0.03 0.82±0.02 0.87±0.01
Nearest Neighbor 0.64±0.05 0.76±0.02 0.81±0.02 0.84±0.01
FixMatchτ0.8 [260] 0.71±0.05 0.79±0.02 0.80±0.01 0.85±0.00∗

FixMatchτ0.95 [260] 0.67±0.05 0.77±0.02 0.81±0.02 0.85±0.01∗

RPG (Ours) 0.71±0.02 0.79±0.02 0.83±0.02 0.87±0.01
RPG+ (Ours) 0.77±0.05∗ 0.85±0.01∗ 0.87±0.00∗ 0.88±0.01∗

Full Access (Nl  123) 0.85

Table 9: Performance comparison of our work to related work on the datasets JSRT. ∗ denotes that due
to lacking convergence the model was trained twice the iterations. Bold and underlines denote best and
second best performance.
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RPG , performs equally well as FixMatch for smaller Nl and outperforms it for larger Nl s, while
not using strong augmentations.We also nd that integrating consistency regularization through
strongly augmented images in RPG+ improves the performance of RPG for all settings, resulting
in a 18% improvement over the baseline for Nl  3 and matching fully supervised performance
with six labeled samples.

On the top of Table 10, we provide class-wise performance for three annotated samples. We
see that both the baseline and pseudo-labeling struggle with less common classes such as the
clavicles. FixMatch exhibits considerable improvements for classes with more annotated pixels,
while the performance for the clavicles only slightly improves. RPG also improves upon the base-
line for heart and lungs, but shows signicant improvements for the difcult clavicles. Addition-
ally, RPG+ combines the aspects of RPG and augmentation-based consistency regularization,
signicantly improving all categories except for the right clavicle, with gains of up to 26% over
the baseline.

In Fig. 24, we display segmentation predictions, highlighting the class-wise shortcomings of
the different methods. We see the baseline and pseudo-labels, although to lesser extent, predict
lungs on the outskirts of the image due to visible dark patterns. Fixmatch shows good segmen-
tations for lungs and heart but oversegments the clavicle areas. RPG misses lung segmentations
at the costophrenic angle but has slimmer predictions of the clavicles. RPG+ noticeably has less
oversegmentations than condence-based predictions and improves on RPG .

4.3.4.2 Results on Extended JSRT

The results of our ne-grained annotation of the JSRT dataset are displayed in the bottom half
of Table 10. When training solely on the annotated images, the baseline model achieved a mIoU
of 10.43%. Both prediction-based pseudo-labeling methods performed worse than the baseline
in this more complex low data environment. On the other hand, our RPG method was able to
correctly predict the classes of the super-categories of the left and right lungs and the heart, re-
sulting in an mIoU of 31.53%, an improvement of 21.10% over the baseline. The RPG+ method
noticeably improved upon all categories and also is able to produce predictions for the clavicle
classes. This leads to RPG+ achieving an mIoU of 35.31%.

In Fig. 25, we display just the extended anatomy segmentations obtained using RPG and
RPG+ as the predictions of the other methods resulted in unstructured visual noise. RPG pro-

Methods Data Right Lung Left Lung Heart Right Clavicle Left Clavicle Mean

Baseline

JS
R
T

N
l

3

0.83±0.02 0.81±0.01 0.59±0.02 0.47±0.05 0.42±0.07 0.59±0.04
Pseudolabelτ0.8 0.86±0.02 0.87±0.02 0.65±0.10 0.35±0.06 0.28±0.06 0.56±0.04
FixMatchτ0.8 0.94±0.00 0.93±0.00 0.82±0.03 0.50±0.09 0.44±0.14 0.71±0.05
RPG (Ours) 0.91±0.01 0.90±0.01 0.71±0.02 0.55±0.04 0.55±0.03 0.71±0.02
RPG+∗ (Ours) 0.95±0.00 0.95±0.00 0.85±0.02 0.60±0.09 0.50±0.15 0.77±0.05

Baseline

C
u
st
o
m

N
l

2

0.1105 0.0994 0.2335 0.0526 0.0256 0.1043
Pseudolabelτ0.8 0.2335 0.0847 0.0920 0.0000 0.0000 0.0820
FixMatchτ0.8 0.0504 0.0463 0.0041 0.0000 0.0000 0.0246
RPG (Ours) 0.6065 0.4592 0.5108 0.0000 0.0000 0.3153
RPG+ (Ours) 0.6326 0.4852 0.5636 0.0671 0.0168 0.3531

Table 10: Performance comparison on JSRT and our extended annotations (Custom). ∗ denotes a training
of twice the iterations. Bold and underlined denote best and second best performance respectively.
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Figure 25: Qualitative Segmentation Results on our extended anatomical X-Ray annotations. We display
segmentations for RPG and RPG+ in the center, while we show one of the reference images used for train-
ing on the right.

duces coarse oversegmentations but we can delineate the outlines of the different anatomical
classes. We see that the RPG+, albeit still producing errors, was able to roughly reconstruct the
lung-subcategories and the ventricles of the heart, as well as the sub-diaphragm, but struggled
with explicit predictions of bone structures.

4.3.4.3 Results on Spectralis

Our results for the Spectralis dataset are presented in Table 11. As shown in the table, the RPG
method consistently outperforms the baseline for all values of Nl . This demonstrates it is appli-
cable in the multi-class segmentation setting. Additionally, we see that RPG+ performs signi-
cantly better than the other methods for low data schemes with Nl  3 and Nl  6, achieving an
improvement of up to 15%. However, it exhibits similar performance to MLDS for Nl  24. Over-
all, despite our method noticably improving over the baseline, we do not see as immense boosts
compared to other methods when compared to the multi-label setting of JSRT or our extended
anatomy annotations.

Figure 26: Qualitative Results for MLDS,RPG , and RPG+ on RETOUCH for different amounts of training
examples.
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Methods Nl  3 Nl  6 Nl  12 Nl  24

Baseline 0.15±0.07 0.27±0.08 0.35±0.06 0.49±0.05

IIC [115] 0.22±0.09 0.32±0.07 0.41±0.07 0.53±0.06
Perone and Cohen-Adad (2018) 0.21±0.09 0.31±0.10 0.39±0.07 0.50±0.08
MLDS [217] 0.16±0.15 0.35±0.11 0.54±0.09 0.59±0.07
RPG (Ours) 0.21±0.10 0.30±0.08 0.45±0.08 0.54±0.08
RPG+ (Ours) 0.31±0.11 0.45±0.10 0.55±0.08 0.59±0.08

Full Access (Nl  415) 0.62±0.05

Table 11: Performance comparison on Retouch. Bold and underlined denote best and second best perfor-
mance.

To provide additional insight, we present qualitative comparisons in Fig. 26. For Nl  6, we
see the baseline confusing several uid regions. RPG seems to undersegment, whereas this is
less the case for MLDS and RPG+. When increasing the number of annotated training samples
to 12 all models seem to become more accurate, although there are till noticeable errors in the
baseline andMLDS slightly oversegments uids while undersegmenting epithelial detachments.
For 24 samples the methods show visually similar results.

4.4 CHAPTER CONCLUS ION

In this chapter, to address the lack of anatomical annotations and the difculty to implicitly learn
such information, we investigate howwe can utilize few dense annotations to train deep learning
models. We introduced a new method for generating articial supervision for semantic segmen-
tation. Our approach utilizes labeled images as referencematerial, allowing us to match pixels in
an unlabeled image to their corresponding labels in a set of reference images. To avoid ambigu-
ous targets to negatively impact the training, we employ a class-entropy weighting term, through
which impacts the loss based on the class diversity of the neighborhood an unlabaled sample.
This method avoids the pitfalls of condence-based pseudo-labeling, such as conrmation bias,
and due to extracting completely annotated target vectors perfectly ts the problem of multi-
label segmentation. As we require no additional parameters, our RPG can be easily integrated
into any existing framework without the need for any changes to the architecture.

Our approach is suitable formedical image analysis as it makes use of the structural similarity
provided by underlying human anatomy. We show the effectiveness of our method through thor-
ough experiments on chest X-ray anatomy segmentation and retinal uid segmentation, achiev-
ing fully supervised performance with a small number of samples and signicantly reducing the
annotation cost. We also show results on manual ne-grained anatomical annotations for chest
X-Rays, and while existing methods struggle bring forward coherent results, our RPG enables
coarse segmentations with few samples.

In summary, our proposed method represents a promising solution for generating supervi-
sion in a cost-effective and efcientmanner, particularly in the context ofmedical image analysis.
We summarize our contributions as:

Contribution 1: We illustrate a different view on online pseudo-labels. By enforcing consis-
tency between predictions and the feature space, we cover cases not handled by standard
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pseudo-labeling approaches, considerably improving performance inmulti-label segmenta-
tion.

Contribution 2:Weprovide detailed sensitivity studies investigating the importance of refer-
ence pool size for our pseudo-labels and the impact of the neighborhood sizes for the com-
putation of class entropy.

Contribution 3: We show the effectiveness of our method on different datasets and various
low data settings. Thereby, we demonstrate its use for handling the challenging segmenta-
tion of overlapping labels from scarce data as we reach fully supervised performance from
six labeled images.

However, while our approach to semi-supervised segmentation works well in the segmenta-
tion of anatomical structures, we still require some form of manual annotation to get the pro-
cess started. Detailed annotations as done in our experiments for chest X-rays take an immense
amount of time (in our example three hours per image), which leads to even small scale datasets
being difcult to collect. In the following chapter, we investigate how we can scale the dataset
collection process in a manner, that allows the training of deep neural networks and does not
require manual annotation effort by making use of partially annotated domains.
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5LEARNING FROM PART IALLY
ANNOTATED DOMAINS

A medical report has to convey a vast range of information to cover the any state of visible
organs. However,mostmedical datasets focus strictly on a specic set ndings or organs, but
do not consider their surroundings. In this chapter, we aim to unify the available information
to provide necessary context to different imaging domains.We start by paving the way for CT
to X-Ray translation and show howwe canmake use of a variety of partial labels from the CT
domain to segment anatomy of X-Rays in Section 5.1. Afterwards, we expand on this prove
of concept and display ways to scale this data collection process through self-training in
Section 5.2. Finally, in Section 5.3, we make the connection between vision and language as
we ground reported ndings in X-Rays via their associated anatomical descriptions.

While the incorporation of unlabeled data can heavily benet the training of deep learning
models, one still has to acquire enough data to kickstart the process. For our goal of achieving
a holistic understanding of a given image, this can pose as quite troublesome since we have to
gather annotations for a vast variety of labels. For segmentations in X-rays, this issue is exac-
erbated due to the body absorbing radiation to a highly varying degree leading to anatomical
structures in two-dimensional images being visibly overlayed with each other. As the complete
anatomic annotation for a single image already took up to three hours due to the ambiguity of
overlapping structures [242], an entire dataset appears as a daydream.

Is there any way we can gather the required labels without hiring an army of medical staff for
annotation purposes? We take a look at other radiology subdomains and notice most datasets
focus on a specic subset relevant to their specialty, i.e. segmentations of Thoracic Organs at
Risk [143] or the spine [247] in CT volumes. These datasets partially comprising of less than
a 100 patients have shown to enable the development of robust networks transferrable to new
data [112]. We assume that by aggregating all these different annotations, we can achieve a rather
complete outlook on the human body.

Assuming this is achievable, we now face one nal obstacle in order to utilize these annota-
tions for our CXR report generation models: As most considered datasets are in the CT domain,

Figure 27: Dataset creation protocol [243].We apply 3D segmentationmethods to generate comprehensive
annotations of a CT dataset. Afterwards, the CTs and their labels are projected to 2D, emulating X-rays.
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we have to ndway to translate this information to CXRs. While this task of domain adaptation is
typically difcult, wemake use of the fact that the CT albeit being a volumetric imagingmodality
directly build upon the two-dimensional X-Ray. Therefore, as these modalities share several vi-
sual features, we can formulate a back-projection to map not only the CT but also the associated
annotations to a two-dimensional plane, simulating an X-Ray.

The following sections build upon the idea of utilizing the CT domain to aggregate various
annotations and, by using the corresponding projections, enable the accurate segmentation of
chest radiographs.

5.1 ANNOTAT IONS OF CHEST X-RAYS V IA COMPUTER TOMOGRAPHY PRO JECT ION

The following section is based on our publication in BMVC 2022 [243].

