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Abstract

This dissertation addresses the challenge of enabling object-centric visual perception for
robotic applications with constrained resources, such as limited training data and limited
preparation time. Although fully supervised deep learning approaches achieve superior per-
formance, their data- and compute-intensive preparation pipelines can limit their deployment
in real-world robotic scenarios, particularly for tasks where time is critical or when operators
are unfamiliar with machine learning methods. To overcome these limitations, this work
investigates how pretrained vision models can serve as the foundation for perception systems
that require only minimal task-specific training, and how the human operator can be involved
to improve task alignment of the models.

The first part of this work focuses on resource-efficient perception models built on top of frozen
pretrained backbones. Instead of relying on extensive training procedures, these approaches
leverage prototypical representations and lightweight modular extensions to adapt to recog-
nition or detection tasks from only a few examples. Different techniques for different levels
of task granularity are explored, e.g., by incorporating part-based inference.

The second part extends the presented approaches to include interactive learning, where hu-
man operators can guide the model and adapt its behavior to the task at hand. By adjusting
feature relevance or by directing the model’s focus to important details, contextual knowledge
can be transferred directly to the model without requiring additional training data. This can
be particularly useful in underspecified few-shot scenarios, where data alone is insufficient
to disambiguate the task.

Finally, the proposed methods are evaluated on robotics-oriented datasets and application
scenarios. The results show that pretrained models offer diverse capabilities for resource-
constrained settings. In addition, human interaction can help resolve arising ambiguities from
data scarcity.

This work contributes several effective and practical robotic perception systems built by com-
bining pretrained models with lightweight modules. The developed interactive preparation
procedures demonstrate their strengths in challenging scenarios, particularly for highly sim-
ilar categories.
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Kurzfassung

Diese Dissertation befasst sich mit der Herausforderung, eine objektzentrierte visuelle Wahr-
nehmung fiir Roboteranwendungen mit begrenzten Ressourcen zu erméglichen, dazu gehéren
beispielsweise begrenzte Trainingsdaten und begrenzte Vorbereitungszeit. Zwar sind vollstan-
dig iberwachte Deep-Learning-Ansitze qualitativ Giberlegen, doch kdnnen ihre daten- und
rechenintensiven Vorbereitungsprozesse den Einsatz in realen Roboterszenarien stark ein-
schranken, insbesondere bei zeitkritischen Aufgaben oder wenn die Bedienenden selbst nicht
mit den Methoden des maschinellen Lernens vertraut sind. Um diese Einschrankungen zu
iiberwinden, untersucht diese Arbeit, wie vortrainierte Bildverarbeitungsmodelle als Grund-
lage fiir visuelle Perzeptionssysteme dienen konnen, die nur minimales aufgabenspezifisches
Training erfordern.

Der erste Teil dieser Arbeit konzentriert sich auf ressourceneffiziente Wahrnehmungsme-
thoden, die auf vortrainierten, sogenannten Backbones aufbauen. Anstatt auf umfangreiche
Trainingsverfahren zu setzen, nutzen die entwickelten Ansétze prototypische Darstellungen
und nachgelagerte, leichtgewichtige modulare Erweiterungen, um sich anhand von nur weni-
gen Beispielen an die jeweiligen Erkennungs- oder Detektionsaufgaben anzupassen. Zudem
werden verschiedene Techniken fiir unterschiedliche Ebenen der Aufgabengranularitit un-
tersucht, z. B. durch Inferenzmethoden, welche zusatzliche charakteristische Detailmerkmale
beriicksichtigen.

Der zweite Teil erweitert die vorgestellten Ansétze um interaktives Lernen, bei dem mensch-
liche Bedienende das Modell anleiten und so dessen Verhalten an die jeweilige Aufgabe an-
passen konnen. Durch die Anpassung der Merkmalsgewichtungen oder die Verschiebung des
Fokus des Modells auf wichtige Details kann relevantes Kontextwissen an das Modell weiter-
gegeben werden, ohne dafiir zusatzliche Trainingsdaten zu benétigen. Das kann besonders in
unterspezifizierten Few-Shot-Szenarien vorteilhaft sein, in denen die Aufgabenstellung auf-
grund mangelnder Daten mehrdeutig bleibt.

Abschlieflend werden die vorgeschlagenen Methoden anhand von robotikorientierten Daten-
satzen und Anwendungsszenarien evaluiert. Die Ergebnisse zeigen, dass vortrainierte Modelle
vielfaltige Moglichkeiten fiir Einsatzszenarien bieten, in welchen mit beschrankten Ressour-
cen ausgekommen werden muss. Dariiber hinaus konnen mittels menschlicher Interaktion
Mehrdeutigkeiten bei Datenknappheit beseitigt werden.

Insgesamt prasentiert diese Arbeit mehrere effektive und praktische robotische Wahrneh-
mungssysteme, die durch die Kombination von vortrainierten Modellen und leichtgewichtigen
Zusatzmodulen aufgebaut wurden. Interaktive Einlernverfahren zeigen ihre Starken insbeson-
dere in Szenarien mit sehr dhnlichen Kategorien.
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Notation

This chapter summarizes the notation and symbols used throughout this thesis. The notation
is kept independent of any specific architecture. Minor deviations from these conventions are
used locally where they aid readability or align with established notation in the cited literature.

