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Abstract
Artificial Intelligence (AI) is transforming science, industry, and daily life at an unprecedented
pace. Foundation Models (FMs) now shape how we search, create, and interact with information,
across domains from finance to healthcare. Yet, paradoxically, most AI research produced in
academic and industrial labs remains confined to benchmark performance and paper metrics.
The rapid increase in computational resources and in the size of the research community has
contributed to this progress by fueling an unprecedented surge in publications, with venues
such as Conference on Neural Information Processing Systems (NeurIPS) exhibiting an annual
growth rate of approximately 29% since 2017. This apparent progress is reflected in the continual
stream of reported state-of-the-art (SOTA) results for the majority of publications. Yet, despite
the vast number of proposed methods and the accompanying media attention, only a small
fraction translate into real-world impact. This discrepancy raises a fundamental question: how
can methodological research better align with the goal of practical translation?
This thesis addresses overlooked elements of the model development pipeline that critically
influence whether research outputs achieve translation. We investigate tasks situated upstream
of model training, such as labeling instructions and internal Quality Assurance (QA), as well as
downstream tasks, including user-centric benchmarking. These questions are particularly urgent
in healthcare, where methodological weaknesses can translate into risks for patient safety. To
illustrate this challenge, we focus on surgery as a representative high-stakes domain. Across
these studies, we demonstrate that design choices in these stages can and often exert a greater
impact on model performance and applicability than many architectural innovations. Building on
our analysis, we propose new methods and best practices for sustainable research and reliable
translation.
First, we demonstrate that the majority of biomedical imaging projects does not provide any
labeling instructions, even though annotators consistently consider them crucial. In the largest
study on labeling instructions to date to our knowledge, we demonstrate that visual examples
are key to improving annotation quality, whereas solely extending textual descriptions yields
no measurable or even negative benefit. To address these shortcomings, we provide best
practices for involving annotators in both the annotation process and the construction of labeling
instructions. Following a comprehensive review by the Medical Image Computing and Computer
Assisted Intervention Society (MICCAI) Special Interest Group for Biomedical Image Analysis
Challenges [119], future challenges are now required to adhere to stricter standards, including
the mandatory publication of labeling instructions.
Second, we turn our focus to internal QA, which at the time represented a standard practice
in annotation workflows for professional annotation companies. We demonstrate that this
additional step yields only marginal improvements in annotation quality. In resource-constrained
scenarios, we further show that investment in labeling instructions provides greater benefits
than additional QA. To guide more effective QA, we developed a statistical model and identified
generalizable image characteristics for which QA is most beneficial. This ultimately enables users
to selectively apply QA to images with a high likelihood of improvement, instead of processing
every image.
Third, we show that with the growing number of benchmarks, domain users must carefully
select their Vision-Language Model (VLM) of choice. To support users with their domain-specific
benchmarking, we developed DomainBench, a framework for turning user selected image datasets



into diverse and scalable VLM benchmarks. To help the community adopt our framework, we
released seven new datasets covering a wide range of domains from kitchen environments to
animal scenes. To complement the generation process, we introduced a new metric, Accuracy%(t),
that accounts for shared base images across different tasks, which previous work neglects.
Lastly, we apply DomainBench to the surgical domain, where robust translation of AI methods is
especially critical, and provide the first comprehensive assessment of VLMs in surgical imaging by
benchmarking 15 SOTA VLMs across more than 150,000 question-answer pairs. We demonstrate
that current VLMs can handle elementary surgical perception tasks, but struggle on questions
that require medically informed reasoning. We further provide a critical comparison of medical
versus generalist VLMs, uncovering that specialized medical VLMs are outperformed by generalist
VLMs. Our findings emphasize the need for future work on knowledge integration strategies that
extend beyond conventional finetuning.
Together, these contributions highlight that translation in Machine Learning (ML) depends less
on incremental architectural advances than on careful design the model development pipeline.
By addressing labeling instructions, internal QA, user-centric benchmarking, and domain-specific
validation, this thesis provides both methodological insights and practical frameworks that
strengthen the reliability and applicability of ML Models. In doing so, it contributes to align-
ing methodological progress with real-world impact across natural and medical imaging, and
ultimately improving the scientific standards in the field.



Zusammenfassung
Künstliche Intelligenz (KI) verändert Wissenschaft, Industrie und Alltag in beispiellosem Tempo.
FMs prägen mittlerweile, wie wir nach Informationen suchen, Inhalte erstellen und mit Wissen
interagieren in allen Bereichen von der Finanzwelt bis zur Gesundheitsforschung. Paradoxer-
weise bleibt jedoch der Großteil der in akademischen und industriellen Forschungsabteilungen
erzeugten KI-Forschung auf Benchmark-Leistungen und Papiermetriken beschränkt. Der rapide
Anstieg an Rechenressourcen und die wachsende Größe der Forschungsgemeinschaft haben zu
einer beispiellosen Zunahme an Publikationen geführt. Beispielsweise verzeichnen Konferenzen
wie NeurIPS seit 2017 eine jährliche Wachstumsrate von rund 29%. Dieser scheinbare Fortschritt
spiegelt sich in der kontinuierlichen Veröffentlichung neuer SOTA-Ergebnisse wider. Dennoch
gelangt nur ein kleiner Teil der vorgeschlagenen Methoden und der damit einhergehenden medi-
alen Aufmerksamkeit tatsächlich in die Praxis. Diese Diskrepanz wirft eine grundlegende Frage
auf: Wie kann die methodische Forschung stärker mit dem Ziel einer praktischen Umsetzung in
Einklang gebracht werden?
Diese Dissertation widmet sich bislang vernachlässigten Elementen des Modellentwicklungspro-
zesses, die maßgeblich bestimmen, ob Forschungsergebnisse in die Praxis übertragen werden.
Untersucht werden Schritte im Vorfeld des Modelltrainings, wie Annotationsanleitungen und
interne Qualitätssicherung, sowie nachgelagerte Schritte, darunter nutzerzentriertes Benchmark-
ing. Diese Fragestellungen sind insbesondere im Gesundheitswesen von großer Bedeutung, da
methodische Schwächen hier unmittelbare Auswirkungen auf die Patientensicherheit haben
können. Um diese Herausforderung exemplarisch zu beleuchten, konzentrieren wir uns auf die
Chirurgie als ein repräsentatives Hochrisikofeld. Über diese Studien hinweg zeigen wir, dass
Gestaltungsentscheidungen in diesen Phasen oftmals stärkeren Einfluss auf Modellleistung und
Anwendbarkeit haben als viele Modifikationen der Modellarchitektur. Aufbauend auf dieser Anal-
yse entwickeln wir neue Methoden und Best Practices für nachhaltige Forschung und verlässliche
Translation.
Erstens zeigen wir, dass die Mehrheit biomedizinischer Bildgebungsprojekte keine Annotation-
sanleitungen bereitstellt, obwohl Annotatoren diese durchweg als unverzichtbar ansehen. In
der bislang größten Studie zu Annotationsanleitungen weisen wir nach, dass visuelle Beispiele
entscheidend für eine Verbesserung der Annotationsqualität sind, während die bloße Erweiterung
der Textbeschreibungen keinen oder sogar einen negativen Effekt hat. Zur Behebung dieser
Nachteile schlagen wir Best Practices vor, die Annotatoren sowohl in den Annotationsprozess
als auch in die Erstellung von Richtlinien mit einbeziehen. Nach einer umfassenden Überprü-
fung durch die MICCAI Special Interest Group for Biomedical Image Analysis Challenges [119]
sind künftige Wettbewerbe verpflichtet, strengere Standards einzuhalten, einschließlich der
verpflichtenden Veröffentlichung von Annotationsanleitungen.
Zweitens richten wir den Fokus auf interne Qualitätssicherung, die bereits damals eine Stan-
dardpraxis in Annotations-Workflows professioneller Anbieter darstellte. Wir zeigen, dass dieser
zusätzliche Schritt die Annotationsqualität nur marginal verbessert. In ressourcenbeschränkten
Szenarien belegen wir zudem, dass Investitionen in Annotationsanleitungen größeren Nutzen
bringen als zusätzliche Qualitätssicherung. Um Qualitätssicherung gezielter einzusetzen, en-
twickelten wir ein statistisches Modell und identifizierten verallgemeinerbare Bildcharakteristika,
bei denen Qualitätssicherung besonders effektiv ist. Dies erlaubt es, Qualitätssicherung se-
lektiv auf Bilder mit hoher Verbesserungswahrscheinlichkeit anzuwenden, anstatt alle Bilder
gleichermaßen zu prüfen.



Drittens zeigen wir, dass angesichts der wachsenden Zahl an Benchmarks Domänennutzer ihre
Wahl eines VLMs mit Bedacht treffen müssen. Zur Unterstützung nutzerspezifischer Evalua-
tion entwickelten wir DomainBench, ein Framework, das benutzerdefinierte Bilddatensätze in
vielfältige und skalierbare VLM-Benchmarks überführt. Um die Anwendung zu erleichtern, veröf-
fentlichen wir sieben neue Datensätze, die ein breites Spektrum von Küchenumgebungen bis hin
zu Tierszenen abdecken. Ergänzend führen wir eine neue Metrik, Accuracy
Schließlich wenden wir DomainBench im chirurgischen Bereich an, wo eine robuste Translation
von KI-Methoden besonders kritisch ist, und präsentieren die erste umfassende Auswertung von
VLMs in der chirurgischen Bildgebung. Dabei benchmarkten wir 15 SOTA-Modelle anhand von
über 150.000 Frage-Antwort-Paaren. Wir zeigen, dass aktuelle VLMs grundlegende chirurgische
Perzeptionsaufgaben bewältigen können, jedoch bei Fragen scheitern, die medizinisch fundiertes
Wissen erfordern. Darüber hinaus liefern wir einen kritischen Vergleich zwischen medizinischen
und generalistischen VLMs und zeigen, dass spezialisierte medizinische Modelle von generalistis-
chen VLMs übertroffen werden. Unsere Ergebnisse verdeutlichen die Notwendigkeit künftiger
Forschungsarbeiten zu Strategien des Wissenstransfers, die über herkömmliches Finetuning
hinausgehen.
Zusammenfassend verdeutlichen diese Beiträge, dass Translation in der ML-Forschung weniger
von inkrementellen Architekturfortschritten abhängt als von der sorgfältigen Gestaltung des
Modellentwicklungsprozesses. Durch die Berücksichtigung von Annotationsanleitungen, interner
Qualitätssicherung, nutzerzentriertem Benchmarking und domänenspezifischer Validierung liefert
diese Arbeit sowohl methodische Einsichten als auch praktische Werkzeuge, die die Zuverläs-
sigkeit und Anwendbarkeit von ML-Modellen stärken. Damit trägt sie dazu bei, methodischen
Fortschritt enger mit Translation in Natur- und medizinischer Bildgebung zu verbinden und die
wissenschaftlichen Standards des Feldes nachhaltig zu verbessern.
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1 | Introduction

This chapter first motivates the need for reliable evaluation in modern Machine Learning (ML) and
situates it in the broader context of Foundation Models (FMs) and Vision-Language Models (VLMs)
(Section 1.1). Next, Section 1.2 formulates the four research questions that guide this thesis,
focusing on how annotation practices and benchmark design affect the reliability of evaluations.
Finally, Section 1.2.2 provides an outline of the thesis structure to facilitate navigation for the
reader.

1.1 Motivation
This is because good evals are very difficult to build - at Tesla I probably
spent 1/3 of my time on data, 1/3 on evals, and 1/3 on everything else.

— Andrej Karpathy
ML has seen rapid growth over the past decade, with the number of publications in the field
rising dramatically year by year [9]. This fast-paced development has brought major changes in
how ML research is conducted and applied, but it has also created new challenges that remain
unresolved.
One of the most important shifts is the emergence of so-called FMs, which are large models
trained on broad datasets and then adapted to solve a wide variety of tasks [140]. In contrast
to traditional ML, where a model was typically designed for a specific, well-defined problem,
FMs are intended to be flexible and general. The goal is to reduce the need for task-specific
engineering and allow a single model to serve as a starting point for many different applications.
Recent advances from OpenAI, Anthropic, and Google reflect this trend: Gemini 2.0, for instance,
can perform image editing tasks directly from textual prompts [85].
At the same time, concerns about reproducibility have become more prominent [118, 29, 64]. Many
findings in the literature cannot be reproduced reliably [86], and the practical impact of published
research remains limited in many areas [118]. Problems such as hidden data processing steps [155],
poorly documented methods [56], and changing experimental setups [168] all contribute to this
situation. These issues become even more critical when working with large, complex FMs, where
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2 CHAPTER 1. INTRODUCTION

even small inconsistencies in data, instructions, or evaluation setup can lead to large shifts in
reported results.
To ensure robust validation in the age of FMs, we have to go beyond model architectures or
training pipelines. Instead, we turn our attention to two often overlooked but deeply interlinked
elements: annotation quality and benchmark design. While these two aspects are often treated
independently, they are fundamentally connected: reliable annotations form the basis of any
benchmark, and the structure of a benchmark in turn shapes what annotation quality is required.
Together, they define the foundation by which model performance is interpreted. For instance,
in biomedical imaging, the same model may appear to ‘fail’ or ‘succeed’ depending on how
rigorously the labeling instruction was enforced, and how diverse the benchmark scenarios
are. Our thesis shows how variation in either element, annotation or benchmark, can lead to
misleading conclusions about model capability.
First, we investigate the role of labeling instructions and Quality Assurance (QA) in shaping
annotation quality. These elements are frequently underreported or neglected in both academic
and industrial practice [168], despite being critical for ensuring that the data used for training and
validation is meaningful and consistent. Our results show that the way annotators are instructed
and how their work is reviewed, has a substantial effect on the resulting annotations and, by
extension, on the models trained or evaluated on those annotations [155].
Second, we develop a framework for turning user selected image datasets into diverse and
scalable VLM benchmarks. The key idea is to construct task variants using human-curated,
heuristic, and model-derived metadata, without relying on prompt-only generation. This enables
users to transform their own domain-specific data into targeted benchmarks that are both
cost-effective and robust. Compared to existing approaches, our method reduces the risk of
hallucinated task definitions and preserves the structure of the original vision tasks.
Our goal is to help close the gap between rapid technical progress in ML and the need for
dependable, real-world solutions, especially in areas where reliability and robustness are non-
negotiable, such as biomedical imaging. By addressing both the upstream side of annotation
and the downstream side of benchmarking, this thesis aims to contribute to a more systematic
understanding of what reliable validation means by quantifying the effects of annotation noise
and proposing a scalable, metadata-driven benchmarking framework.

Disclosure
The research documented in this thesis represents collaborative work undertaken
jointly with multiple coauthors. Accordingly, the collective pronoun “we” will be
employed throughout the text to reflect the shared nature of the contributions. In
every section of the contribution Chapter 4, a disclosure states my contributions
and the team members of the presented work. Generative AI was used to support
the formulation of this document. Images or image components generated with AI
are explicitly marked, while licenses for incorporated external images are indicated
alongside each figure.
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Figure 1.1: The model development pipeline and focal research questions. The model development pipeline
is divided into three stages: upstream, model training, and downstream. Upstream involves defining the
problem, selecting and cleaning data, generating labeling instructions and quality assurance for reliable
annotations among others. Downstream addresses benchmarking and domain-specific validation, empha-
sizing robust, context-aware evaluation and error analysis. RQ1 investigates how annotation processes
can be optimized for reliability and efficiency. RQ2 explores how annotated data can be leveraged for
domain-aware benchmarking. Together, these studies contribute frameworks for improved data reliability
and robust, domain-specific validation across the model lifecycle.
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1.2 Research Questions
The objective of this thesis is to investigate how critical yet often under-specified design choices
in data annotation and model validation affect the reliability of ML systems in biomedical imaging
and beyond. To this end, we examine both upstream practices involved in constructing annotated
datasets and downstream practices for validating model capabilities on domain-specific tasks.
The work is guided by two Research Questions (RQs). The first RQ addresses the upstream stage
of the model development pipeline and focus on annotation quality, analyzing the impact of
labeling instructions, and QA procedures on the consistency and accuracy of human-generated
labels. The latter RQ address the downstream stage with the challenge of validating VLMs on
user-defined datasets, and with a particular emphasis on the distinct requirements posed by
surgical image data. Together, these questions aim to provide a principled basis for improving
both the robustness of reference data and the credibility of model validation.

1.2.1 RQ1: How can data annotation processes be optimized for reliability and
efficiency?

Human annotation remains the cornerstone of reference test sets in biomedical ML. The quality
of these annotations not only determines the reliability of performance metrics but also forms
the basis for any meaningful comparison between models. Despite this foundational role, most
reported differences between ML methods in medical imaging are marginal and frequently fail
to hold up under rigorous scientific scrutiny [29]. While recent improvements in dataset doc-
umentation, such as datasheets for datasets [56], have addressed some gaps in transparency,
large segments of the data generation process, including annotation protocols, remain insuffi-
ciently described [168]. Every stage of dataset construction involves a series of design choices
that can influence annotation quality, ranging from who performs the annotations and what
data are selected, to how labeling instructions are formulated and which tools are used. Such
decisions collectively impact the trustworthiness of reference datasets and, by extension, the
reproducibility and interpretability of downstream benchmarking and clinical deployment.
To address the persistent uncertainty surrounding the annotation process, we designed a large-
scale study to isolate the effects of labeling instructions on annotation quality. Specifically, we
recruited over 800 annotators from both professional annotation companies and crowdsourcing
platforms, instructing them to annotate more than 14,000 biomedical images. The instruction
sets provided to annotators systematically varied in their level of detail and inclusion of ex-
ample images. This experimental design aimed to clarify how the structure and specificity of
labeling instructions alone may influence the accuracy and consistency of resulting annotations,
independent of other confounders. An overview is shown in Figure 4.1.
Building on our analysis of labeling instructions, we now turn to QA as a further mechanism for
safeguarding the integrity of reference annotations in the upstream stage. In this context, QA
encompasses a set of systematic processes aimed at reviewing, validating, and where necessary,
correcting annotations after their initial creation [144]. Such post-hoc validation steps are widely
regarded as critical for improving annotation quality, particularly in domains such as medical
imaging that are characterized by substantial inter-rater variability [141]. Here, inter-rater variabil-
ity [83] denotes the degree of disagreement observed when multiple annotators independently
label the same data point; this variability can arise from ambiguous data, inconsistent instruction,
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or diverging levels of annotator expertise, and it remains a persistent source of uncertainty in
both research and clinical workflows.
Despite the recognized importance of QA, it is well understood that these practices are both time-
and resource-intensive [83]. The field has developed a broad array of QA strategies [144], ranging
from automated error detection and expert adjudication to multi-stage consensus (see Section 3.1
for an overview). Yet, the specific contribution of internal QA, such as annotation company review
pipelines, to overall annotation quality has not been systematically quantified, nor have its
benefits been weighed against its substantial operational costs.
To address this gap, our study isolates the impact of internal QA by comparing annotation
outcomes before and after QA processes have been applied, as schematically depicted in Figure 4.7.
Leveraging a large-scale dataset comprising 57,648 laparoscopic instance masks produced by
multiple annotation providers and a crowdsourcing platform, we assess both the magnitude
and context-dependence of quality improvements attributable to internal QA measures. Our
design enables a focused validation of whether, and under what circumstances, QA practices yield
meaningful gains in annotation accuracy, providing an empirical basis for optimizing annotation
pipelines in future biomedical image analysis projects.

1.2.2 RQ2: How can annotated data be most effectively leveraged for robust
and domain-aware benchmarking?

With the increasing prominence of FMs, and VLMs in particular, the established paradigm for
model validation has shifted. While traditional deep learning architectures were benchmarked
predominantly on narrowly defined, problem-specific datasets, VLMs are now subjected to a
broad spectrum of tasks intended to capture their intended generality [140]. This diversification
of benchmarks spans a broad task range, including object detection, segmentation, captioning,
and Visual Question Answering (VQA) among others, reflecting to comprehensively map the
diverse capabilities of these models [214]. However, this general-purpose benchmarking often
fails to coincide with the actual, domain-specific requirements of many researchers, thereby
engendering a persistent evaluative gap [103].
Researchers are seldom interested in performance aggregates across disjointed, generic bench-
marks. Instead, they are invested in understanding how such models perform on tasks that
precisely reflect their own data characteristics and constraints [103]. This misalignment poses
significant methodological challenges, because it is both inefficient and potentially misleading
to infer domain suitability from broad, decontextualized validations.
As established in RQ1, the foundation for any meaningful assessment of VLMs lies in the meticu-
lous curation of annotated datasets. We assume, henceforth, the availability of such high-fidelity
data for the validation process.
The evaluative gap encountered by domain researchers stems less from a deficiency of raw data
than from the inadequacy of existing benchmarks to capture the diversity and specificity of real-
world scientific datasets. In many specialized fields, canonical vision-language benchmarks fail
to encompass the phenomena or annotation regimes that are relevant to the user’s domain [60].
To address these limitations, we present DomainBench, a scalable framework that systematically
maps a wide range of established vision-language perception tasks onto annotated images
provided by the user. Leveraging image metadata, heuristics, and minimal additional input, the
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framework automates task instantiation at scale and ultimately removing manual engineering
efforts.
Whereas the preceding work addressed the validation of VLMs across general imaging domains,
we now shift our attention to the surgical domain, which introduces a distinct set of challenges
and requirements [117] as the second part of RQ2. Surgical images are characterized by their high
degree of visual complexity, variable lighting, and presence of rare anatomical or pathological
features. These characteristics distinguish surgical data from more conventional benchmarks
and create a demanding environment for both general-purpose and specialized models.
To systematically investigate this domain shift, we applied our benchmarking framework not
only to general imaging datasets but also to a newly curated surgical dataset. In this context,
we assessed the performance of both large, generalist VLMs and domain-specific fine-tuned
models. Our approach allows for direct comparison between model families, providing insights
into the extent to which current general-purpose architectures can accommodate the unique
requirements of surgical image understanding, as well as the potential benefits of domain
adaptation.
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2 | Fundamentals

In this chapter we describe the fundamental concepts referenced in this doctoral thesis. Sec-
tion 2.1 introduces the core terminology, workflows, and Quality Assurance (QA) strategies for Data
Annotation. Section 2.2 then outlines the principles of validation and benchmarking, describing
common annotation types, key benchmark components, and design considerations. Building
on these foundations, Section 2.3 revisits essential ideas in Deep Learning (DL), including data
splits, optimization routines, and loss functions, while Section 2.4 traces the evolution of classic
convolutional architectures from AlexNet to recent architectures. Finally, Section 2.5 surveys
recent advances in Vision-Language Models (VLMs), highlighting the transition from contrastive
pretraining to modern Foundation Model (FM) paradigms.

2.1 Data Annotation
2.1.1 Data Annotation Definition
Data annotation refers to the process of systematically assigning labels or metadata to raw data,
encompassing diverse sensor outputs such as images, text, or video [155]. In this work, our primary
focus is data annotation specifically for image data, including vision-language datasets. These
annotations are particularly important for supervised learning, where models are trained using
labeled datasets, thus explicitly providing input-output relationships. Conversely, unsupervised
learning leverages unlabeled datasets to uncover inherent patterns or structures within the
provided data. Semi-supervised learning combines aspects of both, utilizing a mixture of labeled,
unlabeled, or weakly labeled data to improve model performance [128].
Data annotation methodologies vary, ranging from fully human-based processes and model-
assisted human annotations to entirely automated systems. Historically, supervised training
methods dominated, making data annotation critically important during the model training
phase [155]. Poor-quality annotations during supervised training adversely affect model perfor-
mance, because the added noise can impair the model’s ability to learn generalizable features
and overfit on spurious patterns [141]. However, over time, the prominence of supervised training
has declined, reducing the significance of extensive data annotation specifically at the training
stage. Today, VLMs are primarily trained via a pipeline consisting of pretraining, fine-tuning and
instruction-tuning, further diminishing the role of extensive annotations during training.

11
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Figure 2.1: Annotation errors are present in most common datasets. Reference annotations form the basis
for benchmarking different methods against each other. While most benchmarks claim to contain only high-
quality annotations, in practice annotation errors are widespread, falsify model selection [135], and occur
in most datasets. The chosen examples represent a general computer vision scenario, where an objective
ground truth can be obtained. The Open Images V7 dataset provides quality estimates for each category.
Even the highest-rated annotations in the Airplane and Tomato categories contain errors, indicating that
little to no human review of the final annotations was performed. The images are extracted from the Google
Open Images Dataset V7 [96].

Nonetheless, high-quality data annotations remain indispensable, particularly for benchmarking
purposes using test sets [155, 135, 161]. Accurate and reliable annotations are crucial as they
ensure precise, generalizable, and dependable performance measurements, maintaining their
significance as a fundamental component in the validation of modern VLMs. Annotations have
become even more relevant for contemporary benchmarks, as they highlight specific short-
comings in model performance (e.g. [60, 146]). As models are increasingly adopted by users,
understanding precisely where models excel and where they fail becomes essential [69].

2.1.2 General Annotation Process
The general annotation process typically involves three phases: the Preparation Phase, the Anno-
tation Phase, and the QA Phase. Each phase plays a role in shaping the consistency and reliability
of the resulting dataset, although implementation details can vary considerably depending on
the task, available resources, and domain, as depicted in Figure 2.2.
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Preparation Annotation Quality Assurance

- Data acquisition and 
preprocessing
- Selection of curated 
subset
- Creation of labeling 
instructions
- Annotator training 
and calibration

- Annotation pilot
- Instruction 
refinement
- Feedback mechanic 
(if feasible)
- Large-scale 
annotation

- Assessment 
and improvement of 
annotation quality
- Internal Quality 
Assurance
- External Quality 
Assurance

Figure 2.2: General annotation process. The process typically consists of a preparation phase (data selection,
labeling instructions, training), an annotation phase (pilot, instruction refinement, large-scale annotation),
and a QA phase (internal and/or external assurance to assess and improve the annotation quality).

Preparation Phase
In the preparation phase, data is acquired and preprocessed with the specific objectives of the
annotation task in mind [51]. The data should be representative of the target domain and use
case. Low-quality samples, such as those affected by artifacts or misclassified examples, are
typically excluded. Since full annotation of all available data is often infeasible, a curated subset
is typically selected [83]. This selection process may involve undersampling frequent patterns
or highly repetitive cases and enriching the dataset with rare or underrepresented examples to
support downstream model performance or validation needs.
After selecting the data, labeling instructions should be created to standardize the labeling
process. These typically outline what elements should be annotated, how annotations should be
carried out, and how to use the annotation tool. While comprehensive instructions can improve
consistency, their clarity and level of detail often depend on the resources and time available
for task design [51]. Of note, labeling instructions are often neglected and not even reported [155].

Annotator training and calibration are generally recommended to align annotators’ understanding
of the labeling instructions, particularly when subjective decisions are involved [155]. However,
in many practical settings, especially in large-scale or time-constrained projects, such training is
minimal or absent, potentially leading to variability in annotations.

Annotation Phase
The annotation phase involves the actual labeling of data. In some cases, teams begin with a small
pilot [176] to check whether annotations align with task expectations and whether annotators
interpret the instructions consistently. This step can be useful for identifying ambiguous cases
or refining instructions. Where possible, feedback mechanisms are introduced to iteratively
improve annotations, though their implementation depends on annotator availability and project
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timelines [46]. Once a reasonable level of consistency or agreement is observed, annotation may
proceed at a larger scale. For a given image, annotations can be generated by a single person or
multiple people.

Quality Assurance Phase
The main goal of QA is to evaluate and where necessary improve the reliability, accuracy, and
usability of generated annotations. Therefore, the QA phase focuses on assessing and improving
annotation quality through review or post-hoc validation. Several approaches may be employed,
including majority voting among annotators, review by domain experts or more experienced
annotators, and the use of automated heuristics or models to flag data points [33]. A broad
overview of internal QA and external QA is provided in the next subsection. Even in settings
with automated or semi-automated annotations, human reviewers may audit a subset of the
data to detect and fix systematic errors or quality issues [107]. While such review does not
guarantee correctness of the annotations, it provides a level of confidence in the overall dataset
quality. Of note, this confidence can often be misleading. Just because a data point has passed
through several annotators does not automatically imply that the quality is sufficient. Similarly,
high confidence from a model could originate from spurious correlations in the training data or
calibration errors [59], rather than a true indication of label correctness.

2.1.3 Quality Assurance Approaches
QA in annotation pipelines can be broadly categorized into two types depending on the annotation
exposure to the annotation requester: internal and external QA [155].

Internal QA refers to processes integrated after the initial annotation, normally by the same
team conducting the labeling at the same annotation company. The requester of the annotations
does not have access to the initial annotations.

External QA involves retrospective checks, typically by independent reviewers, team leads, or
automated systems, to detect and correct errors after annotation completion. Thus, the requester
of the annotations usually has access to the initial annotations. It should be noted that annota-
tion processes vary between companies and change rapidly given the recent model developments.

As highlighted in the previous subsection, QA methods vary in cost and coverage and are typically
selected based on task complexity and resource constraints [33]. Several QA methods are
used to assess the reliability and consistency of annotations. These methods can be applied
independently or in combination, depending on the task and available resources. For an in-depth
examination of QA strategies, see Section 3.1.

2.2 Validation and Benchmarks
2.2.1 Annotation Types and Tasks
Before we describe benchmarks, we need to define the most common annotation types and tasks.
Annotations can be assigned at varying levels of granularity and applied to different regions
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within an image, depending on the intended use or task [118].

Image-level Annotations At the image level, annotations are primarily employed for classification
tasks, involving tagging the entire image I with relevant labels. Typically, these annotations
consist of categorical labels, such as “dog,” “cat,” or “heart.” With the recent emergence of
VLMs, image-level annotations have expanded to include richer forms of metadata like textual
descriptions or question-answer pairs, facilitating tasks like image captioning and Visual Question
Answering (VQA). Formally, these annotations map an image I to a label c from a predefined set
of categories C:

I 7→ c, c ∈ C (2.1)
where C is a predefined set of categories (e.g., “dog,” “cat,” “heart”).
For VLMs, the labels can be extended to free text:

I 7→ t, t ∈ T (2.2)

where T denotes the space of free-form text strings, such as captions or question-answer pairs.

Bounding Box Annotations At a more localized granularity, bounding box annotations are exten-
sively used in object detection tasks. Bounding boxes define rectangular regions around objects
of interest within an image I , thereby capturing the pixels of the object as well as some additional
background pixels. While these annotations provide precise localization, they inherently lack
exact boundary detail, which can sometimes limit accuracy in tasks that require high spatial
precision. A bounding box B is defined by four coordinates, where (xmin, ymin) represents the co-
ordinates of the top-left corner and (xmax, ymax) represents the coordinates of the bottom-right
corner. Formally, bounding box annotations map an image to a finite set of labeled rectangles:

I 7→ {(Bk, ck)}Kk=1 , Bk =
(
x
(k)

min, y
(k)

min, x
(k)
max, y

(k)
max

)
, ck ∈ C (2.3)

Here, C denotes the finite set of predefined object categories, K ∈ N is the number of annotated
objects in image I , and all coordinates are assumed to lie within the discrete image domain
{1, . . . ,W} × {1, . . . ,H}.

Pixel-level Annotations For the highest granularity, pixel-level annotations are employed, par-
ticularly in semantic segmentation and instance segmentation tasks. Semantic segmentation
annotations on the other hand, separate object boundaries at the pixel level but do not differen-
tiate between individual instances; for example, two adjacent dogs would be labeled together
without differentiation. Conversely, instance segmentation annotations contain additional infor-
mation that distinguishes separate instances, labeling each object uniquely (e.g., differentiating
“dog 1” from “dog 2”), thus enabling more detailed analyses and validation. Formally:
For semantic segmentation, a segmentation mask S maps each pixel position (i, j) in an image
of size H ×W to a class label from a set of categories C:

S : {1, . . . ,H} × {1, . . . ,W} 7→ C (2.4)
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For instance segmentation, the mask S additionally assigns an instance identifier from the set of
natural numbers N:

S : {1, . . . ,H} × {1, . . . ,W} 7→ C × N (2.5)

An overview illustrating these different annotation types is provided in Figure 2.3.
Overall, annotations must align closely with the specific task requirements. With the ongoing
shift toward FMs, tasks have become broader and more general-purpose, increasing the diversity
of annotations needed to support comprehensive validation. Nevertheless, within benchmarking
contexts, annotations remain critical in precisely assessing and highlighting specific capabilities
and limitations of the evaluated models [64].

Figure 2.3: Overview of the different annotation types from image to pixel level. Whereas classification
provides the least information at the image level, instance segmentation provides the most detailed
information by combining object- and pixel-level annotations. The figure was originally published in [118].

2.2.2 Validation through Benchmarks
Benchmarks are a foundational component of driving and measuring progress across research
disciplines. Broadly speaking, a benchmark is a standardized test or set of criteria used to
evaluate and compare the performance of different methods, models, or systems under controlled,
repeatable conditions [184]. When researchers develop a new approach, be it a VLM, an algorithm,
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or any other solution, they typically rely on benchmarks to measure how their method performs
in comparison to existing ones. In the following, we will describe the key components of a
benchmark.

Figure 2.4: Key components of a benchmark. Benchmarks typically consist of (i) datasets, which provide
the data points; (ii) validation metrics, which quantify performance; (iii) a submission platform, often
containerized to upload and run the algorithms; (iv) protocols & guidelines, which regulate data usage,
resources, and eligibility; and (v) leaderboards, which record and transparently compare performance.

2.2.3 Key Benchmark Components
Dataset(s)

Benchmarks revolve around carefully selected datasets containing observations (data points)
relevant to the problem the benchmark aims to solve [184]. These datasets can be synthetic, real,
or a combination of both, ideally capturing a broad range of conditions (e.g., varied image types,
languages, or domains) to reflect real-world scenarios. Each data point is typically annotated or
labeled according to a consistent scheme, ensuring fair comparisons across methods.

Validation Metric(s)
Metrics should be selected to align with the benchmark’s core objectives, providing standardized
measures to quantify performance. Consistent application of these metrics enables researchers
to compare and optimize their methods effectively. Employing a combination of metrics can be
particularly beneficial, as it balances various validation aspects. For a comprehensive overview of
metric-related pitfalls in image analysis, we refer the reader to Reinke et al. [161] and Maier-Hein
et al. [118] for metric selection strategies.

Submission Platform
In earlier benchmarks, participants would download test cases, run their algorithms locally,
and then manually upload the results. Today, the majority of submissions are typically made
via Docker, a containerized environment that packages the code, dependencies, and runtime
settings into a single unit. The organizer can be defined as the entity that provides the data, sets
the evaluation rules, and oversees the benchmarking process. This approach not only ensures
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reproducibility by providing the organizer with the complete code and environment, but also
prevents issues such as data alteration or unauthorized external resources. In contrast, merely
submitting results would leave organizers without access to the underlying code, making it
difficult to verify and reproduce the findings.

Protocols and Guidelines
Benchmarks specify clear rules regarding data usage, submission instructions, external resources,
and constraints on time and compute resources for each submission, among others. These guide-
lines ensure a level playing field by preventing overly specialized solutions or unauthorized
private data. The protocols also define eligibility criteria for participants and outline the overall
data structure to be used, ensuring that all submissions follow a consistent format [115]. Addi-
tionally, benchmarks may offer prize money or awards to recognize outstanding performance
and incentivize innovation.

Leaderboards
Leaderboards provide a transparent record of performance, allowing participants to see where
they stand relative to others. This not only motivates continuous improvement but also helps
the research community identify high-performing approaches worthy of further exploration. In
many cases, especially for challenges (see Section 2.2.4 for a definition of the term), benchmarks
feature both a public leaderboard offering real-time feedback and a private leaderboard used for
final validations. This dual approach ensures that while participants can monitor their progress
during the competition and validate their submission code’s functionality, the final rankings
remain robust and less biased.

2.2.4 Benchmarks vs. Challenges
While a benchmark provides a stable, ongoing validation framework, a challenge typically re-
volves around a focused, time-bound competition. Challenges have most of the time a defined
start and end dates, pushing participants to innovate and achieve the highest possible scores or
breakthroughs within a short timeframe, often with prize money or awards to recognize outstand-
ing performance [115]. After the competition concludes, it is common for organizers to keep the
submission portal open, allowing researchers to continue submitting new or improved algorithms.
Over time, popular challenges can transition into de facto benchmarks when their datasets and
validation methods become widely adopted. For example, ImageNet [94] has gathered over
80,000 citations since running its initial challenge. Meanwhile, benchmarks themselves remain
relatively fixed and serve as a consistent measure, ensuring that results from different methods
are directly comparable over the long term.

2.2.5 Benchmark Design Decisions
Designing a benchmark is a challenge in itself, as every design decision can significantly affect
downstream results [115]. Each component of a benchmark, as outlined in this section, must be
carefully selected to ensure the benchmark’s overall integrity. Nevertheless, benchmarks are sub-
ject to several common limitations, two of which are overfitting and the use of unrepresentative
metrics [118].
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Overfitting occurs when researchers develop architectures or training protocols overly specialized
to the benchmark data. Although such solutions may achieve record-breaking scores, they often
fail to generalize to new tasks or datasets. This issue is exemplified by the widespread use
of ImageNet, which initially served as a pivotal benchmark in computer vision; incremental
improvements today on ImageNet [94] do not always lead to broader real-world progress [189].
Similarly, optimizing methods based solely on the benchmark’s chosen metrics can lead to
misleading conclusions about performance. For example, in medical imaging, the Dice Similarity
Coefficient (DSC) is frequently used to evaluate models, yet this overlap-based metric does not
fully capture complex clinical needs in practice [161].

2.3 Deep Learning
2.3.1 Data Splits
Datasets are commonly partitioned into three subsets: training, validation, and test sets [128].

D = Dtrain ∪ Dval ∪ Dtest, Dtrain ∩ Dval ∩ Dtest = ∅ (2.6)

|Dtrain| : |Dval| : |Dtest| ≈ α : β : γ, α+ β + γ = 1 (2.7)

The training set is used to optimize the model’s internal parameters. The validation set serves to
tune hyperparameters and monitor performance during training, often guiding early stopping
to prevent overfitting. The test set is held out entirely during training and is used solely for
final validation. Standard split ratios for α : β : γ typically range from 70/15/15% to 80/10/10%,
though exact proportions depend on specific circumstances, such as the dataset size and domain
conventions.
In some cases, k-fold cross-validation is used to enhance statistical robustness, especially for
smaller datasets [169]. For k-fold cross-validation, the dataset is partitioned into k equal-sized
folds. The model is trained and evaluated k times, each time using a different subset as the
validation set while the remaining subsets are used as the training data. The selected metrics
are computed by averaging over the k validation sets:

CV(k) =
1

k

k∑
i=1

M(D(i)

train,D
(i)
val), (2.8)

where M represents the selected metric computed for the i-th fold, D(i)

train denotes the training
set for fold i, and D(i)

val denotes the validation set for fold i.
Overall, data splitting and cross-validation protocols aim to approximate the generalization to
real-world data, mitigate overfitting, and generate performance estimates that accurately reflect
a model’s capability on unseen data.
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2.3.2 Optimization and Learning
Training a supervised deep neural network involves iterative optimization of model parameters
to minimize a loss function. The loss function measures the difference between the predicted
outputs and the ground truth annotations. For classification tasks, the categorical cross-entropy
loss is commonly used [120], and is formally defined as

LCE(y, ŷ) = −
C∑

c=1

yc log(ŷc), (2.9)

where y = (y1, . . . , yC) denotes the one-hot encoded ground truth vector, ŷ = (ŷ1, . . . , ŷC) is the
predicted class probability vector output by the model, and C is the number of classes.
For segmentation tasks and the biomedical domain in particular [224], the Dice loss is often
employed, defined as

LDice(y, ŷ) = 1−
2
∑

i yiŷi∑
i yi +

∑
i ŷi

, (2.10)

where yi and ŷi represent the ground truth and predicted binary label, respectively, for pixel i.
The optimization is typically performed using stochastic gradient descent (SGD) [128] or one of
its adaptive variants, such as Adam [90]. The standard approach employs mini-batch training,
where gradients are computed over small subsets (mini-batches) of the training data, rather
than the entire dataset, and model parameters θ are updated iteratively.
A complete pass through the entire training set is referred to as an epoch, and training is per-
formed over multiple epochs to progressively refine the model parameters. Key hyperparameters
include the learning rate η and (mini-) batch size, both of which affect the convergence behavior,
optimization stability, and ultimately the model’s performance.