As we have shown, most datasets in the CXR domain rely on either automatically parsed
pathology labels or complete medical reports. While this has rapidly advanced the eld of auto-
mated X-Ray processing, densemasks, which are essential in many computer vision approaches,
have taken a backseat due to the immense difculty of gathering precise annotations for such
overlapping structures. As CTs allow for easier recognition of specic structures due to their vol-
umetric characteristic, we propose a new method for generating annotations for X-Rays using
them to address this challenge. Our approach, which we illustrate in Fig. 27, involves collecting
annotations from existing CT models, projecting them onto 2D images that mimic the X-Ray do-
main, and creating a nely labeled dataset for anatomy segmentation in both frontal and lateral
views. Using the shared imaging basis, we leverage the similarities in anatomy between different
imaging modalities.

5.1.1 Automated Generation of Projected CXR Datasets

In previous chapters, we built deep learning models to recognize anatomies or ndings on the
X-Ray domain in an end-to-endmannerwithout considering themechanics underlying the imag-
ing process. This narrows our understanding of potential connections to other imaging modali-
ties. Therefore, we will rst examine the similarities and differences between CT and X-Ray imag-
ing and then demonstrate how we can use this information to create accurately labeled datasets.

5.1.1.1 CT and X-Ray: Two birds of a feather

X-Ray imaging is a basis for several non-invasive imaging techniques that use ionizing radiation
in the form of X-Rays to produce images of the body’s internal structures. When X-Rays pass
through the body, dense tissues, such as bone, absorb more radiation than softer tissues, such as
muscle or fat. This difference in absorption allows X-Rays to depict the body’s internal structures.

In conventional chest X-Ray exams, the erect patient is positioned between an X-Ray tube and
a detector. The collected data by the detector is then used to create a comprehensive image. The
main distinctions in positioning (such as anteroposterior (AP) and posteroanterior (PA), both of
which we refer to a Frontal, or lateral (L)), are related to which view enables the most insight.

In a similar manner, CTs are an imaging technique building on ionizing radiation to produce
detailed images of the body’s internal structures. However, instead of using a xated X-Ray tube
and detector as with X-Rays, CT scanners use multiple X-Ray sources and detectors that rotate
around the body, producing a series of cross-sectional images to compute a slice. This process
is done until all slices of a desired body part are taken, resulting in a detailed three-dimensional
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Figure 28: Comparison of different real and projected samples for the frontal and lateral view

volume. This eliminates superimposition common in standard X-Rays, enabling a radiologist to
more easily interpret a patient. While the CT scan enables better diagnostic possibilities than the
X-Ray, it typically involves higher radiation doses.

Often, an X-Ray is one of the rst steps in the radiologic diagnostic process. If not enough in-
formation to diagnose a particular condition can be extracted, a CT scanmay be ordered. Hence,
it is crucial to enable systems to extract the maximum information to avoid unnecessary proce-
dures.

It is vital to minimize radiation exposure to reduce the risk of harmful side effects. We ar-
gue that this can be achieved by directly utilizing CT’s information depth in the training pro-
cess of CXR segmentation models by projecting CTs and their semantic context back to a two-
dimensional plane.
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5.1.1.2 Projecting CT back to X-Ray

The back-projection is related to the concepts of Mean Intensity Projection and Maximum In-
tensity Projection [66], which allow one to gain quick insights on a patient without requiring a
thorough look through the CT. Unlike in the Mean- or Maximum-Intensity-projection, we want
to generate images that look visually similar to real X-Rays.

We start the back-projection process by rst collecting the outline of the patient to separate it
from the table he is lying on. Let V be the volume of a CT scan, which we clip to the standard 12-
bit range.We get the bodymask via rst thresholdingMBody V ≥−100, lling each contour and
extracting the connected component of the highest volume. Afterwards, we collect the Mbone

through slicewise generalized histogram thresholding [13]. We standardize the volume along the
axis at which it is to be reduced, map it to the range of [0,1] via a sigmoid functionσ and sharpen:

V ′
Body MBody ·σ


V −mean(V )

std(V )


. (30)

We repeat this for the bone region to getV ′
Bone . Afterward, theV ′s are summed,min-max-feature

scaled and rescaled to 8-bit. We then average the volume along the coronal plane to get a frontal
projected X-Ray along the sagittal plane for a lateral one. This projection is similar to Matsub-
ara et al. [172]. We split the projection into full body and bone projection. However, we found
that utilizing the additional body masks assists with excluding unwanted structures, such as the
table.

We compare our projected X-Rays with samples from the OpenI dataset for frontal and lat-
eral views in Figure 28. The differences in the frontal view are due to the different positioning of
the shoulder girdle. In the X-Rays, the arms are usually placed alongside the body, while in the
projected images, the arms are raised due to the nature of the CT scan. In the lateral view, the
X-Rays show a more comprehensive range of orientation and pose. However, the projected im-
ages, typically taken while the patient is lying down, result in similar poses between the different
images. This leads to visual differences between images of female patients in both frontal and
lateral views, such as the third column and second row of real X-Ray images and the rst column
and second row of projected images.

Figure 29: Compressed diagram of our initial pro-
posed label structure for PAX-Ray.

5.1.1.3 Automated Label Generation

The emergence of the UNet has signicantly
improved the accuracy of 3D medical image
segmentation [40, 112, 228]. In our annota-
tion process, we use both proven traditional
methods [144, 145] and the state-of-the-art
nnUNet [112], which has shown great poten-
tial as a black-box segmentation model.

Our annotation scheme is based on a la-
bel hierarchy with each label mask repre-
sented by Ml , where l ∈ L and L is the set
of considered labels. We begin by generating
a body mask Mbod y to separate it from the
CT-detector backplate by selecting the largest
connected component after thresholding as
described previously. We then consider the
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Projection Lungs Mediastinum Bones Sub-Diaphragm

Figure 30: Examples of overlapping annotations in both lateral and frontal view of PAX-ray

super-categories of bones, lung, mediastinum and sub-diaphragm. In general, we assume that
each ne-grained class is a subset of its parent class, such as the spine within the bone structure
(Mspine ⊂ Mbone ). We obtain Mbone through slicewise generalized histogram thresholding [13].
Within the bone structure, we segment the individual vertebrae using a nnUNet [112] trained on
the Verse dataset [162, 169, 247] and on ribs fromRibFrac [313]. For Verse, the nal validation per-
formance ranges between 0.82 and 0.84 across all splits. We extend the rib annotation of Yang et
al. [313] by distinguishing individual ribs as well as posterior and anterior parts based on their
center and horizontal inection.

61



5.1 ANNOTAT IONS OF CHEST X-RAYS V IA COMPUTER TOMOGRAPHY PRO JECT ION

For the lungs, we use the lung lobe segmentation model by Hofmanninger et al. [101]. The
reported dice score for their lung segmentation model of 0.99, 0.94, and 0.98 on the LTRC [1],
LCTSC [315], and VESS12 [232] datasets respectively. The merger of the individual lobes results
in the lung halves. We further obtain the pulmonary vessels and total lungs through calculated
thresholding and post-processing strategies [144].

For the mediastinum, we consider the area between the lung halves. To segment this area, we
utilize Koitka et al. ’s Body Composition Analysis (BCA)[135] and split it into superior and inferior
along the 4th T-spine following medical denitions[45]. Koitka et al. [135] show a performance
for their BCA of 0.96 dice on their internal dataset. We extract annotations for the heart, aorta,
airways, and esophagus using the SegThor dataset [143]. The nal validation performance for the
nnUNet trained on SegThor ranges between 0.91 and 0.93 across all splits.

As for the sub-diaphragm, we consider the area below the diaphragm. This area can be ex-
tracted from the soft tissue region segmented using the BCA, which we split centrally into the left
and right hemidiaphragm as there is no anatomical indicator.

To generate the label set L, we apply the combination of mentioned networks and rulesets on
the publicly available RibFrac [118] dataset, which is suitable for this projection process due to its
focus on the thoracic area, the high axial resolution, and the scans being recorded without con-
trast agents similar to X-Rays. We ignore volumes with conicting segmentations and manually
remove volumes with noticeable errors.

We project these labels to 2D using themax operation along the desired dimension and apply
post-processing steps based on the observed anatomy (i.e., restricting specic classes to their
largest connected component). Doing so, lets us collect the Projected Anatomy for X-Ray dataset
(PAX-Ray) consisting of 852 images with associated masks.

5.1.1.4 Further Visual Examples of Generated Labels

Figure 31: Axial slice of two lung
halves overlapping sagittally.

We show examples of the annotations of our dataset in
Fig. 30. We can see that lung halves can overlap in the sec-
ond frontal row. While this might seem contradictory at rst,
when considering the lung as a 3D volume, the classes can
overlap along one dimension, i.e., the lung halves in front
and behind the heart, as seen in Fig. 31. As we intend to cap-
ture the entire anatomy of the upper body, we consider this
labeling assumption a more holistic approach.

5.1.2 Experimental Setup

Evaluation Setup: To assess the accuracy of our segmentation method, we utilize the mean In-
tersubsection over Union (IoU)measure on the PAXRay dataset. We follow the train/val/test split
established in the RibFrac dataset [118], resulting in a total of 598, 74, and 180 images in the
train, validation, and test sets, respectively. During the training process, we evaluate the perfor-
mance of our model on the validation set every 10 epochs and ultimately choose the model that
performs best on the validation set for our nal test.
ImplementationDetails:Todemonstrate the effectiveness of ourne-grainedmulti-label dataset,
we trained segmentation models using different backbone networks, including the UNet (com-
monly used in the medical eld) and the SFPN with a ResNet-50 backbone. We also compare the
use of pre-training on the VinBigDataset [188] with using the networks from scratch. Since the
labels may overlap, we used binary cross-entropy and a binary dice loss during training. We also
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employed random resize-and-cropping (with a range of [0.8,1.2]) as an augmentation technique.
We used AdamW optimization with a learning rate of 0.001 for 110 epochs, decaying by a factor
of 10 at epochs 60, 90, and 100. The base image size for this process was 512.

5.1.3 Results

We see quantitative results in Table 12. We show the performance of selected super-classes and
the mean over all 166 classes due to the immense number of classes. We display the complete
performance over all classes in Fig. 34.

In this setting, we nd that using pre-trained networks leads to an improvement of up to ∼
14% in mIoU. Additionally, we see that the UNet outperforms the SFPN by approximately 9%.
However, some classes, such as the heart, lobes, and aorta, see similar performance between
the two architectures, while others, such as mediastinal regions, airways, and ribs, show notable
differences.

Overall, we can achieve up to ∼ 90% mIoU on certain classes like the spine or heart, but seg-
mentation of lung vessels proves particularly difcult with an IoU of 52%. The most signicant
discrepancy in segmentation quality between the two networks is observed in rib cage segmen-
tation, where the UNet has a gain of 6.1%. Figure 32 shows qualitative examples of the segmen-
tation results. The vessel tree and tracheal ends towards the bronchi are challenging to segment
accurately, while lobe-, intermediastinal-, and bone-related classes appear as expected.

We demonstrate the usefulness of our proposed dataset for segmenting anatomy in real chest
X-Rays by presenting qualitative results on the OpenI dataset in Fig. 33. The segmentation re-
sults for various structures, such as the mediastinal classes, sub-diaphragm, lung regions, spine,
and ribs, are accurate in both views. However, we observe occasional errors in the prediction of
individual ribs, particularly in the overlapping areas with the heart, which the overall brighter
region may cause in these areas. Additionally, the predictions of lung vessels appear coarse com-
pared to the annotations, which is expected due to the difculty in visualizing vessels in chest
X-Rays. Although errors similar to those in projected X-Rays can be seen (e.g., in the lateral rib or
diaphragm segmentations), the results are encouraging even without using a domain adaptation
method [275].
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Figure 32: Qualitative results of a UNet on the test set of the PAXRay dataset
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Input Lungs Mediastinum Bones Sub-Diaphragm

Figure 33: Qualitative results of a UNet trained on our PAX-ray dataset for a patient in OpenI

5.2 EXTEND ING THE PAXRAY DATASET

As we can see, the introduced PAX-Ray dataset enabled glances into the potential of anatomical
segmentations in CXR. However, due to the limited size of the dataset, the segmentation of spe-
cic sub-classes, such as the individual vertebrae or ribs, becomes difcult to train. Similarly, the
human thoracic region consists of more relevant organs, such as the upper abdominal region,
than are currently gathered.