General Notation

Scalars Roman and Greek letters x,a, N
Sets calligraphic uppercase letters D, Cpase
Vectors bold Roman lowercase letters x, i
2D, 3D & 4D tensors bold Roman uppercase letters F,W
Random variables uppercase Roman letters (context disambiguates) X, Y

Indices i, j usually refer to spatial positions (patch row and column) or set indices. The notation
||| is used for the Euclidean norm. The symbol ©® denotes the elementwise (Hadamard)
product. Matrix slicing usually follows Python conventions, e.g., X[a, b:c]| denotes row a
from column b (inclusive) to column c (exclusive).

Few-Shot Learning

N number of categories (ways) in a few-shot task
K number of support images per category (shots)
Chases Crovel base and novel class sets

Dhase> Drovel base and novel datasets

Dyupport = {(Xi> Y1) Nk support set for a few-shot task

Q query set

fo=hog model decomposed into backbone g and head h

Image and Patch Representations

X € RHEXW>3 input image (height H, width W)
P patch size (pixels)

pal
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H, X W, patch grid dimensions (H, = H/P, W, = W/P)

F € REPWpxDr patch-based image feature tensor

f;; € RDF feature vector for patch at position (i, )

D embedding dimension of the backbone (single layer)
Fp € REPWpxCo output-layer patch features (Cp-dimensional)

Backbone Internals

The symbols below apply to layered backbones in general and attention-related entries specif-
ically apply to vision transformers.

% layer index

h attention head index

Nieads number of attention heads per layer

Ny = Hp - W), number of patch tokens

Qi&:h) K(&:h) y(e:h) query, key, value matrices at layer ¢, head h
dr = D/Npeads key dimension per head

AR attention weight matrix at layer €, head h
A head-averaged attention at layer ¢

R attention rollout matrix at layer €

Part-Based Recognition

N, number of parts (clusters)

Mfg e RV raw foreground score map

Mg, € RV clipped foreground map, values in [0,1]
Mpart e REPWpxNp raw part segmentation map

M, € RHPWpNp foreground-masked part segmentation map
M, € REPWpxNp raw part similarity map

M, € RHEpWpxNp clipped part similarity map

M., NMS-filtered part similarity map

$p € [0,1] aggregated similarity score for part p

$ = [8;... ;§NP]T e RN» part score vector

wy, operator-adjustable weight for part p

x1i
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Class and Part Prototypes

(C%s) per-image class prototype for category c, support image i

C,l
gds) global class prototype for category ¢
pg);rt) part prototype j for category c
P, € RVxD class prototype bank (N categories)
Py, € R NoexD background prototype bank (N, prototypes)
aﬁf‘}“) € [0,1] patch mask weight for class ¢, patch j
top-Kyet number of top candidate classes forwarded to the detection head
top-kgor number of top candidate classes per Rol forwarded to the
part-based re-evaluation
Z(k) top-k candidate class set for proposal i

Concepts and Interaction

a semantic concept label (e.g., orange, striped)

A ={a,..,a;} concept set (selected subset of available concepts)

B = {vaj JJ-ZI concept bank (collection of CAVs)

vff) € RP concept activation vector (CAV) for concept a at layer €
faj : RP = [0,1] linear concept predictor for concept a;

Aijp = w};se " Vg, concept sensitivity of part p to concept q;

W= span(vg,,...,Vq,)  concept subspace in the embedding space

Metrics and Thresholds

TP,FP,TN,FN true/false positives and negatives
Precision = TP/(TP + FP) fraction of retrieved items that are relevant

Recall = TP/(TP + FN) fraction of relevant items that are retrieved

F, = harmonic mean of precision and recall

2 - Prec - Rec/(Prec + Rec)

AUROC area under the ROC curve

IoU(A, B) = |ANB|/|A U Blintersection over union for region A and B

AP average precision (area under precision-recall curve)
mAP mean AP over all categories

T confidence score threshold

conf

xiii
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Tgeg segmentation mask threshold
TioU IoU threshold for TP/FP assignment
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1 Introduction and Overview

This work investigates methods for enabling object-centric visual perception across diverse
robotic applications without requiring extensive training data, powerful compute resources,
specialized expertise, or time-consuming preparation steps. While recent learning-based
vision methods have achieved remarkable performance on diverse benchmarks using large
datasets for training, deploying these models in practical robotic scenarios and adapting
them to new tasks remains challenging, as resources such as data and time are often too
constrained. In contrast, research in the area of few-shot learning moves in the opposite
direction. It aims to develop alternative solutions that are applicable when data is scarce.
Building on these techniques, extending them, and developing new strategies with the overall
goal of obtaining model preparation procedures for stationary and mobile robotic use cases
is the core of this dissertation. Example use cases include sorting tasks on conveyor belts
or object-retrieval missions with mobile robots. The difference here is that the proposed
procedures work with reduced requirements for the main resources, such as the amount of
training data, compute hardware, technical know-how, or overall preparation time, compared
to common deep learning approaches.