2.4 Convolutional Neural Networks
DL is a subset of Machine Learning (ML). ML comprises algorithms that improve automatically
through experience [128]. Within the broader field of Artificial Intelligence (AI), Convolutional
Neural Networks (CNNs) are to this day a pivotal technology in computer vision. A comprehensive
historical overview of neural network developments is presented by Schmidhuber [170]. Below we
provide a brief overview of key historical milestones of CNNs and the transition to transformer-
based architectures.

2.4.1 Key Convolutional Neural Network Architectures
The first major breakthrough in CNNs is commonly attributed to AlexNet (2012) [94], which won
the ImageNet Large Scale Visual Recognition Challenge with a substantial performance gap of
ten absolute error points. AlexNet demonstrated the potential of end-to-end learning using
convolutional architectures, displacing manually engineered image descriptors that dominated
pre-2012 approaches [167].
Following AlexNet, subsequent developments focused on increasing model depth. VGGNet [178],
introduced in 2014, extended the architecture to 16 and 19 layers, using uniform 3×3 convolutions
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instead of the 7×7 convolutions used in AlexNet. However, increasing depth introduced optimiza-
tion challenges, such as vanishing gradients. ResNet [65], introduced in 2015, addressed this by
incorporating residual connections that enable gradient flow, enabling training of architectures
with over 100 layers. DenseNet [74], proposed in 2016, further enhanced the connectivity by feed-
ing feature maps from all previous layers into each subsequent layer, improving the parameter
efficiency and feature reuse. In parallel, several architectures focused on computational efficiency
and scaling. The Inception family used parallel convolutions to capture multi-scale features.
Later, models like MobileNet and EfficientNet [182] optimized for speed and parameter efficiency,
with EfficientNet introducing a compound scaling method that balances image resolution, the
model depth and model width.

2.4.2 Domain-Specific Adaptation and Emergence of Alternative Architectures
As CNNs matured, domain-specific adaptations and alternative architectures emerged. In biomed-
ical imaging, U-Net [165] was introduced for semantic segmentation tasks. U-Net combines a
contracting encoder with an expansive decoder, linked by skip connections that preserve spatial
information at various resolutions, making it well-suited for applications with limited annotated
data to this day.
More recently, alternative vision architectures have been proposed. Vision Transformer (ViT) [45],
introduced in 2020, replaces convolutional operations with an attention mechanic focused
architecture that dispenses recurrences and convolutions. ViT divides an input image into fixed-
size non-overlapping patches, flattens and linearly projects each patch into one trainable vector,
which is then processed through several self attention blocks. This process is analogous to
word processing in Natural Language Processing (NLP) with the original Transformer model [45]
and the key differences for both architectures are displayed in Figure 2.5. This enables global
context modeling and long-range dependency capture, which can outperform CNNs on large-scale
benchmarks when sufficient data is available. A fair comparison between model architectures
requires careful control of numerous design choices, as reported rankings are often misleading.
Factors such as available Video Random Access Memory (VRAM), the volume and quality of training
data, and differences in baseline implementations can substantially influence performance
assessments and may confound the interpretation of comparative results [81].
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Figure 2.5: The Transformer architecture and its adaptation to the vision domain, the Vision Transformer.
The original Transformer architecture (left) is designed for sequential data, such as text, and consists of
an encoder-decoder structure. The encoder maps input tokens into contextualized representations, while
the decoder generates the output sequence using self-attention, cross-attention, and feed-forward layers.
The Vision Transformer adapts this concept for image analysis by separating the image into fixed-size
non-overlapping patches, flattening and linearly projecting each patch into one trainable vector, which is
then processed through several self attention blocks. Illustrations adapted from [49] (Original license: CC
BY-NC-SA 4.0).

2.5 Vision-Language Models
Trend toward Multimodality
Historically, ML models addressed a single modality [170]. For instance, as outlined in the
previous discussion of CNNs, vision-specific networks achieved impressive performance in image
classification and object detection where only pixel-based input was analyzed [170]. Likewise,
Large Language Model (LLM) operated exclusively on text. Yet, recent years have witnessed a
remarkable shift toward multimodal architectures that integrate and jointly process information
from multiple modalities [6].



2.5. VISION-LANGUAGE MODELS 23

This trend toward multimodality in the form of VLMs is motivated by the way humans naturally
perceive and reason about the world, where they merge multimodal inputs such as sight, sound,
and language [220]. In ML, recent progress has largely focused on the integration of two core
modalities: vision and language [6]. It can be expected that over time models are extended
to incorporate additional modalities, such as audio or depth, supporting a more holistic and
context-aware understanding.

Figure 2.6: VLMs emerged from single task and single modality DL Models. While each existing model
can be placed in the grid, the trend pushes towards models covering multiple modalities and tasks. As
datasets scale, so do annotation errors. Annotation errors persist in narrow and intensify within multimodal
datasets. Expanding the range of downstream tasks and modalities compounds the risk of annotation
errors, underscoring the value of rigorous data curation.

From Specialized Models to Foundation Models
In parallel to the rise of multimodality, the field has progressed from task-specific models to
FMs that provide architectures capable of solving a wide range of tasks with a single model.
Traditional DL Models were typically trained to perform one narrowly defined task, such as
image classification, object detection, or segmentation for a defined range of categories. These
models initially relied on supervised learning with explicit class labels, as seen in benchmark
datasets like CIFAR [135], and later ImageNet [167], each with fixed and predefined categories. The
definition of the term Foundation Model remains subject to substantial interpretative variability
within the scholarly community. Bommasani et al. [14] underscore this lack of terminological
precision, characterizing “foundation model” as an "informal designation encompassing a broad
and evolving family of architectures. The scope and criteria for inclusion are inherently dynamic,
reflecting ongoing advancements and paradigm shifts in the field." Given the inherent vagueness
of the term, and recognizing that the VLMs examined in this thesis are applied across a diverse
range of tasks, we adopt the convention of classifying each VLM under consideration as a FM for
the purposes of this work.
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Core Architectural Paradigms
Recent work on VLMs centers on three paradigms.

1. Encoder-only models, exemplified by Contrastive Language-Image Pretraining (CLIP) [150],
map both images and text with separate encoders into a shared embedding space, rendering
them particularly effective for retrieval and similarity-based tasks.

2. Encoder-decoder models, such as BLIP-2 [105], combine a visual encoder with a language
decoder, enabling tasks that require grounded text generation, including image caption-
ing and VQA. Hybrid approaches such as Flamingo extend this paradigm by augmenting
pretrained decoder-only LLMs with cross-attention layers to visual features[6].

3. Unified transformers, for instance VL-T5 [27], merge encoding and decoding within a single
transformer stack, facilitating multitask training with shared parameters.

Contrastive Language-Image Pre-training (CLIP)
As highlighted, an influential advance enabling foundation models for vision-language tasks was
CLIP [150]. Instead of using fixed class labels, CLIP exploits widely available, naturally occurring
internet data comprising image-caption pairs. This vastly expands the concepts and diversity
present in the training data, allowing models to represent the visual world far beyond fixed-class
datasets. The corresponding softmax contrastive loss is

− 1

2N

N∑
i=1

(
log

esim(Ii,Ti)/τ∑N
j=1 e

sim(Ii,Tj)/τ
+ log

esim(Ii,Ti)/τ∑N
j=1 e

sim(Ij ,Ti)/τ

)
, (2.11)

where Ii and Ti denote image and text embeddings for the i-th pair, sim is cosine similarity, τ is
a temperature parameter, and N is the batch size.
Building upon CLIP, Sigmoid-based Contrastive Loss (SigLIP) [219] replaced and simplified the
matrix-based softmax with a pointwise sigmoid formulation, improving computational efficiency
and representation quality:

− 1

N

N∑
i=1

N∑
j=1

log
(

1

1+exp
(
zij(⟨li,tj⟩/τ+b)

)), (2.12)

with li, tj the embeddings, ⟨·, ·⟩ the inner product, zij ∈{−1, 1} the pair label, τ the temperature,
and b the bias term.
However, a shortcoming of contrastive learning lies in its training objective: it only requires
distinguishing matching image-text pairs from mismatched ones. As a result, the model learns
to capture just enough information to make this distinction and consequently often ignores
fine-grained details that are not strictly necessary to resolve the contrastive task. For instance,
consider an image of a human standing next to a dog. A contrastively trained model might only
learn to associate the image with generic phrases like “a person and a dog,” without capturing
specific attributes (e.g., the color of the dog), spatial relations (e.g., “a human on the left and a
dog on the right”), or interactions (e.g., “petting the dog”). These details are not incentivized by
the contrastive loss, and thus are typically absent from the learned representation. The issue is
displayed in Figure 2.7.
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Figure 2.7: CLIP does not capture spatial relationships between objects. In both images, a human and a dog
appear together; in (a), the dog is to the left of the human, while in (b), the dog is to the right. A contrastively
trained CLIP Model would treat these images as equivalent, encoding only the presence of “a person and a
dog” and ignoring spatial arrangement or object interaction. Base image generated with generative AI.

Beyond Contrastive Learning
To address the limitations of contrastive learning, recent research emphasizes the importance
of explicitly encoding detailed textual descriptions via image captioning [187]. Caption-based
approaches overcome the sparse relational information of contrastive training by directly encod-
ing attributes, object relationships, and contextual information that are present in the captions,
resulting in richer visual-textual representations. Consequently, modern VLMs are evolving from
models trained solely with contrastive objectives to ones integrating more structured textual
representations.

Data and Annotation Challenges
The training and benchmarking of VLMs face unique challenges related to multimodal data
collection and annotation in two dimensions, as depicted in Figure 2.6. First, multimodal datasets
require pairing data across modalities, which complicate the sourcing, scaling, and annotation
of the obtained data [198]. Utilizing large-scale, unstructured internet data introduces risks
of inherent biases, such as skewed representation or stereotypical associations, potentially
impacting model fairness and generalization [5]. Addressing these challenges requires extensive
dataset curation and bias-mitigation strategies to ensure robust, fair, and generalizable mul-
timodal models [171]. Second, the growing diversity of downstream tasks a model is expected
to handle complicates performance assessment [198]. This necessitates careful balancing of
task-specific performance and underscores the importance of performing dedicated evaluations
tailored explicitly to individual tasks [161].
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In this chapter, we describe the related work of this thesis. We start with the topic of data
annotation in Section 3.1, where we establish a taxonomy of annotation methods ordered by
decreasing human involvement. Subsequently we introduce QA and a taxonomy of QA methods
ordered by decreasing human involvement in Section 3.2. Lastly we shift the focus in Section 3.3
to VLM benchmarks, where we highlight the historical development of benchmarks along major
algorithmic achievements and end with recent topics related to QA in benchmarks.

3.1 Data Annotation Methods and Challenges
3.1.1 Data Annotation Introduction
The process of data annotation can be defined as the process of systematically assigning labels or
metadata to raw data, which can encompass diverse sensor outputs such as images, text, or video
[155]. It constitutes a foundational pillar for test data in general, and additionally for training data
for supervised and semi-supervised ML. In contemporary research contexts, especially those
involving VLM, the annotation process has grown both in methodological sophistication and in
complexity, introducing a host of technical, logistical, and epistemological challenges [198], as
highlighted in the last chapter. In this section, we critically review prevailing annotation methods,
display inherent difficulties, and situate these within the broader discourse on model validation
and benchmarking. Each subsection concludes with an explicit link to the Research Question (RQ)
it motivates or addresses.

3.1.2 Development of Annotation Markets
The annotation market has not remained static but has developed along the steadily growing
requirements in AI [197]. We can distinguish four characteristic phases: early manual annotation
conducted in academic laboratories, the rise of large-scale crowdsourcing platforms, the sub-
sequent professionalization of annotation companies, and the establishment of expert-driven
annotation in specialized domains. Each of these phases was necessary to progress to the next
phase.

26
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Manual Annotation in Academic Research Laboratories
In the early phases of AI research, annotation was carried out almost exclusively by researchers,
their students, or project collaborators within academic laboratories [100]. The datasets and
models developed1 were typically small, often comprising only a few thousand samples, which
made fully manual annotation feasible despite its labor-intensive nature. The tasks of this
period primarily focused on classification, which requires the least amount of annotation effort
per sample compared to more complex tasks. One of the most prominent datasets of that era,
MNIST [100], consisted of 60,000 28×28 images across 10 classes. Scaling up the number of
classes and resolutions initially reduced the number of samples available per class, exemplified
by Caltech-101 [104], which included 101 classes and a total of 9,146 images, with between 40 and
800 images per class and a resolution of 300×200 pixels. The limited scale of these annotation
efforts was sufficient for the comparatively simple models at that time, and many of the resulting
datasets went on to serve as foundational benchmarks for the community.

Crowdsourcing Platforms
With the expansion of ML in the 2000s and the growing demand for larger datasets, annotation
could no longer be completed within a reasonable time frame by academic laboratories alone.
As a response, annotation tasks began shifting to general crowdsourcing platforms, such as
Amazon Mechanical Turk (MTurk). Introduced in 2005 and named after the eighteenth-century
chess-playing automaton “Mechanical Turk” [180], MTurk provided access to a large pool of
laymen workers. See Figure 3.1 for an illustration of the Mechanical Turk. On these platforms,
users could upload any type of task, referred to as Human Intelligence Tasks (HITs), ranging
from writing a poem or searching for an address to annotating data points for ML [44]. This
business model enabled rapid scalability at relatively low cost by providing access to a broad
and worldwide user base.
Driven by the growing needs of the ML community, the first marketplace dedicated specifically to
data annotation began operating in 2007 [35]. Over the past decade, MTurk has remained the
predominant choice in academia [32]. This demand is exemplified by ImageNet [167], arguably
the most influential academic dataset annotated via MTurk. It consists of more than 20,000
categories and 14 million images, with annotations collected over roughly 1.5 years from more
than 49,000 crowdworkers across 150+ countries. However, MTurk’s incentive structure has
proven problematic in recent years [157]. Low pay [111] and uneven power dynamics [41] often led
workers to prioritize speed over accuracy on their annotation tasks in order to maximize their
earnings. These trends have been linked to a decline in annotation quality on MTurk in recent
years [89].

1At least by today’s standards in 2025.
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Figure 3.1: Amazon Mechanical Turk is named after the chess robot created by Wolfgang von Kempelen.
While it was presented to the observer as an automated machine, it secretly concealed a human operator
inside. The machine was constructed by Wolfgang von Kempelen. Amazon’s MTurk platform later borrowed
its name from this illusion of automation. Images taken from [50, 229] (Both images are in the public
domain).

Professional Annotation Companies
With the ever growing need for annotations, the last decade witnessed the emergence of profes-
sional annotation companies, such as Appen, Scale AI, and others [11, 117]. Unlike crowdsourcing
platforms, these companies specialize exclusively in data annotation and provide institutional
scaffolding for annotation work, including structured training programs and internal QA proce-
dures. On crowdsourcing platforms, by contrast, the responsibility for task design, training, and
tooling lies entirely with the requester.
From an employment perspective, professional annotation companies predominantly rely on
full-time, on-site annotators [155]. In the beginning, the employed people were mostly laymen,
which resulted in relative low pay for the annotators. Yet, the distinction between crowdsourcing
platforms and professional annotation companies has begun to blur in recent times, as larger
providers increasingly accommodate diverse employment models [157]. For certain application
domains, such as projects commissioned by the United States Government, full-time employment
and dedicated security clearance are mandatory for annotators [205].
To demonstrate their expertise, professional annotation companies have increasingly begun
to release proprietary datasets. These take the form either of improved versions of existing
resources or entirely new datasets. An example of the former is the SAMA-COCO dataset, a
relabeling of COCO-2017 [109] that added approximately 25% additional object instances to the
existing images [227]. An example of the latter is the nuScenes dataset, a large-scale autonomous
driving dataset with multimodal sensor data and 3D object annotations [18].



3.1. DATA ANNOTATION METHODS AND CHALLENGES 29

Expert-driven Annotation in Specialized Domains
With the rapid rise of generalist and reasoning models, new benchmark high scores appeared
almost every week [64]. Performance often reached the internal error rate of the datasets, which
led many to consider them solved and made it increasingly difficult to design new benchmarks [135,
19]. This situation led to the introduction of highly specialized benchmarks that target narrow
areas of domain knowledge. A prominent example is Humanity’s Last Exam [146], built to test
VLMs at the edge of human academic expertise. It consists of 2,500 expert-authored questions
covering mathematics, humanities, and natural sciences, with answers that are unambiguous,
verifiable, and designed to resist simple retrieval. The data was collected through a worldwide
crowdsourcing campaign combined with a prize pool to incentivize participation of domain
experts.
Annotation companies faced a similar shift in project requirements. Depending on the project
and the data, customers increasingly demanded not lay annotators but domain experts. These
experts were more difficult to recruit, and the power dynamic changed, where annotators with
specialist knowledge could command far higher wages, in some cases up to 85 USD per hour [3],
and better working conditions as opposed to laymen annotators. This development has given
rise to a range of startups focused on sourcing specialized data for leading laboratories. Some
recruitment companies, such as Mercor AI [2] or Turing [190] have likewise begun to pivot or
extending their business toward providing domain experts directly to major AI labs.
Given the development trajectory, these new annotation requirements are unlikely to be tem-
porary. Comparable trends can already be seen in robotics, where an increasing number of
companies are working on recording highly specialized training data [158].

3.1.3 Taxonomy of Annotation Methods
The annotation of data for ML, particularly in the context of computer vision and multimodal
systems, can be differentiated according to the extent of manual human interaction within the
process. We differentiate annotation methodologies as placed along a continuum of decreasing
human intervention, ranging from wholly manual procedures through hybrid (model-assisted)
regimes to fully automated systems. This differentiation is not merely of theoretical interest, but
reflects practical implications for annotation quality, scalability, and reproducibility. Given the
high monetary and time cost resulting from human interaction, researchers and practitioners try
to minimize the human involvement as much as possible. The annotation methods overview is
displayed in Figure 3.2.

Manual Annotation
Manual annotation remains the gold standard for generating high-fidelity, contextually accurate
labels, particularly in domains where expert judgment is indispensable (e.g., medical imaging and
surgical data [117]) and for generating test data in general. Typical workflows include instruction
development, annotator training, and iterative feedback, see Section 2.1.2. Several sub-variants
can be distinguished:

• Expert Annotation: In scenarios involving small or highly specialized datasets, annotation
may be conducted by domain experts whose decisions serve as the reference standard.
This is in particular the case in biomedical image annotation [83].
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Figure 3.2: Taxonomy of annotation methods ordered by decreasing human involvement (left to right). The
hierarchy illustrates three principal families from Manual over Model-Assisted to Fully Automated Annotation
together with their common sub-variants. The left-to-right order indicates a progressive reduction in human
involvement.

• Crowdsourced Annotation: To achieve scalability, annotation tasks are often distributed to
large pools of non-expert annotators via online platforms such as Amazon Mechanical Turk
or professional annotation companies. In contrast to Amazon Mechanical Turk, an annota-
tion company specializes in the production of labeled data, their annotation personnel
are predominantly employed on a full-time basis and operate within conventional office
environments. While crowdsourcing increases throughput, it may also introduce greater
label variability and noise [141].

• Consensus-Based Annotation: To mitigate individual annotator bias and enhance label
quality, multiple annotations are aggregated through majority voting, probabilistic modeling
(e.g., the Dawid-Skene algorithm [34]), or weighted aggregation schemes, producing a
consensus label that is presumed to approximate the reference annotation. It should be
noted that some part of community considers this QA rather than annotation.

Model-Assisted Annotation
Progressing along the continuum toward reduced human input, model-assisted annotation
(sometimes termed semi-automatic annotation in older publications [13]) integrates ML models
into the labeling workflow to enhance efficiency. Here, pre-trained or incrementally updated
models propose candidate labels or highlight uncertain cases, with human annotators retained
in the loop to verify, correct, or refine these suggestions. A major drawback of these methods
is automation bias, in which users tend to accept a model’s suggestions regardless of their
correctness [179].
Key methodological variants within this category include:

• Active Learning: Here, models iteratively select data points for annotation based on esti-
mated uncertainty, expected information gain, or representativeness, thereby prioritizing
cases where human input is most informative [73].

• Semi-Automatic Correction: Particularly relevant in pixel-level or instance segmentation
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tasks, preliminary model outputs (e.g., mask proposals from an nnU-Net [80] in the biomed-
ical domain) are presented to human annotators for refinement. This hybrid approach
leverages machine efficiency while preserving human oversight for challenging or ambigu-
ous cases.

Model-assisted annotation offers a pragmatic compromise between scalability and quality, but its
effectiveness is contingent upon the initial model’s performance and the availability of (expert)
annotators for error correction.

Fully Automated Annotation
At the opposite end of the spectrum lies fully automated annotation, wherein automated compu-
tational systems perform the labeling process with minimal or no direct human oversight.

• Rule-Based Labeling: For relatively simple or well-structured tasks, heuristics and hand-
crafted rules can be used to assign labels automatically. While efficient, such approaches are
inherently limited by their rigidity, lack of adaptability and require deep domain expertise.

• Model-Based Labeling: The rise of VLMs, such as CLIP [150], has enabled automated pseudo-
labeling of vast image corpora by leveraging multimodal pretraining on web-scale image-
text pairs. These models can generate labels or descriptions without task-specific super-
vision, thus accelerating dataset construction. Another option is to fine-tune a general
model on a subset of the collected data with high quality annotations.

While fully automated methods provide unmatched scalability and can address annotation
bottlenecks in rapidly growing domains, they are also susceptible to propagating model biases [5],
introducing systematic errors [135], and lacking the nuanced judgment characteristic of expert
human annotators [174].

Link to this thesis (RQ1)
The rising demand for annotated data and the developments of annotation methods highlight
the persistent challenges in obtaining high-quality and consistent annotations. This motivates
our investigations of labeling instructions (RQ1), where we quantify their importance from the
annotator perspective and how labeling instruction design impacts annotation quality.

3.2 Quality Assurance Methods
3.2.1 Quality Assurance Introduction
The main goal of QA is to evaluate and where necessary improve the reliability, accuracy, and
usability of generated annotations. Across application domains, a wide range of QA strategies
have been developed, differing in cost, scalability, and their ability to detect specific error
types [155]. In the context of crowdsourcing platforms, Daniel et al. [33] provide a structured
overview, categorizing QA methods by their position in the annotation pipeline (pre-, during-, or
post-labeling). Their framework covers a broad taskrange but excludes annotation companies.
Lu et al. [113] and Zheng et al. [225] extend the discussion by evaluating post-hoc QA measures
performed by experienced personnel from the requester side. However, their analyses are limited
in scale and do not investigate QA mechanisms conducted internally by annotation companies.
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Figure 3.3: Taxonomy of Quality Assurance methods ordered by decreasing human involvement (left to
right). The hierarchy distinguishes three principal families from Reference-Based QA, which relies on direct
comparison to trustworthy labels or expert review, over Aggregation and Agreement, which derives a
quality signal from multiple annotators, to Behavioral and Interface-Based QA, which leverages annotator
interaction patterns, model-assisted signals, or task design improvements. The left-to-right order indicates
a progressive reduction in direct human involvement in the quality assurance process.

3.2.2 Taxonomy of Quality Assurance Methods
A common framework classifies QA methods into three methodological categories [113]:

1. Comparison to a reference, such as gold-standard labels [99]
2. Aggregation and agreement of multiple independent annotations [78]
3. Assessment of annotator behavior or interface interaction [67, 77].

These categories are not mutually exclusive and are often combined in production workflows
depending on the annotation project. In the following we describe the major QA methods:

Inter-Rater Agreement Agreement between multiple annotators labeling the same data point is
frequently used to assess annotation reliability and less often for instruction clarity. The naive
approach calculates the proportion of agreement:

po =
number of agreements

total number of annotations (3.1)

To account for chance alignment, Cohen’s Kappa [118] is widely used for scenarios with two
annotators:

κ =
po − pe
1− pe

(3.2)
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where κ is the inter-rater agreement coefficient for two annotators, po is the observed proportion
of agreement, and pe is the expected agreement by chance based on the marginal distributions
of the ratings.
In contrast to Cohen’s Kappa, Fleiss’s Kappa [129] can account for scenarios with three or more
annotators:

κ =
P̄ − P̄e

1− P̄e
(3.3)

where κ is the agreement among n annotators corrected for chance, P̄ is the mean observed
agreement across all data points, and P̄e is the mean expected agreement by chance. Note that
lowercase p denotes pairwise proportions of agreement (Cohen’s Kappa), while uppercase P̄
refers to averaged proportions across multiple annotators (Fleiss’ Kappa).

P̄ =
1

Nn(n− 1)

N∑
i=1

c∑
j=1

nij(nij − 1) (3.4)

where N is the number of data points, n is the number of annotators per data point, c is the
number of categories, and nij is the number of annotators who assigned data point i to category
j.

P̄e =

c∑
j=1

p2j , pj =
1

Nn

N∑
i=1

nij (3.5)

where pj is the overall proportion of ratings assigned to category j.
However, high agreement does not always imply correctness, particularly for inherently subjective
or ambiguous tasks [83]. Conversely, disagreement may indicate areas of underspecification in
the instructions or multiple plausible interpretations [211].

Intra-Rater Agreement Intra-rater agreement examines whether a given annotator labels the
same sample consistently over time. It can reveal temporal instability due to fatigue, insufficient
instruction clarity, or cognitive overload. Although relatively underreported, it provides a com-
plementary perspective to cross-annotator agreement and is relevant in both crowdsourced and
professional pipelines.

Gold Standard Samples Gold-standard QA compares annotations to expert-generated reference
labels [99]. These references are often used for training, calibration, or error auditing. However,
they rely on the assumption that expert labels are unambiguous and representative. In tasks with
inter-expert variability or low annotation consensus, such gold standards may underrepresent
acceptable variance and risk over-penalizing minority interpretations [83].

Expert Annotator Review Secondary review by domain experts serves as a fallback QA mechanism,
particularly for difficult or high-risk tasks. This review may target edge cases, ambiguous regions
and cases, or final benchmark datasets. While effective, the cost and time required generally
preclude its use at scale. In biomedical and legal domains, such review remains common for test
set curation or training validation [83].
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Consensus Labeling Label fusion through aggregation is a standard procedure in crowdsourced
setups. Simple majority voting is defined as:

y∗ = argmax
c∈C

R∑
r=1

1{yr = c} (3.6)

Since annotators display different reliability, a weighting factor for each annotator can be
introduced:

y∗ = argmax
c∈C

R∑
r=1

wr 1{yr = c} (3.7)

where y∗ is the consensus label assigned to an data point, C is the set of possible categories, R
is the number of annotators, yr is the label provided by annotator r, 1{yr = c} is an indicator
function equal to 1 if annotator r chose category c, and wr is the weight assigned to annotator r
reflecting their estimated reliability.
The Dawid-Skene model [34] extends this principle by replacing the scalar weight with an
annotator-specific confusion matrix, estimating the probability that annotator r reports label yr
given that the correct class is c:

y∗ = argmax
c∈C

R∏
r=1

πr(yr | c) (3.8)

where πr(yr | c) is the entry of annotator r’s confusion matrix, representing their conditional
reliability for category c.
These methods reduce the influence of outlier annotators and smooth noisy signals, but cannot
fully resolve systematic disagreements or subjective ambiguity, which is particularly present in
biomedical domain [110].

Statistical Subset Selection To reduce QA costs, annotation reviews are often restricted to a
representative or randomly sampled subset of data [107]:

S ⊂ {1, . . . , N}, |S| = ρN (3.9)
where S is the randomly sampled subset of data points selected for review, N is the total number
of annotated data points, and ρ ∈ (0, 1] is the sampling rate.
This allows for the estimation of global error rates or identification of recurrent mistakes. While
scalable, subset reviews may miss low-prevalence errors unless stratified carefully or augmented
with error-focused heuristics.

Model-Based QA Discrepancies between model predictions and human annotations can be used
to flag samples for additional review [225]. This approach is especially valuable when models are
well-calibrated and can detect annotation outliers, inconsistencies, or low-confidence cases. It
is increasingly used in hybrid pipelines where automated suggestions precede or follow human
annotation.
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Behavior-Based Auditing Behavioral telemetry data, such as mouse movement, interaction speed,
or correction frequency, has been proposed as a proxy for annotation reliability [62, 67]. These
signals can be analyzed retrospectively to rank annotators, detect rushed submissions, or identify
samples with elevated annotation uncertainty. They are non-invasive and can scale to large
datasets with minimal overhead.

Training and Interface Design Preventative QA approaches aim to minimize annotation errors
at the source by enhancing annotator comprehension and task execution. Targeted training
interventions [46], prototypical feedback cycles [53], and adaptive interface designs [15, 20] have
been shown to improve annotation consistency and reduce instruction misinterpretation. While
they are not considered QA in the narrow sense, these strategies substantially influence the final
annotation quality.
In summary, QA encompasses a broad methodological spectrum, ranging from instruction-level
interventions to post-hoc expert review, where most of the literature addresses classification
tasks and crowdsourced labeling. QA for complex data types (e.g., dense segmentations), domain-
specific pipelines, and internal industrial annotation workflows is relatively underrepresented.
Future research should address these gaps by systematically evaluating how QA strategies interact
with task ambiguity, annotator expertise, and instruction design under practical constraints.

Link to this thesis (RQ1)
The broad diversity of general QA approaches and yet limited research on internal QA illustrates
the shortcomings of current practice. This motivates our investigations of QA (RQ1), where we
focus on internal QA from annotation companies and specific image metadata.

3.3 Vision-Language Model Benchmarks
3.3.1 Interplay Between Algorithmic Advances and Benchmark Improvements
Historically, major algorithmic achievements go hand in hand with substantial benchmark gains,
for example, Bidirectional Encoder Representations from Transformer (BERT) [42] popularized the
General Language Understanding Evaluation (GLUE) Benchmark, or Chinchilla [72] strongly pro-
moted the usage of Measuring Massive Multitask Language Understanding Benchmark (MMLU) [70].
Furthermore, the initial and most influential efforts to combine vision and language in bench-
marks and foundational models originated within the NLP community [216, 217, 138].
BERT is a representative example with over 100,000 citations since 2018 for the NLP era with
a focus on benchmarks such as GLUE. BERT encodes text as a sequence of vectors through
self-supervised learning, relying on an encoder-only transformer architecture [42]. Random
tokens in the input are masked, and the model predicts the missing tokens based on surrounding
context. In contrast to masked self-attention used in decoders, modeling the bidirectional
context (both left and right) enables stronger contextual understanding. Its main strength is
producing contextual word embeddings for downstream NLP tasks. As an encoder-only model
that works by “understanding” context, it is not designed to generate long passages of text in
the way GPT-style models do.
In the following, we will exemplarily describe two algorithmic achievements from the NLP research
community that shape today’s research landscape and the related benchmarks.
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Introduced in 2022, Chain-of-thought prompting [202] claimed a breakthrough on GSM8K [30],
which comprises 8,500 high-quality math problems at the grade school level. Chain-of-thought
prompting is a technique used in prompting LLMs that encourages them to generate intermediate
reasoning steps before generating the final output. Instead of directly producing a final response,
the model is guided to ’think aloud’ and break down the problem into smaller, sequential steps.
This process can lead to more accurate and transparent answers, particularly for complex tasks
that require multi-step reasoning or involve intricate logic [202].
HumanEval was introduced and popularized by Codex [23] in 2021 as a benchmark for code
generation. Codex [23] is a generative pre-trained transformer language model fine-tuned on
over 150 GB of publicly available Python code from GitHub. HumanEval comprises 164 handcrafted
programming problems, each evaluated using unit tests to verify correctness. Notably, the authors
have observed that fine-tuning GPT-3 does not necessarily yield superior performance compared
to training from scratch, and that the BLEU [148] score has significant limitations when assessing
the correctness of programming outputs. This underscores a growing recognition of metric
limitations, an issue similarly highlighted by Maier-Hein et al. [118] for the biomedical imaging
domain.

3.3.2 Development of Benchmark Sizes
The fundamental aim of each data point in a benchmark is to deliver a meaningful signal. As
models rapidly surpass existing benchmarks, there is a continuous need for new datasets that can
capture increasing complexity [64]. The idea is that increasing the number of data points helps
capture more diverse signals and complexities. For example, Multilingual Measuring Massive
Multitask Language Understanding Benchmark (MMMLU) now includes over 16,000 questions
across 57 fields [70], thereby significantly enhancing the benchmark’s capacity to challenge
models over its predecessor.
Building on this expansion in size, subsequent efforts have focused on reducing redundancy
by identifying representative subsets within these larger benchmarks. We refer to this method
as pruning, as less relevant data points are removed to increase the signal of the remaining
data points. Recent work on benchmark pruning, such as the development of Mini MMMLU [147],
demonstrates that a carefully selected subset, sometimes as small as 100 samples, can yield
performance estimates comparable to those obtained from the full dataset. This approach not
only accelerates the validation process but also minimizes the environmental impact of the
benchmark.
A third trend involves creating new benchmarks with highly curated samples. Initiatives like
Humanity’s Last Exam [146] exemplify a “less is more” philosophy by employing crowdsourced
questions from domain experts that undergo expert review and are intentionally adversarial,
ensuring that most current models struggle. One drawback of this approach is that new models
may inherently benefit from not being involved in the benchmark’s construction phase and thus
report a higher performance.
In summary, as benchmarks are quickly surpassed, their design must continuously evolve to
keep up with model advancements.



3.3. VISION-LANGUAGE MODEL BENCHMARKS 37

3.3.3 Live Benchmarks
Building on the concept of highly curated benchmarks like Humanity’s Last Exam [146], which rely
on newly collected private data, live benchmarks offer an alternative approach to addressing data
leakage issues, where test data or closely related data points appear in training sets [28]. This
concern is further heightened when datasets are combined without adequate documentation
of their origins [39]. As a new trend for this issue, researchers are increasingly turning to live
benchmarks that continuously update with new data from data streams. For instance, LiveXiv [172]
retrieves domain-specific manuscripts from arXiv in real time to automatically generate VQA pairs.
While this general approach inherently mitigates contamination by constantly refreshing the
dataset, it can also incur high costs, particularly when benchmark generation relies on domain
experts or human evaluators and annotators.

3.3.4 Task Complexity Represented in Benchmarks
Over time, both task complexity and model sophistication have increased. For instance, early
benchmarks focused on simple tasks like classifying handwritten single digits in 1988 [100],
whereas more recent benchmarks involve solving complex math problems from 2021 [71] or even
olympic-level problems [76]. This evolution reflects not only the advances in LLMs but also a
shift towards the use of autonomous Agents.
Unlike LLMs, Agents initiate their process by receiving a user input. This normally is a direct
command or a dialogue engagement from a human user. Once the task is clearly defined, they
independently plan, execute the required steps, and occasionally consulting the human user for
additional information or judgment. It should be noted, that Agent is a rather loosely defined term
and often refers to an agentic workflow, where steps and scaffolding are defined beforehand [221].
The trend in rising task complexity can be quantified by assessing AI performance based on the
length of tasks that agents can complete. Recent findings indicate that this metric has been
growing exponentially over the past six years, with the capacity doubling approximately every
seven months [97]. It is important to note that the selection of tasks and the threshold for
defining success significantly influence this observed trend.

3.3.5 Considering Alternative Benchmarks
Benchmarks, while essential for assessing progress in AI, require substantial effort to generate
and maintain [64]. With the increasing shift toward agent-based systems and the accelerated
pace at which existing benchmarks are surpassed, researchers are now exploring strategies to
derive high-quality benchmarks from existing resources. One promising direction is the use
of video games, which inherently incorporate rising levels of complexity, making them ideal
candidates for challenging and dynamic validation tasks for agents [143].
The utilization of video games as benchmarks in ML benchmarking is well established. Notable
examples include AlphaGo [177], which combined deep reinforcement learning with Monte Carlo
tree search, and AlphaStar [195], which leveraged multi-agent reinforcement learning to surpass
human-level performance in StarCraft II. Early research in this area focused on reinforcement
learning models tailored to single specific tasks within these games. However, there is now
a shift towards utilizing generalist models capable of advancing across a variety of games. A
recent illustration of this trend is found in the validation of Pokémon Red during the Sonnet
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Figure 3.4: AI’s task length doubles every seven months. Measured as the length of tasks that agents can
complete at 50% success rate. The figure is adapted from [97] (license: CC BY).

3.7 assessments [183]. The single Agent was equipped with scaffolding such as basic memory,
screen pixel input, and function calls for navigation and button pressing, enabling it to engage
with the game beyond conventional context limitations. Other notable examples move towards
benchmarking multi-agent setups, where several agents collaborate at the same time in visually-
rich environments with dynamic interaction in Minecraft [112]. Minecraft is a sandbox video game
that features a procedurally generated, block-based environment with intrinsic complexity and
open-ended dynamics. It can be expected that future agents will be evaluated on a broad range
of video games with varying problem types.
In summary, benchmarks can be constructed from a broad range of data sources. Instead of
recording new data, users can save a lot time by creating a new benchmark from existing data.
In the end, the data should be representative for the capabilities the benchmark creator want to
measure.

3.3.6 Task Augmentation in Benchmarks
Task augmentation refers to "generating multiple diverse tasks from a single existing task" [131].
Prior work can be grouped into frameworks that enable the generation of tasks and datasets
that were constructed through task augmentation. The method overview is presented in Table 3.1.
A substantial body of research concerns large datasets created in this way, such as Visual
Genome [93] and the Open Images Dataset [96]. These datasets typically provide scene graphs
or large sets of annotations, allowing users to filter the data according to their specifications.
Generating new tasks through task augmentation generally yields tasks that align more closely
with user requirements, and existing methods cover a diversity of core perception tasks.
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Criteria CLEVR Task Me Anything Taskonomy Wang 2023 JourneyBench ProVision
[82] [223] [215] [199] [201] [222]

Real
images/objects

(partly)

Diversity core
perception tasks

Focus on resource
efficiency

Synthetic
data

Strong synthetic
data focus and

flexible

Not
applicable

(2,200 h
of human

annotation)
Not reliant on

generative
models

Object-centric
Validated across
multiple visual

content domains
Human Ambiguity

Scores
Easily scalable
Task creation
code public

Evaluated on
SOTA VLMs

(limited # of
proprietary models)

(but
SOTA* 2023)

Table 3.1: Comparison of task augmentation methods. The table compares synthetic and real-image task
augmentation methods along multiple methodological criteria, such as image type, extensibility and
scalability. It highlights systematic differences in design trade-offs across existing frameworks, showing
how certain methods prioritize generative models and scale, whereas others prioritize adaptability to new
domains. While all methods present a diversity of core perception tasks, none of the methods includes
human ambiguity scores for the annotated data. Table adapted from own work [156].