Thus, we propose to extend the PAX-Ray dataset through multiple steps. First, we adapt the
translation step between the two modalities to t the physical underpinnings of Lambert-Beer’s
law. Secondly, we integrate additional classes by training on other datasets. Previously, we in-
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Figure 34: Segmentation performance in IoU on the test split for all classes of our proposed PAXRay dataset
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ferred a set of individual models on the entire dataset. This, however, is a massive time sink as
depending on the volume spacing single inference with the nnUNet might take more than 30
minutes. To reduce inference time, we aggregate all classes rst on an intermediate full-body CT
dataset. Retraining on this merged dataset can translate the knowledgemore efciently to a large
set of unannotated thorax CT datasets. We can cut the number of required inferences by a factor
of twelve. Lastly, we translate these pseudo-labeled CTs to projected CXR to generate our PAX-
Ray++ consisting of more than 14,000 images and 2,000,000 annotated instances. We illustrate
the entire process in Fig. 35.

5.2.1 Adjusted Label Accumulation

For the generation of PAX-Ray, we utilized a combination of a set of learned and non-learned ap-
proaches for a diverse set of classes jointly predicted for the RibFrac dataset [118]. When expand-
ing the dataset, we look at two directions. First, increasing the number of observed labels. While
the PAX-Ray dataset has many observed classes, it lacks in abdominal organs, heart and lung re-
gions, and several bones. We, thus, gather ten different sources to train networks for subsequent
prediction of desired additional classes. As labels from these sources can overlap, we rst merge
the predictions on a single dataset to sort out inconsistencies between annotation schemes and
merge similar class labels. Doing so allows us to train a single model on the resulting dataset,
signicantly reducing inference and postprocessing time when applied to large-scale datasets.
Secondly, we extend the dataset through the amount of considered source CT volumes. Initially,
we used a single source dataset of 4̃40 volumes after ltering, leading to a dataset with less than a
thousand images. This amount of images is small compared to several computer vision datasets.
Consequently, we collect several large-scale thorax CT datasets to increase the number of pro-
jected X-Rays. Subsequently to these steps, we map these three-dimensional masks to a plane
as done with PAX-Ray and lter cases with implausible mask predictions, such as anatomical
structures with sizes massively deviating from the mean volume or having multiple connected
components despite it being single structure. The masks are then post-processed with standard
morphological operations and rescaled to the desired size.

5.2.1.1 Considered Label Sources

We consider datasets focusing on different body systems and available segmentation tools to pro-
vide amore leveled label distribution.Weuse these to trainve folds of full resolutionnnUNets [112]
and keep a separate set for validation purposes. For inference, we use an ensemble of all folds
with test time augmentation, such as horizontal ipping. We list the source datasets, their vol-
ume information, and the segmentation performance of their resulting networks in Table 13.

Init.
Lung Mediastinum Bones

Sub-Dia. Mean
Lobes Vessels Regions Heart Aorta Airw. Spine Ribs

SF
P
N (Random) 82.3 49.5 68.6 81.8 67.8 55.6 84.8 69.4 93.9 37.8

(VBData) 86.3 52.1 74.6 88.9 79.0 70.0 90.5 78.8 96.2 51.9

U
N
et (Random) 85.0 49.8 74.8 87.7 77.9 68.8 90.0 81.5 95.6 54.5

(VBData) 86.9 50.8 77.3 89.9 80.8 73.2 92.5 84.9 96.7 60.6

Table 12: Category-wise segmentation performance in IoUon the test split of our proposed PAXRay dataset
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Figure 35: The workow for scaling up PAX-Ray.We collect labeled datasets describing different categories,
such as bones or abdominal regions. These datasets are used to train nnUNet ensembles, which are then
applied to AutoPET to generate a shared label space. This shared label space is then used to re-train the
model and generate pseudo-labels for several thorax CT datasets. The CT volumes and pseudo-labels are
projected to a two-dimensional plane and post-processed using anatomical priors and morphological
operations, resulting in PAX-Ray++. Finally, 2D segmentation models such as UNet are trained on the pro-
jected data to predict anatomical structures in CXR accurately.
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Source Series Labels Label Domain Spacing Slices IoU

Pediatric [125] 287/72 29 Full Body [0.52±0.11,0.52±0.11,1.76±0.52] 306.6±245.4 0.833

Total Segmentator [299] 581/146 104 Full Body [1.5±0.0,1.5±0.0,1.5±0.0] 259.0±130.3 0.9251

SegTHOR [143] 40/20 5 Thoracic [1.00±0.09,1.00±0.09,2.39±0.23] 184.7±30.35 0.9232

PARSE [289] 100/30 1 P. Artery [0.67±0.07,0.67±0.07,0.99±0.01] 301.4±31.22 0.751

BTCV [185] 30/20 14 Abdominal [0.78±0.09,0.78±0.09,3.87±1.00] 123.3±32.19 0.8511

Ma et al [173] 40/10 13 Abdominal [0.81±0.07,0.81±0.07,2.63±0.52] 95.88±9.000 0.9093

RibSeg [313] 420/160 24 Ribs [0.74±0.07,0.74±0.07,1.13±0.14] 359.5±59.06 0.8996

Verse [247] 112/100 23 Spine [0.79±0.23,0.79±0.23,1.29±0.65] 444.8±348.6 0.8387

RSNA PE [44] 7302 - - [0.67±0.08,0.67±0.08,1.25±0.22] 237.6±54.00 -

RibFrac [118] 660 - - [0.74±0.07,0.74±0.07,1.13±0.14] 359.5±59.06 -

LIDC-IDRI [8] 1036 - - [0.68±0.08,0.68±0.08,1.74±0.83] 237.9±132.7 -

COVID-19-AR [54] 176 - - [1.57±0.79,1.34±0.77,1.42±1.05] 438.8±178.0 -

COVID-19-1 [91] 215 - - [0.77±0.10,0.77±0.10,4.76±0.88] 68.74±36.24 -

COVID-19-2 [130] 632 - - [0.77±0.10,0.77±0.10,4.72±0.94] 72.21±48.63 -

Table 13: Comparison of considered CT datasets for PAX-Ray++ regarding size, number of labels, label
domain, volume spacing, number of slices and segmentation performance of a nnUNet [112] in 5-fold
cross validation. Top half displays datasets used for label aggregation, while the bottom part was used as
imaging source for PAX-Ray++.

The Pediatric dataset [125] contains 287/72 (training/validation) volumes of pediatric patients,
with 29 labels spanning the entire body. The segmentation model achieved an IoU of 0.833. The
Total Segmentator dataset [299] includes 581/146 volumes, with 104 labels for whole body seg-
mentation, including classes such as humerus and the atria of the heart. We achieve an IoU of
0.9251. The SegTHOR dataset [143] includes 40/20 volumes, with 5 labels for thoracic organs
at risk. We achieve an IoU of 0.9232. The PARSE dataset [289] includes 100/30 volumes for pul-
monary artery segmentation. On the challenge benchmark, we achieve an IoUof 0.751. TheBTCV
dataset [185] includes 30/20 images, with 14 labels for abdominal segmentation, on which we
achieve an IoU of 0.8511. The dataset by Ma et al. [173] includes 40/10 testing images, with 13
labels for abdominal segmentation. With an IoU of 0.9093. The RibSeg dataset [313] includes
420/160 volumes. While the original annotations segment the ribs as a single class along the out-
skirts of the ribs, we ll the ribs via thresholding andmorphological operations and subsequently
partition these via connected components into the 12 left and right ribs, with 24 labels for rib
segmentation with an IoU of 0.8996. The Verse dataset [247] includes 112/100 volumes, with 23
labels for vertebrae segmentation. We achieve an IoU of 83.87%. We further utilize pre-trained
classication models such as the Body Composition Analysis by Koitka et al. [135] and the lung
lobe segmentation by Hoffmaninger et al. [1].

5.2.1.2 Finalizing the Label Structure

After training the nnUNet ensembles on the individual dataset, we infer the individual models
on 560 whole-body volumes of AutoPET [75], a large CT dataset for tumor segmentation cover-
ing various body regions. We merge classes of overlapping semantics and discard unnecessary
classes or ones of insufcient quality by manual assessment, such as the humerus classes. We
further apply postprocessing techniques such as morphological operations and abiding anatom-
ical biases such as maintaining the largest connected component for organs that are supposed
to contain a single one.
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We then retrain the nnUNet on the resulting dataset. This allows us to generate predictions
of the complete label set with just a single model, which is signicant as inference and postpro-
cessing for a single ensemble can span up to an hour per volume, making the generation of a
large-scale dataset a tall order. We integrate anatomical regions by modifying several anatomical
classes:

1. The mediastinum stems from the BCA predictions and is split into upper and lower medi-
astinum along the T4 vertebra.

2. Wedifferentiate the anterior andposteriormediastinumalong the heart segmentation bound-
ary.

3. We create the upper andmiddle lung regions and bases by splitting along the vertical thirds.
The apical lung region is dened by the start of the individual clavicles.

4. We dene the tracheal bifurcation as starting from 10 slices above the split of the trachea.

5. We maintain the process of the aorta splits and sub-hemidiaphragm from PAX-Ray.

Furthermore, when projecting the pseudo-labels to a frontal or lateral view, wemerge classes
to accommodate the characteristics of the view. For example, distinguishing between the left and
right breast is impossible in the lateral view, whereas this is trivial in the frontal view. On the other
hand, the lower mediastinum is better distinguishable in the lateral view, while not in the frontal
one. We display the nal classes in Fig. 37.

5.2.1.3 Adjusted CT to X-Ray Projection

PAX-Ray PAX-Ray++ Difference

Figure 36: Illustration of projections of PAX-
Ray 5.1.1.2 (left) and PAX-Ray++5.2.1.3 (center).
We display the difference image on the right.

Our original way of CT back-projection for
the generation of the PAX-Ray dataset was fo-
cused on visual similarity. However, it was not
based on the properties of the attenuation of
light. We still split the volume into a body and
bone volume for separate processing and sub-
sequent merging, but instead of Eq. 30, we
follow Matsubara et al. [172]. This allows
us to come closer to a denition of Lambert-
Beer’s Law of the attenuation of light relating
to the material properties it travels through.
However, as CXR generally uses a harder type
of radiation, we found that, for the frontal
view CXR, further applying histogram equal-
ization [201] leads tomore visually pleasing re-
sults. We display the differences in translation
in Fig. 36. We can see that, especially in the basilar lung regions, PAX-Ray++ is darker, while the
abdomen is brighter than in our initial work.

5.2.1.4 Sources of PAX-Ray++

To generate the PAX-Ray++ dataset, we require CT volumes as imaging data. We choose large
unlabeled CT datasets focusing on the thoracic region, which is displayed in the bottom part of
Table 13.
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Figure 37: Compressed diagram of our proposed label structure for frontal and lateral images in PAX-Ray.

The datasets include RSNA PE, RibFrac, LIDC-IDRI, COVID-19-AR, COVID-19-1, and COVID-
19-2. The RNSA Pulmonary Embolism dataset, a contrast CT dataset for identifying pulmonary
embolisms, is the largest, withmore than 7000 volumes with an average axial spacing of 1.25mm
and 237 slices. The RibFrac dataset for detecting rib fractures, which we used for the initial PAX-
Ray, consists of 660 volumes with the smallest spacing of 1.13 mm and 359 slices. The LIDC-IDRI
dataset was collected to detect pulmonary nodules and consists of 1036 volumes with a spacing
of 1.74 and, on average, 237 slices. The COVID-19-AR dataset has, on average, the most slices of
438 and 176 volumes. However, it has a relatively large coronal and sagittal spacing. The COVID-
19-1 and -2 datasets contain 215 and 632 volumes but have the smallest amount of slices and the
largest axial spacing.

We infer the nnUNet ensemble trained on the aggregated pseudo-labels on Autopet on these
datasets (see Fig. 35). We apply the same postprocessing methods as done with the initial pre-
dictions on AutoPET and lter volumes with predictions with anatomical deviations, i.e., too few
predicted ribs. We then project the image and label les to a frontal and lateral view and resize to
a uniform size of 512×512 using nearest interpolation for masks and Lanczos [277] for images.

5.2.2 Dataset Analysis

We next investigate the characteristics of PAX-Ray++. As each image is generated from a CT vol-
ume, the spacing and the slice amount have a noticeable effect on the label and projection quality
of the resulting sample. This can be seen in the frontal and lateral qualitative samples in Fig. 38
and Fig. 39. We see the original projections and labels corresponding to the categories Airways,
Vascular system, Bones and abdomen for the different datasets. The different datasets offer a va-
riety of shades when emulating an X-Ray. The RibFrac and the RSNA PE dataset contain larger
abdominal areas, while the remaining datasets focus more on the thoracic region. Due to the
lower resolution and slice amount of the COVID-19-1 and -2 datasets, we can note ridges for the
segmentations.