This first chapter introduces the underlying motivation and presents the main research ques-
tions and the general approach concept at a higher level. First, Section 1.1 presents general ob-
servations that motivated this research, highlighting why common perception models can be
overly demanding in applied robotic scenarios. Section 1.2 formally states the research prob-
lem and splits it into separate research questions. Section 1.3 provides an overview of the two
complementary strategies pursued in this dissertation: resource-efficient methods that mini-
mize requirements during model preparation, and interactive procedures that enable operator
guidance without any extensive retraining. Finally, Section 1.4 summarizes the key contribu-
tions of this work. Section 1.5 outlines the structure and contents of the upcoming chapters.

1.1 Motivation

The deployment of robotic systems in real-world applications has accelerated dramatically in
recent years. Moving beyond controlled factory settings into complex, unstructured environ-
ments demands new visual perception capabilities, as the robot will encounter unfamiliar and
potentially unexpected objects.

Visual perception in this work refers to tasks involving RGB-based object-centric recognition
within the robot’s environment, yielding categorical and positional information in the image
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as bounding boxes or pixel-level masks. This information can then be used either to react to
objects or to interact with them.

In recent decades, remarkable advances in computer vision have been achieved through
learning-based approaches for object recognition, surpassing conventionally crafted algo-
rithms and filters. By design, machine learning usually aims to process and learn from as
much data as possible. As a consequence, preparing effective perception models for robotic
missions remains resource-intensive and time-consuming, and often requires specialized ex-
pertise. One reason is that these models typically rely on extensive labeled datasets containing
hundreds or even more examples per object category.

When robots are deployed to perceive application-specific objects, collecting and annotating
thousands of images becomes a significant bottleneck. Using existing datasets for training to
avoid this labor is often not an option, because at least one task-relevant object is typically
not part of any accessible dataset. Since creating such datasets for every new application is
impractical, this becomes challenging for real robotic scenarios.

Beyond data requirements, the computational resources needed to train deep neural networks
present another significant hurdle. State-of-the-art vision models often require powerful
Graphics Processing Units (GPUs) and substantial training time, measured in hours or days.
Fine-tuning pretrained models can reduce training time and computational requirements,
but creating a dataset is still necessary.

In field robotics, particularly in mobile-robot or edge-deployment scenarios, computational
resources are constrained to locally available components. If the robot operator has access
only to the robot’s onboard hardware, the available processing power is considerably lower
than on dedicated training workstations or cloud computing infrastructure. Even fine-tuning
pretrained models may exceed the capabilities of the available hardware.

The focus of this work lies on robotic use cases that potentially involve very specific or rare
items, limited compute hardware, unforeseeable object types relevant to the corresponding
mission, or settings in which a short preparation time is crucial. Scenarios with ordinary
widespread objects such as cups or chairs, e.g., in common household tasks, are therefore not
the primary focus. This is mainly because such items are widely represented in many datasets,
and perception models pretrained on them are publicly available. These scenarios do, however,
become relevant again when fine-grained recognition of these objects is necessary.

1.2 Problem Statement

Despite ongoing developments in computer vision and deep learning, deploying visual per-
ception systems in robotic applications remains laborious and challenging due to resource
limitations. Current state-of-the-art perception techniques require large amounts of labeled
training data, expensive computational resources for training or inference, and specialized
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knowledge of deep learning and computer vision. As a result, the overall model prepara-
tion requires a considerable amount of time. These demands do not align with the realities
of deploying perception models for robots, where mission preparation time can be extremely
constrained, computational resources are limited to onboard hardware, operators are usually
not machine learning experts, or the objects of interest are highly specific.

Few-shot and low-data adaptation methods appear promising for addressing these limitations,
as they enable model preparation with only a few examples. Nonetheless, the process of adapt-
ing such techniques to the robotic domain and its typical use cases needs to be examined. Here,
perception refers to a wide range of visual tasks, including classification, detection, and seg-
mentation, with varying degrees of granularity.

This dissertation examines three research questions related to facilitating a less demanding
setup of object-centric visual perception in robot applications:

Research Question 1
How can general-purpose pretrained models be adapted to object-
centric robotic perception while reducing preparation requirements?

This question examines whether approaches based on generally pretrained vision models can
address the resource constraints that limit the practical deployment of perception systems
in robotics. It requires assessing lightweight adaptation strategies that leverage pretrained
backbones and evaluating their effectiveness in robotic scenarios. The goal is to investigate
how preparation requirements, such as data, compute, time, and expertise, can be reduced, and
under what conditions such methods reach a level of performance sufficient for practical use.

Research Question 2
To what extent can few-shot architectures support object-centric per-
ception on different levels of task granularity?

This question explores the applicability of few-shot architectures to robotic perception tasks
involving categories at different granularity levels. It investigates how much task-specific
adaptation is possible with limited or no fine-tuning, and identifies designs that efficiently
support these levels. A particular aspect of this research direction is the development of com-
ponents that can handle generic and fine-grained categories at the same time.

Research Question 3
How can operator knowledge be integrated through user interfaces to
improve task alignment without additional labeled training data?

This question addresses the challenge of enabling non-expert operators to improve perception
model performance through interaction. It examines how the operator’s contextual knowledge
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can be leveraged and translated into model adaptations, and how interactive feedback can
compensate for limited labeled training data while remaining as accessible as possible to users
without in-depth machine learning expertise.