At the same time, none of these methods incorporate human ambiguity scores for the underlying
annotations to the best of our knowledge, instead assuming consistent annotation quality in the
base real-world image data. This assumption propagates errors from the original annotations
into the generated tasks, which is particularly problematic in domains with high inter-rater
variability, such as medicine, because that undermines the reliability on downstream tasks.
Moreover, evaluations are usually limited to a small set of state-of-the-art (SOTA) VLMs, further
restricting interpretability.
In contrast to purely rule-based or algorithmic techniques, the integration of generative models
has made it possible to scale task generation pipelines more rapidly. This shift introduces
new limitations, including hallucinations [200], reduced controllability compared to rule-based
methods, and undesired artifacts such as spurious correlations.
In summary, we observe a growing number of task augmentation methods, particularly those
that rely on generative models, though substantial methodological challenges remain.

3.3.7 Quality Assurance in Benchmarks
As previously highlighted, the number of new benchmarks is rapidly increasing. While benchmarks
aim to reliably identify the best performing methods and expose their strengths and weaknesses,
the quality of individual data points within benchmarks warrants careful consideration. Recent
research across various domains, ranging from code generation benchmarks [7] to broad STEM
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benchmarks [193, 7, 38], indicates that label noise stemming from ambiguous or outright mis-
labeled data point can significantly distort the interpretation of benchmark results [193, 7, 38].
Domains, such as biomedical or surgery [117] are known for their high ambiguity level that is
quantified with inter-rater variability that can be reduced by providing further context to the
annotators [211]. For these domains, the measured ambiguity reflects the upper ceiling of data
quality. However in the reported cases from non medical domains [193, 7, 38], the inter-rater
variability is zero or minimal. Consider the following question from the Simple Variations on
Arithmetic Math word Problems (SVAMP) benchmark, whose original answer is objectively incor-
rect. "Question: You had 14 bags with equal number of cookies. If you had 28 cookies and 86
candies in total, how many bags of cookies do you have? Original Answer: 2. Correct Answer:
14" [193].
Consequently, the updated versions removed error that otherwise would undermine the reliability
of the benchmark, potentially leading to misleading rankings or erroneous conclusions about the
best performing model. Additionally, benchmarks that build upon widely adopted task standards,
such as the UK AISI INSPECT standard [4] tend to achieve greater adoption by the community
since they reduce implementation complexity for new users.
In summary, we observe a growing trend of benchmark creators revisiting established datasets to
release improved iterations, addressing annotation ambiguities, refining task descriptions, and
harmonizing implementation details. Such iterative refinement enhances benchmark reliability,
lowers barriers for adoption, and contributes to more robust and informative comparisons among
AI models.

Link to this thesis (RQ2)
The rapid developments and limitations of existing benchmarks highlight the need for user-
centric benchmarking approaches. This motivates our investigations on scaling user-centric
benchmarks with DomainBench (RQ2) and its application to the high-stakes domain of surgical
imaging (RQ2).
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In this chapter, we outline the four primary contributions of this thesis, encompassing the
areas of data annotation (see Section 4.1), internal QA (see Section 4.2), domain benchmarking
(see Section 4.3), and lastly its application to surgical imaging data (see Section 4.4). For each
contribution, we highlight my contributions to the presented work.

4.1 Quantifying the Impact of Labeling Instructions
Author’s Note on Reused Material:
This section and the referenced appendix sections are based in large parts on the peer-reviewed
publication: Tim Rädsch et al., “Labelling Instructions Matter in Biomedical Image Analysis”,
published in Nature Machine Intelligence in 2023 [155]. As the lead and first author of this
publication, I played the central role in designing the study, preparing and conducting the
annotation experiments, and implementing the associated code. I led the development and
execution of the competition analysis and designed all figures. I initiated and coordinated the
collaboration with the involved annotation companies and annotators and secured the funding
necessary for the annotation work. I led the interpretation of results and led the writing of the
manuscript together with several co-authors, who provided analytical input, textual contributions,
and iterative feedback. Significant portions of the text, figures, and results have been adapted
and integrated into this chapter. Permissions for text and figure reuse have been confirmed
(license: CC-BY-4.0). The concept passage has been rewritten so that each experiment’s rationale,
finding, and implication is clearly explained, and the respective Discussion subsection enables
readers to understand both the integrated contribution and its individual ramifications. This
work was co-authored with Annika Reinke, Vivienn Weru, Minu D. Tizabi, Nicholas Schreck, A.
Emre Kavur, Bünyamin Pekdemir, Tobias Roß, Annette Kopp-Schneider, and Lena Maier-Hein.

4.1.1 Concept Overview
The validation of biomedical image analysis algorithms critically relies on the availability of
high-quality annotated reference datasets. A central foundation of annotation quality in such
datasets is the specification of clear and effective labeling instructions. Despite their pivotal
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role, the systematic development and empirical evaluation of labeling instruction quality have
received remarkably little attention in the biomedical imaging domain.
This chapter presents a structured investigation into the design of labeling instructions and
their influence on annotation quality. Drawing upon a multifaceted analysis that encompasses
both a review of annotation practices in international biomedical image analysis competitions
(as registered by the MICCAI Society) and a large-scale annotation experiment, we identify a
pronounced gap between the actual needs of annotators and the quality and availability of
instructions typically provided in practice. The overview is displayed in Figure 4.1.
The experiment comprises annotations of 14,040 biomedical images by 156 annotators from
four professional annotation companies and 708 crowdworkers from Amazon Mechanical Turk
(MTurk), each operating under systematically varied instruction conditions. We assess the impact
of instruction information density on annotation performance with varying instructions ranging
from minimal text to rich text, and accompanied by visual examples. The results demonstrate
that the inclusion of exemplary images significantly improves annotation quality relative to
text-only guidance, whereas increased textual detail alone does not yield similar gains. More-
over, professional annotators consistently produce higher-quality segmentations than MTurk
contributors across all instruction types.
Taken together, this work provides the first empirical foundation for establishing best practices
in the formulation of labeling instructions within biomedical image analysis. It highlights the
urgent need for standardized, example-driven instructional design to ensure reliable reference
data for algorithm validation.

4.1.2 Methods
Following the definition of terms used throughout this study, we will describe the selected data,
the annotation providers, the labeling instructions, the experimental setup, and the statistical
analysis in detail throughout this section.

Definitions
We use the following terms throughout this contribution:

Annotation provider: An entity that provides annotations performed by human workers. They
can be categorized into two types of annotation providers: a) crowdsourcing platforms, such as
MTurk, and b) professional annotation companies (see the following definitions).
Annotation requester: An entity that wants a dataset annotated by an external annotation
provider.
Challenge/Competition: We follow the challenge definition of the BIAS statement, which defines
a challenge as an "open competition on a dedicated scientific problem in the field of biomedical
image analysis. A challenge is typically organized by a consortium that issues a dedicated call for
participation. A challenge may deal with multiple different tasks for which separate assessment
results are provided. For example, a challenge may target the problem of segmentation of human
organs in Computed Tomography (CT) images. It may include several tasks corresponding to the
different organs of interest." [114]
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Figure 4.1: Hypotheses of this contribution and overview of methodology. (a) Annotators’ needs for labeling
instructions (left side) were captured via a survey. The availability of labeling instructions (right side)
was captured via international competitions conducted in the scope of the Medical Image Computing and
Computer Assisted Intervention Society (MICCAI) conference. (b) To assess the impact of labeling instructions
on annotation quality, three types of labeling instructions were created for the same dataset: Instructions
using i) minimal text, ii) extended text and iii) extended text including pictures were issued to a total of 864
annotators from five different labeling providers. The resulting dataset of 14,040 annotated images was
analyzed with a two-part beta mixed model. The dials qualitatively represent the observed annotation
performance.
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Challenge/Competition task: The BIAS statement defines a challenge task as a "subproblem to
be solved in the scope of a challenge for which a dedicated ranking/leaderboard is provided (if
any)." [114]

Labeling instruction: A document or tool that specifies how to correctly label (imaging) data.
The different types of labeling instructions are defined below and presented in greater detail in
Appendix A.5-A.7.
MTurk: A two-sided crowdsourcing marketplace that enables annotation requesters to hire
freelance workers, referred to as MTurk crowdworkers, to perform discrete tasks on-demand.
MTurk crowdworker: A remotely located person performing discrete on-demand tasks on MTurk
on their own hardware. They are employed on a freelance basis.
Professional annotation company: A company focusing mainly on generating annotations for
(imaging) data. Their workers are located in regular office space and mainly employed full-time.
Professional annotator: An on-site located and full-time employed person performing annota-
tions for a professional annotation company in a provided office space with according hardware.

International Professional Annotator Survey
To obtain a comprehensive understanding of the current issues professional annotators face
with respect to labeling instructions and their work characteristics, we developed a 26-item
questionnaire (provided in Supplementary Information 4). The survey was distributed among five
internationally operating annotation companies in best-cost countries that exclusively employ
professional annotators. To increase the statistical validity of the submitted entries (n = 363), we
employed a twofold filtering strategy of the entries: a) a control question pair, which consists
of the positive and negative formulation of a question, and b) an instructional manipulation
check, as recommended by Oppenheimer et al. [139]. The check asks the participant to answer an
open-ended question with a specific set of words that can only be answered by carefully reading
the question text. The filtering resulted in 298 remaining entries.

Competition Analysis
Our goal was to capture the current handling of labeling instructions in biomedical image
analysis. Thus, we included all Medical Image Computing and Computer Assisted Intervention
Society (MICCAI) registered competitions which were published until the end of 2021. We retrieved
the registered competitions from the MICCAI website, where all MICCAI registered competitions
are published. This resulted in a list of 53 competitions with 96 competition tasks. Two engineers
with a proven history in reviewing competitions rated all submitted standardized competition
design documents of the individual competition tasks as to whether a labeling instruction was
provided by the competition task. In addition, ambiguous cases were marked as such. This
resulted in an inter-rater agreement of 90.6%. Contradictory ratings were mainly cases where
both raters marked the competition task as ambiguous and were solved by an independent third
engineer with a proven history in reviewing competitions. 20 competition tasks were excluded
as not applicable in the process, as they provided a valid reasoning why labeling instructions
cannot be provided. An example is the Medical Out-of-Distribution Analysis Challenge [226],
where the publication of the labeling instruction would enable cheating, because it contains
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Figure 4.2: The field of biomedical image analysis suffers from a notable discrepancy between the needs
of those annotating the data and the actual availability of labeling instructions (if any). (a) Professional
annotators agree that unclear instructions consistently cause delay and rework. Comprehensive text
descriptions and images are perceived to improve annotation quality. (b) Professional annotators attribute
labeling instructions as the primary cause for problems related to their daily annotation work, followed
by concentration issues and poor input data. Answers for (a) and (b) were processed from 298 annotators
from five annotation companies. (c) 76% of the recent Medical Image Computing and Computer Assisted
Intervention Society (MICCAI) conference competition tasks, matching the inclusion criteria, do not report
any labeling instructions. The analysis includes all 96 registered MICCAI competition tasks between 2020
and 2021.

information about the placement of out-of-distribution objects in the competition data. The
result of the competition tasks analysis is provided in Supplementary Information 3.

Dataset Selection

The Heidelberg Colorectal (HeiCo) segmentation [116, 166] dataset, comprising medical instrument
segmentations in laparoscopic video data, served as the basis for this study. Each image was
enhanced by 21 meta annotations representing relevant image characteristics or artifacts (e.g.
whether overlapping instruments or motion blur are present on the image), where each image
characteristic is a binary annotation decision [166]. The meta annotations were implemented
by a trained engineer with extensive annotation experience, who was involved in the original
creation process of the dataset. Based on the meta annotations, the images were categorized
into nine different image categories, which represented the potential annotation difficulty and
served for the subsequent image selection:
1) Simple category: Images do not contain any artifact on the instruments.
2) Chaos category: Images contain at least three different artifacts on the instruments. Moreover,

images containing a higher number of instruments are preferred.
3) Trocar category: At least one trocar is present on the image.
4) Intersection category: At least two medical instruments are intersecting on the image.
5) Motion blur category: A minimum of one medical instrument with the motion blur artifact is
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present on the image.
6) Underexposure category: At least one medical instrument on the image is underexposed.
7) Text overlay category: Text overlay is present and obstructs the view of the image.
8) Image overlay category: An image overlay is present and obstructs the view of the image.
9) Random category: Images are randomly selected from the remaining images in the test set.

The goal was to select a broad range of image categories and annotation scenarios. Therefore,
we selected 234 unique frames corresponding to the defined categories. Each unique image
was annotated four times per labeling instruction and per annotation provider, resulting in 60
annotations per image (generating a total of 14,040 annotated images). 15 unique images from
category 1 to category 8 were selected by hand, accounting for roughly half of the images. The
only exception was category 8, because there existed only eleven unique images that matched
the definition of the category. The other half was selected randomly (category 9).

Annotation Providers
The study was conducted based on five annotation providers, consisting of four professional
annotation providers and the crowdsourcing platform MTurk. Each annotator participated ex-
clusively with one of the three labeling instructions. We selected high quality representatives
for the professional annotation companies and the crowdsourcing platform. The professional
annotation companies operate internationally and their annotators are located in best-cost
countries. The selected companies had a proven track record in large-scale industry annotation
projects. This was particularly relevant, because the number of annotation providers has been
growing steadily for the last ten years [31]. Participating crowdworkers on MTurk had to fulfill
the following quality requirements: a) 98% accepted HITs and b) a minimum of 5,000 accepted
HITs. Our quality requirements thus far surpassed the quality requirements of researchers
working with MTurk, which normally require 95% accepted HITs with a minimum of 100 accepted
HITs [89, 67, 15, 25]. To capture a representative sample of the population on MTurk, we spread
our HITs across 40 days and all times of day. We followed Litman et al. to ensure a fair worker
compensation [111]. The base annotations and initial analysis were originally collected as part of
a prior publication [151].

Labeling Instructions

As a labeling instruction specifies how to correctly label the (imaging) data, we defined a set of
design rules that are shared across all labeling instructions:

(a) The information of a labeling instruction is provided in a slide layout for better human
information processing.

(b) Each slide represents a chunk, an encapsulated unit of information. Chunking reduces the
demand on the working memory.

(c) Related information chunks are positioned near each other.
(d) A consistent layout with defined fonts, symbols and colors is applied.

Minimal text labeling instructions: The minimal text labeling instructions consist of a limited
textual description, including positive examples and the most common annotation occurrences
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(see Appendix A.5). This represents a situation where only little effort was put into creating
the labeling instruction. For example, text overlay references the uncommon occurrence of text
that is visible in the image. Because it is an uncommon occurrence, it is not mentioned in the
minimal text labeling instruction. As a baseline, the minimal text labeling instructions consist of
seven slides with 168 words.

Extended text labeling instructions: The extended text labeling instructions extend the minimal
text labeling instructions with a comprehensive text description, which is supported by both
positive examples and counterexamples in text form. Furthermore, both common and uncommon
cases are included, see Appendix A.6. In this labeling instruction for example, the uncommon
occurrence of text overlay is described in detail. This resulted in ten slides with 446 words.
Extended text including pictures labeling instructions: The extended text including pictures
labeling instructions complement the extended text labeling instructions with pictures, see
Appendix A.7. The pictures include textual descriptions, symbols, markings and the usage of color
to convey the information on the slides. In addition, rare annotation occurrences are included
as well. This represents a situation where extensive (domain) knowledge about the labeling
process is present and documented in detail in the labeling instruction. Hence, in our example,
the uncommon occurrence of text overlay is described in detail with text and pictures. These
labeling instructions consist of 16 slides with 961 words.

4.1.3 Experiments
In the following, we describe the experimental setup for quantifying the impact of labeling
instructions, and the statistical analysis.

Labeling Instructions Analysis
Each of the five labeling providers annotated the same images subsequently with each labeling
instruction, using separate annotators. We started with the minimal text labeling instructions,
followed by the extended text labeling instructions and provided the extended text including
pictures labeling instructions last, to prevent information leakage. Providing the instructions in
parallel or in a different order would enable participants to receive information from instructions
with a higher information density. As an additional security measure, we added a minimum
break of ten days between two labeling instructions to prevent any potential overlap or sharing.
No individual questions from the annotators regarding the labeling instruction content were
answered in order to prevent a potential information advantage for an annotation provider
that could impact the statistical analysis. Each annotator was only allowed to participate for a
single labeling instruction. We tracked all accounts over the duration of the study to ensure that
everyone has only access to a single instruction. After completion of an annotation stage, the
accounts were deactivated. All participating annotators had no prior experience with their respec-
tive annotation tooling, minimizing their impact. Furthermore, no worker selection tasks were
used for the annotation providers, since annotation companies prefer to allocate experienced
annotators to new projects to win potential follow-up projects. Each professional annotator
annotated a total of 72 images. To properly simulate the parallelization of crowdsourcing, each
MTurk crowdworker annotated four images. After the submission of their annotations, each
MTurk crowdworker could submit a short optional survey about their work characteristics. The
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survey enabled us to gather a broad representation of worker characteristics across different
stakeholders.

Figure 4.3: Example of labeling instructions. Medical instruments are initially defined in the minimal text
labeling instructions (a). The definition is deepened in the extended text labeling instructions (b) and
enriched with images in the extended text including pictures labeling instructions (c).

Statistical Analysis
To quantify the impact of labeling instructions and the two annotator types, the following
statistical methods were used:

To ensure compatibility with prior work on the data, we utilized the same metrics as suggested
by Roß et al. [166], in which the dataset was originally introduced as part of the MICCAI Robust
Medical Instrument Segmentation Challenge 2019.

DSC(A,B) =
2 |A ∩B|
|A|+ |B|

, (4.1)

where A is the set of predicted pixels, B is the set of reference pixels, and | · | denotes the
cardinality (here: area).

NSD(τ)(A,B) =
|SA ∩ B(τ)

B |+ |SB ∩ B(τ)
A |

|SA|+ |SB |
, (4.2)
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where SA and SB are the boundary pixels of A and B, B(τ)
A and B(τ)

B denote the border regions
within distance τ from SA and SB respectively, and | · | denotes the cardinality of the set.
We analyzed the annotation results based on the DSC scores with a two-part zero-inflated beta
mixed model [21]. Missing an annotation and providing a subpar annotation are fundamentally
different error types. There we differentiate the error types in our statistical model as follows:
a) the first part included a logistic mixed model analyzing the probability of severe annotation
errors (at least one instrument with DSC = 0 in one frame) and b) the second part consisted
of a beta mixed model analyzing the non-zero DSC values of an image when valid annotations
occurred. The image variable and the annotation worker variable were modeled as random
effects while the type of labeling instructions, annotator type, image category and access to
context video were modeled as fixed effects with two-side hypothesis tests. The model was
implemented in the brms package in R [185], where vague Gaussian priors centered on 0 were
used for the fixed effects and Half-Cauchy priors were assigned for the standard deviation of
the random effects. 4,000 Markov Chain Monte Carlo samples were generated across 4 chains.
The obtained estimates of the covariates are on the log-odds scale and were exponentiated to
obtain the odds ratio for each covariate. Software: R version 4.0.2 (package brms version 2.16.0).
The implementation was conducted by an experienced statistician to ensure that the selected
analysis and implementation adhere to the highest standards.

I ∼ (1 | Worker_ID) + (1 | Image_name) +
4∑

i=1

Fi (4.3)

where:
• I is the response variable. It equals 0 if Image_min_instance_DSC_value = 0, and equals

the image DSC score otherwise.
• (1 | Worker_ID) represents a random intercept for each Worker_ID.
• (1 | Image_name) represents a random intercept for each Image_name.

•
∑4

i=1 Fi represents the fixed effects, with Fi being the ith analyzed covariate.
• Both the mean and zero-inflation components of the model include the same fixed and

random effects.
• The distribution is zero-inflated beta with regression coefficients assigned N (0, 10) priors

and random-effect standard deviations assigned Cauchy(0, 1) priors.
List of covariates:

• Fixed effects:
– Stage
– Annotator type
– Image category
– Context video

• Random effects:
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– Worker_ID
– Image_name

• Image category levels:
– Randomly selected images
– Simple cases
– Chaos cases with multiple artifacts
– Images with overlays
– Intersecting objects
– Images with motion blur
– Images with text overlay
– Images containing a trocar
– Underexposed images

4.1.4 Results
Given the lack of (1) awareness of the importance of labeling instructions and (2) quantitative
research investigating how to best perform the labeling, we initiated our study by systematically
analyzing the perspective and work characteristics of professional annotators, and common
practice of labeling instructions in leading biomedical imaging competitions. Subsequently, we
investigated the impact of labeling instructions with varying levels of information density on
the annotation quality, and the effect of different annotator types on biomedical imaging data.
The information levels included instruction with minimal text, extended text or extended text
including visual examples.

Professional Annotators Request better Labeling Instructions
To motivate our empirical study on annotation quality, we conducted an international survey
among 363 (298 after filtering noisy answers) professional annotators employed by five different
internationally operating annotation companies. We selected companies that had completed
large-scale annotation projects in the past in the automotive sector. Depicted in Figure 4.2a-b,
the results reveal that the majority of annotators request more time and resources to be spent in
the generation of labeling instructions. In fact, poor labeling instructions were identified as the
primary cause of problems related to annotation work followed by concentration issues (50%)
and poor input data (45%).

The Importance of Labeling Instructions May Be Underrated
Despite their apparent importance, earlier research revealed that labeling instructions are
typically not provided and/or reported in the field of biomedical image analysis [114]. This even
holds true for international image analysis competitions although these can be expected to
provide particularly high quality with respect to validation standards. To address this issue, the
MICCAI, the largest international society in the field, took action and developed a comprehensive
reporting guideline [115] for biomedical image analysis competitions. The guideline comprises



4.1. QUANTIFYING THE IMPACT OF LABELING INSTRUCTIONS 51

Figure 4.4: Key findings of this contribution: (1) Extended text descriptions (orange) do not necessarily boost
annotation performance compared to minimal text descriptions (blue), while (2) including images (green)
gives a clear benefit for all annotation providers. (3) Professional labeling companies (Companies 1 - 4)
provide substantially higher-quality annotations compared to the most popular crowdsourcing platform
Amazon Mechanical Turk (MTurk). (a) The Dice Similarity Coefficient (DSC) score has been aggregated for
each annotated image and is displayed aggregated for each pair of company and labeling instruction as a
dots- and boxplot (the band indicates the median, the box indicates the first (25th percentile) and third
(75th percentile) quartiles and the whiskers indicate ±1.5× interquartile range, the DSC score maximum is 1
and the minimum is 0 for each image). (b) The absolute number of severe annotation errors, defined as
annotations with a metric score equal to zero, is also shown. A total of 14,040 images were annotated by
156 annotators from four professional companies and 708 MTurk crowdworkers.
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an entire paragraph on reporting the annotation process, including the labeling instructions.
Prior to conducting a competition in the scope of a MICCAI conference, researchers must put
the report for their competition online [124] to foster transparency and reproducibility, and
to prevent cheating [160]. To capture the SOTA regarding labeling instructions in biomedical
image analysis, we analyzed all MICCAI competitions officially registered in the past two years
(PRISMA statement [142]: Appendix A.1). Although the reporting guideline explicitly asks for
(a link to) the labeling instructions, 76% of the recent MICCAI competitions do not report any
labeling instructions (cf. Figure 4.2c). Given that MICCAI competitions make up around 50% of the
biomedical image analysis competitions in a year [114], this can be regarded as a widely spread
phenomenon.
In current biomedical image analysis practice, labeling instructions are thus often neither of
sufficient quality, nor are they appropriately reported and valued in the scientific community.
Both issues negatively impact scientific quality in the field and hinder reproducibility.

Extended Text Descriptions Do Not Boost Annotation Performance
The shortcomings in quality we found in common practice regarding labeling instructions called
for an investigation on how this quality can be improved. As a first step in this direction, we
sought to determine the impact of different types of labeling instructions on the quality of
annotation of a particular dataset. The selected dataset [116, 166], which can be handled by
crowdworkers, combines highest quality reference annotations and 21 meta annotations per
annotated image that reflect the annotation difficulty. We created three distinct types of labeling
instructions with varying levels of information density, namely (a) minimal text, (b) extended text,
and (c) extended text including pictures, as detailed in Methods and Appendix A.5-A.7. Example
instructions are provided in Figure 4.3. The obtained 23,443 annotations on 14,040 images from
the 864 annotators were analyzed with a two-part zero-inflated beta mixed model (ZIBMM).
In contrast to the limited text labeling instructions, the extended text labeling instructions
included more detailed descriptions, counterexamples and information on uncommon annotation
cases that might appear. We define an annotation with a metric score equal to zero as a severe
annotation error. For the 4,680 images annotated with the extended text labeling instructions,
we observed a minor increase in the number of severe annotation errors compared to the limited
text labeling instructions [median: +0.4%; max: +14.8%; min: -31.7%]. Furthermore, we observed
no impact on the median DSC [43], and only a minor increase in the Interquartile Range (IQR)
[median: +1.8%; max: +33.3%; min: -75.8%]. These results contradict the initial assessment of the
professional annotators. The absent effect of the extended text labeling instructions is reinforced
by the results of the two-part ZIBMM, where we obtained no statistically significant difference
for the extended text labeling instructions compared to minimal text from both the first and
second part of the model, revealing that extended text descriptions do not boost annotation
performance.

Exemplary Images Are Crucial for Annotation Quality

Professional annotators claim that pictures help them understand labeling instructions (cf. Fig-
ure 4.2a). Therefore, the extended text including pictures labeling instructions were enriched by
pictures including rare occurrences. In comparison to the extended text labeling instructions,
the number of severe annotation errors was reduced for all five annotation providers [median:
-33.9%; max: -13.6%; min: -52.3%]. Furthermore, their median DSC score increased [median:
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+2.2%; max: 20.0%; min: +1.1%], and their IQR was reduced [median: -58.3% ; max: -9.1%; min:
-84.2%] (cf. Figure 4.4a). This reinforces professional annotators’ initial assessment that pictures
improve their understanding (cf. Figure 4.2a). The improvements occurred mainly on the difficult
annotation cases (cf. Figure 4.5). Surprisingly, the extended text instruction increased the number
of lower Based on the two-part ZIBMM, the odds of obtaining a severe annotation error with
these labeling instructions are 0.37 times (Credible Interval (CI): 0.28, 0.50) that with minimal text
labeling instructions. From the second part of the two-part ZIBMM, we obtained no significant
difference in the DSC score, once an object was identified. Thus, the improvements primarily
stemmed from the additional reduction of severe annotation errors (cf. Figure 4.4b).

Figure 4.5: DSC scores for the category with the least and the most image characteristics present on
the instrument level. For each annotation provider and type of labeling instruction, the Dice Similarity
Coefficient (DSC) scores per instrument are aggregated. (a) displays the category with images that do not
contain any artifact on the instruments. (b) displays the category with images that contain at least three
different artifacts on the instruments. The DSC scores for (a) and (b) are displayed as a dots- and boxplot
(the band indicates the median, the box indicates the first (25th percentile) and third (75th percentile)
quartiles and the whiskers indicate ±1.5× interquartile range, the DSC score maximum is 1 and the minimum
is 0 for each image). A combined total of 3,771 instrument annotations were observed for the category with
the least and the most present image characteristics.

Professional Labeling Companies Outperform The Most Popular Crowdsourcing Platform
In comparison to MTurk crowdworkers, professional annotators conduct labeling as their main
source of income, label more often in a week, and label for a higher number of weekly hours
(cf. Figure 4.6a - c). In contrast, MTurk workers have a longer employment history in labeling than
professional annotators, as displayed in detail in Figure 4.6d. This observation is consistent with
the historical development of the data annotation market, where general labor markets, including
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Figure 4.6: Work characteristics of professional annotators and Amazon Mechanical Turk (MTurk) crowd-
workers. In comparison to the MTurk crowdworkers, professional annotators conduct labeling as their main
source of income (a), label more often in a week (b), and spend a higher number of hours per week on
labeling images (c). In contrast, MTurk crowdworkers have a longer employment history with labeling than
professional annotators (d). Answers were processed from 298 professional annotators from five annotation
companies and 518 MTurk crowdworkers.

MTurk, preceded professional companies. Given minimal text labeling instructions, professional
annotators produced less severe annotation errors [companies median: 307; MTurk median: 549].
Furthermore, the professional annotators’ annotations generated a higher median DSC score
[companies median: 0.93; MTurk median: 0.67], and a smaller IQR of the DSC score [companies
median: 0.36; MTurk median: 0.67]. Both annotator types only showed minor or no improvement
with the extended text labeling instructions. While both annotator types benefitted from added
pictures, professional annotators displayed a stronger reduction of severe annotation errors
[companies median: -34.4%; MTurk median; -13.6%] and of the IQR [companies median: -63.00%;
MTurk median: -9.1%]. In contrast, MTurk crowdworkers displayed a stronger improvement of the
median DSC score [companies median: +1.7%; MTurk median: +20.0%]. Under the same conditions,
the odds of severe annotation errors for a professional annotator were 0.09 times (CI: 0.06, 0.12)
that of a MTurk crowdworker, keeping all other factors constant. Similarly, once an object was
identified, the odds for a professional annotator of achieving a perfect DSC score were 94.7%
(1.947, CI: 1.69, 2.24) higher than those of a MTurk crowdworker.

4.1.5 Discussion
To our knowledge, this study is the first to quantitatively and critically examine the role of labeling
instructions in professional and crowdsourced annotation work. We were able to uncover a
major discrepancy between their importance and quality/availability, and determine which type
of labeling instructions is the most effective. While labeling instructions play a crucial role in
the creation of biomedical image analysis datasets, current common practice is insufficient and
neither meets the requirements of industry (e.g. in creating large-scale datasets), nor those
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of academia (e.g. in hosting competitions) (cf. Figure 4.2c). Notably, professional annotators
demand a higher time and resource commitment from the creators of labeling instructions.
Furthermore, they identify current labeling instructions as a main cause for annotation delay
and rework (cf. Figure 4.2a). Interestingly, we found that extended text descriptions do not
necessarily boost annotation performance compared to minimal text descriptions (cf. Figure 4.4),
although professional annotators expect them to improve the understanding of the labeling
tasks (cf. Figure 4.2a). In contrast, the addition of pictures resulted in a clear improvement
among all annotation providers (cf. Figure 4.4), which matches the assessment of the professional
annotators (cf. Figure 4.2a). This improvement was mainly observed on ambiguous images
with challenging conditions, such as poor illumination or intersecting objects, as depicted in
Figure 4.5. Since ML models fail their prediction more often on ambiguous images than on clear
images [173], the correct annotation of such images in training datasets is particularly crucial
for good performance. Lastly, annotators from professional companies provide substantially
higher-quality annotations compared to those from the most popular crowdsourcing platform in
health research, MTurk, regardless of the type of labeling instruction.
One of the key implications of our findings is that there is a huge discrepancy between the
potential impact of labeling instructions on generating the desired annotations and their role in
current (research) practice. Our study shows that scope and specific design choices of labeling
instructions play a major role in generating the desired annotations. Among other contributing
factors such as prior annotation expertise or training, labeling instructions may thus determine
the attention to detail that annotators pay to annotating challenging images. The importance of
this is amplified in cases of datasets becoming increasingly complex and diversified over time,
where more and more challenging data points are added due to initial prediction difficulties of the
ML model. Consequently, researchers and practitioners alike should ensure proper representation
of the necessary information in their labeling instructions, extend them if needed, and invest
the necessary time to produce informative annotated images. However, we observed that 76% of
the recent MICCAI competitions did not report their labeling instructions (cf. Figure 4.2c). Since
competitions are aimed at generating high publicity, it can be assumed that their current handling
of labeling instructions represents the upper bound of quality regarding common practice, with
the quality being significantly lower for research projects devoid of intense public scrutiny. This
discrepancy is alarming and calls for a paradigm shift in common practice. Given our results,
the MICCAI Special Interest Group [119] for Biomedical Image Analysis Challenges is currently
reevaluating common competition practices and considering stricter rules for data quality for
future challenges.
Another implication of our study is that generating and publishing labeling instructions is a
precondition for enabling independent verification and reproduction of the created annotations.
Similarly to how published code enables the verification of algorithmic results in research papers,
access to labeling instructions is necessary to understand annotators’ decisions and potentially
recreate annotations. Furthermore, the information provided in labeling instructions is important
for ML practitioners. Based on the annotation decisions (e.g. handling of occluded objects of
interest) implemented in a dataset, ML practitioners need to define their own desired outcome
for these occurrences and modify their ML model accordingly. Given their impact on the resulting
annotations and the current poor state of datasets [135, 152, 144, 145], we argue that dataset
creators and competition organizers should publish their labeling instructions, as proposed by
Maier-Hein et al. [115]. To advance current practice, we recommend the dataset and labeling
instruction creation to be an iterative process properly modeling the underlying distribution
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of the data space, as described in Freeman et al. [51]. In earlier stages of the dataset creation
process, the focus should be on common occurrences (e.g. common surgical instruments in the
case of laparoscopic surgery) to generate strong initial model performance. Throughout the
process, special, conflicting or rare occurrences should be added to the dataset to maximize the
model performance and reflect the real-world distribution.

A further recommendation motivated by our study is for annotation requesters to evaluate their
annotator options more carefully and select their provider based on suitability to their annotation
requirements. While medical personnel alone may be too sparse and costly to satisfy the rising
demand for annotated biomedical image data [51], oftentimes, medical domain knowledge may
only be necessary for the creation of the labeling instructions and not the annotation itself.
Thus, crowdsourcing in combination with computer assisted annotation strategies can be a
valid and cost-effective approach. MTurk, the most commonly used crowdsourcing platform
in health research [32], follows a do-it-yourself model, where all components from annotator
training to annotation tooling are provided by the annotation requester and the crowdworkers
are employed on a freelance basis. In contrast, professional annotation companies assign
a dedicated contact person that oversees the project, with annotators trained and directly
employed by the annotation company. While MTurk can quickly scale up with a large number of
people, professional annotation companies tend to scale up more slowly. However, professional
annotators work on data annotation for a longer proportion of their workday and are usually
assigned full-time to an annotation project (cf. Figure 4.6). Regarding location, the international
annotation market leads to scenarios where requesters and annotators do not share the same
(native) language. This reinforces the need for clear and concise labeling instructions with
exemplary pictures as a fundamental requirement for scaling data annotation operations.
Irrespective of the person chosen to conduct the annotations, the required domain knowledge to
perform a given annotation task depends mainly on the underlying problem statement and the
used imaging modality. Furthermore, the scope and form of high-quality labeling instructions may
vary depending on the underlying problem. For simpler problems, such as eye color classification,
shorter labeling instructions may be sufficient. Complicated annotation tasks, on the other
hand, may require elaborate labeling instructions up to 400 pages in length [174] to properly
communicate the necessary information. Regarding form, a labeling instruction is not restricted
to being a document, and could be presented in video or app format as well. Which format or
combination works best for the problem at hand should be determined individually. Regardless,
the chosen format should be archivable to enable consistent onboarding of additional annotators
and access for future users of the dataset to understand the data generation process. In case
of doubt, sharing more information than necessary in the labeling instructions is preferable to
sharing too little information, as evidenced by our work (see Figure 4.4).
Of note, with performance assessment of crowdworkers still conducted by examining their perfor-
mance on reference standard datasets [51, 98] or measuring the inter-worker agreement [102, 136],
the recommended iterative labeling instruction generation would potentially reduce errors re-
sulting from lacking quality in labeling instructions and should thus result in a more precise
assessment of crowdworkers’ actual performances.
Another implication of our findings is the effect of annotation errors on the life cycle of a ML
system. Data critically impacts the entire pipeline of a ML system, from the initial problem
statement up to the final model deployment [168]. Annotation errors, often referred to as “label
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noise”, thus represent a long-standing challenge in the ML community, which has led to the
development of preprocessing methods to clean data or the creation of models that are more
robust to annotation errors [88]. This holds especially true for the safety-critical biomedical
domain, in which high-quality test images are the foundation for the medical certification of
new solutions [118, 161]. It should be noted that robustness also plays a particularly important
role in this domain. Hence, there is a risk of rare cases being mislabeled and not contributing
sufficiently to the robustness assessment. Our experiments show that images with rare but
relevant characteristics particularly benefit from labeling instructions with a higher density of
information (cf. Figure 4.5).

Furthermore, annotation errors in the test set have drastic consequences for ML competitions,
which are often considered the gold standard for identifying the best algorithm for a specific
research question. Competitions typically lead to winning algorithms becoming the new SOTA
method and being awarded tremendous monetary rewards and recognition [114]. Even for well
established datasets, such as ImageNet [94], annotation errors in the test set falsify the selection
of the best performing model. For example, a trained ResNet-18 model was shown to outperform
a trained ResNet-50 model if the prevalence of originally mislabeled test examples increases
by just 6%, given the corrected ImageNet test set [135]. This issue is further aggravated by the
fact that competition test sets are frequently inaccessible to the public after a competition ends,
making auditing of the test sets impossible. A comprehensive overview of data issues and their
cascading effect is provided by Sambasivan et al. [168]. In summary, reducing annotation errors
early on within the life cycle of an ML system by providing higher quality labeling instructions
positively impacts data preprocessing, model selection, model training, model validation and
finally model deployment.
A limitation of our study could be seen in the fact that we only included one dataset. Our
chosen dataset combines the advantages of high-quality reference annotations, representing
the real-world complexity with gradually increasing stages of difficulty and high volume. We
chose to only include one sample scenario since running several experiments with the same
annotation companies and different datasets poses significant risks of exposing the experimental
setting. Annotation companies are typically well aware of the most common datasets and would
additionally spot the known experimental structure of gradually increasing labeling instructions
within the same layout. Awareness of the experimental setting would in turn lead to results being
skewed in favor of high-quality performances, since these companies are inherently motivated
to present their work as reliable. A further limitation of our study is that MTurk required a
different annotation tooling than the annotation tooling used by the professional annotation
companies. To mitigate a potential impact of the toolings, all participating annotators had no
prior experience with their respective tooling and both toolings included best design practices
to enable high quality annotations.
Our study was subject to several design choices. For the performance measurement, we focused
on the DSC as an overlap-based metric. Utilizing distance-based metrics, such as the Normalized
Surface Distance, yielded similar results. For the statistical analysis, we assumed that the non-
zero DSC scores follow a beta distribution as it is the more natural distribution for this kind of
data. We further assumed that the random effects in the two-part ZIBMM are normally distributed
and correlated. The correlation assumption was reasonable in that, as the probability of severe
annotation errors increases, the expected DSC score decreases and vice versa.