We show in Fig. 40 the number of instances per class in the PAX-Ray++ dataset and compare
those with the equivalent classes in PAX-Ray. Apart from PAX-Ray++ containing more explicit
classes, we can see that overall the instance amount is larger by amagnitude. Furthermore, while
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Figure 38: Sample of frontal projected x-rays from the RibFrac, COVID-19-AR, COVID-19-1, COVID-19-2,
RSNA PE, and LIDC-IDRI dataset. We show labels belonging to the categories Airways, Vascular System,
Bones, and Abdomen.
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Figure 39: Sample of lateral projected x-rays from the RibFrac, COVID-19-AR, COVID-19-1, COVID-19-2,
RSNA PE, and LIDC-IDRI dataset. We show labels belonging to the categories Airways, Vascular System,
Bones, and Abdomen.
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(a) (b)

Figure 40: (a) #instances per category for frontal images. (b) #instances per category for lateral images.
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(a) (b)

Figure 41: (a) Number of instances per category vs. number of categories. Position indicates mean, size
indicates standard deviation. (b) Plot indicating distribution of instance sizes. We compare X-Ray and
real world datasets. PAX-Ray++ shows a large amount of labeled instances which tend to be smaller than
labeled instances in natural image datasets like COCO or PASCAL VOC.

all instances occur precisely once per image, the lower ribs and the lower and upper vertebrae
do not occur in every image. Similarly, abdominal classes such as the duodenum or stomach are
not always visible. Finally, it has to be noted that the breast segmentations are independent of
the sex of the patient, as also male participants can show sufcient tissue constellations.

We compare our PAX-Ray++ dataset against other datasets within and without the CXR do-
main. These datasets include ChestXDet [166], a dataset with mask annotations for pulmonary
diseases, CLiP [268], a dataset with annotations for catheters and lines, our PAX-Ray, as well as
the popular natural image datasets PASCAL VOC [61] and MSCOCO [163].

In Fig. 41a) we compare the number of instances per category against the number of cate-
gories. We see that within the domain, PAX-Ray++ provides vastly more different annotations
and, in general, provides more annotations than other datasets within the domain, even compa-
rable to real-world datasets like MS COCO.

In Fig. 41b) we display the size of each instance annotation relative to the image size. The nat-
ural image datasets show more instances of taking up more prominent parts of the image, with
at least 75% and 50% of annotations taking up more than 1% of the image for PASCAL VOC and
MS COCO. On the other hand, CXR datasets mainly consist of smaller annotations. We see that
nearly all annotations of CLiP are at most 1% of the image size and at most 0.01% of annotations
taking up 7%. ChestXDet is more balanced. However, less than 0.1% of annotations take upmore
than 20% of the image. Related to the domain, PAX-Ray++ also consists majorly of more minor
instances. However, it also shows instances of up to 70% of the image.

5.2.3 Experimental Setup

5.2.3.1 CT to X-Ray Projection

Interpreting the quality of the CT to X-Ray backprojection is non-trivial. We seek a correct transla-
tion that maintains all physiological features of the CT. Conversely, we want the resulting images
to be as close to the X-Ray domain as possible to ease training and improve downstream segmen-
tation tasks. Unfortunately, these properties can not always bemaintained due to the differences
in the imaging procedure, such as the patient’s position since a CT is taken with the patient lying
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down while in the typical CXR the patient is standing. To study the quality of the backprojec-
tion and the effects of different parts, we utilize the OpenI dataset [52] for the computation of
the Fréchet-Inception Distance [99]. We calculate the multivariate normal distributions of real
(N (µ,Σ)) and projected images (N (µw ,Σw )) estimated from Inception v3 [265] features.

FID |µ−µw |22+ tr (Σ+Σw −2(ΣΣw )
1
2 ) (31)

We evaluate the FID scores on the projection of the RibFrac dataset. We compute the metrics
separately for frontal and lateral views. For the extraction of features, all images are resized to
299×299.

5.2.3.2 Anatomy Segmentation

We use 30 frontal and lateral images of PAX-Ray++ for the segmentation of anatomical structures
as an internal validation set. These images were manually inspected to be visually correct.

To test the real-world applicability of PAX-Ray++ for developing anatomy segmentation mod-
els, we prepare a test set of 30 frontal and lateral X-Rays of the PadChest dataset. First, we use our
best segmentation model based on the validation performance to generate preliminary anatom-
ical segmentations. Then, we tasked two medical experts to independently examine and correct
these densely annotated X-Rays using the annotation tool CVAT [2]. On average, it was reported
that even in this simplied annotation process, a single image could take up to 1.5 hours.

5.2.3.3 Implementation Details

For the projection, we utilize Python 3.10 and packages such as NumPy [92] and SciPy [284]. All
image projections were originally resized to 512×512 using Lanczos interpolation.

For our segmentation models, we chose the UNet [228] with a ResNet-50 [96] and ViT-B [58]
backbone. We used pre-trainings on ImageNet [53] as we did not see a difference in performance
to other pre-training methods, i.e., MAE [94] on CXRs. As before, we train with binary cross-
entropy and employ an additional binary dice loss. For our base augmentation, we used random
resize-and-cropping of range [0.8, 1.2] as augmentation with an image size of 512 and optimized
using AdamW [170] with a learning rate of 0.001 for 110 epochs decaying by a factor of 10 at {60,
90, 100} epochs. We utilize RandAugment [48] with N  9 and randomized magnitude for heavy
augmentation.

5.2.4 Results

5.2.4.1 CT to X-Ray Projection

Effect of Translation Method: We rst investigate the effect of different translation methods in
Fig. 42. Then, we compare the mean intensity projection with Matsubara et al. [172] methods
and the other effect of histogram equalization (HE). For the frontal view, we see that the MIP
and Matsubara et al. ’s method have nearly the same FID to real X-Rays, but when added with
HE, Matsubara et al. shows the best FID with strong visible contrast compared to the originally
more faded look. In the lateral view, HE is not a positive addition, and the original translation by
Matsubara et al. leads to the best results. As such, for further projections, we use Matsubara et
al. ’s method with HE for the frontal case and without for the lateral one.
Effect of Volume Spacing: Next, we want to investigate the effect that the spacing of a volume
can have on the resulting image quality. This is relevant as the dataset we translate can have a
variety of axial spacing, as shown in Table 13.
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Mean-IP Matsubara et al. Mean-IP + HE Matsubara et al. + HE
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Figure 42: FID scores and qualitative examples of MIP and Matsubara et al. ’s method with and without
histogram equalization (HE) for frontal and lateral views.

We test the spacingMatsubara et al. ’s method.We see that the FID continually increases with
the axial spacing. While the difference between 1 and 2 mm is relatively small, further increasing
the spacing leads to noticeable differences metrics-wise, while there it is less noticeable from a
qualitative perspective. These results might indicate difculties for networks processing images
from COVID-19-1/2.

1mm 2mm 3mm 5mm

FID 149.42 160.55 191.11 237.64
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FID 152.74 157.54 173.32 214.11
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Figure 43: FID scores and qualitative examples ofMatsubara et al. ’s method applied on CT’s with different
axial spacings for frontal and lateral views. We can see that for CTs with higher spacing the FID noticably
increases.

76



5.2 EXTEND ING THE PAXRAY DATASET

5.2.4.2 Projected Anatomy Segmentation

We use our manually examined validation set to develop the best segmentation model to apply
to real-world data and show the results in Fig. 44. We rst compare the ResNet-50 vs. the ViT-B
backbone without using data augmentation. We see that the Resnet-50 outperforms the ViT-B
in all classes. Furthermore, we can see minor improvements when adding simple augmentation,
which is enhanced when switching to a heavy augmentation setup.

Generally, we see good performances for standard spinal classes, such as the thoracic verte-
brae, while rare vertebrae in the visible thoracic region are more complex. It can be noted that
classes in the lateral view tend to have better scores than their frontal counterparts, which is
also attributed to the fact that frontal classes tend to be ner granular (i.e., left/right split). Ab-
dominal classes can vary in segmentation quality. For example, while the liver or stomach are
typically well-segmented, the duodenum and kidneys are more complex. This, however, might
stem from the abdominal region in CXR being relatively bright without strongly noticeable delin-
eations, making it difcult to accurately segment manually. Heart-related classes show to have
near-perfect segmentations with scores above 90% IoU. Individual lung borders are more chal-
lenging to identify, leading to scores between 50-60% IoU.

We show qualitative results in Fig. 45 and Fig. 46. Here, we can see classes belonging to the
supercategories lungs, vascular systems, bones and abdomen/digestive system.We see that apart
from minor deviations at the arterial structure, the segmentations show near to no deviation to
the ground truth for both frontal and lateral.

5.2.4.3 X-Ray Anatomy Segmentation

We show the segmentation performance against medical expert annotations for all classes in
Fig. 44 b). As the task for the human annotators was not to annotate from scratch but to correct
wrong pixel-wise predictions, we can see a high agreement for most classes. Themost signicant
disagreements exist for rare bone structures such as L3 and C4, the mediastinal distribution or
the breasts. We show the view-wise performance in Fig. 47. For the frontal classes, high agree-
ment with both annotators can be reached for most classes apart from rare bone structures and
the breasts. In the lateral case, this distinction needs to be claried. For abdominal andmediasti-
nal classes, annotator 2 alignsmore with themodel’s predictions, while annotator 1 notices some
aws. At the same time, the opposite can be seen for the ribs.

We display qualitative results in Fig. 48 and Fig. 49. The annotators tend to be content with
most annotations. Edits come with extensions of the esophagus, trachea and aorta and correc-
tions of the lower ribs. There is little consensus for some classes, such as the stomach, as can be
seen in Fig. 44 b). In the lateral view, rib segmentations can become quite hard to interpret. While
both annotators disagree with the rib segmentations, they do not agree on how they should look.
Similarly to the frontal view, tube-like structures like the esophagus are extended as they can
appear fractured at times.
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(a) (b)

Figure 44: (a) Segmentation performance in IoU on the validation split for all classes of our proposed
PAXRay++ dataset for the settings using ViT-B and ResNet-50 backbones, and the impact data augmenta-
tions. (b) Segmentation performance in IoU on real CXR from the PadChest dataset for all classes com-
pared to medical expert annotations.
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Figure 45: Qualitative segmentation results for lateral projections for the class categories of lungs, vascular
systems, bones and abdomen.
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Figure 46: Qualitative segmentation results for lateral projections for the class categories of lungs, vascular
systems, bones and abdomen.
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(a) (b)

Figure 47: (a) Segmentation performance in IoU on real CXR from the PadChest dataset for frontal classes.
(b) Segmentation performance in IoU on real CXR from the PadChest dataset for lateral classes.
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Figure 48: Qualitative segmentation results for frontal CXR for the class categories of lungs, vascular sys-
tems, bones and abdomen. We compare against the corrections of Annotator 1 and 2.
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Figure 49: Qualitative segmentation results for frontal CXR for the class categories of lungs, vascular sys-
tems, bones and abdomen. We compare against the corrections of Annotator 1 and 2.
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5.3 GROUNDING MED ICAL REPORTS V IA ANATOMY DESCR IPTORS

Figure 50: Chord diagramm of the co-occurences of
Anatomies and Findings in medical reports for pa-
tients in the OpenI dataset

In medical reports, frequently, medical obser-
vations are paired with anatomical regions
to refer to their respective positions. For
example, the nding PULMONARY NOD-
ULE OVERLYING THE POSTERIOR SIXTH
RIB can be localized using previous auto-
matic anatomical segmentation of the poste-
rior sixth rib. We highlight the potential use
for anatomical information through the co-
occurrence of anatomy and observations in
the case of the Chest X-Ray Dataset OpenI in
Fig. 50.

Beginning with the assumption that cer-
tain diseases tend to occur in specic anatom-
ical regions, as shown in Fig. 51, we create a
simple baseline to argue for the usefulness of
incorporating anatomical information when
grounding medical ndings.