1.3 Approach Overview

Today, data has become one of the most important factors for perception methods based on
machine learning. The usual paradigm is: the more data, the better the model. However, in
robotic applications, limitations are common. These concern not only the data available for
the task at hand, but also other resources such as compute, connectivity, power, or time. For
instance, if robots are deployed to time-critical tasks involving unforeseeable objects, common
strategies for setting up learning-based perception systems are not feasible.

This conflict is the subject of the research presented in this work. The goal is to enable prac-
tically usable perception systems across various types of robotic applications despite these
limitations. To this end, task-specific training efforts should be minimized and large-scale
data collection avoided.

The core principles of the presented methods revolve around pretrained models and how they
can be incorporated into specific perception tasks. These models have already processed large
amounts of data during pretraining. However, the training data is unlikely to cover all objects
encountered in robotic applications. Nevertheless, their developed capabilities for understand-
ing the visual world are leveraged to solve new, specific tasks with minimal adaptation. While
this idea is not new, this work presents the concepts of the developed perception systems,
including assistive tools, specialized architecture modules, and interactive interfaces for the
human operator of the robot. The tools support data collection and annotation, while the
architecture modules are built on top of generally pretrained models to leverage their repre-
sentations and capabilities. Across the proposed methods, these representations are processed,
structured, and redirected to solve generic recognition tasks, and dedicated variants further
handle the fine-grained differentiation of similar categories for which only little data is avail-
able. However, when the data defining the categories is scarce, distinguishing causal features
from spurious correlations becomes more difficult, making underspecification and shortcut
learning more likely. This is where the interactive interfaces come into play. Their purpose is
to translate operator knowledge into the model’s domain, so that the model can benefit from
it and focus on truly relevant features rather than on those that appear important based on
the few samples available.

The overarching objective is to reduce the requirements across the three phases of setting up
a perception model by enabling systems that can operate on only a few data samples. These
phases are data collection and annotation, model training and evaluation, and model integra-
tion and inference on the robotic system (Fig. 1.1). By reducing the demand for large amounts
of training data, avoiding the need to extensively optimize model parameters, and enabling a
more direct form of human input and feedback, the preparation phase becomes more compact,
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Figure 1.1: High-level overview of the concept developed in this work. The main research area is the preparation
and operation of perception systems in the context of resource-limited robotic applications. Novel
architectures are proposed that integrate modules designed for few-shot learning, which provide
optional interactive interfaces for human feedback. Assistive tools for data handling are incorporated

to reduce the operator’s workload.

which improves usability in resource-limited robotic applications. Nonetheless, robustness

and performance cannot be disregarded in favor of resource savings. These properties often

determine whether a system is usable in practical, real-world scenarios. Therefore, this work

examines how the proposed methods weigh limited data against robustness, and where that
trade-off breaks down.

1.4 Contributions

This section provides an overview of the contributions presented in this work. In-depth details

of the contributions are elaborated in the corresponding chapters. The core contributions are:
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¢ Leveraging pretrained models and developing architectures that stand on their
shoulders to support few-shot learning for various object-centric perception tasks
in robotic applications. Instead of creating large datasets for the task at hand,
possibilities are explored to use significantly smaller datasets and to leverage the
inherent capabilities of the pretrained models as much as possible. For instance,
an approach for segmenting litter items in ground images uses pretrained models
with their parameters kept completely frozen. It leverages the model’s attention
learned during pretraining on a different task to obtain segmentation masks. In
another scenario, where the samples of a single category differ strongly from each
other, a fine-tuning procedure for the higher layers is supported by incorporating
additional 3D depth data to create a hybrid prediction pipeline. When categories
are almost identical and only subtle visual details set them apart, part-based in-
ference methods are proposed for classification and detection tasks.

¢ Providing interfaces that allow the operator to better understand the model’s in-
ternal perception, as well as interfaces that translate the operator’s context knowl-
edge into the model’s language to improve the task alignment. Usually, when a
trained model produces incorrect predictions on test samples, the typical remedies
are collecting more data or adjusting training hyperparameters. To investigate a
third option, special model architectures are equipped with interfaces that allow
the operator to directly adjust the model’s focus on relevant parts. This approach
can be beneficial in cases where two categories are mostly identical except for a
few subtle differences that are hard for the model to infer from the few samples
provided.

Although not a core contribution, during this dissertation many existing datasets related to
perception in robotic applications were reviewed. The collected list is publicly available online
and briefly described in Chapter B of the appendix. The included datasets can be used for
evaluating state-of-the-art perception systems. While the list also contains many popular
benchmarks, the goal was to integrate lesser-known datasets with less common and rare items
that, for instance, could serve as a source of annotated training or validation data.

1.5 Document Outline

This chapter has covered the motivation and the formulation of the research questions. It
has further described the contributions and provided a high-level overview of the proposed
approach. The remainder of this work is structured as follows:

CHAPTER 2 This chapter introduces the methodological basis for the presented state of the
art and the proposed approaches. Its purpose is to recap and explain the most relevant concepts
required for the comprehension of all subsequent chapters.



1.5 Document Outline

CHAPTER 3 Presents the related work in the domain of computer vision for robotics, with a
particular focus on few-shot learning and corresponding benchmarks. State-of-the-art meth-
ods for human interaction with perception models are also discussed. The latter is specifically
relevant as a reference for Chapter 5.