58 CHAPTER 4. CONTRIBUTIONS

Even though this paper focuses on labeling instructions associated with biomedical image analy-
sis, we believe that the findings can be translated to other research fields, and to crowdsourced
data annotation in general. We expect the impact to go beyond academia because industrial
production ML projects by nature depend on a predefined level of annotation quality in order to
obtain the required algorithm performance level. Consequently, it stands to reason that more
effort and monetary resources should especially be invested in developing labeling instructions
in industry [51].
The present work opens up several future research avenues: First, a structured competition
submission system has improved the quality of biomedical image analysis competitions in recent
years [115]. By collecting the submitted labeling instructions and the corresponding feedback over
time, a model could be trained to provide an automated quality feedback mechanism for labeling
instructions in the biomedical domain. Second, professional annotation companies usually
conduct quality assurance checks by experienced annotators or team leads before providing
their created annotations to the annotation requester. Although we obtained significant quality
improvements in the obtained annotations by optimizing the labeling instructions, it would be
of interest to analyze potential further impact of such quality assurance checks. Additionally,
the interaction effects between experienced annotators working on quality assurance checks
and instructions with varying levels of information density could be of interest to the scientific
community. Third, data pipelines with a long-term focus face the risk of concept drift, where the
initially captured distribution of input data changes. How labeling instructions should evolve
along ever-changing data and its distribution remains an open question to be tackled. Finally, with
an increasing educational shift towards digitization and data science, involving medical students
in medical image annotation as part of their study program could potentially become a new
source of crowdsourcing. Future research should examine this promising symbiotic relationship,
where medical students obtain hands-on ML-related skills highly relevant to their profession
while at the same time easing the annotation bottleneck for the scientific community.
In summary, our study is the first to examine the impact of the quality of labeling instructions on
annotation work performed both by professional annotators and crowdworkers. We uncovered
a significant discrepancy between the demand of professional annotators for better labeling
instructions and current common practice. Given the rapidly increasing complexity and diversity
of datasets, we envision the establishment and widespread adoption of quality standards for
labeling instructions to become imperative in the future.
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4.2 Quantifying the Impact of Quality Assurance
Author’s Note on Reused Material:
This section and the referenced appendix sections substantially build upon the peer-reviewed
publication: Tim Rädsch et al., “Quality Assured: Rethinking Annotation Strategies in Imaging AI”,
published in the Proceedings of the European Conference on Computer Vision (ECCV) 2024 [157].
As first and lead author, I conceived the study, coordinated all interactions with the four com-
mercial annotation companies, specified and supervised the large-scale instance-segmentation
campaign, and lead the implementation of the full experimental and statistical pipeline, includ-
ing code for data pre-processing, quality-metric computation, and mixed-effects modeling. I
designed the figures, secured the necessary annotation funding, and directed the interpretation
of results. The manuscript was written primarily by me, with co-authors contributing domain-
specific feedback, supplemental analyses, and iterative editorial revisions. Significant portions of
the original text, tables, figures, and results have been adapted or expanded for integration into
this chapter in order to maintain coherence with the surrounding thesis. Permissions for text and
figure reuse have been confirmed with the publisher. The concept passage has been rewritten so
that each experiment’s rationale, finding, and implication is clearly explained, and the respective
Discussion subsection enables readers to understand both the integrated contribution and its
individual ramifications. This work was co-authored with Annika Reinke, Vivienn Weru, Minu D.
Tizabi, Nicholas Heller, Fabian Isensee, Annette Kopp-Schneider, and Lena Maier-Hein.

4.2.1 Concept Overview
Reliable benchmarking of image-analysis algorithms depends not only on clear, example-driven
labeling instructions, as established in the previous chapter, but also on the execution context
in which those instructions are applied. Having shown that instruction design is decisive for
annotation accuracy, we now investigate two further determinants that arise once the content of
the instructions is fixed: the choice of annotation provider and the effectiveness of providers’
internal quality-assurance (QA) pipelines. This progression from what to instruct toward where
and how to annotate constitutes the logical next step in constructing dependable reference
datasets.
Our study encompasses 57 648 instance-segmented images annotated by 924 workers and re-
viewed by 34 QA specialists across four professional annotation companies and MTurk, as de-
picted in Figure 4.7. Annotation quality is quantified with the DSC and the Normalized Surface
Distance (NSD), while intentional low-effort submissions are filtered through duration thresholds
and expert screening. A logistic mixed-effects model, incorporating random effects for image,
annotator, and provider, captures variance in QA efficacy across 57 636 metadata-labeled images.
We address three research questions:

• RQ 1 - Provider performance. How does the choice of annotation provider influence the
quality and cost of annotations?

• RQ 2 - Added value of internal QA. Does annotation companies’ quality assurance improve
annotation quality?

• RQ 3 - Selective QA. Should quality assurance focus on specific subsets of images?
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Figure 4.7: Research Questions (RQs) tackled in this work. Based on 57,648 instance segmentation masks
annotated by 924 annotators and 34 quality assurance (QA) workers from five different annotation providers,
we (1) compared the effectiveness of generating high-quality annotations between annotation companies
and Amazon Mechanical Turk and (2) investigated the effects of annotation companies’ internal QA and (3)
real-world image characteristics on the annotation quality.

The results reveal that (i) annotation companies deliver higher annotation volumes and superior
DSC/NSDscores than MTurk at lower cost; (ii) internal QA yields only marginal improvements
once detailed, example-rich instructions are in place, whereas further investment in instruction
engineering produces substantially larger gains; and (iii) QA benefits concentrate on visually
challenging images, such as those with low illumination or complex object overlap, indicating
that targeted rather than blanket QA maximizes cost-benefit efficiency.
Taken together, this work complements the previous chapter by showing that, after optimizing
labeling instructions, the largest additional improvements in annotation quality arise from
discreet annotation provider selection and selective, characteristic-aware QA. These insights
complete a coherent framework for producing high-quality reference data and thereby reinforce
the empirical foundations for trustworthy benchmarking and real-world deployment of image-
analysis algorithms.

4.2.2 Methods
In the following, we describe the selected data, the labeling instructions, annotation providers
and annotators, and the QA process of our work.

Definitions
We follow the definitions as in the previous contribution, see Section 4.1.2. This ensures consis-
tency for our experiments and should ease the statistical analysis.

Analysis of Computer Vision Conference Exhibitors
We included the major computer vision conferences from 2022 and 2023, namely: ECCV 2022,
CVPR 2022, ICCV 2023, and CVPR 2023. The list of exhibitors was extracted from the respective
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Figure 4.8: a) In contrast to Amazon Mechanical Turk (MTurk), annotation companies commonly perform
quality assurance (QA) before delivering the result to the annotation requester. b) Annotation providers
are an integral part of the computer vision community. They account for around 20% of exhibitors present
at major computer vision conferences (European Conference on Computer Vision (ECCV) 2022: n = 40,
Conference on Computer Vision and Pattern Recognition (CVPR) 2022: n = 97, European Conference on
Computer Vision (ICCV) 2023: n = 43, CVPR 2023: n = 104) in the last two years.

conference websites1. We define an annotation provider as an entity that provides annotations
performed by human workers. Consequently, each exhibitor’s website was analyzed to determine
whether the exhibitor provides human-generated annotations as a core component of their
offering. Companies offering solely synthetic data were not included.

Data Selection
We conducted our experiments on the instance segmentation data from the HeiCo for surgical
data science in the sensor operating room [116], representing a safety-critical application that
crowdsourcing platforms can still handle. The task involved segmenting surgical instruments
from laparoscopic videos, resulting in 57,648 instance segmentation masks on 4,050 unique
frames. Furthermore, we used 57,636 metadata annotations on the unique images to quantify
the effect of varying real-world image characteristics (see RQ3). Characteristics included motion
blur, underexposure, object occlusion, or overlapping objects, among others, and are illustrated
in Appendix A.8. Overall, the goal was to have a broad range of real-world image characteristics
represented in our selected data.

Labeling Instructions
To investigate the benefit of QA compared to an investment in detailed labeling instructions, we
created three distinct types of labeling instructions with varying levels of information density,
namely, (1) minimal text, (2) extended text, and (3) extended text including exemplary pictures.

1Accessed 2024-03-04: https://hallerickson.ungerboeck.com/prod/app85.cshtml?aat=
{wRAm7m6yFc6aFoOwv9ggPME6PgM3DwEgvwcFfgyN3YY%3d;
Cr9Jl1p0qL33RLclLrfrlBKRmhROPXGkDwcQAVv7zHM%3D;
Zva%2bsPD7WeTWWGsGWvarzixed2IJHWExCd84dKNS6Yg%3d};
https://iccv2023.thecvf.com/exhibitor.list.and.floor.plan-365000-5-44-50.php
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Each subsequent labeling instruction type was structured to contain more detailed information
than the preceding. To ensure accurate labeling of the imaging data, we established a collection
of design principles applicable to all labeling instructions:

(1) Labeling information is presented in a slide format to enhance the processing of infor-
mation by humans.
(2) Each slide contains a distinct ’chunk’ of information, which is a self-contained piece of content.
This approach of ’chunking’ information lessens the cognitive load on the working memory.
(3) Related information chunks are placed in close proximity to one another.
(4) A uniform design template is used throughout, featuring specific fonts, symbols, and color
schemes.
The three labeling instructions differ as follows:
Minimal text labeling instructions: These instructions provide a concise textual outline, offering
examples of typical annotations and highlighting the most frequent annotation types (see Ap-
pendix A.5). They reflect a scenario with minimal effort invested in developing the instructions.
The basic framework includes seven slides totaling 168 words.
Extended text labeling instructions: Building upon the simplified version, the extended text
instructions offer a thorough textual explanation, supplemented by both positive and negative
examples (refer to Appendix A.6). They cover both regular and some rare annotation scenarios.
The enhanced version comprises ten slides with a total of 446 words.
Extended text including pictures labeling instructions: These instructions augment the enhanced
textual guidelines with images (detailed in Appendix A.7). The visual aids feature descriptions,
symbols, annotations, and color coding to effectively communicate the details on the slides.
They also include illustrations of rare annotation cases, indicating a deep and well-documented
understanding of the labeling process. This set contains 16 slides with a total of 961 words. We
refer the reader to the Appendix for full details of each labeling instruction type. From a 2025
perspective, an increasing number of projects uses labeling instructions. We postulate that
the demand for more complex data (see Section 3.1.2) is a major contributing factor. Overall,
with increasing annotation complexity, the agreement between annotators falls, because more
interpretation variants for the same data point are possible.

Annotation Provider Selection
Annotation provider selection should include a broad range of dimensions to accurately meet the
requester’s demand. In the following, we will highlight some relevant dimensions that influence
annotation quality:
Price - Given a fixed annotation budget, the price per annotation determines the final annotation
volume. However, price alone does not necessarily reflect annotation quality. Our research
has shown that higher quality can sometimes come at a lower cost. Given the international
distribution of annotation work, prices can vary widely for the same project. Therefore, price
should be considered alongside other dimensions to ensure a comprehensive evaluation.
Annotator expertise - Overall, higher annotator expertise results in higher-quality annotations.
This includes both (1) the necessary knowledge to perform the annotation task and (2) the
handling of the annotation tool. It is important to note that expert annotators may not produce
high-quality annotations if they lack tool-handling skills or sufficient time. Conversely, adequate
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knowledge of the task is essential for generating high-quality annotations. Splitting a complex
annotation task into simpler subtasks can be an effective strategy to reduce the knowledge
required from each annotator.
Risk diversification - Large-scale annotation projects often span several months or even years.
To mitigate risks, it is essential to diversify the annotation pipeline. Relying on a single country
or provider can be risky, as demonstrated by various recent international crises. Diversifying
providers across different regions can enhance the resilience of the annotation pipeline.
Ethics - Providing adequate working conditions for annotators should be a standard practice. We
advocate for fair treatment and proper compensation for annotators, as demonstrated by our
experiments. For a more in-depth discussion on the ethics of data annotation, we refer readers
to the work of Miceli et al [125].

Annotation providers
The study was conducted based on 216 annotators and 34 QA workers from four annotation
companies and 708 crowdworkers from the crowdsourcing platform MTurk. Our goal was to
provide the best representation for both annotation provider types. To ensure comparability, we
had selected the same providers as in the previous study. It is generally uncommon to employ
professional companies for small scale projects that are limited to QA. However an increasing
number of companies are founded that focus exclusively on QA [108]. For most scenarios, they
are employed for larger projects with seven digit dollar project volumes.
Consequently, we established higher standards for our MTurk crowdworkers compared to the
usual research benchmarks, which generally require a 95% acceptance rate of HITs and at least
100 completed tasks [25, 67, 15]. The goal was to generate the highest quality annotations on the
one hand and keep them as close to a real world annotation project on the other hand. Therefore,
our criteria included a 98% acceptance rate with over 5,000 completed HITs, surpassing the
vast majority of all crowdsourcing studies in the literature. We spread out the HITs over 40
days at all times to obtain a representative MTurk sample and compensated workers fairly, as
recommended by Litman et al. [111]. Despite its substantial impact on annotator performance,
worker compensation is often overlooked by the community [125]. The annotation companies we
selected have a solid background in handling large-scale annotation tasks in a variety of domains
and operate internationally. The annotators were allocated by the companies themselves to
replicate the typical workflow of a project carried out by an annotation company. Each annotator
was linked to a specific annotation provider that had been predetermined. No selection process
from our side took place for either the annotators, QA workers, or the MTurk crowdworkers, to
prevent annotation companies to game our experiments.
To prevent information leakage, we conducted the labeling process with increasingly detailed
labeling instructions (minimal text instruction, extended text instruction, and extended text in-
cluding pictures instruction). Each annotator worked exclusively with one of the three instruction
types as introduced in Section 4.2.2. To enhance security, we included a mandatory minimum
gap of ten days between consecutive labeling instructions.

Annotation Tool
MTurk operates on a self-service basis. In this model, the individual or organization requesting
annotations is responsible for supplying all aspects, including training for annotators and
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the annotation tools, whereas the crowdworkers are engaged as independent contractors. In
contrast, annotation companies provide a managed service for handling annotators, who can
work on any annotation tool that the requester gives access to. Since the tool used for the
annotation companies was not available for MTurk, we used a different annotation tool for MTurk.
Both annotation tools were developed with best design practices to ensure the production
of high-quality annotations. Furthermore, the tools were tested internally, until a sufficient
user experience and annotation result were achieved. As intermediate annotations without
QA are typically not visible to the requester, the software company added automated backend
exports after the annotation step to enable this study. This enabled our study in the first place
and decreased the chance for the annotation companies detecting our experiments. We even
excluded the teamleads, which normally have a broader access in the project management
software in comparison to regular annotators or QA workers. Professional annotators are aware
that their work is internally verified by QA workers. None of the annotators participating had
previous experience with the annotation tools they were using. This was the only possible
solution, because companies use different tools on a regular basis. Including a more known
tool, would give certain annotation companies an unfair advantage and increase the modeling
difficulty.

Quality Assurance Process
In the internal QA process, annotators typically report to a small number of experienced QA
workers, who are often responsible for training their team and, in our case, responsible for the
QA of the annotations.
The general workflow for all companies consisted of an annotation stage, in which images were
assigned randomly to each annotator, and a QA stage. Similarly, each of the annotators was
assigned randomly to a QA worker. This resulted in around seven annotators per QA worker. During
the annotation stage, annotators received raw images with the task of annotating them until
they considered the quality of annotations satisfactory. Annotators were aware that their work
would be checked by QA. However, they did not know in advance, which QA worker would check
their work. Once submitted, the QA worker gained access to the generated annotations, allowing
them to make modifications until they were satisfied before submitting the final annotations for
delivery to the requester. Throughout this process, both annotators and QA workers retained
access to the respective labeling instructions at any given moment. We obtained access to the
annotations both before and after QA through a software company handling a substantial number
of annotation projects annually. The experiments were seamlessly integrated into the software
company’s pipeline of annotation projects, reducing the risk of exposing our experiments. Pricing
was established to be representative of other projects of similar size to risk the exposure potential
and enable fair worker compensation.
To maintain fairness and avoid giving any annotation provider a potential informational advantage
that may have affected our statistical analysis, no specific queries from the annotation companies
about the content of the labeling instructions were addressed. While this might seem unintuitive
at first, it is quite common, as evidenced by the small number of projects that even provide
labeling instructions (see Figure 4.2).
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4.2.3 Experiments
In the remainder of this section we present the experimental design conducted for each RQ. Study
design, evaluation metrics, and statistical procedures are delineated individually for RQ 1-RQ 3
as outlined below.

RQ 1: Annotation Provider Selection
Each of the five labeling providers annotated the same images with each set of labeling instruc-
tions, employing separate annotators for each task. We analyzed the number of spam images,
images with severe errors, i.e., images with at least one false positive and/or false negative, and
the overall annotation quality with the DSC [43] as the overlap-based metric and the NSD [161]
as the distance-based metric. We define a spam annotation as a purposefully poor-quality
annotation with the intent to obtain the payment without properly conducting the annotation
task. Annotation duration was used as an auxiliary measure, where accessible. For instance, if an
annotator completed the task in only 17 seconds, they could not have read the instructions and
properly performed annotations on several images. Of note, a spammer could wait a relevant
number of seconds and then enter a poor-quality annotation to bypass the annotation duration
check. Thus, each image was additionally visually inspected by an engineer with extensive label-
ing experience. Spam annotation examples are displayed in Appendix A.9. We did not use other
measures, such as mouse movement or other telemetry data, because they were not available
via MTurk.

RQ2: Internal QA Analysis
The annotation companies conducted their internal QA processes directly after their annotators
completed the annotation job, as explained in Section 4.2.2 and Figure 4.8a. The experiments
began with only providing the minimal text labeling instructions, followed by the extended
text labeling instructions, and finally, the extended text instructions with pictures, to prevent
information leakage. A subsequent round of annotations was only

For each annotated image, we calculated the DSC and NSD per instance, aggregated the scores per
annotated image, and aggregated the scores over each annotation company and each labeling
instruction. We then compared the annotation quality without and with QA across the three
types of labeling instructions for the four annotation companies by computing both absolute
and relative changes in DSC/NSD aggregates, the percentage of modified images, and the change
in the percentage of severe errors, among other parameters.

RQ3: Image Characteristics
In contrast to MTurk, the four annotation companies conducted an additional annotation round,
including QA, with the extended text including pictures labeling instructions to quantify the
impact of different real-world image characteristics, represented by 57,636 metadata annotations,
on the probability of improvement. The data was analyzed with a logistic mixed model [123]
which included random effects for the image, the annotator, and the annotation company and
the model was implemented in the lme4 package in R. The obtained estimates of the covariates
are on the log-odds scale and were exponentiated to obtain the odds ratio for each covariate.
The implementation was conducted with the programming language R ( Software: R version
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4.0.2, package lme4 version 1.1.33). Similar to the previous contribution, we included statisticians
before the start of the project to enable a representative data selection, overall annotation and
QA setup and resulting statistical analysis.

I ∼ (1|Image_name) + (1|Company/Annotator) +
7∑

i=1

Gi +

10∑
i=1

Di (4.4)

where:
• Improvement (I) is the response variable.
• (1|Image_name) represents a random intercept for each Image_name.
• (1|Company/Annotator) represents a random intercept, with Annotator nested within

Company.
•
∑7

i=1 Gi represents the generalizable fixed effects, with Gi being the ith analyzed general-
izable covariate.

•
∑10

i=1 Di represents the domain-specific fixed effects, with Di being the ith analyzed domain-
specific covariate.

List of covariates:
• Generalizable covariates:

– Motion artifacts in the background
– Other objects present in the background
– Object occluded by background
– Intersection of objects
– Motion artifacts on the object
– Object(s) overexposure
– Object(s) underexposure

• Domain-specific covariates:
– Background covered by blood
– Background covered by reflections
– Background covered by smoke
– Image overlaid with text
– Caption at the bottom of the image
– Black box present in the image
– Trocar present in the image
– Object covered by blood
– Object(s) covered by reflections
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– Object(s) covered by smoke
Real-world image condition analysis
For the impact analysis of real-world image characteristics on QA, we focused solely on the
extended text including pictures labeling instructions and the annotation companies. While
it would be interesting to observe the interaction with the other labeling instructions as well,
the companies were already exposed to the instruction with the highest information density.
Therefore, they would have access to additional information that would prevent a fair comparison
between the different instructions. All 4,050 unique frames of the HeiCo dataset were annotated
two times by each annotation company, accumulating eight annotations for each frame. For this
analysis we utilized all collected 57,636 metadata annotations.
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Figure 4.9: Annotation companies are more efficient at generating high-quality images than Amazon
Mechanical Turk (MTurk). Percentage of images without severe errors (green), images with severe errors
(orange), and spam (red) obtained for the five different annotation providers investigated. Annotation costs
per image were lower for all companies compared to MTurk (median: 61.1%).

4.2.4 Results
Annotation Providers Are a Crucial Part of The Computer Vision Community
Based our computer vision conference exhibitor analysis, we were able the identify their impact
for the scientific community. In the last two years, around 20% of the conference exhibitors
were annotation providers, as illustrated Figure 4.8. As the majority of exhibitors were offering
specific tech products, we excluded exhibitor booths from our analysis that were not clearly
related to a specific offering (e.g., the booth for the ECCV coffee station or the Springer Publishing
Group). This resulted in three excluded exhibitors for ECCV 2022 (total before exclusion: 43),
seven excluded exhibitors for CVPR 2022 (total before exclusion: 104), three excluded exhibitors
for ICCV 2023 (total before exclusion: 47), and eight excluded exhibitors for CVPR 2023 (total
before exclusion: 112). At the time of the study, computer vision research was considered one of
the most in-demand research topics, which might explain the large number of vendors at CVPR
in contrast to the other major ML conferences. Since then, interest in LLMs and VLMs has risen
rapidly with the release of ChatGPT in 2023. This might imply that vendors are shifting to other
conferences that go beyond computer vision.

Professional Annotation Companies Outperform MTurk Both in Terms of Cost and Quality of
Annotations
Annotated images generated by the annotation companies were of higher quality, comprising
no spam (MTurk: ∼20%) and a much higher proportion of remaining images without severe
annotation errors. In particular, we observed a factor of > 2 improvement for all companies
compared to MTurk, as shown in Figure 4.9. In addition, the observed annotation companies
were 61.1% cheaper in the median, despite their additional employment of QA workers. More
specifically, the costs ranged from 24.5% to 81.5% of the MTurk costs for the same images and
number of annotations. We have not been given permission to reveal the identities and exact
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Figure 4.10: QA of annotation companies only provides marginal improvements, if any. These depend highly
on the company and type of labeling instruction. a: Absolute change of the median DSC resulting from
performing QA. For each company and labeling instruction, the median was obtained by aggregating the
DSC scores over the images. b: Corresponding absolute values of the DSC. Positive and negative changes
from annotation to QA are colored according to the color scale.

absolute budgets used for the annotation companies, hence we report costs relative to the MTurk
budget. The companies consider their pricing strategies as a competitive advantage and include
Non-disclosure agreements (NDAs) as part of their contracts. To simulate a regular annotation
project, we agreed to these common practice. Examples of spam annotations are provided
in Appendix A.9.
Regardless of the annotation scenario, the annotation companies generated higher quality
annotations than MTurk with higher DSC scores including smaller IQRs (see Figure 4.14a), higher
NSDscores including smaller IQRs (see Figure 4.14b), and lower numbers of severe errors (see
Figure 4.14c). In fact, the annotation companies more than halved the number of images with
severe annotation errors. While MTurk produced 44.8% images with severe errors, the best
company generated less than 20%. Across all providers, the extended text including pictures
instruction generated the lowest number of severe errors. While the extended text instruction
did not improve the overall annotation quality, they still reduced the number of severe errors for
three of the five observed providers.

Annotation Companies’ Quality Assurance Does Not Improve Annotation Quality
As shown in Figure 4.10, the internal QA conducted by annotation companies does not substantially
improve annotation quality if the QA workers only use minimal text instructions. The impact of QA
when having access to extended text instructions or extended text including pictures instructions
depended highly on the annotation company, while the effect was still minimal compared to not
performing QA: Two of the four annotation companies show no change in the median DSC when
comparing QA to non-QA outputs for extended text or extended text and picture instructions.
The remaining two companies only show a very small relative improvement of below 2%.
We obtained even smaller improvements with the NSDscores, as depicted in Table 4.1. In certain
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Figure 4.11: Improving the labeling instructions yields a higher effect compared to adding QA to the annota-
tion process. The baseline performance (minimal labeling instruction, no QA) according to the DSC (a) and
the percentage of severe errors (b) is shown individually per company with a red asterisk (minimal labeling
instruction, no QA). While adding QA only yields marginal improvements (dark blue), major performance
boosts are obtained by improving the labeling instructions provided to the annotators (green). DSC scores
were aggregated for each image and per labeling type. DSC displayed as dots and box plot (band indicates
the median, box indicates the first (25th percentile) and third (75th percentile) quartiles). 0 ≤ DSC ≤ 1.

scenarios, QA was able to remove a small proportion of severe errors, however, the vast majority
of severe remains in the data (see Table 4.2). Notably, the percentage of modified images by
QA workers depended highly on the company, as depicted in Section 4.2.4. Company 4 modified
less than 2%, yet they obtained the highest DSC score for the minimal text and extended text
labeling instruction. For the third labeling instruction they modify the largest number of images.
Figure 4.11 further illustrates that providing annotators with high-quality labeling instructions
including pictures (green) leads them to vastly outperform annotators working with lower-quality
labeling instructions, even if these are followed by additional internal QA (dark blue).

QA Workers Modify Only a Tiny Fraction of The Annotated Images
The number of modified images depended highly on the annotation company, as displayed
in. Figure 4.12a. Nevertheless, a substantial proportion of modified images did not inherently
imply superior annotation quality ( Figure 4.12b). For instance, Company 1 on average made
modifications to every third annotated image, while Company 4 only made modifications to every
10th image. However, it is evident that Company 4’s resulting annotations clearly outperformed
those of Company 1 when employing the extended text and extended text including pictures
labeling instructions. The combination of a low modification rate and high annotation quality
achieved by Company 4 could suggest a higher level of annotator expertise.
Overall, the annotations conducted with the extended text including pictures labeling instructions
outperform all other experiments and QA efforts. This is a clear indication that further research
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Table 4.1: QA of annotation companies yields only marginal improvements in Normalized Surface Distance
(NSD) scores. The table reports NSDvalues at the 25th percentile, median, and 75th percentile for four
companies with different labeling instruction (minimal text, extended text, extended text with pictures),
comparing initial annotations and QA. Across all companies and instruction types, the differences between
annotation and QA stages are small, indicating that QA provides limited additional benefit once detailed
instructions are established. The values range from 0 (no agreement) to 1 (perfect agreement).

25th Percentile Median 75th Percentile
Company Stage Annotate QA Annotate QA Annotate QA

Company 1 1) Minimal text 0.65 0.66 0.99 0.99 1 1
Company 1 2) Extended text 0.62 0.61 0.99 0.99 1 1
Company 1 3) Extended text + pictures 0.97 0.97 0.99 0.99 1 1

Company 2 1) Minimal text 0.61 0.49 0.98 0.97 1 1
Company 2 2) Extended text 0.66 0.92 0.99 0.99 1 1
Company 2 3) Extended text + pictures 0.93 0.95 0.99 0.99 1 1

Company 3 1) Minimal text 0.63 0.65 0.99 0.99 1 1
Company 3 2) Extended text 0.5 0.67 0.98 0.99 1 1
Company 3 3) Extended text + pictures 0.82 0.93 0.99 0.99 1 1

Company 4 1) Minimal text 0.66 0.66 0.99 0.99 1 1
Company 4 2) Extended text 0.96 0.96 0.99 0.99 1 1
Company 4 3) Extended text + pictures 0.98 0.98 1 1 1 1

on internal QA processes is needed.

Quality Assurance Should Focus On Specific Subsets of Images
As shown in Figure 4.13a, QA significantly increases the odds of improving the annotation quality
for images with generalizable image characteristics such as underexposed objects, intersection
of objects, objects occluded by background in comparison to the absence of this characteristic
(vertical black line). The only exceptions are motion artifacts present in the background and
object(s) overexposure. The largest odd increase can be observed for intersecting objects, which
is the only characteristic that includes more than one object of interest. This indicates that
interacting objects represent one of the most difficult annotation cases. Furthermore, this
characteristic can be added with a simple heuristic and does not need any human annotations.
In contrast to the general increase of images with generalizable image characteristics, none of
the domain-specific image characteristics yield a significant change in the odds of improving the
annotation quality over a regular image, see Figure 4.13b. The only exception for domain-specific
characteristics is object(s) covered by smoke, which could be interpreted as a form of object
occlusion.

4.2.5 Discussion
The data annotation market is estimated to reach a volume of more than USD 4.1 billion by the end
of 2024 [31]. As the annotation process becomes increasingly automated and foundation models
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Table 4.2: QA of annotation companies yields only marginal reductions in severe error rates. The table
reports the percentage of severe errors for four companies with different labeling instruction (minimal text,
extended text, extended text with pictures), comparing initial annotations and QA. Across all companies
and instruction types, the reductions are small and inconsistent in direction, indicating that the effect of
QA on severe errors depends strongly on both the company and the type of labeling instruction.

Company Stage Annotate QA Difference

Company 1 1) Minimal text 0.18 0.17 -0.01
Company 1 2) Extended text 0.2 0.2 0
Company 1 3) Extended text + pictures 0.1 0.1 0

Company 2 1) Minimal text 0.22 0.28 0.06
Company 2 2) Extended text 0.19 0.13 -0.06
Company 2 3) Extended text + pictures 0.14 0.11 -0.02

Company 3 1) Minimal text 0.21 0.19 -0.01
Company 3 2) Extended text 0.25 0.17 -0.08
Company 3 3) Extended text + pictures 0.16 0.12 -0.04

Company 4 1) Minimal text 0.18 0.17 0
Company 4 2) Extended text 0.12 0.12 0
Company 4 3) Extended text + pictures 0.09 0.09 0

evolve, the market is undergoing drastic shifts. With lower entry barriers for annotation, more
efficient data annotation tools, and a rising impact of QA, it is thought to result in an estimated
USD 8.2 billion market by 2028 [162]. As a research community, we need to understand how to
ensure high annotation quality throughout this evolution, as reliable reference annotations are
an indispensable foundation for the benchmarking of image analysis algorithms, and thus their
ultimate translation into real-world practice.
To our knowledge, this study is the first to quantitatively and critically examine the impact of
internal QA conducted by annotation companies in the context of safety-critical applications.
The most important insights can be summarized as follows:

1. Annotation companies perform better both in terms of quantity and quality compared to the
widely used platform MTurk ( Figure 4.9). This implies that requesters working with crowdsourcing
platforms should seriously consider annotation companies as an alternative. The organizational
structure of these companies, which enables a single point of contact for requesters and elim-
inates spam annotations, appears to be a contributing factor to their efficiency. In light of
poor working conditions being a major problem in annotation generation [125, 79], annotation
companies, which can more easily be inspected than distributed crowdsourcing platforms, are
thought to offer better working contracts, enabling fairer working conditions for annotators. It
should be noted that not every annotation company automatically ensures adequate working
conditions. The annotation companies employed in this study underwent thorough scrutiny to
guarantee compliance with good working condition guidelines. With annotators working at a
shared location instead of in a distributed crowd, verifying annotators’ working conditions has
become substantially easier. We thus view our work as an initial step towards greater account-
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Figure 4.12: The percentage of modifications by QA workers differed greatly between the companies.
However, this did not necessarily result in higher annotation quality, when compared to other annotation
companies. a, The percentages of modified and unadapted images by QA workers. An image counts as
modified if the responsible QA worker adapted the received instance segmentation mask from the annotator.
b, The DSC was aggregated for each resulting annotated image and is displayed aggregated for each pair of
annotation company and labeling instruction as a dots- and boxplot (the band indicates the median, the
box indicates the first and third quartiles and the whiskers indicate ±1.5× interquartile range), the DSC
maximum is 1 and the minimum is 0 for each image.

ability on the part of annotation requesters. Further dimensions of annotation provider selection
are discussed in Section 4.2.2.
2. In contrast to common belief, internal QA mechanisms do not necessarily improve annotation
quality ( Figure 4.10). Furthermore, we observe no systematic QA quality improvement difference
between annotation companies depending on their region of origin, size, or price, meaning more
expensive annotation companies do not translate to better QA. However, improving labeling
instructions instead of investing in QA can substantially boost the annotation performance
( Figure 4.11). Consequently, in order to obtain high-quality annotations, annotation requesters
should prioritize refining their labeling instructions, followed by implementing QA or even a
different external QA process as a secondary step. Compared to QA, better labeling instructions
can be generated with relatively few resources.
3. The benefit of QA depends on the specific image characteristics ( Figure 4.13). In fact, QA did
improve the quality of images with certain challenging real-world image characteristics, see
Figure 4.13a. Consequently, it might be useful for requesters and annotation companies alike
to allocate resources to identifying challenging image characteristics during a project, train
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classifiers to identify images containing these characteristics and focus the internal QA effort on
these images.
One could contend that the recent rise of foundation models marginalizes the role of annotation
providers. We argue, however, that it only changes their role. In this context, it is necessary to
differentiate between the data quality demands for the training and testing of models. With a
recent trend towards fine-tuning pre-trained models, smaller high-quality datasets can achieve
similar performance with less computation [101, 22], highlighting the importance of the quality of
unlabeled data in unsupervised training and its role in reducing carbon emissions [186]. In testing,
especially for safety-critical applications such as autonomous driving and clinical medicine,
ensuring high-quality annotated test data is crucial for accurate model evaluation and real-world
applicability [168]. Consequently, while training data annotation may lose relevance, test data
annotation and its high quality demands are here to stay. Regarding foundation models, it should
further be noted that annotations purely produced by foundation models introduce artifacts and
biases [14] and represent an increasing rising problem for MTurk, as demonstrated by Veselovsky
et al. [194].
Our study is subject to several limitations which deserve further discussion. Comparing prices
across providers is non-trivial as the costs to annotate a given dataset depend on many factors
including, among others, image quantity, type of annotations, location of annotation company
and quality requirements. Our analysis was based on the actual costs incurred during our project.
Confidentiality agreements with the software company which integrated our experiments into
their annotation project pipeline prevent us from disclosing the identities of the annotation
companies. Additionally, we took precautions to protect the identities of individual annotators
and QA workers. This was particularly important given our findings that QA workers did not
significantly enhance annotation quality, potentially exposing them to negative repercussions.
Another limitation could be seen in the fact that our dataset only represents one safety-critical
domain. While this is a valid concern, we would like to highlight that we chose a dataset which
combined quality, complexity, and volume. Furthermore, regarding the breadth of annotation
providers and the number of annotators involved, our study is likely the largest of its kind,
thereby incurring substantial costs.
Finally, conducting multiple experiments with identical annotation companies and varying
datasets could have potentially revealed our experimental design. Had the annotation compa-
nies been aware of our research, outcomes could potentially have been biased to appear more
favorable, given companies’ inherent interest in demonstrating their services as reliable. We
thus chose to conduct our experiments such that they could be seamlessly integrated into the
software company’s annotation pipeline, reducing their likelihood of exposure.
With the recent focus on VLMs, extending experimental analyses to multimodal data has the
potential to generate novel insights of direct relevance to the research community. A comple-
mentary line of research concerns the use of expert-annotated data, which may provide a deeper
understanding of the effectiveness of QA strategies on the current demand. We hypothesize
that the observed effects will be of comparable magnitude, since expert annotators in niche do-
mains often display substantial variability in their approaches and decision criteria. n additional
question arises as to whether the presence of domain experts is strictly required for effective
QA, or whether certain components of the process might be reliably delegated to non-expert
annotators.
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Figure 4.13: QA of annotation companies can be beneficial to certain images with difficult real-world
generalizable image characteristics, such as underexposure or intersection of objects. We display the impact
of (a) real-world generalizable and (b) domain-specific image characteristics on the odds of improvement.
Improvement is defined as a positive difference in the QA, while no improvement refers to 0 or negative
difference. The effect of an image characteristic is shown in the form of the log(odds ratio (OR)) representing
the logarithms of the odds of improvement in the presence of the characteristic, compared to the odds of
improvement occurring in the absence of that characteristic. The vertical black line refers to the point of
equal odds. (Note: ***: p-value ≤ 0.001,**: p-value ≤ 0.01, *: p-value ≤ 0.05).



76 CHAPTER 4. CONTRIBUTIONS

(a) Annotation companies generate higher DSC scores than MTurk. 0 ≤ DSC ≤ 1.

(b) Annotation companies generate higher NSDscores than MTurk.0 ≤ NSD ≤ 1.

(c) Annotation companies generate a lower number of severe errors.

Figure 4.14: Annotation companies generate higher quality annotations with their annotation pipeline than
MTurk. This is observed for (a) the DSC, (b) the NSD, and (c) number of severe errors (lower is better).
Annotation companies include a QA step, in contrast to crowdsourcing on MTurk. (a) and (b) displayed as
dots and box plots (band indicates the median, box indicates the first (25th percentile) and third (75th
percentile) quartiles).
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4.3 DomainBench: Generating VLM Benchmarks for Domain Re-
searchers

This section and the referenced appendix sections are based in large parts on the submitted
manuscript: Tim Rädsch et al., “DomainBench: A Framework for Scalable VLM Perception Bench-
marking on Your Own Images”, submitted to theConference on Neural Information Processing
Systems in 2025 (preprint: [156]). As the lead and first author of this publication, I played the
central role in designing the study, preparing and conducting the annotation experiments, gener-
ating the benchmark datasets and implementing the associated code. I initiated and coordinated
the collaboration with the involved QA company and annotators. I led the creation of the data
enrichment pipeline and the benchmark pipeline. I led the interpretation of results and led the
writing of the manuscript together with several co-authors, who provided analytical input, textual
contributions, and iterative feedback. Significant portions of the text, figures, and results have
been adapted and integrated into this chapter. Text and figures are extracted from the preprint
at the time of submission. The concept passage has been rewritten so that each experiment’s
rationale, finding, and implication is clearly explained, and the respective Discussion subsection
enables readers to understand both the integrated contribution and its individual ramifications.
This work was co-authored with Leon Mayer, Simon Pavicic, A. Emre Kavur, Marcel Knopp, Barış
Öztürk, Klaus Maier-Hein, Paul F. Jaeger, Fabian Isensee, Annika Reinke, and Lena Maier-Hein.

4.3.1 Concept Overview
Rigorous validation of VLMs constitutes a prerequisite for both scientific advancement and
practical deployment. Benchmarking narrow, single task models faces numerous challenges [133],
which grow substantially for generalist VLMs.
We observe three key trends that highlight the critical need for personalized benchmarking
approaches:
Domain-specific benchmark demand:
Existing VLMs benchmarks provide valuable but predominantly general insights into model
capabilities. Their heterogeneous design choices and the narrow emphasis on only a few imaging
domains create substantial obstacles for systematic cross-domain comparison and for robust
domain-specific assessment from a user-centric perspective.
Popular arena platforms do not scale from an individual user’s perspective:
To gather a broad user representation, arena-style platforms, such as LM Arena [26], crowdsource
single task submissions and answer rankings from users around the world. This setup supports
personalized and domain-relevant validation, yet conducting large-scale assessments from a
single-user perspective remains infeasible.
Homogeneous evaluation:
Most existing VLM benchmarks [52, 214, 201, 134] evaluate models using a single question per
image. While this is common practice, it utilizes only a fraction of the image content, and fails to
reflect domain users that typically have a small number of images and require evaluation across
multiple aspects of each image.
To overcome these limitations, we introduce three contributions in this chapter: (1) DomainBench,
a framework enabling resource-efficient construction of user-centric VLM benchmarks via task
augmentation, which generates multiple diverse tasks from a single instance segmented image;
(2) the release of seven new VLM datasets, developed according to a homogeneous protocol and
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incorporating 142,333 carefully human-validated answers; and (3) a large-scale benchmarking
study of 22 SOTA VLMs on 32,771 tasks, which exposes significant performance heterogeneity across
domains and task categories, thereby substantiating the necessity of user-centric benchmarks.
By adopting this methodology, researchers can achieve cost-efficient domain-specific model
selection on their own images. The overview is displayed in Figure 4.15 and the DomainBench
framework in Figure 4.16.
The results show that (i) open source models reduced the gap to closed source models, which
remain in the leading position; (ii) models display high performance variability across domains
for the same tasks; (iii) VLMs produce model family-specific capability weaknesses; (iv) human
annotators generate errors predominantly on ambiguous or visually challenging questions.
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Figure 4.15: Summary of contributions. (1) New concept: We propose DomainBench, a new framework for
the resource-efficient creation of domain-specific VLM benchmarks. It is based on the concept of task
augmentation designed for creating multiple tasks from a single existing task using metadata annotations
from automated sources, namely pre-defined heuristics applied to segmentations and existing robust
generalist models. (2) 7 new datasets: We apply DomainBench to generate seven domain-specific VLM
benchmarks with highly reliable reference data. As a unique feature compared to existing benchmarks,
we quantify the ambiguity of each question for each image by acquiring human answers from a total of
six raters. (3) New insights: We apply our framework to a total of 22 open and frontier closed models to
demonstrate the benefit of task augmentation and to shed light on current VLM capabilities.