For each image-report pair (Ii ,Ri ) ∈ {(I1,R1), (I2,R2), . . . , (IN ,RN )} in a dataset consist-
ing of N pairs, we consider the nding-subsection of the report which contains descriptions of
visual observations in the corresponding image. As depicted in the top branch of Fig. 51, we
use a named-entity-recognition (NER) model to process the report Ri sentence by sentence,
identifying medically relevant phrases P i j ∈ P i ,0 ≤ j ≤ |P i | that are classied as problem or
treatment and discard the rest [122, 279, 332]. We then lter the words w ∈ P i j using the NER-
model C to classify w into Anatomy A (e. g.heart, . . . ), Anatomy-modier AM (e. g.posterior,. . . ),
Observation O (e. g.pneumothorax, . . . ) or Observation-modier OM (e. g.above, . . . ) [122, 332].
These categories are grouped, and any words that do not belong to any of these categories are
omitted, resulting in a ltered phrase P ∗

i j containing groups of words W x
i j for each category

x ∈ {A,AM ,O,OM }:
P ∗

i j  {W A
i j ,W

AM
i j ,WO

i j ,W
OM
i j }

W x
i j  {w |C (w) x,w ∈P i j },

(32)

In order to obtain embeddings for theltered phraseP ∗
i j , we use a pre-trainedword-embedding

model E to extract d-dimensional embeddings for all words in the phrase that are classied as
anatomy and anatomymodiers:

F A
i j  {E (w) |w ∈W A

i j }

F AM
i j  {E (w) |w ∈W AM

i j }
(33)

For phrases that do not contain either anatomy or anatomy modiers, we set F x
i j  0d with x ∈

{A,AM }. In cases where multiple words in a phrase belong to the same category (either anatomy
or anatomy modier), we consider the category representation to be the mean of all the word
embeddings belonging to that category.

The nal phrase embedding is then calculated by adding the category embeddings together,
as shown in the following equation:

Fi j mean(F A
i j )+mean(F AM

i j ) (34)
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Figure 51: Anatomy Grounding Baseline. Using NER divide phrases into Anatomy, Anatomy-Modier, Ob-
servation, Observation-Modier. For the images, we generate proposals using our anatomy segmentation
model. We extract word-wise embeddings for the phrase/anatomy labels, aggregate them and retrieve the
most similar region for each phrase

In the bottom branch of Abb. 51, we use our segmentation network trained on PAX-Ray to
extract predictions for each class with its class label denoted as l ∈ L for each view. These pre-
dictions are thresholded to obtain mask regions, then rened using anatomical constraints and
post-processing steps similar to those described in subsection 5.1.1.3. Finally, for all of the re-
sulting segmentation masks, we separate the label text l into its anatomy and anatomy modier
components. For example, the label ’left lung’ will be split into ’lung’ as the anatomy and ’left’ as
its modier. We extract features Tl in a similar manner as previously mentioned:

T A
l  {E (w) |C (w) A,w ∈ l }

T AM
l  {E (w) |C (w) AM ,w ∈ l }

Tl mean(T A
l )+mean(T AM

l )

(35)

To nd the similarity between image regions and phrases in the lateral and frontal views, we cal-
culate the cosine-similarity matrix Si ∈ [−1,1]|P i |×166 using the feature vectors. Each entry in the
matrix is dened by Si j l  cos(Fi j ,Tl ). When a phrase query is given, we use the top-k similar-
ities to return the corresponding k-th segmentation proposal. We return the entire image if the
phrase does not contain any anatomy.

5.3.0.1 Medical Phrase Grounding

Grounding Dataset: To evaluate medical phrase grounding, we utilized the OpenI dataset [52],
which contains medical reports and frontal and lateral chest X-ray images. In order to create a di-
verse validation dataset for CXR phrase grounding, two radiologists identify medical phrases in
the ndings-section of 100 medical reports from the OpenI dataset and mark the corresponding
part within the image with a bounding box. This resulted in a total of 178 frontal and 146 lateral
bounding box annotations. These annotations were then used as ground truth for the task. After
applying NER techniques using Stanza, these 100 reports resulted in annotated phrases, includ-
ing 90 different observations, 70 observation modiers, 88 different anatomies, and 42 anatomy
modiers.
Evaluation Setup: we evaluate the usefulness of anatomy segmentations for medical phrase
grounding by calculating the average hit rate at various IoU thresholds [317]. A hit is a candidate
region that overlaps with the ground truth annotationwith an IoU above a set threshold.We com-
pare our anatomy segmentations with common region proposalmethods used in phrase ground-
ing algorithms [50, 72, 182] in natural images such as EdgeBoxes [339], Selective Search [278], and
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Method(N=200) HR25 HR50 HR75

Fr
o
n
ta
l Whole Image 16.5 5.8 0.4

Selec. Search [278] 72.8 16.5 7.7
EdgeBoxes [339] 18.9 4.8 0.9

RPN [218] 53.8 18.9 1.4
Anatomy Segm. 93.2 66.9 20.8

Method(N=200) HR25 HR50 HR75

La
te
ra
l Whole Image 23.1 8.4 1.0

Selec. Search [278] 80.7 47.7 19.2
EdgeBoxes [339] 35.7 11.9 1.8

RPN [218] 68.8 24.7 0.9
Anatomy Segm. 88.0 62.3 20.1

Table 14: Hit rates of region proposals for different IoU thresholds (denoted by subscript).

Region Proposal Networks [218]. For each labeled image, we extract the top 200 scoring boxes, fol-
lowing the approach of most phrase grounding methods [50, 72, 317].

Next, we assess the performance of our proposed baseline in terms of top-1/5/10 region re-
trieval at IoU thresholds of 25/50/75% and compare it to using the entire phrase and just the
anatomy itself for comparison with our label. We compare the usage of features of both anatomy
and anatomy modiers (ModAnat) from word features for the comparisons of report parts and
segmentation labels with a set of baselines. As lower bound, we always return the (Whole Image)
regardless of input. We include the (Oracle) performance using selective search, which would
always return a correct box if available, to provide context for the value of our anatomy-based
segmentations. This represents the upper bound of weakly supervised methods. In other words,
if the proposal method cannot provide good initial hints, the grounding method will not be
able to match phrases with their corresponding image region. Next, we take a look at using fea-
tures extracted from the entire phrase using phrase feature extractors (PhraseDist) and just using
anatomy text features using word features (AnatDist).
Implementation Details:We use Stanza [331] to process our reports and infer observations and
treatments using the i2b2-2010 corpus [279] and anatomies and observations from the Radiol-
ogy corpus [122, 331]. Additionally, we utilize ChexBert [259] to extract an "is-anomaly" token
for each phrase. We use BioWordVec [328] and BioSentVec [31] to extract the word and phrase
features. In order to evaluate grounding through bounding box comparison, we extract corre-
sponding bounding boxes for each segmentation result.

5.3.1 Results for Medical Phrase Grounding

Hit Rate Analysis: The hit rate (HR) results in Table 14 demonstrate that the selective search algo-
rithm provided the best proposals for traditional approaches in both the frontal and lateral view.

Method Box
Proposals

Text
Features

Top-125 Top-150 Top-175 Top-550 Top-1050

Fr
o
n
ta
l

Whole Image None None 18.5 7.1 0.5 7.1 7.1
Oracle Sel. Search None 72.8 16.5 7.7 16.5 16.5

PhraseDist Anat. Seg. BioSent 36.5 17.9 2.9 23.3 27.5
Anat.Dist Anat. Seg. BioWord 34.7 13.1 0.5 26.3 28.1
ModAnat. Anat. Seg. BioWord 38.9 21.5 4.7 27.5 28.1

La
te
ra
l

Whole Image None None 23.1 8.4 1.0 8.4 8.4
Oracle Sel. Search None 80.7 47.7 19.2 47.7 47.7

PhraseDist Anat.Seg. BioSent 47.3 22.1 4.2 26.3 30.5
Anat.Dist. Anat.Seg. BioWord 45.2 17.8 2.1 30.5 31.5
ModAnat. Anat. Seg. BioWord 49.4 26.3 8.4 32.6 32.6

Table 15: Medical phrase grounding performance on OpenI showing Top-k region retrieval performance
at different IoU thresholds (denoted by the subscript).
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Figure 52: We show ground truth (green), retrievals (orange) and expected retrieval (yellow). If anatomy
phrases are identied a result is provided. Otherwise, the segmentation, albeit accurate, is not retrieved.

However, we notice a signicant decline in quality when increasing the IoU threshold. For exam-
ple, in the frontal view, the hit rate decreases by almost 56%. This is in contrast to the Flicker30K
dataset, where the hit rate of selective search at a 50% IoU threshold for 200 boxes was reported
as 85.68% [317]. On the other hand, our approach, which is not trained in the segmentation of
observations but rather in anatomies, leads to improvements in HR across all categories. For in-
stance, we achieve a 50% improvement in HR for the frontal view at an IoU of 50%. This suggests
that anatomy guidance can be amore effective starting point for the localization of observations,
especially when considering the HR in relation to the oracle’s performance.
Grounding Results: In Table 15, we present our quantitative results for medical phrase ground-
ing. The results demonstrate that the direct sentence comparison and our proposedmethod out-
perform the oracle’s performance based on selective search proposals for the frontal view at a
commonly used IoU threshold of 50%. In addition, utilizing anatomy and its modiers makes a
noticeable improvement over using complete sentence embeddings. Similarly, using features of
the anatomy modier improves over just using the anatomy features with an increase of more
than 4% for both views in Top −125-accuracy and 1-2% for Top −150-accuracy. In Figure 52, we
provide qualitative results. We highlight anatomy andmedical phrases, and we can see that even
without direct reference to disease, anatomical regions can be used to retrieve medical ndings.
We show qualitative results in Figure 52. We highlight anatomy andmedical phrases. Despite not
directly referring to the disease, anatomical regions can be utilized to retrieve medical ndings.

5.4 CHAPTER CONCLUS ION

In this chapter, we follow the idea that we can leverage anatomical annotations from various
sources in a pixel-wise distinct CT-domain to develop segmentation models in the difcult to
annotate X-Ray domain. We build on the shared underlying source of radiation, which allows
to construct a projection from a CT volume that resembles a common X-Ray. This allows us to
aggregate a vast variety of anatomical labels in CTdomain and thenproject thesewith the volume
to a two dimensional plane to simulate X-ray training data.

We rst show in a small scale experiment that this setup can to produce anatomy segmenta-
tionmodels. These can, in turn, be used to ground anatomical information frommedical reports.
We have shown, that such anatomical segmentations can serve as better region proposals for the
grounding of medical phrases than common proposal methods.

After establishing the validity of this approach, we scaled up the PAX-Ray dataset by integrat-
ing more relevant labels as well as using more thorax CT’s as a basis for translation. We merge
labels from ten sources on a seperate dataset via a set of rules and label post-processing. After
training on this joint label set, we run inference on six sufciently large thorax ct datasets to in
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the end gather more than 7000 pseudolabeled CTs. Training on the projections of these volumes
presented us with segmentation models that have a high agreement with medical personal on
real CXR data.

We summarize our contributions as:

Contribution 1:We show how we can utilize existing CT annotations for the analysis of CXR.
Bymerging annotations of multiple partially annotated datasets and projecting these onto a
two dimensional plane we can effectivly train deep learning based models. This allows us to
build the rst robust anatomy segmentation model for CXR.

Contribution 2: We build the PAX-Ray++ dataset, the rst dataset with dense anatomical
annotations in the CXR domain spanning label categories from abdominal and mediastinal
regions to specic bones and organs. This datasets contains more than 14.000 images and is
with more than 2 million instances comparable to real world datasets such as MS COCO.

Contribution 3:We show the use of anatomical segmentations by applying them to the task
of medical phrase grounding. While common region proposal mechanisms fail on this med-
ical domain, anatomical segmentations provide a better anchor for vision-language under-
standing.

While our approach has enabled the rst holistic segmentation of the human anatomy in CXR
without the need of any manual annotation in that domain, we have to note potential shortcom-
ings. CTs are typically a much scarcer resource than the common CXRmaking it difcult to scale
this approach to the levels of natural image datasets with millions of images due the overall lack
of volumetric data. CXR also tend to use a slightly harder type of radiation compared to standard
CTs. This fact paired with the common use of contrast agents in CTs might lead to a divergence
of visual quality between the projected X-rays and real ones. We, however, believe that this can
be salvaged through a more sophisticated use of backprojection either via physical simulations
or generative models.
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6IMPACT ON THE F IELD

We require reliable information to ensure proper patient care in the medical eld. This the-
sis has advanced the research in automated medical reporting in several ways. While a large
portion of contemporarywork focuses on the generation of report texts in an auto-regressive,
we aimed to take the eld closer to a way of holistic, automated medical report generation
by enabling the localization of anatomical and pathological structures. We highlighted new
ways to handle unsolved problems for chest X-Ray analysis without the requirement of con-
sulting additional manual annotations and compared our methods when applicable against
existing related work. This chapter reects on our main contributions from the perspectives
of opened research directions and datasets.