CHAPTER4* Derives and describes the proposed methods for leveraging pretrained models
in robotic perception. Several scenarios are addressed using specialized architectures with the
common objective of reducing dependence on large datasets for training. The architectures
rely entirely on data for task preparation. The next chapter extends these architectures with
interactive interfaces for the operator.

CHAPTER 5% Derives and describes the proposed interactive model preparation strategies
for robotic perception. The methods build on the architectures presented in the previous chap-
ter and aim to incorporate the operator into the model’s task preparation. When data is limited,
human context knowledge becomes valuable. The interfaces implicitly allow the exchange of
such additional information.

CHAPTER 6* This chapter covers the qualitative and quantitative evaluation of the methods
introduced in Chapters 4 and 5. It includes practical experiments and real-world scenarios.
Results and findings are critically discussed at the end of the chapter.

CHAPTER 7 Summarizes and concludes this work. Future work is motivated by the current
state of research. A short, informal review of the lessons learned is appended as well.






2 Background

This chapter introduces the research areas and the most common methods relevant to this
work. The goal is to derive current standards in image-based perception from a historical
perspective. In this work, perception refers to 2D RGB images unless stated otherwise.

This chapter shows how steady improvements in image classification and detection led to mod-
ern object architectures, which often form the foundation for few-shot methods (Chapter 3). It
also examines the role of model pretraining in computer vision and which techniques are used
for which purposes. Finally, different attempts at interpretability of artificial neural networks
are briefly explained together with a short overview of the challenges they entail.

2.1 Object Recognition and Detection

This section briefly explains the scientific evolution of methods for object recognition and de-
tection in images. This is often not only interesting for the engaged reader but also helpful
for understanding current approaches, since it shows when and why the corresponding com-
ponents were developed and proposed. The difference between recognition and detection is
that recognition architectures predict the probability of an image belonging to a certain cate-
gory, while detection architectures not only estimate the category of multiple objects but also
hypothesize their locations within the image. Usually, this hypothesis contains positional in-
formation defined by a bounding box aligned with the image coordinate system. For reasons
of relevance, the following sections focus on methods based on artificial neural networks, and
the list is by no means exhaustive.

2.1.1 Object Recognition

One of the first popular artificial neural network architectures for object recognition is the
7-layer LeNet-5 by LeCun et al. [1]. It was initially developed to recognize handwritten char-
acters (zip codes). The foundations for this network were laid by LeCun et al. [2], who showed
that a network with 2 convolutional layers followed by 2 fully connected layers can take im-
ages directly as input (after simple preprocessing) and can be trained end-to-end with the
backpropagation algorithm [3]. This removed the need for sophisticated, hand-crafted image
processing modules for feature extraction or classification, which were common at that time.
Another advantage is that it integrates convolutional network modules, which have built-in
architectural inductive biases that encode a priori knowledge about 2D images and ultimately
reduce the number of parameters. For instance, they inherently leverage the locality of visual
information compared to fully connected network layers. Convolutions, defined by kernels
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(multi-dimensional matrices), only use information from the local neighborhood at a given
position when extracting object features (characteristic patterns). Furthermore, convolutional
layers exhibit layer-level translation equivariance and aim for system-level translation invari-
ance. Thus, the object’s intermediate features stay the same but are translated if the object
is moved within the image, and the prediction remains the same regardless of the object’s
location in the input image.

In the popular ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [4], which is
based on the ImageNet dataset [5], AlexNet [6] was the first Convolutional Neural Network
(CNN) to win the competition in 2012, starting an era of CNN dominance in this challenge.
The challenge was first held in 2010 and continued annually until 2017. In the first two years,
methods based on support vector machines and bag-of-visual-words took the lead, although
CNNs were already under active research. AlexNet was the first to change this. Proposed
by Krizhevsky et al. [6], it has 5 convolutional and 3 fully-connected layers. The authors
leveraged Graphics Processing Unit (GPU) execution of CNN-related functions and applied
techniques to avoid overfitting to better handle the large amounts of data in this challenge.
They also showed that activation functions matter for training speed and that rectifying linear
units (ReLUs) f(x) = max(0, x) require significantly fewer training epochs than, for exam-
ple, the hyperbolic tangent f(x) = tanh(x), suggesting that this correlates with the non-
saturating character of ReLUs. The term rectifying is borrowed from electrical engineering,
where it refers to removing the negative half of an alternating voltage. Following AlexNet’s
breakthrough, several architectural innovations further improved recognition accuracy in the
ILSVRC. While it was common to create deeper networks, e.g., the Visual Geometry Group
(VGG) models [7] with up to 19 layers (VGG-19), bottlenecks on the hardware side and in
learning algorithms had to be addressed step by step. By stacking multiple 3x3 convolutional
filters rather than using larger kernels as previously done, the VGG architecture achieved an
effective receptive field equivalent to that of larger filters while reducing the number of pa-
rameters. Batch normalization, introduced by loffe and Szegedy [8], addressed the problem
that the input distribution of a layer depends on the output of the previous layer and changes
constantly during training. They called this internal covariate shift and fixed it by normalizing
layer inputs, which allows higher learning rates and greater robustness to network parameter
initialization. Residual Networks (ResNets) by He et al. [9] solved the error signal degradation
problem arising in deep networks through skip connections that enable identity mappings.
This trick enabled effective training of networks with hundreds or thousands of layers and
has been widely adopted by other architectures. ResNets of various depths, e.g., ResNet-18,
ResNet-50, or ResNet-101, have become one of the default backbones and remain so today.
Despite the large number of layers, the complexity of a 152-layer ResNet (11.3 billion FLOPS)
is lower than that of a VGG-16 (15.3 billion FLOPS) [9]. The maximum depth during evaluation
was 1202 layers. Interestingly, the optimization during training succeeded, but the test scores
on the CIFAR-10 [10] dataset were worse than those of the ResNet with 110 layers.