4.3.2 Methods
In the following, we describe the framework for resource-efficient in-domain benchmarking, the
seven newly generated datasets, and the benchmarking strategy and further analysis details.

Conference Dataset Paper Analysis
To generate a comprehensive overview of the current dataset usage in the general computer
vision field, we analyzed all papers from CVPR 2024 using three different LLMs. If the majority of
models indicated that a paper introduced a new or modified dataset, we tagged it accordingly.
This process identified 397 publications proposing a new or modified dataset. To validate the
accuracy of the tagging, we randomly selected 10% of these flagged papers for a human review.
All human-verified publications were confirmed to propose a new dataset. To exclude false
negatives, we randomly selected an equal number of the unflagged papers and confirmed that
they do not provide a new dataset.
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Figure 4.16: DomainBench: A framework for resource-efficient in-domain benchmarking. Starting from
a single task with fine-grained annotations (here: instance segmentations), metadata for each image is
obtained using pre-defined rules (e.g. inference of an object count) and information extracted with existing
robust generalist models (e.g. relative depth information). This process transforms the initial task into a
collection of 22 tasks, enabling resource-efficient and easy to use in-domain benchmarking of general VLM
capabilities while maintaining cross-domain comparability.

DomainBench
The framework DomainBench for resource-efficient in-domain benchmarking is depicted in Fig-
ure 4.16. Starting with domain images that include instance segmentations (existing or created
with semi-automatic labeling tools, such as SAM [91]), metadata for each image is acquired from
automated sources, namely pre-defined heuristics applied to segmentations and existing robust
generalist models to transform the single task into a collection of perception tasks.
For our seven new datasets, we use existing instance segmentations as the core perceptual
task to generate the diverse set of VLM benchmark tasks depicted in Appendix B.2 (examples
in Figure 4.22 and more detailed in Appendix C.2). Overall we aimed for a broad diversity of tasks
on the object and image level that can be applied to any image with instance segmentation,
regardless of the domain.
The metadata enrichment is derived from two sources:
1) Pre-defined heuristics and rules were employed to transform existing information into meta-
data. For example, instance segmentations were utilized to quantify the number of objects within
a specific class or to determine whether specific instance segmentation masks were touching
each other.
2) An existing depth foundation model, Depth Anything v2 [208], was used to generate depth
maps for each image. This includes both the metric depth and the relative depth. Of note, future
depth models can be integrated in our method seamlessly.
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Existing Annotations
Attribute Description
relative_size Relative size compared to image size
bbox_touches_bbox Bounding box touching another bounding box
segmask_touches_segmask Segmentation mask touching another segmentation mask
segmask_touches_segmask_with Specific segmentation masks touching each other
segmentation_area Area covered by segmentation
brightness_score Brightness score
michelson_contrast_score Michelson contrast score
bbox_x_min, bbox_y_min,
bbox_x_max, bbox_y_max

Bounding box coordinates

class_name Class name of the object
Model Generated
Attribute Description
average_depth Average depth of the object
top_95_depth Depth of the top 95% portion of the object
bottom_5_depth Depth of the bottom 5% portion of the object

Table 4.3: Overview of metadata sources used for enriching instance segmentation datasets. Metadata
was created from existing instance segmentation annotations and specialized models. The extraction is
performed automatically without human input with heuristics and models.

Automatic Task Processing
To create a concrete list of vision-language tasks for each image we employed a systematic
process. We began by prioritizing images in the datasets that featured a higher number of classes
and objects to maximize task diversity and complexity. In the implementation, we sampled equally
based on their instance segmentation count. Under regular object distributions and selection
criteria, all images with a higher number of objects are selected. Next, specific criteria for each
task were evaluated to ensure appropriate task generation for each image. For instance, in tasks
requiring the comparison of two objects, it was essential that both objects were present in the
image and belonged to the relevant classes. Furthermore, we established minimum thresholds
for various measures, such as requiring a substantial depth difference between objects, to ensure
the correct answers for the task could be reliably determined. We determined these thresholds
with a human reader study (n=3). If future depth models generate more accurate absolute depth
predictions, the threshold can be lowered accordingly. Overall, our objective was to generate
as many of the 22 different tasks as possible for each image. No LLMs or VLMs were used for
task generation, as these methods are prone to injecting hallucinations [199, 201]. We prioritized
quality and reliability instead. Furthermore, our task processing pipeline is deterministic.

Human Ambiguity Baseline
To rate the difficulty and ambiguity for each of the 32,771 tasks, we further acquired annotations
from six human raters per image. To use our monetary resources efficiently, we implemented
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Figure 4.17: DomainBench yields a diverse set of perception tasks on the image and object level. (a) The
spider diagram illustrates high Accuracy variability across tasks for the VLMs. We present the results of
all the best ranked models while a comprehensive performance summary for all 22 tested models can be
found in Appendix F.1. (b) Based on a single image with instance segmentations, DomainBench enables
the generation of 22 tasks from eight different vision-language categories, ranging from pixel-level to
image-level perception.

early stopping if four raters reached agreement on a task. Across the seven generated datasets,
early stopping occurred in between 0.8% and 2.7% of the cases. Overall, this resulted in 142,333
human reference annotations. An overview of the resulting datasets is provided in Table 4.4 and
exemplary images for all generated datasets are included in Appendix C.

Benchmarking Workflow
To ensure fair and consistent evaluation of all selected VLMs, we developed a standardized
benchmarking workflow applied uniformly across all models. Future model We assessed them
in a zero-shot setting without any additional fine-tuning or domain-specific training to probe
their generalist abilities. We strictly followed the configurations and setups recommended by
each model’s authors, using the exact settings provided in their official repositories (e.g., on
Hugging Face) to ensure that each model was evaluated under conditions intended by its creators.
Each model was provided with a carefully crafted text prompt alongside the corresponding
image. To eliminate potential ambiguities in the questions, we conducted iterative testing
of these prompts among four human evaluators in our department. Through four rounds of
refinement, we adjusted the prompts until all four human evaluators consistently agreed on
their interpretation. We specifically did not tune our prompts with declarative frameworks, such
as DSPy, to prevent advantages of single models in our current benchmarking effort. Optimizing
the prompts for several included models would disadvantage both existing models not included
in our benchmarking and future model releases. Furthermore, we evaluated the sensitivity of
the VLMs to variations in image markers, as many questions involved marked objects. Altering
the box colors used to highlight objects, from green and red to other colors, resulted in slight
performance fluctuations in both directions across different VLMs. To maintain consistency, we
used the commonly recognized colors red and green, assigning them to objects at random.
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Domain Icon #Images #Objects #Tasks #Human Baseline Annotations
Wildlife 268 853 5,528 24,024

Persons 250 7,812 6,122 26,548

Vehicles 235 2,199 5,219 22,976

Animals 273 1,162 5,724 24,907

Kitchen 272 2,143 5,332 23,793

Food 236 5,673 5,249 23,221

Kitti 170 1,458 3,997 17,477
Total 1,704 21,300 32,771 142,333

Table 4.4: Dataset statistics across different domains. The table presents the total number of images,
objects, tasks, and human annotations across all domains.

Model Overall wildlife animals kitti person vehicles food kitchen

Humans 94.9 (±0.6) 95.7 (±0.6) 95.6 (±0.6) 95.2 (±0.7) 96.6 (±0.5) 93.2 (±0.7) 94.2 (±0.7) 93.5 (±0.7)

Gemini Pro 74.8 (±1.2) 77.6 (±1.2) 78.0 (±1.1) 79.5 (±1.3) 74.1 (±1.2) 74.9 (±1.3) 71.2 (±1.3) 68.2 (±1.3)

Claude_3.5_Sonnet 71.0 (±1.3) 76.9 (±1.2) 76.6 (±1.2) 74.0 (±1.5) 68.0 (±1.2) 70.7 (±1.3) 66.0 (±1.3) 64.9 (±1.3)

GPT-4o 70.8 (±1.3) 73.5 (±1.3) 73.0 (±1.2) 76.7 (±1.4) 70.1 (±1.2) 70.8 (±1.3) 66.8 (±1.3) 64.3 (±1.4)

Qwen2_72B 70.3 (±1.3) 72.7 (±1.3) 76.5 (±1.2) 75.5 (±1.4) 63.9 (±1.3) 70.3 (±1.3) 67.3 (±1.3) 65.6 (±1.3)

Llama_3.2_90B 67.5 (±1.3) 73.5 (±1.3) 72.1 (±1.2) 70.8 (±1.5) 65.0 (±1.3) 66.2 (±1.4) 63.3 (±1.4) 61.7 (±1.4)

Gemini Flash 67.5 (±1.3) 74.5 (±1.2) 71.7 (±1.3) 71.1 (±1.5) 62.8 (±1.3) 67.9 (±1.4) 62.3 (±1.4) 62.2 (±1.4)

Table 4.5: The rankings of models differ strongly across the tested domains. Model Accuracies across
different generated datasets (±95% confidence interval). The ’Overall’ column represents the mean accuracy

across all datasets. 1st place (Gold) 2nd place (Silver) 3rd place (Bronze) 4th place

5th place 6th place. Only the top six models are shown. The ’Overall’ column represents the
mean accuracy across all datasets. Due to space constraints, results for additional models are provided in
Table A.4. Note that Accuracy does not account for shared images between questions; this issue is addressed
in Figure 4.19.

Metrics and Rankings
Choosing an adequate strategy for performance assessment is far from trivial and a research
topic of its own [118, 161]. In this work, we were specifically interested in relative performance
differences rather than in the specific ability of VLMs to serve a specific task. A major drawback
of accuracy is that it treats each question independently and does not account for shared
structure, overlap, or dependencies across questions (here the shared base image for generating
n questions). To obtain aggregated performance values across images, we define the Accuracy%(t)
metric with a threshold t ∈ [0, 1]. For each image i in a datasetD, letQi denote the set of questions
associated with that image. Let Ci,q,m ∈ {0, 1} indicate whether model m correctly answered
question q for image i (1 for correct, 0 otherwise). The model m is considered to meet the
threshold t on image i if the fraction of questions q in Qi answered correctly by the model is at
least t. Formally, we define:
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Accuracy%m(t) =
1

|D|
∑
i∈D

I
((

1
|Qi|

∑
q∈Qi

Ci,q,m

)
≥ t

)
× 100 (4.5)

Here, I(·) is an indicator function defined as:

I(x ≥ t) =

{
1, if x ≥ t,

0, otherwise.
(4.6)

Explanation:

•
∑

q∈Qi
Ci,q,m: Total number of correctly answered questions for image i.

• 1
|Qi|

∑
q∈Qi

Ci,q,m: Fraction of questions answered correctly for image i.

• t ∈ [0, 1]: Desired minimum accuracy level assessed for each Qi.

4.3.3 Experiments
In the following, we describe the experimental setup for quantifying the performance and usability
of our proposed framework DomainBench, the generated datasets and our large-scale study on
SOTA VLMs. VLM benchmarking results can vary substantially with various factors, such as the
images used, the domain, and the applied prompts. This often renders comparison of results
across papers infeasible. To address this bottleneck, we fully homogenized our benchmarking
framework using the proposed framework.

VLM Tasks Selection
We evaluated the selected models on a comprehensive set of 22 diverse tasks derived from our
task augmentation framework DomainBench (overview in Figure 4.17, full list in Appendix B.2 and
examples per dataset in Appendix C). Each task was associated with specific evaluation criteria
and standardized prompts, as outlined in the Methods section. For instance, when dealing with
multiple-choice questions or tasks involving object selection, we established clear guidelines
on how options were presented and how objects were chosen within images. For the object
selection we first generate all possible combinations within the defined thresholds and then
select the final combination at random. This attention to detail ensured that the evaluation was
both rigorous and reproducible. Further details can be found in the code and users can adjust
all thresholds according to their domain requirements.

Model Selection
We selected 22 frontier and open VLMs of various sizes and from various providers and sources, as
illustrated in Table 4.6. The oldest model was released in January 2024, while the most recent one
included was released at the end of September 2024. This includes closed source models from
the leading labs OpenAI, Anthropic, Google Deepmind and a selection of open source models
with varying sizes. Since the closed source models provide no information about the model size,
we can not include this factor in our analysis.
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Access Size Name Version Organization Release Date
Closed - GPT-4o gpt-4o-2024-08-06 OpenAI 2024-08-08
Closed - GPT-4o-mini gpt-4o-mini-2024-07-18 OpenAI 2024-07-18
Closed - Gemini 1.5 Pro gemini-1.5-pro-001 Google 2024-05-24
Closed - Gemini 1.5 Flash gemini-1.5-flash-001 Google 2024-05-24
Closed - Claude 3.5 Sonnet claude-3-5-sonnet-20240620 Anthropic 2024-06-20
Open 1B InternVL2-1B InternVL2-1B OpenGVLab 2024-07-04
Open 8B InternVL2-8B InternVL2-8B OpenGVLab 2024-07-04
Open 40B InternVL2-40B InternVL2-40B OpenGVLab 2024-07-04
Open 7B Qwen2 7B Qwen2-VL-7B-Instruct Alibaba 2024-08-30
Open 72B Qwen2 72B Qwen2-VL-72B-Instruct Alibaba 2024-08-30
Open 7B LLaVA-NeXT 7B llava-v1.6-mistral-7b-hf U. of

Wisconsin-
Madison

2024-01-30

Open 34B LLaVA-NeXt 34B lava-v1.6-34b-hf U. of
Wisconsin-
Madison

2024-01-30

Open 7B Chameleon 7B chameleon-7b Meta 2024-05-16
Open 4.2B Phi-3 Vision Phi-3-vision-128k-instruct Microsoft 2024-04-23
Open 4.2B Phi-3.5 Vision Phi-3.5-vision-instruct Microsoft 2024-08-20
Open 770M Florence-2 Florence-2-large-ft Microsoft 2024-06-15
Open 3B PaliGemma 3B 224x224 paligemma-3b-mix-224 Google 2024-05-14
Open 3B PaliGemma 3B 448x448 paligemma-3b-mix-448 Google 2024-05-14
Open 12B Pixtral Pixtral-12B-2409 Mistral 2024-09-17
Open 11B Llama 3.2 11B llama-3-2-11b-vision-instruct Meta 2024-09-25
Open 90B Llama 3.2 90B llama-3-2-90b-vision-instruct Meta 2024-09-25
Open 7B Molmo 7B Molmo-7B-D Allen Institute

for AI
2024-09-24

Table 4.6: Our 22 evaluated SOTA vision-language models span both open and closed-source architectures.
The benchmark includes 22 VLMs with precisely specified versions, representing current capabilities across
both proprietary and publicly available models. This includes closed source models from the leading labs
OpenAI, Anthropic, Google Deepmind and a selection of open source models with varying sizes.

Seven New Datasets from Diverse Domains
We applied our proposed framework DomainBench to images from seven different domains.
Overall, the input images and instance segmentations for our framework were extracted from
KITTI [57], COCO [109], and COCONut [40]. In summary, we added 3̃00,000 metadata annotations
to a total of 1,704 images across seven domains, ranging from kitchen environments to animals.
This includes 12 annotations per object (e.g., relative size, touching segmentation masks, or
relative depth). The complete list is provided in Table 4.3.
The metadata were then used to define a set of 22 different VLM tasks (see Figure 4.17), including
six tasks concerning the entire image, ten related to individual objects, and six focused on object
pairs. For further detail we refer the reader to the Methods section.

4.3.4 Results
The primary purpose of our experiments was to showcase the benefit of our task augmentation
approach (Section 4.3.4). To assess the value of each task for VLM benchmarking, we related it to
average model performance, resources needed to create the task, and corresponding human
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ID Task Name Task Description Answer Type
T1.1 Is Object Present Determines whether a specified object is present in the im-

age.
Binary

T1.2 Count Objects Determines the number of objects in the image Count
T1.3 Is Oth Object

Present
Determines whether or not there is more than one object in
the image

Binary

T2.1 Blur Object Determines whether an object is blurred Quiz (A/B/C/D)
T2.2 Noise Object Determines whether an object contains noise Quiz (A/B/C/D)
T2.3 Blur Of Image Determines which image variant is least blurred Quiz (A/B/C/D)
T2.4 Noise Of Image Determines which image variant is not corrupted Quiz (A/B/C/D)
T3.1 Size Comparison Determines which of two objects is larger Color
T3.2 Horizontal Com-

parison
Determines which object is further to the left of the image Color

T3.3 Vertical Compari-
son

Determines which object is further to the bottom of the image Color

T3.4 Is Oth Object Left Determines whether there is another image further to the
left of an object

Binary

T3.5 Is Oth Object
Lower

Determines whether there is another image further to the
bottom of an object

Binary

T4.1 Is Object Touching
other Object

Determines if two objects are touching each other Binary

T5.1 Color Object
Matching

Determines which of four tiles show the correct color for the
given image

Quiz (A/B/C/D)

T5.2 2nd Brightest Im-
age

Determines which of the images is the 2nd brightest image Quiz (A/B/C/D)

T5.3 Color Of Image Determines which image variant is not corrupted Quiz (A/B/C/D)
T5.4 Brightness Com-

parison of Two
Points

Determines which of two points is brighter Binary

T6.1 Depth Compari-
son

Determines which of two objects is closer to the camera Color

T6.2 Depth Two Points
Image

Determines which point is closer Binary

T7.1 Jigsaw rotation
Puzzle

Determines which of four rotated tiles fits best into a cut out
area of the image

Quiz (A/B/C/D)

T7.2 Jigsaw Puzzle Im-
age

Determines which of four tiles fits best into a cut out area of
the image

Quiz (A/B/C/D)

T8.1 Rotation Of Image Determines which image variant is not rotated Quiz (A/B/C/D)

Table 4.7: Overview of VLM Benchmark Tasks generated with the framework. We provide a small task
description and answer type for each generated task. Examples across datasets are displayed in subsec-
tion C.1.



86 CHAPTER 4. CONTRIBUTIONS

ambiguity (Section 4.3.4). Finally, we leveraged our concept and data to explore the capabilities
of the most recent open source and closed source VLMs (Section 4.3.4.).

Dataset Publications Are Becoming the Norm

CVPR 2024 Manually verified papers Agreement LLMs and
Human verification

Total number of papers 2,708 – –
With new or modified dataset: 397 40 (10%) 1
Without new or modified dataset: 2,311 50 (2%) 1

Table 4.8: A notable portion of CVPR 2024 papers contribute new or modified datasets, highlighting a rising
trend in dataset-focused research. CVPR 2024 paper analysis summary.

Numerous datasets and benchmarks are continually being released in the general computer
vision field. According to our analyses, ∼400 out of the 2,700 CVPR 2024 publications propose
a new or modified dataset as detailed in Table 4.8. These benchmarks cover a wide range of
domains, from autonomous driving to wildlife monitoring, underscoring the need for domain-
specific benchmarks. A large fraction of these datasets contains a high percentage of annotation
errors, as displayed in Figure 4.18.

Figure 4.18: A large fraction of newly released datasets at major computer vision conferences contains a
high percentage of annotation errors. The errors were identified within 100 seconds of loading the dataset.
(left) Several fish, reefs and water plants are not annotated. Image from [106]. (right) Several apples on the
tree, the neighboring tree and the floor are not annotated. Image from [63].

Benefit of The Proposed Framework
Table 4.5 shows aggregated performance values for the top six models, separated by imaging do-
main. As the tasks and prompts were homogenized, the results clearly indicate that performance
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on the same question tasks varies substantially across domains, supporting the hypothesis that
in-domain validation is crucial for real-world translation. Note that this holds true despite the
fact that we purposely chose domains that are relatively common (presumably captured in the
model training) and closely related to one another. While Gemini Pro achieves the strongest
performance across all seven datasets, the gap to human performance remains between 18 to
25 absolute points. We refer the reader to Section 4.4 for results on surgical imaging data.
Furthermore, as shown in Figure 4.17a, the performance of models varies substantially across
VLM tasks, suggesting that the tasks generated by our framework are diverse. The hardest tasks
on average across domains are (1) T7.2 “Jigsaw Puzzle Completion”, (2), T1.2 “Object Counting”,
(3), T7.1 “Rotated Jigsaw Puzzle Completion”, and (4) T5.2 “Second Brightest Image Selection”. The
easiest task on average was T1.3 “Additional Object Presence Detection” (see Figure 4.20).

Human Ambiguity
As demonstrated in Figure 4.21 there is a high discrepancy in task rankings between humans and
models. While the "Jigsaw Puzzle Completion” tasks ranked amongst the most challenging for
the models, humans found "Object Counting" and “Object Touching Detection” to be the most
difficult.
From a resource perspective, tasks should be (1) hard to solve for models and (2) require as
little human annotation as possible. This potential trade-off is captured in Figure 4.20. It can be
seen that many hard tasks generated by DomainBench, including the top four, can already be
extracted from instance segmentations alone. This pattern can be observed across tasks that
rely on instance segmentation, whole-image input, or external depth models. The lowest human
agreement occurs on the object counting task, likely because several images in the dataset
contain a high number of objects. In contrast, several tasks yield near-perfect human agreement,
while ã third of the models fails. For a full overview of task rankings we refer the reader to
Appendix E.2.

Insights on Current Vision-Language Models
Figure 4.19 summarizes the performance of a model selection and reference baselines. Further
detailed analysis, including all tested models, examples, and errors for each generated dataset
are provided in the Appendix. The following insights can be extracted:

Confirming common findings from the community:
Our analysis reinforces several established patterns in the VLM field. Closed models continue
to demonstrate superior performance across tasks and domains, although open models have
significantly narrowed this performance gap. In particular, Qwen2 72B [206] stands out as the
strongest performer among open models across our experiments. The superiority of human
evaluation remains evident, with human raters achieving near-perfect performance on most tasks,
though they notably struggle with specific challenges such as counting, and object touching-
related tasks, counting being particularly problematic. Regarding model scaling, larger variants
typically show better performance across all tasks. Notable exceptions include Molmo 7B [37]
outperforming Pixtral 12B with 40% less parameters.
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(a) The need for specific in-domain evaluation is demonstrated by the high performance variability across imaging
domains. The performance of the overall best model Gemini Pro varies between domains from 22% (Kitchen dataset) to
72% (Kitti dataset). For the displayed Accuracy%(75), humans achieve an almost perfect score of 1 for all datasets (see
Appendix). The top 10 models per dataset shown. We display the full plots for all thresholds and models in Appendix D.1.
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(b) The Area under the Accuracy%(t) Curve serves as a metric for comprehensive image understanding. With a maximum
possible value of 1, higher values indicate better performance. Notably, the current SOTA model, Gemini Pro, achieves
only 0.55, highlighting significant room for improvement. Only the top 10 models are shown. Separate curves for all 22
tested models and datasets are displayed in Appendix D.3.

Figure 4.19: Performance varies across domains, highlighting the need for specialized in-domain evaluation;
even the best models still lag behind human performance. The Accuracy%(t) metric represents the percent-
age of images for which at least a specified proportion of questions are correctly answered. It can (a) be
computed for specific thresholds or (b) be aggregated over multiple thresholds to remove dependence on a
specific t. The Area under the Accuracy%(t) Curve captures model performance in a single value, ranging
from 0.39 to 0.55 for the top 10 models tested.
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Interesting new findings:
The need for specific in-domain evaluation is highlighted by the high performance variability
across imaging domains for the same perception tasks, see Table 4.5 and Figure 4.16. The overall
best model, Gemini Pro, varies between domains from 22% (Kitchen dataset) to 72% (Kitti dataset).
Qwen2 72B [206] slightly surpasses Gemini Pro on the kitchen and animals datasets but ranks
only fifth on the person dataset.
Additional insights emerge from pairwise model comparisons, with Qwen2 7B consistently out-
performing Molmo 7B [37] across most datasets, indicating that the Molmo training strategy may
have removed certain capabilities. Molmo 7B is built upon Qwen2 7B with the PixMo dataset [37].
The smaller Gemini variant, Gemini Flash, exhibits superior Point Depth Comparison capabilities
compared to Gemini Pro. This suggests that the two models were trained with different strategies,
since a simple distillation process would typically be expected to reduce performance rather
than enhance it. The overall results indicate that our newly introduced metric, Accuracy%(t), can
effectively capture model performance across tasks for the same image in a single value. Further
analysis reveals specific weaknesses even in top-performing models (visualizations available
in Appendix F.1). For instance, Gemini Pro struggled notably with the ’Second Brightest Image’
task (T5.2, Acc: 23.6%, ranking 19th compared to Claude 3.5 Sonnet’s 61.1% at rank 1st). GPT-4o
showed relative weakness on ’Point Depth Comparison’ (T6.2, Acc: 43.3%, rank 15th) and ’Addi-
tional Object Presence Detection’ (T1.3, rank 11th). Even the 5th-ranked Llama 3.2 90B performed
poorly on ’Object Blur Detection’ (T2.3, Acc: 30.2%) and ’Object Noise Detection’ (T2.4, Acc: 24.8%),
despite ranking first on horizontal and vertical spatial reasoning tasks (T3.2, T3.3). Llama 3.2 11B
struggled with ’Color Object Matching’ with only 7.7%, where even the small InternVL2 1B obtained
23.4%. In contrast to these specific capability gaps, human annotator errors primarily occurred
on inherently ambiguous or visually challenging samples, such as objects partially hidden in
shadows, entering the frame abruptly, or positioned at ambiguous mid-range depths."
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Figure 4.20: Instance segmentations alone allow for the extraction of hard tasks. (a) Tasks were classified
in those extractable directly from instance segmentations (blue), requiring external models (green) and
requiring the whole image (orange). DomainBench is able to automatically extract a broad range tasks
that challenge SOTA VLMs. (b) Human ambiguity plotted against model performance. Humans are able to
generate near perfect agreement for a large part of the tasks. Only two tasks obtain an agreement below
0.85.
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4.3.5 Discussion
This paper contributes to the advancement of VLM benchmarking in three ways:
1) DomainBench, a framework for resource-efficient and domain-specific benchmarking: We
showed that task augmentation, using instance segmentation as the root task, enables the
generation of a diverse set of VLM tasks and could thus evolve as a core method for resource-
efficient domain-specific VLM benchmarking. The insights gained on the varying difficulty of
presented VLM tasks will further guide the design of future benchmarks. The framework can
be easily applied to other domains, even with a small number of images. The computational
and monetary costs for each generated dataset are minimal and displayed in Appendix B.3. This
makes it an excellent choice for domain researchers to probe current VLMs capabilities on their
data.
2) Seven new openly available datasets: Our seven new datasets will help assess generalist
capabilities of future VLMs. They cover a diverse range from kitchen scenes to animals. Further-
more, we release the six human annotations per task (totaling 142,333 annotations) to assist
researchers working on human annotations.
3) New insights: The insights on current capabilities of closed and open VLMs highlight the
narrowing gap between closed and open models. Most importantly, we showcased the need for
domain-specific validation. Furthermore we display family specific weaknesses across the 22
tested models. This indicates that the training strategies or training data differs between the
major labs and users should select their VLM of choice with care.
Core strengths of our contribution include the broad applicability of our concept, the open
dataset and benchmark contribution, and the wide range of SOTA closed and open models
investigated here.
As an implicit contribution, we introduced the new metric Accuracy%(t), which offers several key
strengths. First, it captures model performance in a single very intuitive value. The metric is
extensible with additional tasks, allowing for gradually increasing difficulty, and can be adapted
to evaluate domain-specific tasks effectively. It is worth mentioning, however, that the specific
properties of the metric require further analyses [161]. For example, some questions require
specific image conditions, such as the presence of multiple objects for comparison. This can
result in a varying number of questions per image, which, in turn, has an influence on the metric.
Furthermore, tasks are treated equally without any weighting, which may overlook differences in
task difficulty or importance. Users can, however, easily modify the weighting scheme to better
reflect their specific evaluation priorities. Similarly, users can exclude irrelevant questions from
the benchmark to safe inference costs and tailor the benchmark to their own requirements.
To understand relationships between the generated tasks, we computed Pearson correlations
between task accuracies across the top five models for each of the seven datasets, as displayed in
Appendix F.2. Generally, correlations were weak across the different domains, with one consistent
exception: tasks involving object modifications (e.g., jigsaw puzzles, recoloring, noise) formed a
coherent cluster, suggesting they assess similar underlying model capabilities. Other potential
task relationships proved highly domain-dependent. For example, vertical and horizontal com-
parison tasks correlated strongly within the Animals dataset (r=0.973) but showed much lower
average correlation elsewhere (avg r=0.336). This finding further underscores the necessity for
domain-specific benchmarking, as task relationships and underlying skill requirements can vary
significantly with the visual context.
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We also investigated the impact of image resolution, a known factor influencing VLM performance.
Downscaling a 25% subset of the Animal dataset images (original width: 320-1032 px, height: 194-
660 px) and re-evaluating with the top model (Gemini Pro) showed an accuracy reduction of 4.4%
when scaling to 224px and a more significant drop of 17.2% when scaling to 112px. This suggests,
as expected, that utilizing higher native image resolutions likely yields better performance on
these perception tasks.
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Figure 4.21: All tested VLMs, both open and closed-source, exhibit consistent patterns in task difficulty.
The plots show the difficulty of tasks based on aggregated model scores/human scores (1 = hardest task,
22 = easiest task). The radius of the blob indicates how often a task was assigned a difficulty rank when
considering all seven domains and all models (n = 5 for closed models; n = 16 for open models; n = 21
for all models; n = 1 for humans as majority vote over several raters). The larger the plot, the higher the
percentage it achieved a specific rank. The hardest tasks on average across domains are (1) T7.2 “Jigsaw
Puzzle Completion”, (2), T1.2 “Object Counting”, (3), T7.1 “Rotated Jigsaw Puzzle Completion”, and (4) T5.2
“Second Brightest Image Selection”. The easiest task on average was T1.3 “Additional Object Presence
Detection”.

A limitation of our work is model family dependence, as many models come from closely related
families, which may hinder statistical analysis. For closed-source models, specific information
about training and data is often unavailable, creating transparency issues. This is further substan-
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tiated by our results with the Gemini family that indicate the current Gemini Flash is not just a
distilled version of Gemini Pro. As an ablation experiment addressing output variability, we re-ran
71 randomly selected questions across 8 models 10 times each; all answers remained identical,
confirming minimal output variability under the experimental setting (temperature zero and fixed
seeds). We provide further statistical analysis, such as ranking variability in Appendix E. Model
performance showed small variations with prompt phrasing, which we mitigated through iterative
testing for consistency. However we do note that prompt phrasing can have a substantial effect
on model performance. Additionally, our human annotations were performed by professional
annotators, which may introduce ambiguity since annotators aim to complete tasks quickly to
increase their hourly pay.
Future work should focus on expanding the number of tasks generated, further enhancing the
diversity and comprehensiveness of VLM benchmarks. Additionally, our method can be adapted to
different domains with domain-specific questions or scaled up to support continuous extension,
providing a versatile approach for evaluating models across diverse applications. Furthermore it
should be applied to new models to monitor their rising capabilities until the benchmark can be
considered solved.
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Figure 4.22: DomainBench yields a diverse set of 22 tasks. Exemplary tasks that were generated with the
framework for a given image with the instance segmentation, the whole image and information provided by
external models. A broad range of examples and errors for each generated dataset is provided in Appendix C.
The tasks cover the capabilities on then object and the image level.
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4.4 Applying DomainBench to Surgical Data
This section is based in large parts on the submitted manuscript: Leon Mayer, Tim Rädsch et al.,
“Challenging Vision-Language Models with Surgical Data: A New Dataset and Broad Benchmarking
Study”, submitted to Medical Image Analysis in 2025 (preprint: [122]). As the core contributor
alongside Leon Mayer, I played a central role in designing the study, preparing and conducting the
annotation experiments, generating the benchmark datasets and implementing the associated
code. I initiated and obtained the funding for the collaboration with the involved QA company
and annotators. This includes the contractual agreements, general setup and code for interacting
with the platform. I led the creation of the data enrichment pipeline and the benchmark pipeline.
Moreover, I was the principal creator of seven out of the eight datasets utilized in the study. This
included not only the construction and curation of these datasets but also the preprocessing and
data format of all eight datasets to ensure they met the standards required for the benchmarking
pipeline. I generated the main figures of the work. More specifically, I was responsible for
generating Figure 1 and Figure 2, which are central to the presentation of our results. I contributed
substantially to the writing and discussion of the paper. Significant portions of the text, figures,
and results have been adapted and integrated into this chapter. Text and figures are extracted
from the preprint at the time of submission. The concept passage has been rewritten so that
each experiment’s rationale, finding, and implication is clearly explained, and the respective
Discussion subsection enables readers to understand both the integrated contribution and its
individual ramifications. This work was co-authored with Leon Mayer, Dominik Michael, Lucas
Luttner, Amine Yamlahi, Evangelia Christodoulou, Patrick Godau, Marcel Knopp, Annika Reinke,
Fiona Kolbinger, Lena Maier-Hein.

4.4.1 Concept Overview
Rigorous validation of VLMs in surgical imaging builds the foundation for both scientific progress
and clinical translation. While traditional computer vision models have historically struggled to
generalize to endoscopic domains [117], FMs have demonstrated improved cross-domain transfer.
Yet, the capabilities of VLMs for endoscopic tasks remain largely under- or even unexplored.
We identify three critical gaps motivating our systematic study:
Heterogeneous datasets hinder comparison:
Existing endoscopic VQA datasets vary widely in question style and task scope, preventing
alignment with findings observed on natural images.
Lack of large-scale assessments on endoscopic data:
Prior endoscopic VQA studies rely on small, domain-specific models, with no comprehensive
evaluation of SOTA VLMs.
Unclear role of medical versus generalist models on endoscopic data:
No direct comparisons exist between size-matched generalist and medical VLMs, despite indica-
tions that generalist models may outperform their in domain variants.

To address these gaps, this work introduces three main contributions: (1) the first large-scale
analysis of VLMs in laparoscopic surgery across basic perception and advanced frame-based
tasks; (2) the release of HeiCo-VQA, a new dataset of 24,252 images and 167,384 questions with
human baselines for 10% of samples, and (3) a comparative benchmark of several SOTA VLMs,
both generalist and medical, on surgical data.



4.4. APPLYING DOMAINBENCH TO SURGICAL DATA 95

Our results reveal that (i) VLMs achieve strong performance on basic perception tasks such as
object counting and localization, comparable to general domain tasks (ii) performance deterio-
rates substantially for tasks requiring in-depth medical knowledge, and (iii) specialized medical
VLMs currently underperform their generalist counterparts across both task types. These findings
underscore the need for improved modeling strategies fine-tuned to the unique challenges of
surgical environments and provide a roadmap for developing next-generation endoscopic AI
systems.

Can VLMs solve basic
perception tasks on surgical

images?

Can VLMs solve advanced
frame-based surgical scene

understanding tasks?

Do specialized medical VLMs
outperform generalist models

on complex tasks?

  15 models tested
    - GPT-4o
    - Claude 3.5 Sonnet
    - Gemini 1.5 Pro
    - Gemini 1.5 Flash
    - Llama 3.2 90B
    - Qwen2 VL 72B
    - 3 medical models
      ...Example question:

How many instruments
are in the frame?

Example question:
Which anatomy is visible

in the middle?

RQ1: RQ2: RQ3:

Figure 4.23: Research questions addressed in this study and sample images illustrating the nature and
complexity of basic perception and advanced tasks.

4.4.2 Methods
This section introduces the framework for VQA benchmarking (Section 4.4.2), the new surgical
VQA benchmark we release as part of this work (Section 4.4.2) as well as the specific experiments
performed to address our core RQs(Section 4.4.3).

Framework for VQA Benchmarking
To investigate the RQs depicted in Figure 4.23, we developed a flexible framework that enables
integration of any SOTA VLM while assessing performance across varying levels of complexity.

Basic Perception Tasks on Surgical Images
These elementary tasks evaluate a model’s fundamental visual understanding without requiring
any medical knowledge, thereby enabling cross-domain comparability. We convert a dataset of
instance segmentations into a VQA dataset using the following pipeline and framework adopted
from [156]. First, each image and its objects are enriched with relative depth information via
the Depth Anything V2 model [208]. Next, a set of rules transforms object attributes, including
depth, size, color, and spatial relationships of surgical instruments, into a set of facts (e.g., “there
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Figure 4.24: The basic perception tasks cover a broad range of question categories. We display sample
questions for six categories, covering detection, spatial reasoning, color, puzzle, depth, and interaction
questions. Example questions rephrased for brevity.

are N instruments in the image”). Following established VQA categorization [52], the resulting
questions are subdivided into seven categories, depicted in Figure 4.24. All random baselines in
our work are computed by selecting answers uniformly at random.

Advanced Frame-based Visual Scene Understanding
To estimate performance on more complex tasks requiring surgical knowledge and advanced
reasoning, we convert existing endoscopic vision tasks into VQA formats. Classification tasks
are straightforwardly rephrased into multiple-choice questions, enabling evaluation of nuanced
surgical decision-making. Our framework seamlessly integrates any model that works with
Huggingface Transformers [204] or is accessible via APIs, ensuring broad compatibility with SOTA
VLMs. Performance is evaluated using two primary metrics. The Accuracy(%) metric [156] assesses
model performance on image-question pairs by calculating the fraction of correctly answered
questions per image; an image is deemed successful if this fraction meets or exceeds a specified
threshold (e.g., 75%). Hence, a metric value of 0.5 at threshold 0.75 means that in 50% of images
at least 75% of questions have been answered correctly. Additionally, Matthew’s Correlation
Coefficient provides a balanced measure of classification performance, a value of zero indicates
performance equivalent to a random classifier.

Table 4.9: Overview of the utilized endoscopic datasets. These cover a broad range from general perception
tasks to very hard endoscopic tasks.

Dataset Specialty Questions Perception Endoscopic Complexity
Simple Medium Hard Very Hard

HeiCo-VQA Rectal Surgery 167,384 ✓ - - - -
SSG-VQA Cholecystectomy 883,254 - ✓ ✓ ✓ -

Kvasir-VQA Endoscopy 58,798 - ✓ ✓ ✓ -
Endoscapes-CVS Cholecystectomy 7,643 - - - - ✓
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Figure 4.25: Basic perception tasks are solved with comparable accuracy on surgical and natural images.
(a) PCA Visualization of the Qwen2 VL 7B vision encoder showing that surgical images (red) are encoded
differently from natural ones. (b) Despite this, SOTA models perform similarly when solving basic perception
tasks on the different domains. Each curve represents the average performance across models according to
the Accuracy%(t) metric, which provides the percentage of images for which at least a specified proportion
of questions (on the y-axis) are correctly answered. For the surgery data, bands represent the standard
deviation (±) across the models. Performance of a random classifier is dataset-dependent, but generally
close to zero.
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Figure 4.26: Vision-Language models struggle on similar tasks in surgery as in other domains. Performance
on various task categories summarized in Figure 4.24 and representative sample questions. Models struggle
especially with the puzzle question on the right. The error bars of each individual bar, correspond to the
95% confidence intervals that were calculated by performing bootstrapping for each question category
using 10,000 resamplings.