6.1 NEW RESEARCH D IRECT IONS

OPEN SET PATHOLOGY RECOGNITION: Pathology recognition in chest X-rays is typically bound
to automated label extraction frommedical reports. This automated labeling process introduces
inherent noise into the training data and xes the model to recognize a predened set of classes.
We show that these issues can be circumvented by training directly on medical reports in a con-
trastive manner. By formulating an inference scheme based on vision-language similarities, we
can directly infer the occurrence of any pathology in question. In Section 3.2, we show the effects
of text-based inference in chest radiographs.

MULTI-LABEL PSEUDO-LABELING: Many weakly-semi- and self-supervised learning scenarios
employ pseudo-labels to train models on data without strong annotations. These pseudo-labels
are typically derived from simple thresholds applied to class predictions. This assumption might
be insufcient for multi-label scenarios as we ignore states of other co-occurring classes. We pro-
pose to investigate pseudo-label specic for multi-label segmentation and break away from the
commonly investigated multi-class setup. We explore this direction in Chapter 4 and show that
the other ways of formulating pseudo-labels can be highly effective in domains with overlapping
label structures.

CT BACKPROJECTION FOR AUTOMATED X-RAY ANALYSIS: Gathering dense annotations for visu-
ally ambiguous data such as X-Rays is a complex and time-consuming task where medical ex-
perts need help to reach a unanimous conclusion. This is exaggerated for the generation of large
scale-datasets for developing deep learningmodels for the pixel-wise analysis of chest X-rays. To
circumvent this issue, we found that annotated computer tomographs can be utilized as training
data for X-Ray analysis due to their visual similarity when projected to a two-dimensional plane.
We show in Chapter 5, howwe can utilize various annotations in the CT domain to segment chest
X-rays, which we published at BMVC 2022 [243].



6.2 NEW DATASETS

6.2 NEW DATASETS

At the beginning of this thesis, we established the necessity of anatomical information for the cor-
rect assessment of the physiological state of a patient. However, detailed delineation of such is ex-
tremely difcult and time-consuming in X-Rays when done manually due to the nature of imag-
ing modality. In this thesis, we pave the way for automated analysis of such structures through
the generation of the PAX-Ray and PAX-Ray++ datasets in Chapter 5. Furthermore, we trace 160
anatomical structures in the thoracic region in more than 7000 frontal and lateral images by uti-
lizing annotations in the CT domain. This dataset enables the rst-ever detailed anatomical seg-
mentation of chest radiographs. With more than two million annotated instances, PAX-Ray++ is
the most detailed dataset in the X-Ray domain, comparable to natural image datasets such as
MS COCO. Different natural image datasets, however, that many structures overlap and large in-
stances occur less often.

We have evaluated the potential of our datasets via downstream tasks such as medical phrase
grounding and manual evaluation of model predictions on external X-Ray datasets.

6.3 NEW METHODS

SELF-GUIDANCE FOR MULTI-LABEL RECOGNITION AND LOCALIZATION: Knowing which part of
the image leads to a model’s decision is necessary for the use of pathology recognition models.
Unfortunately, many deep learning models inaccurately activate image regions when applied to
pathology recognition. In Section 3.1 based on our ACCV 2020 paper [245], we propose our self-
guiding loss to aid the network during training by providing articial supervision on a patch level.
Doing so led us to achieve improved classication and localization results.

CONTRASTIVE PROMPTING FOR OPEN SET MULTI-LABEL RECOGNITION: Dual encoder Vision-
Language models trained in a contrastive way allow for strong backbones for further ne-tuning
in vision or language tasks. However, it is non-trivial to extract the ingrained knowledge from
these models directly without architectural changes. Many existing works have proposed to ex-
tract text prompts for all classes in question, pit them against each other and choose the prompt
most similar to a given image. However, this setting is not applicable in the medical setting as
multiple pathologies can co-occur. To handle this, we proposed a contrastive prompting setup
in Section 3.2 based on our MICCAI 2022 publiction [246], where we pit each class against its ab-
sence to adapt to the multi-label setting. We further show how to extend this for open-set pathol-
ogy localization.

REFERENCE-GUIDED PSEUDO-LABELING FOR MULTI-LABEL SEGMENTATION: As mentioned,
multi-label segmentation can have multiple classes co-occurring at the same pixel compared to
multi-class segmentation. While one can still apply standard pseudo-label formulations based
on condence thresholds, other classes are not considered in the prediction. This might lead the
network to ignore less common classes. In Section 4, which is based on our AAAI 2022 publica-
tion [242], we propose a pseudo-labeling strategy based on nearest neighbors in feature space,
which allows us to utilize the full range of supervision for a single pixel. Furthermore, by integrat-
ing a weighting scheme based on class entropy, we can effectively let noisy unlabeled samples
have less impact during training.
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7FUTURE WORK

In this thesis, we have discussed several of the problems one faces when developing auto-
mated reporting systems for chest radiographs. We have developed several approaches that
make use of the available data to ease the development process and aid models to become
more interpretable through the use of dense predictions. In this chapter, we discuss how our
work can build a basis for development of future work that uses our methods for report gen-
eration and brings forth additional usable data the training of more sophisticated models.

7.1 AUTOMATED REPORT ING

Due to the lack of medical personal, automated reporting systems will play a crucial role in mod-
ern healthcare systems, as theywill allow for efcient and accurate communication between clin-
icians and other parties while improving overall time management. Fine-grained dense predic-
tions, which enable the interpretation of medical image data, are a key tool in this process. By
leveraging these grounded predictions, deep learning models will better identify subtle patterns
and relationships within patient data, enabling more precise and personalized medical reports,
while their ndings will become well traceable compared to implicitely trained models. In the
following, we will take a short look at potential future research directions in this eld.

7.1.1 Dense Predictions for Report Generation

As described in Section 2.1, a majority of work on automated report generation builds upon im-
plicit training methods due to the lack of dense annotations. This is in contrast to the natural
image domain, where the use of dense annotations and resulting data structures provides the
foundation of reliable captioning models [123, 189]. We believe that the process of CT backpro-
jection has the potential to alleviate this issue as cases can be condently labeled in CT and
the resulting projections will provide sufcient training data for the analysis of CXR. Our result-
ing PAX-Ray++ dataset provides a vast amount of available annotations for the development of
downstream tasks by identifying subtle patterns and relationships within patient data, enabling
more precise and personalized medical reports. This in return, may help reduce the errors and
inconsistencies, while provide better interpretability of the used models.

7.1.2 Automated Extraction of Visual Biomarkers

Due to the autoregressive training nature most the current reporting systems fail to pick up on
quantiable information or perform reasoning similar to state of the art large language mod-
els like GPT [67]. However, doctors can extract visual biomarkers such as the size, brightness or
similar features for regions of interest. These can provide valuable information for diagnosis, dis-
ease progression, and evaluation of treatment efcacy. This process, while too time-consuming
to perform manually, might lead to an improved analysis of patient cohorts and potentially the
investigation of diseases. Our work builds a basis for the development of ne-grained densely



7.2 MODELL ING OF STRUCTURES FOR COMPUTER TOMOGRAPHY BACK-PRO JECT ION

annotated datasets for CXR. Resulting segmentation networks may provide the required mask
information in an accurate and timely manner, thus, improving the reporting process.

7.2 MODELL ING OF STRUCTURES FOR COMPUTER TOMOGRAPHY BACK-PRO JECT ION

In this thesis, we have shown the potential of using CT volumes as a basis for training data for
CXR segmentation. This approach worked well, achieving anatomy segmentation performances
close to human annotator agreement. Pathological 3D annotations can extend this dataset for
CXR instance segmentation. As volume annotations of pathologies can be rare, data augmenta-
tion techniques such as Copy-Paste [76]. By transferring annotations with their associated image
region to other volumes one can generate a vast amount of CTs viable for backprojection.
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“VerSe: a vertebrae labelling and segmentation benchmark for multi-detector CT
images.” In: Medical image analysis 73 (2021), p. 102166 (cit. on pp. 57, 61, 68).

[248] Ramprasaath R Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam,
Devi Parikh, and Dhruv Batra. “Grad-cam: Visual explanations from deep networks via
gradient-based localization.” In:
Proceedings of the IEEE international conference on computer vision. 2017, pp. 618–626
(cit. on pp. 13, 14, 22).

[249] Pourya Shamsolmoali, Masoumeh Zareapoor, Huiyu Zhou,
and Jie Yang. “AMIL: AdversarialMulti-instance Learning for Human Pose Estimation.” In:
ACM Transactions on Multimedia Computing, Communications, and Applications (TOMM)
16.1s (2020), pp. 1–23 (cit. on pp. 16, 17).

[250] Piyush Sharma, Nan Ding, Sebastian Goodman, and Radu Soricut. “Conceptual captions:
A cleaned, hypernymed, image alt-text dataset for automatic image captioning.” In:
Proceedings of the 56th Annual Meeting of the Association for Computational Linguistics.
2018, pp. 2556–2565 (cit. on p. 12).

[251] Yan Shen andMingchen Gao. “Dynamic routing on deep neural network for thoracic
disease classication and sensitive area localization.” In:
International Workshop onMachine Learning in Medical Imaging. Springer. 2018,
pp. 389–397 (cit. on pp. 10, 21, 22).

[252] Yunhang Shen, Liujuan Cao, Zhiwei Chen, Feihong Lian, Baochang Zhang, Chi Su,
Yongjian Wu, Feiyue Huang, and Rongrong Ji. “Toward joint thing-and-stuff mining for
weakly supervised panoptic segmentation.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2021, pp. 16694–16705 (cit. on p. 16).

[253] Jiaxin Shi, Hanwang Zhang, and Juanzi Li. “Explainable and explicit visual reasoning over
scene graphs.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2019, pp. 8376–8384 (cit. on p. 16).

120



B IBL IOGRAPHY B IBL IOGRAPHY

[254] Weiwei Shi, Yihong Gong, Chris Ding, Zhiheng MaXiaoyu Tao, and Nanning Zheng.
“Transductive semi-supervised deep learning using min-max features.” In:
Proceedings of the European Conference on Computer Vision (ECCV). 2018, pp. 299–315
(cit. on p. 14).

[255] George Shih, Carol C Wu, Safwan S Halabi, Marc D Kohli, Luciano M Prevedello,
Tessa S Cook, Arjun Sharma, Judith K Amorosa, Veronica Arteaga,
Maya Galperin-Aizenberg, et al. “Augmenting the national institutes of health chest
radiograph dataset with expert annotations of possible pneumonia.” In:
Radiology. Articial intelligence 1.1 (2019) (cit. on p. 15).

[256] Wataru Shimoda and Keiji Yanai. “Self-supervised difference detection for
weakly-supervised semantic segmentation.” In:
Proceedings of the IEEE/CVF International Conference on Computer Vision. 2019,
pp. 5208–5217 (cit. on p. 13).

[257] Junji Shiraishi et al. “Development of a digital image database for chest radiographs with
and without a lung nodule: receiver operating characteristic analysis of radiologists’
detection of pulmonary nodules.” In: American Journal of Roentgenology 174.1 (2000),
pp. 71–74 (cit. on pp. 15, 44, 51).

[258] Karen Simonyan and Andrew Zisserman. “Very deep convolutional networks for
large-scale image recognition.” In: arXiv preprint arXiv:1409.1556 (2014) (cit. on p. 12).

[259] Akshay Smit, Saahil Jain, Pranav Rajpurkar, Anuj Pareek, Andrew Y Ng, and
Matthew P Lungren. “CheXbert: combining automatic labelers and expert annotations
for accurate radiology report labeling using BERT.” In: arXiv preprint arXiv:2004.09167
(2020) (cit. on pp. 10, 86).

[260] Kihyuk Sohn, David Berthelot, Chun-Liang Li, Zizhao Zhang, Nicholas Carlini,
Ekin D Cubuk, Alex Kurakin, Han Zhang, and Colin Raffel. “Fixmatch: Simplifying
semi-supervised learning with consistency and condence.” In:
arXiv preprint arXiv:2001.07685 (2020) (cit. on pp. 14, 43, 48, 51).