With the transformer architecture [11], a purely attention-based model, the field of language
models had its AlexNet moment, and formerly popular recurrent networks were replaced.
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Dosovitskiy et al. [12] transferred the success of these attention mechanisms to image process-
ing and classification by introducing the Vision Transformer (ViT). Several promising attempts
by other researchers preceded this successful transfer. ViTs lack some of the inductive biases
that CNNs have by design, and on ImageNet their performance is slightly inferior to that of a
ResNet of similar complexity. However, when pretrained on larger datasets with more than
14M images, their real strengths become evident. Initializing training on smaller datasets with
weights from large-scale pretrained ViTs yields new state-of-the-art results on several image
recognition benchmarks.

Swin Transformers [13] propose a hybrid transformer-based architecture with convolutional
elements, e.g., locally constrained self-attention similar to convolutional filters, and hierarchi-
cal feature processing with decreasing resolution while the embedding space dimensions grow
in higher layers, which enables denser downstream tasks such as detection. They achieve com-
petitive performance on image classification benchmarks and even beat comparable ViTs and
ResNets when trained on the same data. In contrast, ConvNeXt models [14] return entirely to
convolutional network modules and show that careful optimization can outperform ViTs and
Swin Transformers without any attention mechanisms.

2.1.2 Object Detection

The task of object detection is to predict the categories of objects in an image as well as their
positions in image coordinates. Object positions are most commonly defined by rectangular
bounding boxes aligned with the image frame. At a higher level, object detection methods
can be divided into two categories. Where-first approaches, also called two-stage models, first
identify likely object locations and then refine the positional information while classifying the
detected content. One-stage models, in contrast, determine location and category simultane-
ously, answering where and what in a single pass. In the following, representative methods
and architectures for both types are presented in detail, followed by a look at very recent
architectures and concepts for object detection.

Generally speaking, two-stage or position-first methods perform image classification on
smaller image regions, often combined with a regression sub-task that refines the initial
position estimates. A popular example is Region Proposal Networks (RPNs) introduced by
Ren at al. [15]. A RPN is a fully-convolutional network designed to share the detection
backbone in order to reduce computational overhead. It predicts multiple proposals at each
position in the input feature map, i.e., the shared backbone’s output features. A proposal
consists of the region coordinates and an objectness score. It can therefore be seen as class-
agnostic, although it naturally has a bias towards objects contained in its training dataset. The
coordinates are predicted as regression offsets relative to one of multiple anchor box variants
at each feature map position. RPN training follows specialized procedures, either alternating
with the detection network or in joint optimization with it. One well-known predecessor of
RPN for estimating class-agnostic object locations in images was Selective Search [16], which
is based on traditional image processing methods. It usually ran on the Central Processing
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Unit (CPU) rather than the GPU, which made it slow. Still, it was one of the most effective
methods before RPNs. For instance, it was used in the Region-based Convolutional Neural
Network (R-CNN) architecture [17], a predecessor of the popular Faster R-CNN [15]. R-CNN,
however, processed each region separately for feature extraction. Fast R-CNN [18] showed
that processing the whole image once and then performing a pooling operation over those
features for each proposal is much more efficient and brings several other advantages. The
Region of Interest (Rol) pooling works by converting the image features corresponding to
the bounding box into a representation with fixed dimensions independent of the actual
box size, e.g., 7x7. It splits the original proposal into a corresponding number of subregions
and then applies simple maximum pooling in each subregion. R-CNN already used a similar
pooling strategy, but instead of pooling extracted features, it warped the image regions into
a fixed-size input for the CNN. With efficient feature processing and alignment, the new
bottleneck became the generation of region proposals. As mentioned above, this was solved
by the Faster R-CNN model using RPNs.

Unlike two-stage methods, one-stage methods directly predict class probabilities and bounding
box coordinates in a single network pass. Well-known candidates include Single Shot Multi-
Box Detector (SSD) [19] and You Only Look Once (YOLO) [20], for which updated architecture
variants remain extremely popular. YOLO divides images into a grid and simultaneously pre-
dicts bounding boxes and class probabilities for each grid cell. The unified architecture enabled
real-time detection speeds, but initially struggled with small objects and precise localization.

Recent developments move away from predefined anchor boxes, e.g., by formulating the de-
tection problem as corner prediction (CornerNet [21]) or center prediction (CenterNet [22]).
Likewise, Fully Convolutional One-Stage object detector (FCOS) [23] is fully anchor-free and
proposal-free. Instead, for each position in feature maps at various depths, they predict a
classification score (center-ness) and a box regression.