New Dataset HeiCo-VQA
We created a new surgical VQA benchmarking dataset for basic visual perception tasks by applying
our framework to the existing HeiCo dataset [116]. HeiCo comprises 30 laparoscopic surgical
videos (10 each from proctocolectomy, rectal resection, and sigmoid resection procedures) with
10,040 frames containing instance segmentations. For each frame, we generated an average of
17 questions across all 7 categories depicted in Figure 4.24, resulting in 167,384 question-answer
pairs. To establish a human baseline, we obtained reference answers (3 to 6 with early stopping
based on human agreement) through annotations outsourced to QualityMatch GmbH, Heidelberg.
In total, human reference annotations were obtained for 16,653 images.

4.4.3 Experiments
In the following, we describe the experimental setup for quantifying the performance on basic
perception tasks, advanced visual scene understanding, as well as the comparison of specialized
medical VLMs and generalist VLM.

RQ1: Basic Perception Tasks on Surgical Images
To answer RQ1, we compared the performance achieved by SOTA models on natural domains to
that obtained for our new dataset. Specifically, we applied our framework to the eight domains
depicted in Figure 4.25. Note that the questions proposed in prior work [156] were filtered by
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removing questions that cannot reasonably be applied to the surgical domain (e.g. determining
whether an image is rotated). A total of 6 SOTA models identified in [156] (GPT-4o, Claude 3.5
Sonnet, Gemini 1.5 Pro, Gemini 1.5 Flash, Qwen2-VL 72B and Llama 3.2 90B) were applied by
prompting them with the question along with the image.

RQ2: Advanced Frame-based Visual Scene Understanding

We answered RQ2 with three different datasets (see Table 4.9), for which we generated/adopted
endoscopic vision understanding tasks of different level of complexity. Sample questions are
depicted in Figure 4.27. SSG-VQA [212] builds upon the existing Cholec80 [191] dataset, containing
questions about objects, their attributes, and inter-object relationships. Some of the questions
are structured across three complexity levels, simple, medium, and hard (called zero-hop, one-
hop and single-and in [212]),each demanding progressively more sophisticated visual reasoning
capabilities. We randomly sampled 500 frames, questions and corresponding answers from those
question-answer pairs that came with complexity ratings. We leveraged Endoscapes-Critical
View of Safety (CVS) [121] which is annotated with ratings for the three criteria for Critical View of
Safety (CVS) for a clinically relevant highly complex task. Specifically, 1,000 questions frames
were randomly sampled and converted into questions for VQA benchmarking. While the focus of
this paper is on surgical applications, we expanded its scope to general endoscopic vision due to
the sparsity of benchmarks in the field. Kvasir-VQA [55] contains questions on endoscopic images,
encompassing both gastroscopic and colonoscopic examinations. Each image in the dataset is
annotated with answers to six different types of questions, providing comprehensive coverage of
clinical visual understanding tasks. We randomly selected 2,000 frames for benchmarking, while
removing questions with multiple possible correct answers.
For VQA benchmarking, we expanded the set of SOTA models used to solve basic perception tasks
in order to investigate scaling and reasoning behavior more deeply. Specifically, we added the
2B and 7B variants of Qwen2 VL [206], which share an identical 675M-parameter vision encoder
with the 72B variant. We also included QVQ 72B, an early open-weight reasoning VLM built on
Qwen2 VL 72B, to assess the impact of chain-of-thought reasoning capabilities.
We maintained consistent conditions across all evaluations by setting temperature to 0, as is
customary in VLM benchmarking frameworks. For advanced tasks, the list of possible answers
was appended to the prompt. All responses underwent basic post-processing answer cleaning
(e.g. removal of thinking tokens) to ensure standardized evaluation.

RQ3: Comparison of Specialized Medical VLMs versus Generalist Models
In RQ3, we explicitly compared the performance of medically fine-tuned VLMs and generalist VLMs
for complex tasks by choosing pairs of models with matched size and architecture. Specifically, we
focused on the latest model family Mini-InternVL [24], which offers both generalist and medically
tuned versions across three scales (1B, 2B, and 4B) for a direct comparison on surgical tasks.

4.4.4 Results
RQ1: Basic Perception Tasks on Surgical Images
Endoscopic vision data typically occupies a distinct encoding space compared to natural images
[58], as demonstrated with the PCA visualization of the Qwen2 VL 7B vision encoder) (Figure 4.25a).
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Figure 4.27: (a) Matthews Correlation Coefficient is depicted as the function of task complexity for all
advanced tasks on laparoscopic data (left) and separately for endoscopic data (right). (b) Example questions
rephrased for brevity.

Although VLMs are primarily trained on natural images, our study reveals that they process
surgical images as effectively as natural images for basic perception tasks (Figure 4.25b). All
models perform substantially worse than humans across all domains. The challenges encountered
by VLMs when processing surgical images were found to be similar in nature to those faced when
processing images from other domains (Figure 4.26).

RQ2: Advanced Frame-based Visual Scene Understanding
Model performance consistently decreased as task complexity increased across all model variants
(Figure 4.27). On SSG-hard and CVS, all models achieved only marginally better results than
random chance. Looking especially at the Qwen family, larger models (7B and 72B) consistently
outperformed the smaller 2B variant. Notably, the QvQ model, despite being specifically designed
for reasoning tasks, performed worse than both 7B and 72B models across all evaluated tasks.
Testing on the Kvasir-VQA dataset confirmed these findings, demonstrating no performance
improvement from reasoning-enhanced models when handling complex questions.

RQ3: Comparison of Specialized Medical VLMs versus Generalist Models
Medical foundation models consistently underperformed compared to generalist vision-language
models (VLMs) across all evaluation metrics (Figure 4.28). This performance gap remained evident
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Figure 4.28: Medically fine-tuned models fail to outperform matched generalist models on surgical questions.
For all advanced tasks, Matthews Correlation Coefficient (MCC) is depicted for the medical model, a size-
matched generalist and the SOTA generalist Qwen2VL-72B.

throughout all datasets and across varying levels of task complexity. Notably, neither specialized
medical models nor generalist models achieved performance comparable to Qwen2VL-72B.

4.4.5 Discussion
While our paper does not present a new method for solving a particular (class of) problem,
it provides important insights to guide further research in the endoscopic vision community
through the first evaluation of zero-shot question-answering VLMs.
Our findings show that generalist VLMs perform comparably in surgery as they do in other
domains when addressing similar questions. Hence, rather than waiting for specialized models,
researchers should be more courageous applying generalist models to their surgical data science
problems. Given that their basic image understanding is already quite strong and will likely
continue to improve with new base models, the key focus should be on how to inject surgical
knowledge effectively. The performance gap we observed between medical and generalist models
is understandable, as medical models like the medical adaption of Mini-InternVL were trained
on databases with limited surgical content.
Our analysis was limited to static images, as many accessible SOTA VLMs don’t yet process video
input. Benchmarking questions should continue to evolve, as current versions may not fully
capture the real-world complexity of surgery, and the clinical relevance of model performance
may vary depending on the use case. Future research should explore surgical-specific adaptations
of VLMs beyond fine-tuning, including optimized prompt design with in-context examples to
better leverage surgical context. While evaluations of VQA models exist in various medical
disciplines, ours is the first large-scale study focused on surgery and endoscopy. This is partly
because early VLMs in surgery were limited to CLIP-based methods, such as HecVL [213], which
lacked open-ended visual question-answering capabilities.
In conclusion, our study provides key insights into both the strengths and limitations of current
VLMs in surgical applications. Our findings highlight the need to move beyond basic image
encoding improvements and toward strategies that effectively integrate surgical expertise into
large generalist models.
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Each of the four core contributions presented in this thesis includes a dedicated discussion of its
respective results. The analysis related to labeling instructions is presented in Section 4.1.5, the
findings on Quality Assurance (QA) are discussed in Section 4.2.5, the DomainBench contribution
is addressed in Section 4.3.5, and the application to surgical data is examined in Section 4.4.5.
In the following, we provide a unified discussion that places these individual results within
a broader methodological and conceptual context. Each part of this discussion can be read
independently as they cover a broad range from new training paradigms to real-world translation.

Unsupervised Pretraining Legal ConsiderationsEthical Considerations

Benchmark Composition Translation to Real World

Figure 5.1: General topics covered in the unified discussion. Each contribution is discussed in its respective
section. Here we provide a unified discussion covering (i) age of unsupervised pretraining, which no longer
requires annotations; (ii) ethical considerations, which focus on annotators and their relevance for current
algorithms; (iii) legal considerations, often relevant for deploying models; (iv) benchmark composition; and
(v) translation to the real world, which is the goal for models.
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5.1 Repositioning Human Annotation in the Age of Unsupervised
Pretraining

For the past 20 years, human-annotated data served as the foundation for supervised learning,
particularly in the vision and medical imaging domain, where expert judgment was required to
formalize task definitions and ground truth labels [110]. Given the inherent ambiguity of medical
imaging data, some researchers prefer the term reference annotation, because medical domain
experts do not always agree on a joint solution for certain annotations [117]. Especially within
the medical imaging domain, the ambiguity can, depending on the use case, vary drastically. For
example, the inter-rater agreement for structures with clear boundaries, such as kidneys, is higher
when compared to the inter-rater agreement for spreading kidney tumors [83]. Independent of
the use case, annotation is associated with substantial effort, especially when domain researchers
are required [83].
As a result of these and related factors, there has been a marked shift in the past five years toward
unsupervised or self-supervised training, in which models learn from raw and unlabeled data
without relying on explicit human supervision during pretraining. This trend is driven by multiple
factors: (i) the exponential and growing volume of unlabeled data available, (ii) the empirical
success of contrastive, masked, or generative objectives in Vision-Language Models (VLMs), and
(iii) the scalability constraints of high-quality annotation pipelines.
Exponential data growth is occurring both within specific domains and across different fields.
For general-purpose datasets, web crawling is the most predominant approach. LAION-5B [171]
and The Pile [54] have demonstrated this shift by aggregating massive scale web corpora with
minimal or no manual labeling, prioritizing breadth and scale over fine-grained annotations.
It could be argued that the LAION dataset is at least partially annotated, because the images
are provided with their captions. However, since the extraction is performed automatically
and filtered via Contrastive Language-Image Pretraining (CLIP), this dataset does not contain
human-annotated data in the stricter definition. In contrast to general-purpose datasets, for
medical imaging data, web crawling is not a viable approach for most scenarios. Unlike general-
purpose datasets, medical data primarily resides within hospitals and clinics, where access is
strictly controlled due to privacy and security concerns. While specialized platforms like NIMH
Data Archive exist to facilitate data sharing in healthcare, they are not directly accessible to the
public and typically require formal data use agreements. This controlled access environment,
while necessary for patient privacy, creates additional challenges for scaling medical model
development compared to other domains. Furthermore, country-specific regulations complicate
international data sharing. A prominent example is General Data Protection Regulation (GDPR),
which provides rough guidelines for data sharing that need interpretation by each institution
leading to broad range of interpretations even within a single institution.
As a result of the training paradigm shift, the role of human-annotated data is no longer central at
the pretraining stage but is increasingly concentrated in other stages of the model development,
in particular in post training, fine-tuning, alignment, and downstream evaluation. This shift
changes where and how human input shapes model behavior. This makes it all the more important
to understand when annotated data is still essential, and what level of clarity, consistency, and
domain relevance it must provide to remain useful in modern model pipelines.
Our work has contributed substantially to the new role of human-annotated data. Labeling
instruction and QA (RQ1) improvements enable a more fine-grained description and complete
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taxonomy of recorded datasets; since edge cases are, by definition, rare and difficult to embed
into a taxonomy, this enrichment yields better model generalization. Increasing adoption of
models generates more real-world interactions, and hence the absolute number of edge cases
rises, making our generated insights on labeling instructions, QA, and benchmarking an important
contribution toward model translation. The experiments confirm the simplified message quality
beats quantity, consistent with Molmo, the leading open-source VLM in 2024 [37], trained on
only 712 k images with detailed captions exceeding two hundred words, and with s1 simple
test-time scaling [132], which boosts performance by allocating extra inference compute to only
one thousand reasoning-trace questions.
Furthermore, we highlight how to utilize limited resources efficiently (RQ1-RQ2), which is particu-
larly relevant for academic researchers, who have less access to capital than industry researchers.
The efficiency gains include the labeling instruction creation, annotation-provider selection, QA,
and benchmarking of VLMs. During benchmarking, improved annotation quality and diversified
tasks should surface model issues earlier, thereby accelerating the model-development cycle. In
summary, we were able to narrow the gap between rapid technical progress in ML and the need
for dependable, real-world solutions, especially in areas where reliability and robustness are
non-negotiable, such as biomedical imaging.

5.2 Legal Considerations in Data Collection, Annotation, and
Benchmarking

While the preceding discussion parts have focused on methodological, empirical, and techni-
cal aspects of data curation, the legal dimension remains an essential factor, particularly as
Foundation Models (FMs) are increasingly deployed in the real-world. In the following, we outline
selected legal considerations relevant to the data practices discussed in this thesis.
The collection, use, and distribution of data for training and testing FMs are increasingly con-
strained by legal and regulatory frameworks, particularly when the data in question involves
personal, proprietary, or ethically sensitive content. In the medical domain and beyond, regula-
tions such as the GDPR [196] in the European Union and the Health Insurance Portability and
Accountability Act (HIPAA) [47] in the United States of America impose strict conditions on the
handling of patient data, including requirements for anonymization, purpose limitation, and con-
sent. The concrete actions are often in contrast to Natural Language Processing (NLP) datasets,
where surface-level metadata (e.g., names of patients, addresses, and other details) removal may
suffice, medical imaging often contains visual features that can be used as indirect identifiers,
rendering conventional de-identification strategies insufficient. For example, a full body MRI scan
can be used to identify the face of the patient. The public distribution of (annotated) medical
datasets therefore demands additional safeguards [164], including formal data use agreements,
ethics approvals, and in many cases, explicit re-consent if the intended downstream use diverges
from the scope of the original collection.
The use of multimodal datasets increases the complexity of data use agreements in several ways.
First, the agreements need to be extended to cover all additional modalities included in the
dataset, ensuring appropriate protections and usage terms for each type of data. Second, the
risk of re-identification increases substantially with each added modality, as the combination
of different data types can provide more opportunities for identifying individuals, which could
imply necessary re-annotation of existing datasets. This heightened re-identification risk may
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potentially conflict with the GDPR’s principles of purpose limitation and data minimization [196],
which require that data collection and processing be limited to what is necessary for specific,
explicit purposes. Third, existing agreements for unimodal datasets may need to be adapted or
extended, which normally triggers another round of data protection process reviews.
The legal constraints extend beyond privacy regulation. In general-purpose datasets, many of
which are compiled via large-scale web crawling (e.g., LAION [171], The Pile [54]), the copyright
status of included material is often unclear. Whether training models on copyrighted data con-
stitutes lawful fair use remains an open legal question, and several ongoing lawsuits [16, 203]
underscore the absence of a clear settlement in this area. To address the limitations, legal
risks are further compounded in crowd-sourced annotation pipelines, where task ownership,
labor conditions, and intellectual property rights associated with labels are often ambiguously
defined [32, 141]. In addition, when annotation tasks involve the global distribution of sensi-
tive data, such as medical or personalized images, to large pools of crowdworkers, the risk
of unintentional data leakage increases substantially [32]. Even when formal confidentiality
agreements (e.g. Non-Disclosure Agreements) are in place, varying jurisdictional guidelines
and platform-level enforcement limitations complicate accountability. Institutions releasing
datasets under research ethics protocols may impose non-transferable or use-case-specific
usage restrictions, further limiting their appropriateness for general-purpose model training.
These limitations are amplified by the opacity of data provenance in large-scale datasets, where
documentation of origin, licensing conditions, and consent status is often partial or entirely
absent. For example, LAION [171] specifically only provides the links to the images and not the
image itself. The ambiguity is highlighted by their license terms as “We distribute the metadata
dataset (the parquet files) under the Creative Common CC-BY 4.0 license, which poses no particular
restriction. The images are under their copyright.”.
This regulatory landscape creates a competitive imbalance in the global AI race. In contrast
to the Western world, China has implemented minimal or no restrictions on data usage. If we
assume a level playing field in terms of compute resources and technical knowledge, it can be
expected that Chinese models would outperform Western models purely based on their data
advantage [36]. This regulatory asymmetry raises concerns about the long-term competitiveness
of Western AI development under current legal frameworks, while also highlighting the need for
balanced approaches that protect individual rights without stifling innovation.
In summary, the legal concerns get more relevant with every day as FMs are increasingly integrated
into everyday workflows across domains such as healthcare, education, public administration, and
finance. Addressing the legal and procedural foundations of dataset construction is therefore
not merely a matter of compliance but a structural prerequisite for the safe and legitimate
deployment of models at scale.
While our work did not directly cover legal aspects of the data creation process, we contributed by
highlighting the need for documenting and creating high-quality labeling instructions as part of
the data creation process (RQ1), and for responsible benchmarking practices (RQ2). This provides
practical support to help meet key compliance requirements. Specifically, our emphasis on
detailed and clearly documented labeling instructions (RQ1) contributes directly to improving data
traceability, provenance documentation, and adherence to GDPR and HIPAA requirements. Clearer
instructions and documentation allow data stewards to better justify dataset usage, simplify
auditing, and improve accountability. Our findings on QA (RQ1) additionally offer guidance for
resource-limited scenarios, helping teams decide whether to prioritize better labeling instructions
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or invest more into QA.
Moreover, comprehensive labeling instructions could explicitly caution annotators against un-
intentionally adding personally identifiable information. An additional optional flagging could
also be implemented in the labeling instructions to mark cases where anonymization potentially
failed (e.g., faces visible during colonoscopy or in autonomous vision scenarios). If used, such a
mechanism would support downstream bias assessments and ethical compliance, particularly in
multimodal datasets. Overall, bias assessments profit from more metadata about the data cre-
ation process, because they can be used as additional input factors. Finally, our recommendation
of benchmarking on one’s own datasets rather than relying on large-scale datasets (RQ2) aligns
with the data minimization principle. This reduces potential legal ambiguity regarding copy-
right and allows researchers to spend effort on detailed annotations rather than accumulating
ever-growing data volumes.

5.3 Ethical Considerations in Data Collection and Annotation
The thesis has focused mainly on the technical and empirical aspects of annotation, QA and
benchmarking. In this section, we address selected ethical challenges that arise in the creation,
annotation, and benchmarking of datasets. This perspective is particularly relevant in light of
current industry practices, where annotations are frequently outsourced with limited oversight
regarding working conditions, data protection, and task execution. The ethical implications
of outsourcing affect not only the annotators themselves but also the resulting datasets and
models, with consequences for both data quality and fairness among others.
Over the last four years, the annotation market has undergone seismic changes driven largely by
general algorithmic advances, as highlighted in Section 2.5. Another minor impact factor is the
evolving legal framework governing data collection, annotation, and benchmarking, addressed
earlier in this discussion. Together, these developments redefine the requirements placed
on annotators and, in turn, the employment relationship. In this part of the discussion we
differentiate between expert knowledge and laymen knowledge. We define laymen knowledge as
knowledge that comprises facts or explanations that a typical, non-specialist can reasonably
provide without formal training. In contrast, expert knowledge consists of insights or solutions
that require specialized education, extensive practice, or domain-specific experience and are
therefore accessible only to a comparatively small subset of people.
For supervised computer vision scenarios, similar to the experiments conducted for RQ1, the
common approach to crowdsourcing was, and continues to be, to break down the annotation
task and transfer it to a large group of annotators. The annotators are provided with labeling
instructions and tooling to perform the annotation. In this scenario, most annotators are
considered laymen, as practically anyone can perform the required annotations. However, this
renders annotators replaceable and results in many of them facing low wages and precarious
employment conditions, little institutional protection or governmental oversight [209].
With the remarkable progress on general VLMs benchmarks, such as MMMU [70] in recent times,
the validation focus for VLMs is shifting from broad, general surface knowledge tasks toward
expert knowledge tasks [64]. This trend is best illustrated by the evolution of included math
problems, even though these tasks are primarily language-based. Whereas in 2021, GSM8K [30]
centered on grade-school level math problems, more recent benchmarks increasingly incorporate
United States of America Mathematical Olympiad (USAMO)-level problems [10]. Combined with
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the ongoing trend toward multimodality (see Section 3.3.2), this raises a fundamental question:
When is an annotator considered an expert today? A related concern is whether traditional
crowdsourcing with laymen still holds its relevance under these evolving validation demands.
For expert knowledge VLM tasks in formal knowledge domains such as physics, mathematics, and
engineering, laymen are no longer the adequate choice. The complexity of such tasks demands
in-domain expertise. A nuclear engineer or virologist, for instance, requires formal education
spanning several years to acquire the relevant knowledge. In contrast to traditional crowdsourcing
settings, annotators in these contexts are domain experts: they are not easily replaceable, can
command expert-level compensation, and are unlikely to face precarious working conditions.
With the rising adoption of AI across industries [1], traditional crowdsourcing should remain
applicable to many industrial annotation tasks.
The global distribution of workers is a defining characteristic of traditional crowdsourcing.
Given that current state-of-the-art (SOTA) VLMs are underperforming on culturally contingent
tasks [149], crowdworkers may be uniquely positioned as experts for such domain tasks. However,
it remains an open question if this new expert role has the potential to improve their working
conditions. Exemplarily, Pouget et al. [149] showed that limiting pretraining to English image-
text pairs disproportionately harms downstream recognition and reasoning tasks for culturally
diverse and lower socioeconomic contexts, while standard benchmarks, such as ImageNet and
COCO fail to expose the shortfall. This VLM limitation has been reported by a large number
of studies [8, 87, 159]. To measure global representation, Pouget et al. [149] further propose
geo-localization, defined as predicting an image’s place of origin, as a task that is intrinsically
sensitive to cultural context and therefore capable of revealing diversity gaps in multimodal
representations. This is a promising approach, as it could be applied to other datasets that do
not contain geolocation information yet. Users could extract this information from EXIF data,
other metadata sources or potentially add a proxy with SOTA VLMs [75].
Following the transition from laymen knowledge to expert knowledge, the current state for
benchmarking VLMs mimics the annotator requirements of the biomedical imaging domain.
Whereas simple tasks, like detecting surgical instruments, may be performed by laymen [117],
more complex tasks require expert medical domain knowledge [83]. The upper performance
ceiling is the inter-rater agreement between the medical experts [83]. Analogously, the upper
bound of achievable performance on complex VLM tasks is likely constrained by the inter-rater
agreement among domain experts. Exceptions to both cases would include verifiable tasks,
wherein an objective ground truth can be obtained. A common example in the biomedical
domain is tissue classification. While the initial model prediction is based solely on the image,
the definitive ground truth is subsequently determined through pathologist grading, thereby
rendering the task objectively verifiable.
Our work has made a substantial contribution to the ethical considerations in data collection and
annotation. First, with the improved labeling instructions and QA (RQ1), annotators are able to
work on less ambiguous tasks and complete them more efficiently compared to cases where little
or no instruction is provided. Given the substantial power imbalance between annotators and
employers, particularly in low-cost countries, this results in a substantially improved working
environment by providing a more structured and transparent task context. The heightened focus
on labeling instructions and QA can be used to co-develop high-quality instructions from the
start of an Machine Learning (ML) project with the annotation requester. This leads to lower
turnover, faster project completion, and reduced costs. Responsible benchmarking practices
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(RQ2) similarly promote a stronger matching between presumed model improvements and real-
world application performance. Before our work, users were required to manually generate
their own benchmarks and largely relied on general-purpose benchmarks to estimate model
performance on their specific data. With DomainBench, we narrow this gap by providing a
framework that enables users to rapidly turn their own images into a benchmark. Furthermore,
the use of DomainBench necessitates direct interaction with users’ own data, thereby fostering
greater awareness of dataset-specific characteristics and data in general. For example, data
collection is conducted at the beginning of an ML project in the upstream stage and introduced
errors propagate to later project stages [168]. In summary, our work raises awareness for the
importance of both data collection and annotation alike - leading to improved working conditions
for annotators and more robust ML project pipelines.

5.4 Benchmarking Composition in the Future
In recent years, benchmarks have changed drastically in scope, size and iteration speed among
others [64]. For an overview on VLM benchmarks, we refer the reader to Section 3.3. Here,
we briefly reflect on their overall development before connecting to our own contributions.
As highlighted in the Related Work Section, the number and size of available benchmarks is
steadily increasing. Early efforts expanded the range of domains and questions in generalist
benchmarks, aiming to strengthen the signal by representing a broader set of concepts. With
progress on these general benchmarks, such as MMMU [70], expert-domain benchmarks requiring
deep specialist knowledge emerged, such as the Virology Capabilities Test [60]. Benchmarking
has become a recurring cycle, resembling a cat-and-mouse dynamic [64], in which each new
released benchmark is rapidly solved by newer models and no longer enables model performance
comparison. This is particularly relevant for closed source models, where the training data and
code is not available, mostly because data is one of the major competitive advantages in the
race for the best performing model. However, it still remains unclear which fine-grained concepts
are embedded in the VLMs and if they can extrapolate from their training data. Another major
shortcoming of the rapid release of benchmarks is their limited quality, as current metrics often
fail to adequately represent the underlying problems [118], particularly in complex or real-world
settings.
Recent analysis from Udandarao et al. [192] of 34 VLMs pretrained on five standard web-crawled
corpora demonstrates that "zero-shot" success primarily reflects the frequency of downstream
concepts in the pretraining set. Their study establishes a log-linear scaling law in which each
linear uptick in zero-shot accuracy demands an exponential rise in concept-specific samples,
a sample-inefficient pattern that persists after controlling for near-duplicate data points and
when probed with synthetic distributions. When the same models are benchmarked on the
introduced long-tail "Let it Wag!" test set, performance deteriorates markedly, indicating that
current large-scale web data corpora do not capture these long-tail concepts yet. One could argue
that Humanity’s Last Exam [146] is the solution for the long-tail problem. Humanity’s Last Exam
is a multimodal benchmark designed to test VLMs at the frontier of human academic knowledge.
It comprises 2,500 expert-authored questions across diverse domains, including mathematics,
humanities, and natural sciences, with answers that are unambiguous, verifiable, and resistant
to simple retrieval. The data was collected with a worldwide crowdsourcing campaign and
competitive prize pool. SOTA models available at Humanity’s Last Exam release date performed
poorly, indicating a persistent gap between the model capabilities and expert humans. It should
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be noted that the benchmark was crafted adversarially by removing questions from the collected
question pool that existing models could already answer. The best-performing model available
at the release date was o1 from OpenAI, achieving 8%. With the inclusion of "Last Exam" in
the benchmark title, readers might assume that this would be the final benchmark required to
surpass human-level performance. Yet the authors themselves clarify in their paper: "HLE may
be the last academic exam we need to give to models, but it is far from the last benchmark for
AI." The competition between models and benchmarks continues, as within less than five months
after the release of Humanity’s Last Exam, frontier models had already surpassed 25%. It appears
likely that future model iterations will be trained on ever larger datasets, encompassing even
fine-grained concepts which were previously overlooked.
While the previous developments aim to extend the data and included concepts for the training of
SOTA VLMs, parts of the AI Safety Community have advocated for a contrasting strategy that aims
to enhance safety by selectively excluding particular data samples from pretraining. Open source
models offer transparency and broadened research access for everyone, but they remain acutely
vulnerable to tampering attacks, in which adversaries can induce harmful behaviors through
relatively minor weight or activation modifications [228]. Existing post-training safeguards,
such as safety fine-tuning, have exhibited limited robustness to attacks, with models typically
reverting after only a small number of adversarial updates. O’Brien et al. [137] introduced a
scalable multi-stage filtering pipeline and trained multiple 6.9B-parameter models on corpora
with systematically excluded dual-use content. Their study demonstrated substantial resistance
to adversarial fine-tuning, persisting for up to 10,000 steps and 300M tokens of biothreat-related
text. These filtered models outperformed post-hoc interventions by more than an order of
magnitude, while maintaining performance on unrelated capabilities. Lastly, they reveal that
models can still exploit harmful knowledge through retrieval or search tools. This approach
might not only prove useful for open source models, but could be applied to closed source
models as well, as jailbreaking [163] remains a major issue.
In summary, we can expect that future benchmarks will assess more in-depth capabilities,
continually expand their scope, and simultaneously reduce dangerous or otherwise harmful
content in the training data. This section has focused so far on the composition of benchmarks.
In the next part of the discussion we will address translation of research findings to real-world
data.
The improved labeling instructions and QA (RQ1) substantially support the generation of new
benchmarks when they contain human annotations. For benchmarks without human annotations,
extending the documentation of data processing and selection allows users to interact with
the data in a more transparent and meaningful way. In such cases, benchmark creators should
publish the generated code to support reproducibility. Our proposed concept for user-centric
benchmarking with DomainBench (RQ2) has been at the forefront of shifting benchmarking
toward user requirements. The user-specific benchmarking approach has since been adopted
by HuggingFace for Large Language Models (LLMs). Shashidhar et al. [175] present an open-
source framework that generates reliable, domain-tailored benchmarks automatically from
user-provided documents. They further demonstrate replication of established subsets such as
MMLU with minimal source text and low cost while preserving model ranking fidelity. Combined
with the trend toward live benchmarks, it is reasonable to anticipate a future characterized by
continuously expanding and evolving benchmark resources.
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Figure 5.2: Progress on ImageNet from 2012 until 2025. ImageNet remains unarguably a leading benchmark
for pattern recognition, as model developers incrementally compete over the best performance. Each point
represents a different ML model evaluated on ImageNet with the Top 1 Accuracy. Despite its popularity,
progress on ImageNet does not improve translation to real-world tasks, as displayed by Tuggener et al. [188]
and Fang et al. [48]. Data and illustration from Papers with Code (license: CC BY-SA).

5.5 Translation of Research Findings to Real-World Data
We demonstrated the importance of labeling instructions and rigorous benchmarking across a
diverse range of domains. From a macro perspective, the machine learning community operates
on the premise that progress is measured through performance on such fixed benchmarks,
where everyone can participate. Researchers and practitioners submit models, compete for the
best results, and ideally, over time, solutions improve until the task is considered "solved" and
ready for real-world deployment [118]. Improvements can occur either erratically or steadily,
depending on the submitted solutions and task at hand. An excellent example of erratic progress,
AlphaFold 2 [84] performs predictions of protein structures and participated in the 14th iteration
of the Critical Assessment of Structure Prediction. It achieved a global distance test score, which
measures the similarity between two protein structures with known amino acid correspondences,
above 90 (max: 100). In contrast, the second place scored 68.5, and the protein folding community
widely regarded the problem as effectively solved by AlphaFold.
Achieving a SOTA performance has become a common prerequisite for publication in major
computer vision venues, leading to a large number of papers claiming incremental and steady
gains [181]. Despite this increase of reported improvements, real-world adoption of these models
remains limited and far below what the publication volume would imply. This begs the question:
Does the underlying data that researchers benchmark on represent the real world?

Consider ImageNet [94], arguably one of the most influential benchmarks in computer vision with
over 85,000 citations as of today. Initiated by Fei-Fei Li in 2006, ImageNet was constructed after
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the structure of WordNet [127] and the cognitive load that humans can recognize. Built upon over
20,000 WordNet noun categories, ImageNet consists of over 14 million human-annotated images
spanning more than 20,000 object categories. The WordNet categories are connected by means
of conceptual-semantic and lexical relations.
Building on that question, Fang et al. [48] investigate this question by evaluating 19 ImageNet pre-
trained models with accuracies between 57% and 83% on six domain image classification datasets,
such as wildlife camera traps [12] and satellites [68]. Newer ImageNet-motivated architectures
displayed little to no progress after the VGG architecture for four out of six downstream datasets
with a fitted slope relating the ImageNet accuracy to task accuracy below 0.05. Furthermore on
several datasets, task-specific improvements such as extra training data or data augmentations
result in higher performance gains than updating to a more recent architecture. While their
experiments include Transformer-based architectures, Tuggener et al. [188] observe similar
findings on 500 CNN-based models and eight domain datasets.
A growing body of work explicitly targets performance in the wild-i.e. on data collected under
the unconstrained, messy real-world conditions that represent the deployment stage. Such
data contains shifts based on temporal, domain, and geographic aspects that are not included
in benchmarks under regular circumstances. As a representative example, Koh et al. [92] pro-
vide ten datasets drawn from settings like pathology, camera-traps for wildlife monitoring and
continuously sampled satellite imaging. Each dataset is partitioned into in-distribution and
out-of-distribution splits, revealing that models trained on ImageNet degrade with a loss in
performance between 20 and 50 absolute points. DomainBed [61] and the Visual Task Adaptation
Benchmark [218] report similar findings.
While the in the wild work represents an empirical approach, it could be argued that the out-of-
distribution (ood) body of work is rooted in statistical learning theory. It formalizes generalization
under explicit distribution shifts, such as label, covariate, or concept shift, and focuses more on
specific algorithms. The shifts can be defined as:

Ptrain(X) ̸= Ptest(X)︸ ︷︷ ︸
covariate shift

(5.1)

Ptrain(Y ) ̸= Ptest(Y )︸ ︷︷ ︸
label shift

(5.2)

Ptrain(Y | X) ̸= Ptest(Y | X)︸ ︷︷ ︸
concept shift

. (5.3)

where P (X,Y ) denotes the joint distribution, with X representing the model input and Y the
corresponding model output. For a comprehensive overview about ood, we direct the reader to
Yang et al. [207]. Aside from a comprehensive overview, they even provide a clear delineation
from closely related tasks such as open-set recognition, anomaly detection, and outlier detection.
We observe that improvements on academic benchmarks often fail to translate into real-world
performance, since many reported gains arise from benchmark-specific over-fitting. The com-
munity has attempted to mitigate this limitation by expanding benchmark diversity and scale.
Compared to other domains, this issue is especially present in the medical domain, where
data is sparse [210], sensor modalities are more diverse, and interpretation is more challenging
compared to other domains [83].
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Our work contributes to the translation of research findings to the real world in several ways. We
showed that the choice of annotation company can alter the median Dice Similarity Coefficient
(DSC) score by more than twenty absolute points. This discrepancy is troubling in light of the
results reported by Christodoulou et al. [29], who found that the difference in mean DSC between
the first- and second-ranked methods at the largest conference for biomedical imaging was
only one absolute point, implying that typical claims of outperformance probably do not hold,
especially for small sample sizes like in medical imaging [29]. This discrepancy may represent
only one of many factors that currently hinder the translation of AI into healthcare settings [17].
We recommend that researchers and practitioners alike report as many details about the data
pipeline as possible. While it may not mitigate negative effects, it would at least increase
transparency and reproducibility of their findings. Compared to other domains, safety-critical
domains such as medical imaging require additional certification steps prior to deployment. This
includes clinical studies and further regulatory procedures necessary to obtain approval as a
certified medical product. Consequently, while current standards are improving, there is still a
long way to go. The limited translation of research with 1250 Food and Drug Administration (FDA)-
licensed medical products to date in August 2025 [66] into practice underscores this gap. We
therefore recommend publishing fewer but more thorough studies, emphasizing quality over
quantity.
The improved labeling instructions and QA (RQ1) enlarge and harmonize the dataset taxonomy
through expanded class definitions, illustrative edge cases, and potential feedback. This im-
proved hierarchy is expected to surface edge-case conflicts, ambiguous decision boundaries,
and inconsistencies in the instructions before a model is trained, preventing silent failure when
deployment reaches safety-critical environments, such as biomedical imaging. A parallel effect
arises from the benchmarking advances addressed in RQ2. The diversified and domain specific
tasks surface model failures earlier in the model development cycle, when corrections and
retraining remain comparatively inexpensive.
The added detail to edge-case specification shifts a subset of instances that were formerly
classified as in the wild, that is, out-of-distribution, into in-distribution, thereby strengthening
generalization. Additionally, the added detail from labeling instructions through to benchmarking
produces a clearer definition of the underlying concept. For both label shifts and concept shifts,
the added detail should enable earlier identification of emerging shifts, because ambiguous
cases have been reduced. It could even be argued that the amount of falsely reported concept
shifts will be reduced, because cases formerly not covered by the concept are now clearly defined
and no longer annotated based on the individual annotator.
Real-world data comprise observations captured during the ordinary course of daily activities,
whether actively supplied by end-users or passively recorded by systems without direct user
intervention. Within this context, DomainBench (RQ2) stands out as our most direct contribution
to translation: it equips users with a framework for evaluating models on their own domain
data, verifying alignment between model capabilities and their own individual task requirements,
and proceeding to practical adoption once the resulting metrics satisfy application-specific
thresholds.
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5.6 Future Directions
We have introduced methods that substantially increased the impact and quality of validation for
biomedical imaging algorithms and VLMs alike; yet considerable room for further improvement
remains, and several open research questions are still unanswered. In the following, we outline
four key directions for future research that build on our work.

Automation and Human-AI Collaboration
An open question is the impact of increasing automation on annotation performance. For all our
experiments on labeling instructions and QA, annotators used minimal to no automation during
their work. There is considerable evidence in the Human-Computer Interaction literature [179,
130] about automation bias, where participants manifested errors of omission, overlooking
events that the automation failed to flag explicitly, and errors of commission, adopting the
automation’s recommendations even when those suggestions were erroneous. However, this has
not been applied to varying labeling instructions in the ML community yet. Future work should
systematically study how automation affects annotation quality, instructions, and annotator.

Toward Multimodal Data and Industry-Wide Impact
Another promising research direction is the extension of our experiments to 3D, other 2D non-RGB
imaging data and ultimately multimodal data. For the rebuttal to Quality Assured: Rethinking
Annotation Strategies in Imaging AI we conducted a survey among automotive and tech companies
to estimate the potential impact of our findings beyond biomedical imaging. All participants
indicated that the obtained results on biomedical imaging data hold the potential to produce
practice-changing impact with respect to annotation processes in the automotive and technology
industry. Conducting systematic experiments in these data domains could validate these initial
results and unearth industry-specific insights.

Toward Statistically Grounded Evaluation in ML
Our work demonstrated that individual upstream components of the model development pipeline,
such as labeling instructions, can have a substantial impact on the resulting reference annotations.
Accordingly, the analysis of model performance should incorporate formal statistical evaluation
to assess the robustness and reliability of observed effects. Yet, the broader ML community
often neglects to report statistical measures. For instance, Anthropic, a leading VLM company,
recently advocated for the routine inclusion of error bars in performance reporting [126]. This
shortcoming is present in biomedical imaging research at the field’s largest conference as well.
Only a single paper reported confidence intervals in 2023 [29]. Consequently, future work should
systematically vary individual components of the data pipeline and quantify their effects on
downstream task performance using appropriate statistical methods.

From DomainBench to Multi-Agent and Multimodal Benchmarks
Lastly, this thesis proposed DomainBench, a task augmentation framework to generate over
20 diverse perception tasks from individual user-provided images for VLMs and applied to the
general vision and the surgical imaging domain. The tasks were designed to be consistent across
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domains to enable performance. A conceptually similar strategy has recently been developed
in the NLPs community for basic NLP tasks such as ingestion, summarization, and question
generation. Future work may extend this approach to more complex, agentic tasks involving both
textual and visual inputs.
Taken together, these research directions highlight that sustainable progress in ML depends on
more than incremental improvements in model architectures. By investigating automation effects
on annotation, extending experiments across modalities and industries, embedding statistical
rigor into evaluation, and evolving DomainBench toward interactive multimodal benchmarks,
future research can move closer to the overarching goal of this thesis: aligning methodological
innovation with real-world translation.