[261] Evgeniya Sokolovskaya, Tejas Shinde, Richard B. Ruchman, Andrew J. Kwak, Stanley Lu,
Yasmeen K. Shariff, Ernest F. Wiggins, and Leizle Talangbayan. “The Effect of Faster
Reporting Speed for Imaging Studies on the Number of Misses and Interpretation Errors:
A Pilot Study.” In: Journal of the American College of Radiology 12.7 (2015), pp. 683–688.
ISSN: 1546-1440. DOI: https://doi.org/10.1016/j.jacr.2015.03.040. URL:
https://www.sciencedirect.com/science/article/pii/S1546144015002033

(cit. on p. 4).

[262] Assaf B Spanier, D Cohen, and Leo Joskowicz. “A newmethod for the automatic retrieval
of medical cases based on the RadLex ontology.” In:
International journal of computer assisted radiology and surgery 12.3 (2017),
pp. 471–484 (cit. on p. 11).

[263] Jost Tobias Springenberg, Alexey Dosovitskiy, Thomas Brox, and Martin Riedmiller.
“Striving for simplicity: The all convolutional net.” In: arXiv preprint arXiv:1412.6806
(2014) (cit. on p. 13).

[264] PJ Sudharshan, Caroline Petitjean, Fabio Spanhol, Luiz Eduardo Oliveira, Laurent Heutte,
and Paul Honeine. “Multiple instance learning for histopathological breast cancer image
classication.” In: Expert Systems with Applications 117 (2019), pp. 103–111 (cit. on
p. 16).

121



B IBL IOGRAPHY B IBL IOGRAPHY

[265] Christian Szegedy, Vincent Vanhoucke, Sergey Ioffe, Jon Shlens, and ZbigniewWojna.
“Rethinking the inception architecture for computer vision.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2016,
pp. 2818–2826 (cit. on pp. 24, 75).

[266] Fariborz Taherkhani, Ali Dabouei, Sobhan Soleymani, Jeremy Dawson, and
Nasser M Nasrabadi. “Self-Supervised Wasserstein Pseudo-Labeling for Semi-Supervised
Image Classication.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2021, pp. 12267–12277 (cit. on p. 14).

[267] Hao Tan andMohit Bansal. “Lxmert: Learning cross-modality encoder representations
from transformers.” In: arXiv preprint arXiv:1908.07490 (2019) (cit. on p. 12).

[268] Jennifer SN Tang, Jarrel CY Seah, Adil Zia, Jay Gajera, Richard N Schlegel, Aaron JNWong,
Dayu Gai, Shu Su, Tony Bose, Marcus L Kok, et al. “CLiP, catheter and line position
dataset.” In: Scientic Data 8.1 (2021), pp. 1–7 (cit. on pp. 15, 74).

[269] Peng Tang, Xinggang Wang, Xiang Bai, and Wenyu Liu. “Multiple instance detection
network with online instance classier renement.” In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2017,
pp. 2843–2851 (cit. on p. 16).

[270] Wen Tang, Han Kang, Ying Cao, Pengxin Yu, Hu Han, Rongguo Zhang, and Kuan Chen.
“M-SEAM-NAM: Multi-instance Self-supervised Equivalent Attention Mechanism with
Neighborhood Afnity Module for Double Weakly Supervised Segmentation of
COVID-19.” In:
International Conference on Medical Image Computing and Computer-Assisted Intervention.
Springer. 2021, pp. 262–272 (cit. on p. 16).

[271] Yuxing Tang, Xiaosong Wang, Adam P Harrison, Le Lu, Jing Xiao, and Ronald M Summers.
“Attention-guided curriculum learning for weakly supervised classication and
localization of thoracic diseases on chest radiographs.” In:
International Workshop onMachine Learning in Medical Imaging. Springer. 2018,
pp. 249–258 (cit. on pp. 10, 21, 22).

[272] Ajay K Tanwani, Joelle Barral, and Daniel Freedman. “RepsNet: Combining Vision with
Language for Automated Medical Reports.” In:
International Conference on Medical Image Computing and Computer-Assisted Intervention.
Springer. 2022, pp. 714–724 (cit. on p. 11).

[273] Antti Tarvainen and Harri Valpola. “Mean teachers are better role models:
Weight-averaged consistency targets improve semi-supervised deep learning results.” In:
arXiv preprint arXiv:1703.01780 (2017) (cit. on pp. 14, 48).

[274] Ekin Tiu, Ellie Talius, Pujan Patel, Curtis P Langlotz, Andrew Y Ng, and Pranav Rajpurkar.
“Expert-level detection of pathologies from unannotated chest X-ray images via
self-supervised learning.” In: Nature Biomedical Engineering (2022), pp. 1–8 (cit. on
p. 13).

[275] Marco Toldo, Andrea Maracani, Umberto Michieli, and Pietro Zanuttigh. “Unsupervised
domain adaptation in semantic segmentation: a review.” In: Technologies 8.2 (2020),
p. 35 (cit. on p. 63).

122



B IBL IOGRAPHY B IBL IOGRAPHY

[276] Ilknur Tugal-Tutkun, Carl P Herbort Jr, Alessandro Mantovani, Piergiorgio Neri, and
Moncef Khairallah. “Advances and potential new developments in imaging techniques
for posterior uveitis. Part 1: noninvasive imaging methods.” In: Eye 35.1 (2021), pp. 33–51
(cit. on p. 11).

[277] Ken Turkowski. “Filters for common resampling tasks.” In: Graphics gems (1990),
pp. 147–165 (cit. on p. 70).

[278] Jasper RR Uijlings, Koen EA Van De Sande, Theo Gevers, and Arnold WM Smeulders.
“Selective search for object recognition.” In: International journal of computer vision
104.2 (2013), pp. 154–171 (cit. on pp. 13, 85, 86).

[279] Özlem Uzuner, Brett R South, Shuying Shen, and Scott L DuVall. “2010 i2b2/VA challenge
on concepts, assertions, and relations in clinical text.” In:
Journal of the American Medical Informatics Association 18.5 (2011), pp. 552–556 (cit. on
pp. 84, 86).

[280] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Ł ukasz Kaiser, and Illia Polosukhin. “Attention is All you Need.” In:
Advances in Neural Information Processing Systems. Ed. by I. Guyon, U. V. Luxburg,
S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett. Vol. 30. Curran
Associates, Inc., 2017. URL: https://proceedings.neurips.cc/paper/2017/file/
3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf (cit. on p. 32).

[281] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Łukasz Kaiser, and Illia Polosukhin. “Attention is all you need.” In:
Advances in neural information processing systems 30 (2017) (cit. on p. 21).

[282] Naveen Venkat, Jogendra Nath Kundu, Durgesh Singh, Ambareesh Revanur, et al. “Your
classier can secretly sufce multi-source domain adaptation.” In:
Advances in Neural Information Processing Systems 33 (2020), pp. 4647–4659 (cit. on
p. 14).

[283] Oriol Vinyals, Alexander Toshev, Samy Bengio, and Dumitru Erhan. “Show and tell: A
neural image caption generator.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2015,
pp. 3156–3164 (cit. on p. 12).

[284] Pauli Virtanen et al. “SciPy 1.0: Fundamental Algorithms for Scientic Computing in
Python.” In: Nature Methods 17 (2020), pp. 261–272. DOI: 10.1038/s41592-019-0686-2
(cit. on p. 75).

[285] Fang Wan, Chang Liu, Wei Ke, Xiangyang Ji, Jianbin Jiao, and Qixiang Ye. “C-mil:
Continuation multiple instance learning for weakly supervised object detection.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2019, pp. 2199–2208 (cit. on p. 16).

[286] Alex Wang, Yada Pruksachatkun, Nikita Nangia, Amanpreet Singh, Julian Michael,
Felix Hill, Omer Levy, and Samuel Bowman. “Superglue: A stickier benchmark for
general-purpose language understanding systems.” In:
Advances in neural information processing systems 32 (2019) (cit. on p. 4).

[287] Hongyu Wang and Yong Xia. “Chestnet: A deep neural network for classication of
thoracic diseases on chest radiography.” In: arXiv preprint arXiv:1807.03058 (2018)
(cit. on pp. 10, 21, 22).

123



B IBL IOGRAPHY B IBL IOGRAPHY

[288] Jun Wang, Abhir Bhalerao, and Yulan He. “Cross-modal prototype driven network for
radiology report generation.” In: European Conference on Computer Vision. Springer.
2022, pp. 563–579 (cit. on p. 11).

[289] KuanquanWang et al. Pulmonary Artery Segmentation Challenge 2022.
https://parse2022.grand-challenge.org/ (cit. on p. 68).

[290] Qingfeng Wang, Jie-Zhi Cheng, Ying Zhou, Hang Zhuang, Changlong Li, Bo Chen,
Zhiqin Liu, Jun Huang, ChaoWang, and Xuehai Zhou. “Low-shot multi-label incremental
learning for thoracic diseases diagnosis.” In:
International Conference on Neural Information Processing. Springer. 2018, pp. 420–432
(cit. on pp. 10, 21).

[291] Wei Wang, Vincent W Zheng, Han Yu, and ChunyanMiao. “A survey of zero-shot
learning: Settings, methods, and applications.” In:
ACM Transactions on Intelligent Systems and Technology (TIST) 10.2 (2019), pp. 1–37
(cit. on p. 35).

[292] Xiaosong Wang, Yifan Peng, Le Lu, Zhiyong Lu, Mohammadhadi Bagheri, and
Ronald M Summers. “Chestx-ray8: Hospital-scale chest x-ray database and benchmarks
on weakly-supervised classication and localization of common thorax diseases.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2017,
pp. 2097–2106 (cit. on pp. 10, 15, 16, 21, 22, 27, 30).

[293] Xiaosong Wang, Yifan Peng, Le Lu, Zhiyong Lu, and Ronald M Summers. “Tienet:
Text-image embedding network for common thorax disease classication and reporting
in chest x-rays.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2018,
pp. 9049–9058 (cit. on pp. 10, 11, 21).

[294] Xiaosong Wang, Ziyue Xu, Leo Tam, Dong Yang, and Daguang Xu. “Self-supervised
Image-text Pre-training With Mixed Data In Chest X-rays.” In:
arXiv preprint arXiv:2103.16022 (2021) (cit. on pp. 31, 34).

[295] Xinggang Wang, Zhuotun Zhu, Cong Yao, and Xiang Bai. “Relaxed multiple-instance
SVMwith application to object discovery.” In:
Proceedings of the IEEE International Conference on Computer Vision. 2015,
pp. 1224–1232 (cit. on pp. 16, 17).

[296] YunWang, Juncheng Li, and Florian Metze. “A comparison of ve multiple instance
learning pooling functions for sound event detection with weak labeling.” In:
ICASSP 2019-2019 IEEE International Conference on Acoustics, Speech and Signal Processing.
IEEE. 2019, pp. 31–35 (cit. on pp. 16, 22, 26).

[297] Zhanyu Wang, Mingkang Tang, Lei Wang, Xiu Li, and Luping Zhou. “A Medical
Semantic-Assisted Transformer for Radiographic Report Generation.” In:
International Conference on Medical Image Computing and Computer-Assisted Intervention.
Springer. 2022, pp. 655–664 (cit. on pp. 11, 43).

[298] Zhecan Wang, Haoxuan You, Liunian Harold Li, Alireza Zareian, Suji Park, Yiqing Liang,
Kai-Wei Chang, and Shih-Fu Chang. “Sgeitl: Scene graph enhanced image-text learning
for visual commonsense reasoning.” In:
Proceedings of the AAAI Conference on Articial Intelligence. Vol. 36. 5. 2022,
pp. 5914–5922 (cit. on p. 13).

124



B IBL IOGRAPHY B IBL IOGRAPHY

[299] Jakob Wasserthal, Manfred Meyer, Hanns-Christian Breit, Joshy Cyriac, Shan Yang, and
Martin Segeroth. “TotalSegmentator: robust segmentation of 104 anatomical structures
in CT images.” In: arXiv preprint arXiv:2208.05868 (2022) (cit. on p. 68).

[300] Yunchao Wei, Jiashi Feng, Xiaodan Liang, Ming-Ming Cheng, Yao Zhao, and
Shuicheng Yan. “Object region mining with adversarial erasing: A simple classication to
semantic segmentation approach.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2017,
pp. 1568–1576 (cit. on p. 13).