A new hybrid architecture emerged with DEtection TRansformer (DETR), proposed by Carion
et al. [24]. They reformulated object detection as a set prediction problem and used transform-
ers that operate on top of CNN-based feature extractors. By employing a bipartite matching
loss and learnable object queries, DETR removed the need for several hand-designed compo-
nents, such as anchor generation and Non-Maximum Suppression (NMS).

2.1.3 Evaluation Datasets

This subsection describes common datasets used for benchmarking object recognition and ob-
ject detection approaches. In fully supervised learning, the number of training samples is not
restricted and is preferably as high as possible. In contrast, typical few-shot settings allow
1-30 samples per category during the model adaptation phase. Therefore, few-shot bench-
marks (Section 3.2) usually adapt a dataset originally designed for fully supervised training
and define precise procedures for obtaining task-specific support sets and query set images.

12
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Early larger recognition datasets covered digits, e.g., MNIST [1]. With CIFAR-10 [10], which
contains 10 classes of different animals and vehicles, and CIFAR-100 [10], which contains 100
subclasses each belonging to one of 20 superclasses, more natural object types were covered:
household items, plants, animals, vehicles, people, and various scenes. However, the images
have a relatively low resolution of 32x32 pixels. ImageNet [5] was one of the first public
datasets to provide images at moderate resolution in large quantities. The ImageNet-1k ver-
sion covers 1000 classes, while ImageNet-21k (also referred to as ImageNet-22k) covers almost
22,000 classes. The smaller version is a subset of the larger one. Both are still used as the main
benchmark for state-of-the-art image classification models. Beyond that, they are common
pretraining datasets for a wide range of vision architectures, especially for integrated back-
bones. For fine-grained recognition, in addition to CIFAR-100, there is the popular iNaturalist
dataset [25], which comprises more than 5000 plant and animal species, and the CUB-200-
2011 dataset [26], which covers 200 bird species.

For object detection, the PASCAL VOC challenge provided an annually updated dataset [27]
with up to 20 common classes, ranging from airplanes to TVs. The goal was to obtain natural
images with high variability in object size, background, and lighting conditions. There are two
common versions: PASCAL VOC 2007, the first year with 20 classes and pixel-level segmen-
tations, and PASCAL VOC 2012, the last and most popular version. The dataset comes with
clearly defined train, val, and test splits [27] aimed at standardized evaluation.

Another benchmark for object detection is the MS COCO dataset [28], or simply COCO. Its an-
notations comprise 80 publicly available categories, whereas the original publication mentions
91. The goal was to create a dataset for object detection with items that are “easily recogniz-
able by a 4-year-old” [28, p. 740]. In general, it is quite similar to the PASCAL VOC datasets,
but at a significantly larger scale. Instead of around 10k images with approximately 25k in-
stances, COCO contains around 300k images with 2.5 million annotated instances obtained via
crowdsourcing. The 20 PASCAL VOC classes are also part of the 80 COCO classes. There are
two dataset versions: COCO 2014 and COCO 2017. While the images and annotations largely
remained the same, the split into training and validation sets was adjusted in the later version
to improve standardized evaluation. The training split grew from 82,783 to 118,287 images,
and the validation split was reduced from 40,504 to 5,000. All 5,000 of these images had been
part of the COCO 2014 val split, also referred to as COCO val2014.

The next-largest dataset for object detection is Objects365 [29], with 365 categories, more than
600,000 images, and around 10M bounding boxes. The authors showed that it is superior to
ImageNet-1k for pretraining object detection architectures. The 80 COCO categories are also
part of Objects365. The dataset contains images at higher resolutions than COCO.

Another frequently used dataset is LVIS [30]. Its pixel-level annotations are used not only for
object detection but also for instance segmentation. The number of masks, more than 2M in
total, is intentionally unbalanced across the more than 1.2k categories. The rationale is that
object categories in the real world also do not appear equally often, which makes the dataset
suitable for more realistic benchmark scenarios. Note that some categories have fewer than
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10 labeled instances, which makes them challenging to use for training and evaluation. All of
the around 164k images are part of the COCO 2017 dataset.

2.1.4 Evaluation Metrics

This section describes the most commonly used evaluation metrics for classification, detection,
and segmentation tasks. This is not a complete list but rather a selection of the most relevant
ones for this work. In the following, TP is short for the number of True Positives and FN for
the number of False Negatives. Accordingly, FP denotes the number of False Positives and TN
the number of True Negatives.

« Accuracy: Describes the overall correctness of the model’s predictions, but must be
handled with caution if positive and negative samples are not well balanced.

TP+ TN
TP+TN + FP+FN

Accuracy = (2.1)

+ Precision & Recall: Precision measures prediction reliability, i.e., the ratio of correct
positive predictions to all positive predictions. Recall, in contrast, measures how
completely all true positives are retrieved. The higher the recall, the fewer positive
samples are falsely classified as negative and are overlooked. Recall is also known as
True Positive Rate (TPR) or sensitivity.

. TP
Precision = m (22)
TP

« F1 Score: The harmonic mean of precision and recall. The motivation is to combine
precision and recall into a single metric. Optimizing only for recall or only for
precision is often not desirable. Since the score does not include TN, it is suitable even
when negative samples are far more numerous. Note that a similar metric for
combining TPR and False Positive Rate (FPR) exists, called Youden’s index.