6 | Summary of Contributions and Conclu-
sion

This thesis examined several often overlooked aspects of the model development pipeline.
Subsequently, several advances for the upstream stage before the model training and the
downstream stage after the model training were proposed and evaluated. Combined, this thesis
resulted in

- 8 main-author publications (1 full paper in a peer-reviewed journal; 1 full paper at a peer-
reviewed conference; 4 short papers at conference workshops; 1 preprint submitted to a
peer-reviewed journal; 1 preprint submitted to a peer-reviewed conference),

- 7 co-author publications (3 in peer-reviewed journals; 2 submitted to peer-reviewed con-
ference proceedings),

- 10 invited talks at national and international events,
- 6 awards (combined endowment over EUR 12,000), and
- 1 co-organized challenge at the internationally recognized conference MICCAI

as detailed in the following Section 6.1. The main-author papers (excluding the short papers)
are presented separately in Section 4. In the following I give an overview of my publications in
Section 6.2 and end with a conclusion to the thesis in Section 6.3.

6.1 Summary of Contributions

Research Question 1

How can data annotation processes be optimized for reliability and efficiency?

Contribution 1: Large-scale empirical study of labeling instructions in biomedical imaging As
part of this thesis, the first large-scale study on labeling instructions for biomedical imaging was
conducted, involving more than 850 annotators, several labeling instructions and approximately
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10,000 images. It was found that including visual examples in labeling instructions substantially
improved annotation quality without adding overhead, whereas extending textual descriptions
did not yield improvements. Professional annotation companies consistently produced higher
quality annotations across all scenarios compared to the then-leading crowdsourcing platform
Amazon Mechanical Turk (MTurk). Finally, the variability in annotations introduced by labeling
instructions has been shown to exceed the performance gap between Machine Learning (ML)
models.
Contribution 2: Large-scale survey on professional annotator involvement in instruction design
It also observed that more than 75% of biomedical imaging competitions provided no labeling
instructions. This prompted us to examine the role of annotators in data generation. The largest
professional annotator survey to date, with over 300 participants, revealed that annotators are
rarely involved in the creation of labeling instructions. Furthermore, labeling instructions were
mentioned as the leading source of daily annotation problems.
Contribution 1 and 2 resulted in two short papers presented at Conference on Neural Informa-
tion Processing Systems (NeurIPS) [153, 154], including one oral presentation, through which
we collected feedback from the research community. Our subsequent full paper appeared
in Nature Machine Intelligence [155]. The medical imaging community received our results
positively, and following a comprehensive review by the Medical Image Computing and Computer
Assisted Intervention Society (MICCAI) Special Interest Group for Biomedical Image Analysis
Challenges [119], future challenges are now required to meet stricter standards, including the
mandatory publication of labeling instructions. In recognition of this lasting contribution to the
field, we were awarded the Anton Fink Science Prize for Artificial Intelligence (AI) [95], endowed
with EUR 10,000.

Contribution 3: Large-scale empirical study of internal Quality Assurance (QA) in biomedical
imaging Following the findings from the annotation stage, we shifted our focus to the internal
QA stage, which typically follows annotation. The setup of this study extended the previous
design by incorporating an additional QA step. Our work has shown that annotation companies
deliver both higher quality and higher quantity at the same time. Earlier studies had not
accounted for the monetary cost differences between annotation providers. Most importantly,
the internal QA implemented by professional annotation companies yielded only marginal
improvements compared to the initial annotations. We also found that research on professional
annotation companies has been relatively under-reported, despite the fact that they account for
approximately 20% of exhibitors at major computer vision conferences.
Contribution 4: Revelation of relevant image characteristics for QA While internal QA only
marginally improved the annotation quality for all images, we have identified specific image
characteristics that benefit from additional QA. These characteristics were general characteristics
and not limited to specific domains, enhancing the applicability beyond biomedical imaging
data.
Contributions 3 and 4 resulted in a publication at European Conference on Computer Vi-
sion (ECCV) [157]. For my overall contributions to research on annotation procedures, I was
invited to give talks at the Alexander von Humboldt Foundation visit at German Cancer Re-
search Center (DKFZ), the Lindau Nobel Laureate Delegation visit at DKFZ, the Pelagic Imaging
Consortium Workshop on PIC meets HI in Hamburg, and the In the Picture: Medical Imaging
Datasets Workshop in Copenhagen, as well as to present a poster at the Strategic Advisory Board
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Helmholtz Health Meeting in Berlin. My work was further recognized with the 1st Place Flash
Talk Award at the ELLIS and AIHealth AI inScide Out Conference and the Falling Walls Science
Breakthrough of the Year 2023 Finalist title.

Research Question 2

How can annotated data be most effectively leveraged for robust and domain-aware bench-
marking?

Contribution 5: Identification of weaknesses in VLM benchmarking A recurring problem is that
existing Vision-Language Model (VLM) benchmarks do not reflect the needs of domain users,
complicating model selection. By generating a broad set of tasks across different domains, we
found that VLM families exhibit characteristic weaknesses both across families and within individ-
ual families. We demonstrated how users can leverage this information for their benchmarking
to select models that perform with higher accuracy on their data, which general benchmarks
might not reveal.
Contribution 6: Framework for resource-efficient creation of user-centric VLM benchmarks To
address this problem, we developed a framework for the resource-efficient creation of user-
centric VLM benchmarks that generates multiple tasks from a single task, thereby substantially
reducing the gap between domain users and their benchmarking practices. We showed that with
our method, additional benchmarking information can be extracted from any existing instance
segmentation dataset. To facilitate adoption of the framework, we released seven new datasets
covering a wide range of domains from kitchen environments to animal scenes. To complement
the generation process, we introduced a new metric, Accuracy%(t), that accounts for shared base
images across different tasks.
Contribution 5 and 6 were published as two short papers at the International Conference on
Learning Representations (ICLR) in 2025 and the full paper is available as a preprint [122] and
currently under review at NeurIPS.

Contribution 7: First comprehensive assessment of VLMs in surgical imaging We carried out
the first broad evaluation of VLM on surgical data, benchmarking 15 SOTA models across more
than 167,000 question-answer pairs from multiple endoscopic datasets. The study revealed that
VLMs can handle elementary surgical perception tasks, such as instrument counting and spatial
localization, with accuracy comparable to natural image domains. Yet performance declines
considerably once questions go beyond the elementary level and require medically informed
reasoning, underlining the heightened complexity of surgical questions compared to standard
benchmarks.
Contribution 8: Critical comparison of medical versus generalist VLMs Through size-controlled
experiments, we systematically compared medically fine-tuned VLMs to their general-purpose
counterparts. Across all tested datasets and difficulty levels, specialized medical models lagged
behind generalist ones, including models that were explicitly fine-tuned with biomedical data.
The findings indicate that current shortcomings are rooted less in visual representation than in
the absence of robust domain knowledge. This calls for future work on knowledge integration
strategies that extend beyond conventional finetuning.
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Contributions 7 and 8 were published as a preprint [122] and are under peer review at Medical
Image Analysis. The accompanying HeiCo-VQA-Base dataset, comprising 24,252 images and
167,384 questions with human reference annotations, now serves as a foundation for rigorous
benchmarking of VLMs for endoscopic and surgical use cases.
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6.2 Own Publications
This section presents all manuscripts to which I have contributed either as author or co-author.
The first part comprises papers where I am the main author or core contributor, including peer-
reviewed journal articles, peer reviewed conference articles, as well as preprints. Short papers
are marked accordingly. The second part contains the remaining publications, where I contributed
as a co-author. For each entry, the main author(s) are underlined and my own name highlighted
in boldface. For preprints, the publication venue to which the manuscript has been submitted is
specified.

Publications as Core Contributor
1. Tim Rädsch, et al. Labelling instructions matter in biomedical image analysis. Nature

Machine Intelligence, 5:273–283, 2023.
2. Tim Rädsch, et al. Quality Assured: Rethinking Annotation Strategies in Imaging AI. In ECCV,

2024.
3. Tim Rädsch1, Leon Mayer1, et al. DomainBench: A Framework for Scalable VLM Perception

Benchmarking on Your Own Images. arXiv preprint arXiv:2502.15563, 2025. [submitted to
NeurIPS]

4. Leon Mayer1, Tim Rädsch1, et al. Challenging Vision-Language Models with Surgical Data:
A New Dataset and Broad Benchmarking Study. arXiv preprint arXiv:2506.06232, 2025.
[submitted to Medical Image Analysis]

5. Tim Rädsch, et al. Labeling instructions matter in biomedical image analysis. Medical
Imaging meets NeurIPS (short paper), 2022.

6. Tim Rädsch, et al. Labeling instructions matter in biomedical image analysis. An annotator-
centric perspective. Human-Centered AI Workshop at NeurIPS (short paper), 2022.

7. Tim Rädsch1, Leon Mayer1, et al. Domain-Specific Benchmarking of Vision-Language Models:
A Task Augmentation Framework Using Metadata. In 2nd Workshop on Navigating and
Addressing Data Problems for Foundation Models (DATA-FM), International Conference on
Learning Representations (ICLR) (short paper), 2025.

8. Tim Rädsch1, Leon Mayer1, et al. Bridging vision language model (VLM) evaluation gaps with
a framework for scalable and cost-effective benchmark generation. In Foundation Models
in the Wild Workshop), International Conference on Learning Representations (ICLR) (short
paper), 2025.

Publications as Co-Author
1. Amelia Jiménez-Sánchez, . . . , Tim Rädsch, et al. In the picture: Medical imaging datasets,

artifacts, and their living review. In Proceedings of the ACM Conference on Fairness, Ac-
countability, and Transparency (FAccT), pp. 511–531, 2025.

2. Lena Maier-Hein, Annika Reinke, . . . , Tim Rädsch, et al. Metrics reloaded: recommendations
for image analysis validation. Nature Methods, 21(2):195–212, 2024.

1Shared core contribution.
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3. Annika Reinke, Minu D. Tizabi, . . . , Tim Rädsch, et al. Understanding metric-related pitfalls
in image analysis validation. Nature Methods, 21(2):182–194, 2024.

4. Nicholas Heller, Fabian Isensee, Tim Rädsch, et al. Kidney and Kidney Tumor Segmentation:
MICCAI 2023 Challenge, KiTS 2023. In MICCAI Workshops, Lecture Notes in Computer Science
(LNCS) 14540. Springer, 2024.

5. Matthias Eisenmann, . . . , Tim Rädsch, et al. Why is the winner the best?. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 19955–
19966, 2023.

6. Annika Reinke, . . . , Tim Rädsch, et al. Metrics reloaded: a new recommendation framework
for biomedical image analysis validation. In Medical Imaging with Deep Learning (MIDL)
(short paper), 2022.

6.3 Conclusion
Advances in ML hold the potential to transform science and society, yet this requires effective
translation of research findings into real-world impact. Despite a rapidly growing number of
publications that claim improvements through new state-of-the-art (SOTA) methods, translation
remains minimal. As highlighted in this thesis, the central challenge lies in the complexity of
the model development pipeline, where both upstream stage tasks (problem definition, data
selection, labeling instructions, quality assurance) and downstream stage tasks (benchmarking,
validation, robustness analysis, monitoring) introduce design decisions that profoundly shape
the outcome and ultimately the translation of a trained model.
This thesis has shown that even individual design choices, in these stages can outweigh the
performance gains of claimed novel algorithms. Most prominently, we demonstrated that labeling
instructions exert a substantially larger influence on annotation quality and downstream model
accuracy than the incremental improvements usually reported in methodological work [29].
Our studies revealed the important role of visual examples in instructions and the limited
effectiveness of internal QA practices, providing practical guidance for data annotation.
On the downstream side, we introduced DomainBench, a framework for constructing resource-
efficient, user-centric VLM benchmarks through task augmentation. By generating diverse tasks
from a single instance-segmented image, the framework allows domain researchers to evaluate
models more effectively. Applying DomainBench to surgical data, we conducted the first large-
scale audit of VLMs in endoscopy, showing that while current models succeed on basic perception,
they fail on medically informed reasoning tasks. These findings emphasize the need for strategies
that integrate domain knowledge into generalist models.
In sum, the thesis highlights how upstream and downstream refinements, often overlooked in
favor of claimed architectural novelty, can yield advances with far greater translational relevance.
By addressing labeling instructions, QA, benchmarking, and surgical validation, we contribute
conceptual insights and practical tools that bring the whole field closer to bridging the gap
between methodological progress and real-world application for natural and medical imaging
alike.
Returning to the observation by Andrej Karpathy that progress in ML relies as much or even
more on data and evaluation as on modeling itself, this thesis has provided concrete evidence
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and methodological tools to substantiate that claim. By examining labeling instructions and
QA upstream, and by introducing DomainBench and conducting domain-specific validation
downstream, we have shown how deliberate attention to these tasks can yield advances with
greater translational impact than many algorithmic improvements. In this sense, the work
presented here not only reiterates but extends Karpathy’s perspective, demonstrating how
careful design of data and evaluation practices can decisively shape the trajectory from research
to real-world application.
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2.5 The Transformer architecture and its adaptation to the vision domain, the Vision Transformer.
The original Transformer architecture (left) is designed for sequential data, such as text, and
consists of an encoder-decoder structure. The encoder maps input tokens into contextualized
representations, while the decoder generates the output sequence using self-attention, cross-
attention, and feed-forward layers. The Vision Transformer adapts this concept for image
analysis by separating the image into fixed-size non-overlapping patches, flattening and
linearly projecting each patch into one trainable vector, which is then processed through
several self attention blocks. Illustrations adapted from [49] (Original license: CC BY-NC-SA 4.0). 22
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3.1 Amazon Mechanical Turk is named after the chess robot created by Wolfgang von Kempelen.
While it was presented to the observer as an automated machine, it secretly concealed a
human operator inside. The machine was constructed by Wolfgang von Kempelen. Amazon’s
MTurk platform later borrowed its name from this illusion of automation. Images taken
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3.2 Taxonomy of annotation methods ordered by decreasing human involvement (left to right).
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Interface-Based QA, which leverages annotator interaction patterns, model-assisted signals,
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3.4 AI’s task length doubles every seven months. Measured as the length of tasks that agents
can complete at 50% success rate. The figure is adapted from [97] (license: CC BY). . . . . . . 38

4.1 Hypotheses of this contribution and overview of methodology. (a) Annotators’ needs for
labeling instructions (left side) were captured via a survey. The availability of labeling
instructions (right side) was captured via international competitions conducted in the scope of
the Medical Image Computing and Computer Assisted Intervention Society (MICCAI) conference.
(b) To assess the impact of labeling instructions on annotation quality, three types of labeling
instructions were created for the same dataset: Instructions using i) minimal text, ii) extended
text and iii) extended text including pictures were issued to a total of 864 annotators from five
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4.2 The field of biomedical image analysis suffers from a notable discrepancy between the needs
of those annotating the data and the actual availability of labeling instructions (if any). (a)
Professional annotators agree that unclear instructions consistently cause delay and rework.
Comprehensive text descriptions and images are perceived to improve annotation quality.
(b) Professional annotators attribute labeling instructions as the primary cause for problems
related to their daily annotation work, followed by concentration issues and poor input data.
Answers for (a) and (b) were processed from 298 annotators from five annotation companies.
(c) 76% of the recent Medical Image Computing and Computer Assisted Intervention Society
(MICCAI) conference competition tasks, matching the inclusion criteria, do not report any
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4.4 Key findings of this contribution: (1) Extended text descriptions (orange) do not necessarily
boost annotation performance compared to minimal text descriptions (blue), while (2) includ-
ing images (green) gives a clear benefit for all annotation providers. (3) Professional labeling
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the most popular crowdsourcing platform Amazon Mechanical Turk (MTurk). (a) The Dice
Similarity Coefficient (DSC) score has been aggregated for each annotated image and is dis-
played aggregated for each pair of company and labeling instruction as a dots- and boxplot
(the band indicates the median, the box indicates the first (25th percentile) and third (75th
percentile) quartiles and the whiskers indicate ±1.5× interquartile range, the Dice Similarity
Coefficient (DSC) score maximum is 1 and the minimum is 0 for each image). (b) The absolute
number of severe annotation errors, defined as annotations with a metric score equal to
zero, is also shown. A total of 14,040 images were annotated by 156 annotators from four
professional companies and 708 MTurk crowdworkers. . . . . . . . . . . . . . . . . . . . . . . 51

4.5 DSC scores for the category with the least and the most image characteristics present on
the instrument level. For each annotation provider and type of labeling instruction, the Dice
Similarity Coefficient (DSC) scores per instrument are aggregated. (a) displays the category
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with images that contain at least three different artifacts on the instruments. The DSC scores
for (a) and (b) are displayed as a dots- and boxplot (the band indicates the median, the box
indicates the first (25th percentile) and third (75th percentile) quartiles and the whiskers
indicate ±1.5× interquartile range, the DSC score maximum is 1 and the minimum is 0 for
each image). A combined total of 3,771 instrument annotations were observed for the category
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4.6 Work characteristics of professional annotators and Amazon Mechanical Turk (MTurk) crowd-
workers. In comparison to the MTurk crowdworkers, professional annotators conduct labeling
as their main source of income (a), label more often in a week (b), and spend a higher number
of hours per week on labeling images (c). In contrast, MTurk crowdworkers have a longer em-
ployment history with labeling than professional annotators (d). Answers were processed from
298 professional annotators from five annotation companies and 518 MTurk crowdworkers. 54

4.7 Research Questions (Research Questions (RQs)) tackled in this work. Based on 57,648 instance
segmentation masks annotated by 924 annotators and 34 quality assurance (QA) workers
from five different annotation providers, we (1) compared the effectiveness of generating
high-quality annotations between annotation companies and Amazon Mechanical Turk and
(2) investigated the effects of annotation companies’ internal QA and (3) real-world image
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4.8 a) In contrast to Amazon Mechanical Turk (MTurk), annotation companies commonly perform
quality assurance (QA) before delivering the result to the annotation requester. b) Annotation
providers are an integral part of the computer vision community. They account for around
20% of exhibitors present at major computer vision conferences (ECCV 2022: n = 40, CVPR
2022: n = 97, European Conference on Computer Vision (ICCV) 2023: n = 43, CVPR 2023: n = 104)
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4.9 Annotation companies are more efficient at generating high-quality images than Amazon
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4.10 QA of annotation companies only provides marginal improvements, if any. These depend
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4.11 Improving the labeling instructions yields a higher effect compared to adding QA to the
annotation process. The baseline performance (minimal labeling instruction, no QA) according
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a red asterisk (minimal labeling instruction, no QA). While adding QA only yields marginal
improvements (dark blue), major performance boosts are obtained by improving the labeling
instructions provided to the annotators (green). DSC scores were aggregated for each image
and per labeling type. DSC displayed as dots and box plot (band indicates the median, box
indicates the first (25th percentile) and third (75th percentile) quartiles). 0 ≤ DSC ≤ 1. . . . 70

4.12 The percentage of modifications by QA workers differed greatly between the companies.
However, this did not necessarily result in higher annotation quality, when compared to
other annotation companies. a, The percentages of modified and unadapted images by QA
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4.13 QA of annotation companies can be beneficial to certain images with difficult real-world
generalizable image characteristics, such as underexposure or intersection of objects. We
display the impact of (a) real-world generalizable and (b) domain-specific image characteris-
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4.15 Summary of contributions. (1) New concept: We propose DomainBench, a new framework
for the resource-efficient creation of domain-specific VLM benchmarks. It is based on the
concept of task augmentation designed for creating multiple tasks from a single existing
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Disclaimer:

The Supplementary contains bloody surgery images that some readers may find disturbing.

A Annotation and Quality Assurance Additional Methods
The appendix figures and tables are part of the respective contribution sections that were part
of prior publications. For details refer to the beginning of each contribution section.
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A.1 PRISMA Statement

Figure A.1: Structured identification of labeling instructions in the Challenge Design Documents of the
Medical Image Computing and Computer Assisted Intervention Society (MICCAI) registered competitions
(2020 - 2021). After the identification of all relevant competition tasks, each individual competition task
was screened and excluded, if the organizers provided a valid reasoning why their labeling instructions
cannot be provided.
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A.2 Aggregated MICCAI Competition Analysis Results

Table A.1: Aggregated results of the Medical Image Computing and Computer Assisted Intervention Society
(MICCAI) competition analysis. For each competition, the individual competition task submission documents
were evaluated.

Analysis results of MICCAI registered competitions

Date of evaluation Nov 10 2021
Total number of competi-
tions*

53

Total number of competition
tasks

96

Competition tasks which.. absolute relative
do not need to publish LIs**
or have valid justification

20 20.83%

Could/should publish 76 79.17%

In scope competition tasks
(76) which ...

absolute relative

publish LIs 18 23.68%
do not publish / have LIs 58 76.32%
Inter-rater agreement: 90.63%

** LI = Labeling Instruction
* All information based on the Challenge design docs, mainly question 23 b/a, of the
MICCAI registered competitions (Link | accessed: 2021-11-10) between 2020 and 2021.

https://miccai.org/index.php/special-interest-groups/challenges/miccai-registered-challenges/
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A.3 Additional Validation Labeling Experiments
Experimental design
High-quality validation/test data is crucial in safety-critical applications. The purpose of this
experiment was to investigate the performance variability resulting from different labeling
instructions and annotation providers. To this end, we leveraged the existing output of six
algorithms that participated in the instance segmentation task of the Robust Medical Instru-
ment Segmentation (ROBUST-MIS) challenge [166] and that were trained on expert-generated
annotations (n = 5,983). For each annotated image in our labeled dataset (n = 14,040) introduced
in the Method section, we proceeded as follows: We regarded each annotated image obtained
with any of the three labeling instruction types and any of the five annotation providers as
reference annotation for a tuple (annotation provider, labeling instruction). This resulted in
3 (types of instructions) x 5 (annotation providers) x 4 (annotations per image and provider)
= 60 different annotation masks in total for each unique image, as detailed in the Methods
section. These new reference annotations and the original annotations, generated by experts
with what we henceforth call expert labeling instruction type, were all compared to the fixed
model outputs of the six algorithms. We then assigned a “valid” label to all images in which no
false positive (FP) or false negative (FN) instruments occurred. For all valid annotations, the mean
DSC, averaged over all instances, was determined. This yielded a total of 85,644 valid/invalid
scores / 54,475 DSC image scores (for the valid images) with corresponding meta information
encoding the image id, the algorithm, the labeling instruction type, the annotation provider and
the annotation provider type. Based on the generated data, mixed model analysis enabled us
to quantify the performance variability resulting from different labeling instruction types and
annotation providers. Specifically, we used a two-part beta mixed model which included a) a
logistic mixed model analyzing the probability of valid annotations and b) a beta mixed model
analyzing the non-zero DSC values of an image when only valid annotations occurred. The image
id and the fixed algorithm outputs were defined as random effects. We defined the labeling
instruction type and the annotation provider type as fixed effects, in which we are interested,
with the minimal text instruction type and crowdworkers as reference categories, respectively.
This enabled us to calculate the effects of these two variables on both the probability of valid
annotations and on the DSC scores.
The model was implemented with R (version 4.0.3, packages: lme4 version 1.1.27.1, glmmTMB
version 1.1.2).
Results
Figure A.2 shows the effects of the labeling instruction type on (a) the probability of valid
annotations and (b) the effect on the DSC scores. In comparison to the valid annotation odds of
the minimal text labeling instruction type, the valid annotation odds were substantially higher
for the expert labeling instruction type and the picture labeling instruction type, and lower for
extended text labeling instruction type (cf. Figure A.2a). We observe a comparable change in the
ratio between the expected DSC score and the difference to a perfect DSC score for the expert
labeling instruction type with an increase of 6% (1.06, Credible Interval (CI): 1.01, 1.10) and a
reduction of 3% (0.97, CI: 0.96, 0.99) for the extended text labeling instruction type, in comparison
to the minimal text labeling instruction type, once an object was identified. Interestingly, we
observed a minor reduction, which was not statistically significant, in the ratio between the
expected DSC score and the difference to a perfect DSC score with the picture labeling instruction
type, as depicted in Figure A.2b. Under the same conditions, the odds of valid annotations for
professional annotators were 2.17 times (CI: 2.08, 2.27) that of crowdworkers, and, for experts, 2.22
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times (CI: 1.93, 2.56) that of crowdworkers. Similarly, in comparison to crowdworkers, the ratio
between the expected DSC score and the difference to a perfect DSC score for the same predicted
images by the different algorithms were increased by 39% (1.39, CI: 1.37, 1.41) for professional
annotators and by 41% (1.41, CI: 1.35, 1.48) for the experts. Thus, test set images annotated by
professional annotation companies without additional quality assurance are very similar in
annotation quality to expert-annotated test set images with quality assurance for the task at
hand.

Figure A.2: Effect of the labeling instruction and the annotator provider type on validation/testing: The
experiments indicate that poor choices of annotators and labeling instructions systematically lead to
misreporting the performance of machine learning (ML) models on the test set. (a) For the exact same
predictions of ML models, extended text descriptions reduce the odds for valid annotations in comparison
to minimal text descriptions, while the expert labeling instruction type and including pictures provide a
clear benefit. (b) Only the expert labeling instructions, which were exclusively used in the 2019 Robust
Medical Instrument Segmentation challenge, show an improvement on the Dice Similarity Coefficient (DSC)
score. The change (increase: blue, decrease: red) of the valid annotations probability (a) and the perfect
DSC score odds (b) is displayed with the minimal text labeling instruction as reference. The two-part beta
model was fit on 85,644 DSC image scores from the existing output of six different ML models, our labeled
dataset and the expert generated images.



Labeling Instructions Survey

Section 1: Introduction
This survey aims to collect information about people who perform annotations. Labeling
instructions provide the information on "what and how to annotate".

It will take around 5 minutes to finish the survey.
The collected information will help us improve labeling instructions in the future.
The collected information is anonymous and will not be shared with your employer.

This survey consists of two parts:
- General questions
- Annotation-related questions

contact information: xxxx

I hereby confirm that my responses will be processed in an anonymous fashion in a study on
labeling instructions.

● Yes

Section 2: General questions

What device are you using for the labeling?

Question type: Multiple choice
○ Desktop PC
○ Laptop

How old are you?

Question type: Drop-down
● 15-20 years
● 21-30 years
● 31-40 years
● 41-50 years
● 50-60 years
● 61-70 years
● Other

Please rate your English skills.

Question type: Drop-down
● Beginner
● Elementary
● Intermediate

166 APPENDIX A. APPENDIX

A.4 Survey: Current Status of Labeling Instructions



● Advanced
● Proficient
● Native speaker

What is your native language?

Question type: Open text
➢ YOUR ANSWER

How long have you been using a computer for?

Question type: Drop-down
● 0-5 years
● 6-10 years
● 11-15 years
● 16-20 years
● More than 20 years

What is your highest earned degree?

Question type: Drop-down
● Basic education
● Higher education (similar to high school)
● Bachelor - University or similar
● Master - University or similar
● Doctor - University or similar
● None of the above

Section 3: Annotation-related questions

How often do you label per week?

Question type: Drop-down
● 1 day per week
● 2 days per week
● 3 days per week
● 4 days per week
● 5 days per week
● More than 5 days per week

Which of the mentioned options cause problems in the daily annotation work of your
colleagues? You can choose multiple answers.

Question type: Checkboxes
■ Missing training
■ Unclear labeling instructions / Unclear labeling guide
■ Tooling issues / Tooling restrictions (e.g. not able to save annotations)
■ Poor data (e.g. image quality or sensor fusion)
■ Concentration issues (due to monotonous work)
■ Other…

A. ANNOTATION AND QUALITY ASSURANCE ADDITIONAL METHODS 167



Is labeling your main source of income?

Question type: Multiple choice
● Yes
● No

How many hours do you spend per week on labeling images? Please note that all activities
regarding labeling (e.g. training) are counted here.

Question type: Drop-down
● 1-2 hours
● 3-5 hours
● 6-10 hours
● 11-15 hours
● 16-20 hours
● 21-30 hours
● 31-40 hours
● more than 40 hours

How long have you been labeling for?

Question type: Drop-down
● Less than 1 year
● Between 1 and 1.5 years
● Between 1.6 and 2 years
● Between 2.1 and 2.5 years
● Between 2.6 and 3 years
● Between 3.1 and 4 years
● Between 4 and 5 years
● Between 6 and 7 years
● Between 8 and 9 years
● More than 10 years

Please rate the following statements. If you do not understand the statement, you can select
"Do not understand statement" for certain statements.

I prefer short labeling instructions rather than long labeling instructions.

Question type: Multiple choice (Likert Scale)
● Strongly disagree
● Disagree
● Neither agree nor disagree
● Agree
● Strongly agree

Labeling instructions are not important for annotation projects.

Question type: Multiple choice (Likert Scale)
● Strongly disagree
● Disagree
● Neither agree nor disagree
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● Agree
● Strongly agree

After reading more detailed labeling instructions my colleagues are able to generate
annotations faster than with less detailed labeling instructions.

Question type: Multiple choice (Likert Scale)
● Strongly disagree
● Disagree
● Neither agree nor disagree
● Agree
● Strongly agree
● Do not understand statement

After reading more detailed labeling instructions my colleagues are able to generate
annotations with higher quality than with less detailed labeling instructions.

Question type: Multiple choice (Likert Scale)
● Strongly disagree
● Disagree
● Neither agree nor disagree
● Agree
● Strongly agree
● Do not understand statement

The creator of the labeling instructions should invest more time and resources in the
generation of the labeling instructions.

Question type: Multiple choice (Likert Scale)
● Strongly disagree
● Disagree
● Neither agree nor disagree
● Agree
● Strongly agree
● Do not understand statement

Please rate the following statements. The scale options are defined as:
Never: 0%
Rarely: Between 1% and 25%
Sometimes: Between 26% and 50%
Often: Between 51% and 75%
Always: Between 76% and 100%

Unclear labeling instructions lead to questions of my colleagues about the labeling
instructions.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes

A. ANNOTATION AND QUALITY ASSURANCE ADDITIONAL METHODS 169



● Often
● Always

In the past, my colleagues made annotation mistakes due to unclear labeling instructions.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always

Extensive text descriptions and written examples in the labeling instructions improve the
understanding of the labeling instructions for my colleagues.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always

In the past, my colleagues made annotation mistakes due to incomplete labeling
instructions.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always

Pictures in the labeling instructions improve the understanding of the labeling instructions for
my colleagues.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always

In the past, I made annotation mistakes due to unclear labeling instructions.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always
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Please rate the following statements. If you do not understand the statement, you can select
"Do not understand statement" for certain statements. The scale options are defined as:
Never: 0%
Rarely: Between 1% and 25%
Sometimes: Between 26% and 50%
Often: Between 51% and 75%
Always: Between 76% and 100%

The labeling instructions my colleagues receive for annotation projects are usually of good
quality and enable them to generate high quality annotations.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always
● Do not understand statement

Unclear labeling instructions delay the completion of annotation projects.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always
● Do not understand statement

Unclear labeling instructions cause rework of the annotations for my colleagues.

Question type: Multiple choice (Likert Scale)
● Never
● Rarely
● Sometimes
● Often
● Always
● Do not understand statement

Is there anything you would like to add or mention?

Question type: Open text
➢ YOUR ANSWER

Thank you for participating in the survey and helping to improve labeling instructions.
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Overview
● Terminology …………………………………………………... 2
● Goal………………………………………………………………….. 3
● Occlusion………………………………………………………... 4 
● Medical instruments………………………………………. 5
● Medical instruments - Holes…………………………. 6
● Medical instruments - Transparency……………. 7

1

Terminology
Definition “Matter”: 
● Anything that has mass, takes up space and can be clearly identified.

● Examples: tissue, surgical tools, blood

2
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Goal - Detect and segment all relevant medical instruments

Only segment medical instruments
● Each medical instrument is their own instance.

● Each instance has their own colour.

● The interior of a segmentation represents a medical instrument. 

● Everything outside the medical instrument segmentations is regarded as other matter.

3

Occlusion
Each pixel may correspond to exactly one instance.
The solid/liquid matter that occurs first along the line of sight of the endoscope 
determines the label. 

4
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Medical instruments
Definition “Medical instrument”: 
● An elongated rigid object placed inside the patient and manipulated from outside the patient.

● Examples: grasper, scalpel, (transparent) trocar, clip applicator, hooks, stapling device, suction

5

Medical instruments - Holes
Several medical instruments feature holes. 
They are regarded as part of the instrument. 

6
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Medical instruments - Transparency
Medical instruments may be transparent. 
The occlusion rule holds in this case as well.

7
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Overview
● Terminology.…………………………………………………... 2
● Goal………………………………………………………………….. 3
● Occlusion………………………………………………………... 4 
● Medical instruments………………………………………. 5
● Medical instruments - Holes…………………………. 6
● Medical instruments - Holes exception……….. 7
● Medical instruments - Transparency……………. 8
● Text overlay……………..………………………………………. 9
● Image overlay……………..………………..…………………. 10

1

Terminology
Definition “Matter”: 
● Anything that has mass, takes up space and can be clearly identified.

● Examples: tissue, surgical tools, blood

● Counterexamples: reflections, digital overlays, movement artifacts, smoke

2
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A.6 Extended Text Labeling Instruction



Goal - Detect and segment all relevant medical instruments

Only segment medical instruments
● Each medical instrument is their own instance.

● If two parts of the same instrument are visible, they belong to the same instrument instance.

● Each instance has their own colour.

● The interior of a segmentation represents a medical instrument. 

● Everything outside the medical instrument segmentations is regarded as other matter.

● Be as precise as possible. Every pixel counts in surgery.

3

Occlusion
Each pixel may correspond to exactly one instance.
The solid/liquid matter that occurs first along the line of sight of the endoscope 
determines the label. 

This may result in multiple segmentations for a single instrument that is occluded 
by another instrument, blood or tissue, for example. 

4
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Medical instruments
Definition “Medical instrument”: 
● An elongated rigid object placed inside the patient and manipulated from outside the patient.

● Examples: grasper, scalpel, (transparent) trocar, clip applicator, hooks, stapling device, suction

● Counterexamples: non-rigid tubes, bandage, compress, needle (not directly manipulated from 
outside but manipulated with an instrument), coagulation sponges, metal clips

5

Medical instruments - Holes
Several medical instruments feature holes. 
They are regarded as part of the instrument. 

A hole is made up of pixels that do not show

parts of the instrument but are either 

type a) completely surrounded by pixels of the same instrument or 

type b) completely surrounded by pixels of one instrument and the margin of 
the instrument would close the hole outside the image. 

6

178 APPENDIX A. APPENDIX



Medical instruments - Holes exception
The sole exception are trocars when the camera is placed inside them.

Trocars are transparent medical instruments
● They are placed through the abdomen. 
● They function as a portal for the other medical instruments.
● When the camera is inside a trocar, a trocar can take up a large part of the image.

Trocars are exempt from the hole rule
● Reason: Otherwise, the holes would make up a large part of the image.

7

Medical instruments - Transparency
Medical instruments may be transparent. 
The occlusion rule holds in this case as well.

8
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Text overlay
Text overlay is text that is visible in the image.
The background of the text is the regular image.

Text overlay shall be ignored.

9

Image overlay
Image overlay is often uniform coloured shapes
that overlay with the image.
Text with an added uniform color background 
is considered as image overlay.

Image overlay is treated like “other matter” and should not be part of the 
segmentation.

10
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Overview
● Terminology.…………………………………………………... 2
● Goal………………………………………………………………….. 3
● Occlusion………………………………………………………... 5 
● Medical instruments………………………………………. 6
● Medical instruments - Holes…………………………. 11
● Medical instruments - Holes exception……….. 12
● Medical instruments - Transparency……………. 14
● Text overlay……………..………………………………………. 15
● Image overlay……………..………………..…………………. 16

1

Terminology
Definition “Matter”: 

● Anything that has mass, takes up space and can be clearly identified.
● Examples: tissue, surgical tools, blood
● Counterexamples: reflections, digital overlays, movement artifacts, smoke

Examples of matter:
Tissue.

Counterexample:
Smoke.

Examples of matter:
Surgical tools. 2
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A.7 Extended Text Including Pictures Labeling Instruction



Goal - Detect and segment all relevant medical instruments

Only segment medical instruments
● Each medical instrument is their own instance.

● If two parts of the same instrument are visible, they belong 
to the same instrument instance.

● Each instance has their own colour.

3

Each instance of the medical instruments 
has their own color.

Same instance

Same instance

Goal - Detect and segment all relevant medical instruments

Only segment medical instruments
● The interior of a segmentation represents a medical instrument. 

● Everything outside the medical instrument segmentations is regarded as other matter.

● Be as precise as possible. Every pixel counts in surgery.

4

Interior of the colors represents the 
instruments.

Medical instrument
TissueMedical instrument
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Occlusion
Each pixel may correspond to exactly one instance.
● The solid/liquid matter that occurs first

along the line of sight of the endoscope determines the label. 

This may result in multiple segmentations for a single instrument that is occluded 
by another instrument, blood or tissue, for example. 

Pink is partly occluded by an image overlay. Yellow 
is occluded by tissue. -> Two segmentations.

Medical 
instrument

TissueMedical instrument

Pink is a medical instrument and occluded by 
green. -> Pink has two segmentations.

Tissue

Same instance Same instance

5

Medical instruments
Definition “Medical instrument”: 

● An elongated rigid object placed into the patient and manipulated from outside the patient.

● Examples: grasper, scalpel, (transparent) trocar, clip applicator, hooks, stapling device, suction

Example: Grasper.

Example: Grasper. Example: Grasper.

6

A. ANNOTATION AND QUALITY ASSURANCE ADDITIONAL METHODS 183



Medical instruments
Definition “Medical instrument”: 

● An elongated rigid object placed into the patient and manipulated from outside the patient.

● Examples: grasper, scalpel, (transparent) trocar, clip applicator, hooks, stapling device, suction

Example: Suction.

Example: Spreader.Example: Scalpel.

7

Medical instruments
Definition “Medical instrument”: 

● An elongated rigid object placed into the patient and manipulated from outside the patient.

● Examples: grasper, scalpel, (transparent) trocar, clip applicator, hooks, stapling device, suction

Example: Inside a Trocar.

Example: Different trocars.

Example: Inside trocar (green). Another 
instrument is visible through the hole.

Example: Trocar.
8

Example: transparent trocar (hard to detect).
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Medical instruments
Definition “Medical instrument”: 

● Counterexamples: non-rigid tubes, bandage, compress, needle (not directly manipulated from 
outside but manipulated with an instrument), coagulation sponges, metal clips

Green and pink are medical instruments. 
The red cross marks a clamp 
-> no medical instrument.

Green and pink are medical instruments. 
The red cross marks a bandage
-> no medical instrument.

Green and pink are medical instruments. 
The red cross marks a drain-plastic
-> no medical instrument.

9

Medical instruments
Definition “Medical instrument”: 

● Counterexamples: non-rigid tubes, bandage, compress, needle (not directly manipulated from 
outside but manipulated with an instrument), coagulation sponges, metal clips

0 instruments are visible.
The red cross marks a bandage
-> no medical instrument.

0 instruments are visible.
The red cross marks a metal clip
-> no medical instrument.

2 instruments are visible.
The red cross marks a needle
-> no medical instrument.

10
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Medical instruments - Holes
Several medical instruments feature holes.
They are regarded as part of the instrument. 

A hole is made up of pixels that do not show
parts of the instrument but are either 

type (a) completely surrounded by pixels of the same instrument or 

type (b) are completely surrounded by pixels of one instrument and the 
margin of the instrument would close the hole outside the image. 

Type (a) hole

Type (b) hole

Type (a) hole for 
yellow -> the hole 
belongs to yellow.
Even instruments 
that are visible in 
the hole (pink) are 
ignored.