[301] Yunchao Wei, Zhiqiang Shen, Bowen Cheng, Honghui Shi, Jinjun Xiong, Jiashi Feng, and
Thomas Huang. “Ts2c: Tight box mining with surrounding segmentation context for
weakly supervised object detection.” In:
Proceedings of the European conference on computer vision (ECCV). 2018, pp. 434–450
(cit. on p. 13).

[302] Alistair JK Williams, Sally L Thrower, Iara M Sequeiros, Alexandra Ward, Alex S Bickerton,
Jessica M Triay, Mark P Callaway, and Colin M Dayan. “Pancreatic volume is reduced in
adult patients with recently diagnosed type 1 diabetes.” In:
The Journal of Clinical Endocrinology &Metabolism 97.11 (2012), E2109–E2113 (cit. on
p. 11).

[303] Ronald J Williams and David Zipser. “A learning algorithm for continually running fully
recurrent neural networks.” In: Neural computation 1.2 (1989), pp. 270–280 (cit. on p. 11).

[304] Di Wu, Tiantian Wu, Qun Liu, and Zhicong Yang. “The SARS-CoV-2 outbreak: what we
know.” In: International journal of infectious diseases 94 (2020), pp. 44–48 (cit. on p. 4).

[305] Yifan Wu, Ezra Winston, Divyansh Kaushik, and Zachary Lipton. “Domain adaptation
with asymmetrically-relaxed distribution alignment.” In:
International conference on machine learning. PMLR. 2019, pp. 6872–6881 (cit. on p. 14).

[306] Zhirong Wu, Yuanjun Xiong, Stella X Yu, and Dahua Lin. “Unsupervised feature learning
via non-parametric instance discrimination.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2018,
pp. 3733–3742 (cit. on p. 46).

[307] Qizhe Xie, Minh-Thang Luong, Eduard Hovy, and Quoc V. Le. “Self-Training With Noisy
Student Improves ImageNet Classication.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).
2020 (cit. on p. 43).

[308] Qizhe Xie, Minh-Thang Luong, Eduard Hovy, and Quoc V Le. “Self-training with noisy
student improves imagenet classication.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2020, pp. 10687–10698 (cit. on pp. 14, 43).

[309] Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhudinov,
Rich Zemel, and Yoshua Bengio. “Show, attend and tell: Neural image caption generation
with visual attention.” In: International conference on machine learning. PMLR. 2015,
pp. 2048–2057 (cit. on p. 12).

[310] Yi Xu, Lei Shang, Jinxing Ye, Qi Qian, Yu-Feng Li, Baigui Sun, Hao Li, and Rong Jin. “Dash:
Semi-supervised learning with dynamic thresholding.” In:
International Conference on Machine Learning. PMLR. 2021, pp. 11525–11536 (cit. on
p. 14).

125



B IBL IOGRAPHY B IBL IOGRAPHY

[311] Chaochao Yan, Jiawen Yao, Ruoyu Li, Zheng Xu, and Junzhou Huang. “Weakly super-
vised deep learning for thoracic disease classication and localization on chest x-rays.” In:
ACM International Conference on Bioinformatics, Computational Biology, and Health Informatics.
2018, pp. 103–110 (cit. on pp. 10, 21, 22).

[312] Ke Yan, Xiaosong Wang, Le Lu, Ling Zhang, Adam P Harrison, Mohammadhadi Bagheri,
and Ronald M Summers. “Deep lesion graphs in the wild: relationship learning and
organization of signicant radiology image ndings in a diverse large-scale lesion
database.” In:
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2018,
pp. 9261–9270 (cit. on p. 22).

[313] Jiancheng Yang, Shixuan Gu, Donglai Wei, Hanspeter Pster, and Bingbing Ni. “RibSeg
Dataset and Strong Point Cloud Baselines for Rib Segmentation from CT Scans.” In:
International Conference on Medical Image Computing and Computer-Assisted Intervention.
Springer. 2021, pp. 611–621 (cit. on pp. 61, 68).

[314] Jing Yang, Ya Zheng, Xi Gou, Ke Pu, Zhaofeng Chen, Qinghong Guo, Rui Ji, Haojia Wang,
Yuping Wang, and Yongning Zhou. “Prevalence of comorbidities in the novel Wuhan
coronavirus (COVID-19) infection: a systematic review and meta-analysis.” In:
Int J Infect Dis 94.1 (2020), pp. 91–95 (cit. on p. 4).

[315] Jinzhong Yang, Greg Sharp, Harini Veeraraghavan, Wouter van Elmpt, Andre Dekker,
Tim Lustberg, and Mark Gooding. “Data from lung CT segmentation challenge.” In:
The cancer imaging archive 20 (2017) (cit. on p. 62).

[316] Xu Yang, Kaihua Tang, Hanwang Zhang, and Jianfei Cai. “Auto-encoding scene graphs for
image captioning.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2019, pp. 10685–10694 (cit. on pp. 12, 13).

[317] Zhengyuan Yang, Boqing Gong, Liwei Wang, Wenbing Huang, Dong Yu, and Jiebo Luo. “A
fast and accurate one-stage approach to visual grounding.” In:
Proceedings of the IEEE/CVF International Conference on Computer Vision. 2019,
pp. 4683–4693 (cit. on pp. 12, 85–87).

[318] Zichao Yang, Xiaodong He, Jianfeng Gao, Li Deng, and Alex Smola. “Stacked attention
networks for image question answering.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2016,
pp. 21–29 (cit. on p. 12).

[319] Li Yao, Eric Poblenz, Dmitry Dagunts, Ben Covington, Devon Bernard, and Kevin Lyman.
“Learning to diagnose from scratch by exploiting dependencies among labels.” In:
arXiv preprint arXiv:1710.10501 (2017) (cit. on p. 22).

[320] Li Yao, Jordan Prosky, Eric Poblenz, Ben Covington, and Kevin Lyman. “Weakly
supervised medical diagnosis and localization frommultiple resolutions.” In:
arXiv preprint arXiv:1803.07703 (2018) (cit. on pp. 10, 16).

[321] Kexin Yi, Jiajun Wu, Chuang Gan, Antonio Torralba, Pushmeet Kohli, and
Josh Tenenbaum. “Neural-symbolic vqa: Disentangling reasoning from vision and
language understanding.” In: Advances in neural information processing systems 31
(2018) (cit. on p. 16).

126



B IBL IOGRAPHY B IBL IOGRAPHY

[322] Di You, Fenglin Liu, Shen Ge, Xiaoxia Xie, Jing Zhang, and Xian Wu. “AlignTransformer:
Hierarchical Alignment of Visual Regions and Disease Tags for Medical Report
Generation.” In:
Medical Image Computing and Computer Assisted Intervention – MICCAI 2021. Ed. by
Marleen de Bruijne, Philippe C. Cattin, Stéphane Cotin, Nicolas Padoy, Stefanie Speidel,
Yefeng Zheng, and Caroline Essert. Cham: Springer International Publishing, 2021,
pp. 72–82. ISBN: 978-3-030-87199-4 (cit. on p. 10).

[323] Fei Yu, Jiji Tang, Weichong Yin, Yu Sun, Hao Tian, Hua Wu, and Haifeng Wang. “Ernie-vil:
Knowledge enhanced vision-language representations through scene graphs.” In:
Proceedings of the AAAI Conference on Articial Intelligence. Vol. 35. 4. 2021,
pp. 3208–3216 (cit. on p. 12).

[324] Hongyi Zhang, Moustapha Cisse, Yann N Dauphin, and David Lopez-Paz. “mixup:
Beyond empirical risk minimization.” In: arXiv preprint arXiv:1710.09412 (2017) (cit. on
p. 14).

[325] Jianming Zhang, Sarah Adel Bargal, Zhe Lin, Jonathan Brandt, Xiaohui Shen, and
Stan Sclaroff. “Top-down neural attention by excitation backprop.” In:
International Journal of Computer Vision 126.10 (2018), pp. 1084–1102 (cit. on p. 22).

[326] Pengchuan Zhang, Xiujun Li, Xiaowei Hu, Jianwei Yang, Lei Zhang, Lijuan Wang,
Yejin Choi, and Jianfeng Gao. “Vinvl: Revisiting visual representations in vision-language
models.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2021, pp. 5579–5588 (cit. on p. 12).

[327] Xiaolin Zhang, Yunchao Wei, Guoliang Kang, Yi Yang, and Thomas Huang.
“Self-produced guidance for weakly-supervised object localization.” In:
Proceedings of the European Conference on Computer Vision (ECCV). 2018, pp. 597–613
(cit. on p. 24).

[328] Yijia Zhang, Qingyu Chen, Zhihao Yang, Hongfei Lin, and Zhiyong Lu. “BioWordVec,
improving biomedical word embeddings with subword information andMeSH.” In:
Scientic data 6.1 (2019), pp. 1–9 (cit. on p. 86).

[329] Yixiao Zhang, Xiaosong Wang, Ziyue Xu, Qihang Yu, Alan Yuille, and Daguang Xu. “When
radiology report generation meets knowledge graph.” In:
Proceedings of the AAAI Conference on Articial Intelligence. Vol. 34. 07. 2020,
pp. 12910–12917 (cit. on p. 11).

[330] Yuhao Zhang, Hang Jiang, Yasuhide Miura, Christopher DManning, and
Curtis P Langlotz. “Contrastive learning of medical visual representations from paired
images and text.” In: arXiv preprint arXiv:2010.00747 (2020) (cit. on pp. 12, 31).

[331] Yuhao Zhang, Yuhui Zhang, Peng Qi, Christopher DManning, and Curtis P Langlotz.
“Biomedical and clinical English model packages for the Stanza Python NLP library.” In:
Journal of the American Medical Informatics Association (June 2021). ISSN: 1527-974X
(cit. on p. 86).

[332] Yuhao Zhang, Yuhui Zhang, Peng Qi, Christopher DManning, and Curtis P Langlotz.
“Biomedical and clinical English model packages for the Stanza Python NLP library.” In:
Journal of the American Medical Informatics Association 28.9 (June 2021), pp. 1892–1899.
ISSN: 1527-974X. DOI: 10.1093/jamia/ocab090. eprint: https:

127



B IBL IOGRAPHY B IBL IOGRAPHY

//academic.oup.com/jamia/article-pdf/28/9/1892/39731803/ocab090.pdf. URL:
https://doi.org/10.1093/jamia/ocab090 (cit. on p. 84).

[333] Lin Zhao, Minglei Li, Jinqiao Kou, Jian Zhang, and Yang Zhang. “A framework for
event-oriented text retrieval based on temporal aspects: a recent review.” In:
Proceedings of the 2020 12th International Conference onMachine Learning and Computing.
2020, pp. 39–46 (cit. on p. 4).

[334] Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude Oliva, and Antonio Torralba. “Learning
deep features for discriminative localization.” In:
Proceedings of the IEEE conference on computer vision and pattern recognition. 2016,
pp. 2921–2929 (cit. on pp. 13, 22).

[335] Chong Zhou, Chen Change Loy, and Bo Dai. “Extract free dense labels from clip.” In:
European Conference on Computer Vision. Springer. 2022, pp. 696–712 (cit. on pp. 36,
40).

[336] Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. “Conditional prompt
learning for vision-language models.” In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2022, pp. 16816–16825 (cit. on p. 12).

[337] Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. “Learning to prompt for
vision-language models.” In: International Journal of Computer Vision 130.9 (2022),
pp. 2337–2348 (cit. on p. 12).

[338] Yizhou Zhou, Xiaoyan Sun, Dong Liu, Zhengjun Zha, and Wenjun Zeng. “Adaptive
pooling in multi-instance learning for web video annotation.” In:
Proceedings of the IEEE International Conference on Computer Vision Workshops. 2017,
pp. 318–327 (cit. on pp. 16, 17, 22, 23, 27).

[339] C Lawrence Zitnick and Piotr Dollár. “Edge boxes: Locating object proposals from
edges.” In: European conference on computer vision. Springer. 2014, pp. 391–405 (cit. on
pp. 13, 85, 86).

[340] Yuliang Zou, Zizhao Zhang, Han Zhang, Chun-Liang Li, Xiao Bian, Jia-Bin Huang, and
Tomas Pster. “PseudoSeg: Designing Pseudo Labels for Semantic Segmentation.” In:
International Conference on Learning Representations. 2021 (cit. on p. 14).

[341] . Template Library Advisory Panel (TLAP).
https://www2.rsna.org/timssnet/About/committee.cfm?c=00673210 (cit. on p. 9).

128