11

Medical instruments - Holes exception
The sole exception are trocars when the camera is placed inside of them.

Trocars are transparent medical instruments.
● They are placed through the abdomen.
● To function as a portal for the other medical instruments.

Different types of trocars. They function as a tunnel 
for other instruments.

HoleHole

12

Trocar

Non transparent trocar. They often appear 
at the edge of the image.Trocars are often transparent and hard to 

spot.

Trocar
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Medical instruments - Holes exception
The sole exception are trocars when the camera is placed inside of them.

When the camera is inside a trocar, a trocar can take up a large part of the image

Trocars are exempt from the hole rule.
● Otherwise, the holes would contain a large part of the image.

Correct: Trocar annotated in pink. Wrong: Trocar annotated in red. 13

Medical instruments - Transparency
Medical instruments may be transparent. 

The occlusion rule holds in this case as well.

Hole exception for pink (troncar). Pink is 
transparent. -> The hidden part of green 
belongs to the pink annotation (occlusion rule).

Green and blue are instruments. Brown is a 
transparent trocar. -> The trocar is the first part 
in the line of sight. Hidden part of the green 
instrument belongs to brown (occlusion rule).

Pixels only belong to 
one instrument. 

Here they belong to the 
transparent instrument, 
because the transparent 

instrument is the first 
object in line of sight 

(occlusion rule).

14
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Text overlay
Text overlay is text that is visible in the image.
The background of the text is the regular image.

Text overlay shall be ignored.

Examples: Text overlayText overlay (in yellow color).

Correct: The text overlay is ignored. Wrong: The text overlay is treated 
with a cutout. 15

Image overlay
Image overlay is often uniform coloured shapes
that overlay on the image.
Text with a added uniform color background 
is considered as image overlay.

Image overlays are treated like “other matter”. Image overlay

Image overlay

Wrong: The image overlay here is part of the 
instrument.

Correct: The image overlay is not part of the 
instrument.

16
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A.8 Real-world Image Characteristics Examples
The 57,636 metadata annotations represent real-world image characteristics and were created by
three engineers with the help of some crowdworkers. Examples are displayed in Supplementary
Fig. A.3. The characteristics can be generalizable (Supplementary Fig. A.3a) or domain-specific
(Supplementary Fig. A.3b), and occur in the background, on the objects or as an overlay. Gen-
eralizable characteristics include: motion artifacts in the background, other objects present in
the background, object occluded by background, intersection of objects, motion artifacts on the
object, object(s) overexposure, object(s) underexposure. Domain-specific characteristics include:
background covered by blood, background covered by reflections, background covered by smoke,
image overlaid with text, caption at the bottom of the image, black box present in the image,
trocar present in the image, object covered by blood, object(s) covered by reflections, object(s)
covered by smoke.



190 APPENDIX A. APPENDIX

Figure A.3: Real-world image characteristics examples. During recording, a broad range of (a) generalizable
and (b) domain-specific image characteristics occur and can influence humans and models alike.
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A.9 Spam Annotation Examples

Figure A.4: Only MTurk crowdworkers generated spam annotations. The annotation companies generated
no spam annotations, whereas around 20% of the collected MTurk annotations were spam. The spam
annotations vary greatly in their style and seem to display different strategies to game the MTurk annotation
tasks.
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B DomainBench Additional Methods
B.1 Task Augmentation Methods Comparison

Metric CLEVR Task Me Anything Taskonomy Wang 2023 JourneyBench ProVision Ours
[82] [223] [215] [199] [201] [222] Ours

Real
images/objects

(partly, needs
scene graph)

Diversity core
perception tasks

(subjec-
tive)

Focus on resource
efficiency

Synthetic
data

Strong synthetic
data focus and

flexible

Not relevant,
no new

tasks/data
can be added

(2,200
hours of
human

annotation)
Enables others to

use their own
data and

benchmark /
Easily extendable

(in
theory

possible, but
no code)

Not reliant on
generative

models
Object-centric (hard to

say)
Validated across
multiple visual

content domains
Human Ambiguity

Scores
Easily scalable
Task creation
code public

Evaluated on
SOTA VLMs

(limited # of
proprietary models)

(but
SoTA* 2023)

(limited #
of

proprietary
models)

Table A.2: Our framework uniquely combines comprehensive evaluation capabilities with methodological
advantages. Systematic comparison of task augmentation approaches across key metrics, highlighting
distinct features in VLM evaluation, programmatic task generation, and efficiency measures relative to
existing frameworks.

Our work is positioned within the broader context of research on large VLMs, programmatic task
generation and task augmentation. A comparison to other relevant work [82, 223, 215, 199, 201] is
provided in Table A.2.
We deliberately excluded large datasets primarily designed for task generation, such as Visual
Genome [93] and the Open Images Dataset [96], as these datasets are not suitable for directly
using their own images for evaluation. Instead, our focus is on empowering domain-specific
users to efficiently test a wide range of capabilities with a small number of real-world images
containing relevant objects, while operating under limited resources. For instance, the human
annotations required to generate the tasks in our framework can be achieved at a minimal cost
of approximately $27 USD (average across all seven datasets). Our approach is complementary
to existing research, offering a lightweight and accessible alternative for specific use cases.
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Thus enabling researchers and practitioners to iterate more quickly and effectively in the right
direction.
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B.2 Vision-Language Model Tasks Overview
Here we present the VLM tasks overview and its corresponding meta categories in Figure A.5.
Further information on each task is provided in Table 4.7 on the next page.

Figure A.5: Our framework yields a diverse set of tasks. Based on a single image with instance segmentations,
our framework enables the generation of 22 tasks from eight different vision-language categories, ranging
from pixel-level to image-level perception.
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B.3 Computational and Monetary Cost

Domain Icon Metadata Enrichment Perception
Task

Generation
(in seconds)

Pre-defined
Heuristics

(in seconds)

ML Model
(in seconds)

Wildlife 15 50 124

Persons 354 496 160

Vehicles 73 211 129

Animals 41 138 129

Kitchen 48 156 161

Food 295 117 144

Kitti 23 108 146

Table A.3: Our framework is resource-efficient in both computation and cost. Displayed are the timings (in
seconds) for metadata enrichment and question generation across domains, demonstrating the scalability
and efficiency of our approach.The turnover time for task annotations was two days. All computations were
performed on an RTX 3090 GPU and Ryzen 9 5900X CPU.
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C Domain-specific Datasets
In the following pages, we present examples for all generated datasets. These cover a diverse
range from animals up to kitchen scenes.



Question: 
How many cows are visible in the image? Please respond only with 
the number.
Answer: 7

Question: 
Each cow is marked with a coloured bounding box. Which cow is 
further to the left in the image? Only respond with the color of the 
bounding box.
Answer: Red

Animals Dataset

Question: 
Each cow is marked with a coloured bounding box. 
Which cow is closer to the camera? Only respond with the color of the 
bounding box.
Answer: Red

Question: 
Each cow is marked with a colored bounding box. 
Which cow occupies more pixels in the image? Only respond with the 
color of the bounding box.
Answer: Green
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C.1 Animals Dataset Examples



Question: 
Which point is brighter? Please only respond with the letter.
Answer: B

Question: 
Which tile shows the correct color pattern? Please respond only with 
the letter.
Answer: B

Question: 
Which tile fits best in the image? Please respond only with the letter..
Answer: A



Question: 
One person is marked with a bounding box. Is there another person in 
the image? Please respond only with yes or no.
Answer: Yes

Person Dataset

Question: 
Each person is marked with a coloured bounding box. Which person is 
closer to the camera?  Only respond with the color of the bounding 
box.
Answer: Green

Question: 
Which tile fits best in the image? Please respond only with the letter.
Answer: B

Question: 
Which image variant is the second brightest version of the image? 
Please respond only with the letter.
Answer: D
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C.2 Person Dataset Examples



Question: 
Which point is brighter? Please respond only with the letter.
Answer: A



Question: 
How many bananas are visible in the image? Please respond only 
with the number.
Answer: 6

Food Dataset

Question: 
Which image variant is not corrupted? Please respond only with the 
letter.
Answer: C

Question: 
Each banana is marked with a coloured bounding box. Which banana 
occupies more pixels in the image? Only respond with the color of the 
bounding box.
Answer: Red

Question: 
Each banana is marked with a coloured bounding box. Which banana is 
closer to the camera? Only respond with the color of the bounding box.
Answer: Red
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C.3 Food Dataset Examples



Question: 
One banana is marked with a bounding box. Is there another banana 
further to the left in the image? Please respond only with yes or no.
Answer: Yes

Question: 
Which image variant is not corrupted? Please respond only with the 
letter.
Answer: A



Question: 
Which image variant is not rotated? Please respond only with the 
letter.
Answer: C

Question: 
 Each boat is marked with a coloured bounding box. Which boat is 
further to the left in the image? Only respond with the color of the 
bounding box.
Answer: Red

Vehicles Dataset

Question: 
Which tile fits best in the image? Please respond only with the letter.
Answer: D

Question: 
Which point is closer? Please respond only with the letter.
Answer: A
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C.4 Vehicles Dataset Examples



Question: 
Which image variant contains the smallest amount of blur? Please 
respond only with the letter.
Answer: D



Question: 
The coloured bounding box marks an area of interest. Is there a giraffe 
in the bounding box? Please respond only with yes or no.
Answer: No

Question: 
The zebra is marked with a colored point. Does the zebra touch another 
zebra? Touching means that the pixels of one zebra are directly next to 
the pixels of another zebra. Please respond only with yes or no.
Answer: Yes

Wildlife Dataset

Question: 
 Each zebra is marked with a coloured bounding box. Which zebra is 
closer to the bottom of the image? Only respond with the color of the 
bounding box.
Answer: Red

Question: 
Each zebra is marked with a coloured bounding box. Which zebra is 
closer to the camera? Only respond with the color of the bounding box.
Answer: Green
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C.5 Wildlife Dataset Examples



Question: 
Which image variant is not rotated? Please respond only with the 
letter.
Answer: D

Question: 
Which tile fits best in the image? Please respond only with the letter..
Answer: C



Question: 
Each cup is marked with a coloured bounding box. Which cup is closer 
to the camera?  Only respond with the color of the bounding box.
Answer: Green

Question: 
How many forks are visible in the image? Please respond only with the 
number.
Answer: 2

Kitchen Dataset

Question: 
Which point is closer? Please respond only with the letter.
Answer: B

Question: 
The fork is marked with a colored point. Does the fork touch another 
fork? Touching means that the pixels of one fork are directly next to the 
pixels of another fork. Please respond only with yes or no.
Answer: Yes
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C.6 Kitchen Dataset Examples



Question: 
Each cup is marked with a coloured bounding box. Which cup occupies 
more pixels in the image? Only respond with the color of the bounding 
box.
Answer: Green

Question: 
 Each fork is marked with a coloured bounding box. Which fork is closer 
to the bottom of the image? Only respond with the color of the 
bounding box.
Answer: Red

Question: 
Which tile fits best in the image? Please respond only with the letter..
Answer: B



Question: 
The coloured bounding box marks an area of interest. Is there an car in 
the bounding box? Please respond only with yes or no.
Answer: Yes

Kitti Dataset

Question: 
Which image variant is not corrupted? Please respond only with the 
letter.
Answer: C

Question: 
 Each car is marked with a coloured bounding box. Which car is further 
to the left in the image? Only respond with the color of the bounding 
box.
Answer: Green

Question: 
Which of the four tiles fits best in the image? Please respond only with 
the letter.
Answer: B
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C.7 Kitti Dataset Examples



Question: 
Which image variant is the second brightest version of the image? 
Please respond only with the letter.
Answer: D

Question: 
Which point is brighter? Please respond only with the letter.
Answer: B
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C.8 API Errors and Safety Settings of the Gemini API
When conducting experiments with the Gemini API, we had to modify the default safety settings
to accommodate our use case, which was already surprising. While the text safety settings could
be adjusted, the image safety settings were locked and required access through a higher-tier
customer account. This limitation was particularly notable given that our experiments exclusively
involved standard computer vision images. Consequently, this restriction resulted in 2% of our
tasks remaining unanswered. In Figure A.6 and Figure A.7 we display some tasks that triggered
the safety settings.

Figure A.6: Safety systems in vision-language models can be triggered by benign inputs. Example showing
an image that activated Google Gemini’s content filtering mechanisms despite containing no harmful
content.
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Figure A.7: Safety systems in vision-language models can be triggered by benign inputs. Example showing an
image that activated Google Gemini’s content filtering mechanisms despite containing no harmful content.
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D Accuracy Analyses
D.1 Accuracy%(t) Thresholds for All Datasets
Here we present the Accuracy%(t) metric at thresholds 0.4, 0.5, 0.55, 0.6, 0.65, 0.70, 0.75, and
0.80. The top 10 models for each dataset are displayed as bar plots in Figure A.8. To increase
interpretability of single models across datasets, Figure A.9 displays all 22 models as line plots.
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Figure A.8: Accuracy% (t) ↑thresholds for the top 10 models across all datasets. Humans (solid grey bar)
consistently achieve near-perfect scores of 1 across all displayed thresholds and datasets. Performance
varies significantly across imaging domains, with dotted lines representing open-source models and solid
lines indicating closed-source models.
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Figure A.9: Accuracy%(t) ↑thresholds for all models for each dataset. Displayed as line plots, given the
large number of models. Humans (dashed-dotted grey line) consistently achieve near-perfect scores of 1
across all displayed thresholds and datasets. Performance varies significantly across imaging domains,
with dotted lines representing open-source models and solid lines indicating closed-source models.
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D.2 Accuracies Across Datasets
We display the regular Accuracy scores for all models per dataset in Table A.4 and per task
in Table A.6.

Model Overall wildlife animals kitti person vehicles food kitchen

Humans 94.9 95.7 95.6 95.2 96.6 93.2 94.2 93.5

Gemini Pro 74.8 77.6 78.0 79.5 74.1 74.9 71.2 68.2
Claude_3.5_Sonnet 71.0 76.9 76.6 74.0 68.0 70.7 66.0 64.9
GPT-4o 70.8 73.5 73.0 76.7 70.1 70.8 66.8 64.3
Qwen2_72B 70.3 72.7 76.5 75.5 63.9 70.3 67.3 65.6
Llama_3.2_90B 67.5 73.5 72.1 70.8 65.0 66.2 63.3 61.7
Gemini Flash 67.5 74.5 71.7 71.1 62.8 67.9 62.3 62.2
Qwen2_7B 62.1 70.6 67.6 64.3 54.3 62.0 58.6 57.0
Molmo_7B 61.0 65.2 65.3 62.4 59.4 59.1 59.6 56.2
Pixtral 59.2 64.1 62.5 64.3 57.0 59.2 55.1 52.5
GPT-4o-mini 57.1 62.7 62.1 62.0 55.7 56.3 48.4 52.8
LLaVA-NeXt_34B 55.4 60.6 59.5 56.0 56.0 52.7 54.5 48.4
InternVL2-40B 52.7 55.7 55.2 56.7 51.1 53.4 47.0 49.8
Phi-3.5_Vision 50.7 61.1 53.9 49.2 45.0 46.8 50.3 48.4
Llama_3.2_11B 49.8 55.1 54.3 50.9 47.7 47.2 46.3 47.2
LLaVA-NeXT_7B 45.6 51.1 47.9 42.9 43.2 42.5 47.4 44.2
Phi-3_Vision 45.3 51.0 48.9 43.4 41.4 42.1 46.9 43.4
InternVL2-8B 43.9 48.0 48.9 49.9 38.1 42.1 39.9 40.0
LLaVA-v1.5_7B 40.6 46.3 39.1 39.8 41.6 37.1 41.5 38.9
PaliGemma_3B_448x448 40.6 46.5 44.5 35.9 42.2 37.7 41.2 35.8
PaliGemma_3B_224x224 36.3 41.2 39.8 32.2 38.2 33.8 36.5 32.6
InternVL2-1B 18.3 20.9 17.5 20.9 16.4 15.8 20.8 15.5
Florence-2 16.2 19.3 17.2 16.3 19.0 14.1 16.9 10.7
Chameleon_7B 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table A.4: Model Accuracies across different datasets. Performance varies greatly between domain datasets,

highlighting the need for in-domain validation. For each column, the top 10 models are highlighted: 1st

place (Gold) 2nd place (Silver) 3rd place (Bronze) 4th place 5th place 6th

place 7th place 8th place 9th place 10th place. The ’Overall’ column represents
the mean accuracy across all datasets.
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D.3 Accuracy%(t) Curves for All Models
Here we present the Accuracy%(t) curves for all models and datasets. The Accuracy%(t) metric
represents the percentage of images for which at least a specified proportion of questions are
correctly answered. The thresholds for each curve are [0.2, 0.3, 0.4, 0.5, 0.55, 0.6, 0.65, 0.7, 0.75,
0.8, 0.85, 0.9, 0.95, 1.0]. First we display the top 10 models per dataset in Figure A.10, for all 22
models in Figure A.11, and Area under the Accuracy%(t) Curves in Table A.5.
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Figure A.10: Accuracy% (t) curves for the top 10 models across each dataset, with a maximum score of 1.
Humans (dashed-dotted grey line) consistently achieve the highest performance. Dashed lines indicate
open-source models, while solid lines represent closed-source models. The area under the Accuracy% (t)
curves, detailed in Table A.5, highlights significant variations in model rankings across domain-specific
datasets for the same tasks.
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Figure A.11: Accuracy% (t) curves for all models across each dataset, with a maximum score of 1. Humans
(dashed-dotted grey line) consistently achieve the highest performance. Dashed lines indicate open-source
models, while solid lines represent closed-source models. The area under the Accuracy% (t) curves, detailed
in Table A.5, highlights significant variations in model rankings across domain-specific datasets for the
same tasks.
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Model Overall animals food kitchen kitti person vehicles wildlife

Humans 75.42 75.97 75.01 73.68 75.97 77.61 73.85 75.88

Gemini Pro 55.18 58.42 51.44 48.41 60.06 54.48 55.30 58.12
Claude_3.5_Sonnet 51.50 57.47 46.29 45.83 54.16 47.93 51.13 57.67
GPT-4o 50.88 53.27 46.83 44.60 57.01 50.09 51.06 53.28
Qwen2_72B 50.73 57.28 47.63 46.48 55.97 43.57 50.76 53.42
Llama_3.2_90B 47.81 52.74 43.35 42.54 50.99 44.70 46.38 53.95
Gemini Flash 47.77 52.35 42.34 42.64 51.32 42.59 48.04 55.11
Qwen2_7B 42.26 48.32 38.62 37.43 44.26 33.93 41.97 51.31
Molmo_7B 40.98 45.26 39.52 36.84 42.04 38.95 39.04 45.21
Pixtral 39.43 43.16 35.01 33.06 44.29 36.88 39.16 44.48
GPT-4o-mini 37.55 42.84 28.57 33.38 42.13 35.59 36.56 43.74
LLaVA-NeXt_34B 35.44 39.50 34.38 28.56 35.63 35.99 32.73 41.29
InternVL2-40B 32.86 35.74 27.27 30.08 36.40 31.09 33.10 36.32
Phi-3.5_Vision 31.22 35.01 29.98 29.10 29.93 25.34 26.94 42.23
Llama_3.2_11B 30.17 35.04 26.04 27.32 31.41 27.98 27.19 36.19
random_chance 29.87 30.43 30.00 29.96 29.50 29.85 30.78 28.55
LLaVA-NeXT_7B 25.87 28.50 27.00 24.22 23.63 23.59 22.12 32.06
Phi-3_Vision 25.82 29.52 26.99 23.81 24.34 22.00 22.54 31.56
InternVL2-8B 24.69 30.51 20.42 20.62 30.56 18.46 22.46 29.80
PaliGemma_3B_448x448 21.19 25.26 21.31 16.30 17.01 22.66 17.87 27.88
LLaVA-v1.5_7B 21.18 20.23 21.59 19.47 20.16 22.20 17.45 27.15
PaliGemma_3B_224x224 17.24 20.89 16.97 13.74 13.10 18.65 14.49 22.83
InternVL2-1B 3.24 3.20 4.62 2.05 3.88 2.14 1.89 4.93
Florence-2 1.60 2.01 1.65 0.66 1.29 1.62 1.09 2.89
Chameleon_7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table A.5: Area under Accuracy%(t) Curves for seven different datasets. Curves calculated for threshholds
at [0.2, 0.3, 0.4, 0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.95, 1.0] across each dataset. For each column,

the top 10 models are highlighted: 1st place (Gold) 2nd place (Silver) 3rd place (Bronze)

4th place 5th place 6th place 7th place 8th place 9th place 10th
place. The ’Overall’ column represents the mean area under the curve across all datasets. The substantial
differences in model rankings across domain-specific datasets for identical tasks highlights the need for
specific in-domain evaluation.
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E Ranking Analyses
E.1 Ranking Variability Across Datasets
Scatter plots illustrating ranking diversity first present a combined view across all domains,
followed by separate plots for each domain. These visualizations reveal the variations in rankings
both globally and within datasets.
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Figure A.12: Ranking variation across models for all datasets combined. Depicted as a scatter plot. The
radius of each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i
achieved rank j. Open models are indicated by a dashed border.
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Figure A.13: Ranking variation across models for the animals dataset. Depicted as a scatter plot. The radius
of each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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Figure A.14: Ranking variation across models for the person dataset. Depicted as a scatter plot. The radius
of each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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Figure A.15: Ranking variation across models for the food dataset. Depicted as a scatter plot. The radius of
each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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Figure A.16: Ranking variation across models for the vehicles dataset. Depicted as a scatter plot. The radius
of each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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Figure A.17: Ranking variation across models for the wildlife dataset. Depicted as a scatter plot. The radius
of each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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Figure A.18: Ranking variation across models for the kitchen dataset. Depicted as a scatter plot. The radius
of each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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Figure A.19: Ranking variation across models for the kitti dataset. Depicted as a scatter plot. The radius of
each blob at position (Model_i, rank_j) is proportional to the percentage that model Model_i achieved
rank j. Open models are indicated by a dashed border.
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E.2 Ranking Task Comparison Between Models And Humans
Task ranking differs between models and human raters. The plots shows the difficulty of tasks
based on aggregated model scores/human scores (1 = hardest task, 22 = easiest task). The radius
of the blob indicates how often a task was assigned a difficulty rank when considering all seven
domains and all models (n = 5 for closed models; n = 16 for open models; n = 21 for all models; n =
1 for humans as majority vote over several raters). The larger the plot, the higher the percentage
it achieved a specific rank. The hardest tasks on average across domains are (1) T7.2 “Jigsaw
Puzzle Completion”, (2), T1.2 “Object Counting”, (3), T7.1 “Rotated Jigsaw Puzzle Completion”, and
(4) T5.2 “Second Brightest Image Selection”. The easiest task on average was T1.3 “Additional
Object Presence Detection”. We display aggregated all models in Figure A.20, human baselines
in Figure A.21, all closed-source models in Figure A.22, and all open-source models in Figure A.23.
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Figure A.20: All tested vision-language models, both open and closed-source, exhibit consistent patterns in
task difficulty. Aggregated ranking of tasks from easiest to most challenging, revealing systematic strengths
and limitations shared across the complete set of evaluated models regardless of their accessibility.
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Figure A.21: Human performance reveals distinct patterns of task difficulty compared to models. Ranking of
vision tasks from easiest to most challenging based on human evaluator performance, providing a baseline
for understanding natural visual capabilities.
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Figure A.22: Closed-sourced vision-language models demonstrate shared patterns in task difficulty despite
architectural differences. Aggregated ranking of tasks from easiest to most challenging, revealing systematic
strengths and limitations common across all evaluated closed-source models.
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Figure A.23: Publicly available vision-language models exhibit consistent patterns in task difficulty across
architectures. Aggregated ranking of tasks from easiest to most challenging, revealing systematic strengths
and limitations shared across all evaluated open-source models.
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F Task Structure and Relationships
F.1 Task Diversity: Model Accuracies Across Tasks
Here, we present the performance of models across all tasks, using Accuracy (see Table A.6).
Spider plots for closed-source, open-source, and varying model sizes are displayed in Figure A.24.

Model Rank T1.1 T1.2 T1.3 T2.1 T2.2 T2.3 T2.4 T3.1 T3.2 T3.3 T3.4

Humans 96.88 68.31 95.24 99.51 100.00 100.00 100.00 97.21 99.83 99.90 89.74

Gemini_1.5_pro 1 78.23 33.68 92.32 75.09 93.33 97.11 98.15 96.22 75.95 92.18 74.85
GPT-4o 2 83.45 30.35 87.17 50.45 82.36 97.62 87.92 87.07 74.99 85.63 70.45
Claude_3.5_Sonnet 3 88.98 25.70 88.46 50.46 63.32 99.83 96.37 89.89 74.08 85.23 76.66
Qwen2_72B 4 92.10 34.11 91.18 45.76 62.40 96.39 85.35 86.97 71.26 86.96 82.08
Llama_3.2_90B 5 93.82 30.11 91.46 30.21 24.82 98.53 88.38 90.75 79.31 93.00 81.21
Gemini_1.5_flash 6 84.21 31.33 87.58 54.81 63.51 94.22 89.21 94.00 77.79 89.16 55.65
Qwen2_7B 7 90.65 33.82 90.11 39.38 38.14 76.98 69.56 80.16 70.88 80.03 65.24
Molmo_7B 8 90.23 30.88 84.30 27.54 30.74 78.23 76.44 79.53 74.20 82.49 67.28
Pixtral 9 86.84 7.14 88.75 41.20 34.18 78.29 85.89 71.29 63.09 75.85 72.88
GPT-4o-mini 10 79.86 23.35 67.68 43.70 60.91 80.17 72.04 62.47 65.35 59.01 54.33
LLaVA-NeXt_34B 11 88.84 31.02 90.07 30.05 31.79 57.86 61.61 74.50 64.41 79.34 76.97
Llama_3.2_11B 12 90.84 26.84 84.86 29.61 24.06 34.08 45.83 64.14 67.97 70.72 68.50
Phi-3.5_Vision 13 86.88 23.33 82.71 33.07 22.15 58.01 69.47 48.38 49.98 51.05 61.35
InternVL2-40B 14 63.66 29.59 55.06 62.62 57.09 60.56 66.63 78.00 72.34 82.92 60.35
LLaVA-NeXT_7B 15 87.08 0.00 86.71 25.41 26.43 33.54 36.81 53.94 57.34 63.21 73.26
Phi-3_Vision 16 90.54 24.99 82.70 28.65 23.84 50.31 75.56 36.55 51.77 52.41 55.61
InternVL2-8B 17 86.78 24.47 85.39 28.01 31.17 46.47 49.34 7.09 3.66 6.19 68.01
PaliGemma_3B_448x448 18 79.68 31.31 89.50 26.39 23.78 37.00 28.39 17.74 26.39 26.59 74.15
PaliGemma_3B_224x224 19 79.85 26.06 89.28 25.35 22.89 23.61 25.53 12.55 10.39 13.15 73.53
InternVL2-1B 20 31.55 0.00 47.84 24.17 24.58 15.81 25.16 0.00 0.00 0.00 34.83
Florence-2 21 50.98 26.96 77.61 0.00 0.00 0.11 0.11 0.08 0.17 0.80 64.93
Chameleon_7B 22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Model Rank T3.5 T4.1 T5.1 T5.2 T5.3 T5.4 T6.1 T6.2 T7.1 T7.2 T8.1

Humans 82.57 75.34 98.56 99.86 99.82 100.00 93.78 90.72 99.04 96.56 99.30

Gemini_1.5_pro 1 69.02 70.32 81.41 23.64 99.15 66.80 78.46 68.36 53.67 47.86 79.66
GPT-4o 2 66.58 67.21 82.01 46.09 96.57 57.50 75.79 43.25 41.58 46.66 85.76
Claude_3.5_Sonnet 3 69.86 63.54 46.37 61.09 98.36 69.65 68.48 64.15 39.64 37.98 79.61
Qwen2_72B 4 68.21 68.30 52.56 45.81 98.63 66.89 74.69 64.21 37.12 32.74 79.51
Llama_3.2_90B 5 67.43 72.45 35.68 28.37 97.95 75.00 78.99 62.49 27.54 23.22 78.99
Gemini_1.5_flash 6 63.95 68.17 41.06 33.76 96.46 52.53 71.80 73.40 42.23 27.55 77.20
Qwen2_7B 7 64.52 68.53 33.40 30.22 87.46 61.72 75.51 56.72 32.73 25.15 70.42
Molmo_7B 8 58.12 60.06 28.79 35.34 69.54 67.60 78.68 53.21 28.87 26.05 84.32
Pixtral 9 63.37 70.13 28.00 35.47 94.85 38.95 63.01 32.66 30.41 29.98 81.35
GPT-4o-mini 10 72.69 57.68 48.57 34.58 81.02 51.40 49.48 55.02 33.01 29.64 59.98
LLaVA-NeXt_34B 11 65.84 67.52 35.69 24.83 39.62 51.00 72.04 52.33 28.19 26.04 53.84
Llama_3.2_11B 12 63.69 55.04 7.73 26.22 46.86 62.65 62.63 54.41 25.69 26.14 38.49
Phi-3.5_Vision 13 64.30 66.02 17.26 27.28 51.81 51.41 45.56 61.98 30.67 26.10 52.27
InternVL2-40B 14 56.75 9.18 60.92 33.40 82.67 16.54 79.59 11.92 34.83 32.43 65.90
LLaVA-NeXT_7B 15 69.50 62.59 23.37 26.02 24.81 49.25 56.65 55.59 23.77 24.97 28.64
Phi-3_Vision 16 58.98 66.22 22.42 26.04 46.52 18.66 42.42 16.59 27.91 25.88 44.22
InternVL2-8B 17 64.84 59.73 51.82 27.64 56.74 51.50 18.60 51.13 27.32 28.19 54.81
PaliGemma_3B_448x448 18 67.97 60.55 16.22 25.23 33.53 41.82 27.86 51.58 24.47 22.28 28.83
PaliGemma_3B_224x224 19 71.00 58.38 23.41 26.30 24.59 34.08 19.91 37.08 22.13 24.20 27.14
InternVL2-1B 20 25.56 14.39 24.38 10.64 24.42 12.82 0.00 5.82 23.82 22.14 24.71
Florence-2 21 57.33 49.88 0.00 0.70 0.00 0.17 0.26 3.56 4.83 0.00 0.65
Chameleon_7B 22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table A.6: Model performance across tasks displayed as regular Accuracy. For each column, the top 10

models are highlighted: 1st place (Gold) 2nd place (Silver) 3rd place (Bronze) 4th

place 5th place 6th place 7th place 8th place 9th place 10th place.
Certain models exhibit weaknesses on specific tasks despite strong overall rankings. For instance, Gemini
Pro underperforms on the "Second Brightest Image" task (T5.2, 23.6%, rank 19), in contrast to Claude 3.5
Sonnet (61.1%, rank 1). GPT-4o shows limitations on "Point Depth Comparison" (T6.2, 43.3%, rank 15) and
"Additional Object Presence Detection" (T1.3, rank 11). Even Llama 3.2 90B—ranked 5th overall—struggles
with "Object Blur Detection" (T2.3, 30.2%) and "Object Noise Detection" (T2.4, 24.8%) while excelling at
spatial reasoning (T3.2, T3.3).
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Figure A.24: Model architecture and size significantly impact performance patterns across diverse vision
tasks. Spider plots reveal distinct performance profiles between open-source (dashed lines) and closed-
source (solid lines) models across our comprehensive task framework. Each axis represents task-specific
accuracy, demonstrating how different model characteristics influence capabilities.
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F.2 Task Correlation
Here we present the correlation matrices for each of the seven generated domain datasets. We
computed Pearson correlations between task accuracies across the five best-performing models
per dataset. Most task pairs show weak correlations, with one systematic exception: tasks that
modify objects—jigsaw scrambling, recoloring, and additive noise—form a tight cluster across all
datasets, implying they tap into the same underlying capability. Beyond that cluster, relationships
are highly dataset-specific. For example, vertical- vs. horizontal-comparison tasks correlate
strongly in the Animals dataset (r = 0.973) but average only r = 0.336 elsewhere. These patterns
reinforce the need for domain-specific benchmarks, as the skills probed by a task depend on the
visual context.
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Figure A.25: Animals Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap
of Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients
range from -1 (anti-correlated) to 1 (highly correlated).
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Figure A.26: Person Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap
of Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients
range from -1 (anti-correlated) to 1 (highly correlated).



234 APPENDIX A. APPENDIX

2n
d_b

rig
hte

st_
im

ag
e

are
a_c

om
pa

ris
on

cou
nti

ng

ho
riz

on
tal

_co
mpa

ris
on

im
ag

e_b
lur

im
ag

e_c
olo

r

im
ag

e_n
ois

e

im
ag

e_r
ota

tio
n

ins
_de

pth
_co

mp

is_
ob

j_p
res

en
t

is_
oth

_in
s_l

eft

is_
oth

_in
s_l

ow
er

is_
oth

_ob
jec

t_p
res

en
t

jigs
aw

_pu
zzl

e

ob
jec

t_b
lur

ob
jec

t_c
olo

r

ob
jec

t_n
ois

e

ob
jec

t_r
ota

tio
ns

po
int

_br
igh

tne
ss_

com
pa

ris
on

po
int

_cl
ose

ne
ss_

com
pa

ris
on

tou
chi

ng

ve
rtic

al_
com

pa
ris

on

2nd_brightest_image

area_comparison

counting

horizontal_comparison

image_blur

image_color

image_noise

image_rotation

ins_depth_comp

is_obj_present

is_oth_ins_left

is_oth_ins_lower

is_oth_object_present

jigsaw_puzzle

object_blur

object_color

object_noise

object_rotations

point_brightness_comparison

point_closeness_comparison

touching

vertical_comparison

1.000 -0.447 -0.917 -0.362 0.639 -0.455 -0.148 0.224 -0.782 -0.034 -0.830 -0.699 -0.873 0.049 -0.092 0.033 0.040 0.661 -0.165 -0.102 -0.851 -0.715

-0.447 1.000 0.641 -0.589 -0.262 0.754 0.872 -0.936 0.352 -0.408 -0.108 0.442 0.377 0.107 0.411 0.028 0.088 0.066 0.522 0.742 0.385 0.667

-0.917 0.641 1.000 0.049 -0.758 0.759 0.375 -0.522 0.907 -0.059 0.626 0.828 0.942 0.077 0.317 0.075 0.099 -0.576 0.147 0.392 0.889 0.894

-0.362 -0.589 0.049 1.000 0.045 -0.560 -0.846 0.711 0.133 0.686 0.800 -0.146 0.191 -0.525 -0.680 -0.445 -0.508 -0.725 -0.016 -0.503 0.362 -0.040

0.639 -0.262 -0.758 0.045 1.000 -0.741 -0.284 0.198 -0.886 0.337 -0.476 -0.979 -0.888 -0.598 -0.690 -0.628 -0.636 0.289 0.527 0.030 -0.558 -0.534

-0.455 0.754 0.759 -0.560 -0.741 1.000 0.726 -0.795 0.741 -0.410 0.021 0.816 0.698 0.448 0.727 0.413 0.473 -0.068 -0.047 0.599 0.514 0.756

-0.148 0.872 0.375 -0.846 -0.284 0.726 1.000 -0.826 0.146 -0.775 -0.421 0.447 0.166 0.514 0.722 0.431 0.486 0.498 0.173 0.507 -0.021 0.317

0.224 -0.936 -0.522 0.711 0.198 -0.795 -0.826 1.000 -0.324 0.294 0.291 -0.347 -0.286 -0.068 -0.403 0.012 -0.065 -0.093 -0.492 -0.898 -0.332 -0.681

-0.782 0.352 0.907 0.133 -0.886 0.741 0.146 -0.324 1.000 0.055 0.650 0.874 0.984 0.174 0.363 0.204 0.222 -0.645 -0.175 0.258 0.869 0.827

-0.034 -0.408 -0.059 0.686 0.337 -0.410 -0.775 0.294 0.055 1.000 0.416 -0.428 0.001 -0.869 -0.853 -0.822 -0.834 -0.748 0.355 0.133 0.404 0.206

-0.830 -0.108 0.626 0.800 -0.476 0.021 -0.421 0.291 0.650 0.416 1.000 0.433 0.724 -0.259 -0.263 -0.194 -0.234 -0.857 -0.026 -0.248 0.768 0.447

-0.699 0.442 0.828 -0.146 -0.979 0.816 0.447 -0.347 0.874 -0.428 0.433 1.000 0.892 0.596 0.729 0.608 0.623 -0.235 -0.390 0.077 0.575 0.599

-0.873 0.377 0.942 0.191 -0.888 0.698 0.166 -0.286 0.984 0.001 0.724 0.892 1.000 0.181 0.351 0.210 0.220 -0.643 -0.146 0.178 0.873 0.800

0.049 0.107 0.077 -0.525 -0.598 0.448 0.514 -0.068 0.174 -0.869 -0.259 0.596 0.181 1.000 0.935 0.995 0.997 0.575 -0.746 -0.307 -0.312 -0.197

-0.092 0.411 0.317 -0.680 -0.690 0.727 0.722 -0.403 0.363 -0.853 -0.263 0.729 0.351 0.935 1.000 0.909 0.938 0.474 -0.545 0.036 -0.088 0.121

0.033 0.028 0.075 -0.445 -0.628 0.413 0.431 0.012 0.204 -0.822 -0.194 0.608 0.210 0.995 0.909 1.000 0.997 0.519 -0.805 -0.372 -0.290 -0.211

0.040 0.088 0.099 -0.508 -0.636 0.473 0.486 -0.065 0.222 -0.834 -0.234 0.623 0.220 0.997 0.938 0.997 1.000 0.530 -0.774 -0.295 -0.273 -0.163

0.661 0.066 -0.576 -0.725 0.289 -0.068 0.498 -0.093 -0.645 -0.748 -0.857 -0.235 -0.643 0.575 0.474 0.519 0.530 1.000 -0.220 -0.140 -0.874 -0.639

-0.165 0.522 0.147 -0.016 0.527 -0.047 0.173 -0.492 -0.175 0.355 -0.026 -0.390 -0.146 -0.746 -0.545 -0.805 -0.774 -0.220 1.000 0.650 0.269 0.375

-0.102 0.742 0.392 -0.503 0.030 0.599 0.507 -0.898 0.258 0.133 -0.248 0.077 0.178 -0.307 0.036 -0.372 -0.295 -0.140 0.650 1.000 0.410 0.713

-0.851 0.385 0.889 0.362 -0.558 0.514 -0.021 -0.332 0.869 0.404 0.768 0.575 0.873 -0.312 -0.088 -0.290 -0.273 -0.874 0.269 0.410 1.000 0.912

-0.715 0.667 0.894 -0.040 -0.534 0.756 0.317 -0.681 0.827 0.206 0.447 0.599 0.800 -0.197 0.121 -0.211 -0.163 -0.639 0.375 0.713 0.912 1.000

Pearson Correlation Between Models over Tasks

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Figure A.27: Food Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap of
Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients range
from -1 (anti-correlated) to 1 (highly correlated).
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Figure A.28: Vehicles Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap
of Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients
range from -1 (anti-correlated) to 1 (highly correlated).
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Figure A.29: Wildlife Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap
of Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients
range from -1 (anti-correlated) to 1 (highly correlated).
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Figure A.30: Kitchen Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap
of Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients
range from -1 (anti-correlated) to 1 (highly correlated).
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Figure A.31: Kitti Dataset: Task-performance correlations highlight shared visual capabilities. Heatmap of
Pearson correlations between task accuracies within the Animals dataset (top-5 models); coefficients range
from -1 (anti-correlated) to 1 (highly correlated).
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