Precision - Recall 2TP

b = 2§ ecsion+ Recall ~ 2TP + FP + FN

(2.4)

« Sensitivity, Specificity & FPR: While sensitivity, also known as TPR or recall,
measures the share of correctly retrieved positive samples, specificity inversely
evaluates the correctly recognized negative samples. Derived from specificity, the FPR
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provides a measure of the ratio of false alarms, e.g., when they are costly.

e TP
Sensitivity (= TPR = Recall) = TP+ EN (2.5)
o TN
SpemﬁCIty = m (26)
FP o
FPR = _FP+—’IN =1- SPECIﬁClty (27)

Area Under the Receiver Operating Characteristic curve (AUROC): Provides a
threshold-independent measure of predictor quality. It refers to the area under the
receiver operator characteristic (ROC) curve. The Receiver Operating Characteristic
(ROC) space is spanned by the TPR (y-axis) and the FPR (x-axis). Similar to the ROC
space, the precision-recall (PR) space plots precision against recall. However,
comparing binary predictors in these two spaces can make a significant difference [31].
For sample data with |positives| < |negatives|, the AUROC score can appear overly
optimistic.

1
AUROC = f TPR(7) d(FPR(1)) (2.8)
0

Intersection over Union (IoU): A core localization metric for bounding boxes and
segmentation masks. An IoU threshold is often used to determine whether a predicted
image area counts as a T'P or FP.

|bpred N bgtl

IoU
ot

pre

Average Precision (AP): The area under the precision-recall curve. It is robust for
imbalanced detection tasks. The mean Average Precision (mAP) stands for mean AP
across all categories. In few-shot learning, nAP and bAP are also common, denoting
the mean AP across novel and base categories, respectively.

1
AP=f Precision(r) dr (2.10)
0

2.2 Model Pretraining

Pretraining refers to an initial training phase on a dataset, distinct from the downstream target

task. The learned parameters serve as the initialization for subsequent task-specific training.

One of the earliest appearances of this practice is the method proposed by Donahue et al. [32],

which analyzes in detail whether trained convolutional feature extractors can be reused for

new recognition tasks, even in other domains that lack sufficient training data. In the same
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year, Girshick et al. [17] showed that pretraining a backbone for image classification on Im-
ageNet benefits their proposed object detection architecture (R-CNN) on the PASCAL VOC
dataset. Note that the backbone serves as a region proposal classifier in the R-CNN model.
Also in 2014, Yosinski et al. [33] studied layer-wise characteristics of transferability. They
showed that early layers learn more general and universal features, while deeper layers be-
come increasingly task-specific.

Pretraining a vision model before fine-tuning it on the actual task is a form of transfer learn-
ing. Transfer learning broadly describes knowledge transfer from a familiar source task to a
new target task [34] and, in the vision domain, involves many more decisions on top of the
pretraining and fine-tuning steps.

Closely related is the term representation learning, which aims to learn embeddings useful
for the desired downstream tasks. A common tool to evaluate the quality of backbone rep-
resentations is linear probing, which attaches a simple classification layer, typically a linear
one, to the output of the corresponding model layer [35]. With the backbone kept frozen,
only the probe is trained for classification. The final performance of the probe improves as
the representations get better.

Self-Supervised Representation Learning

A recent self-supervised learning strategy called self-DIstillation with NO labels (DINO) [36]
applied to vision transformers showed that the resulting features carry stronger semantic in-
formation about objects in the image than those obtained from supervised training or con-
volutional networks. The attention maps contain information about object boundaries and
parts, even though no segmentation supervision was used during training. The pretrain-
ing was conducted on the ImageNet dataset [4] without labels and combined with multiple
data augmentation strategies. These features can be used for various downstream tasks such
as pose estimation [37] or co-part segmentation [38]. The co-part segmentation technique
was also used for evaluation comparisons in a one-shot affordance transfer approach [39], al-
though it was not the best-performing one. With an updated self-supervised training recipe,
DINOv2 [40] scaled up the data and model size, yielding even better features. The resulting
models produce features that transfer competitively with, or exceed, supervised pretraining
across diverse benchmarks, including classification, segmentation, and depth estimation. They
trained a 1.1B ViT-G model and used knowledge distillation [41] for a series of smaller ViT
models. The pretraining data is the LVD-142M dataset, a curated collection without image or
object labels. Multiple splits of common datasets served as image retrieval anchors, including
the train split of CUB-200-2011 and ImageNet-1k. Using images from these reference datasets,
similar images were retrieved from a large, uncurated pool using cluster-based methods. How-
ever, ImageNet-21k was used for an initial phase of pretraining, and ImageNet-1k is part of it.
While the authors explicitly state that they performed copy detection and removal for images
in any validation or test set of the datasets they used, their descriptions suggest that the train
split of ImageNet-1k is included in LVD-142M.
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Subsequent studies revealed high-norm tokens, so-called artifacts, in the attention maps of
DINOvV2 and other modern vision transformers, especially in image regions with little local
content. To avoid such high-norm tokens, Darcet et al. [42] proposed adding special tokens
dedicated to this purpose. These tokens are called register tokens. Interestingly, in its first
version, DINO [36] was the only ViT not exhibiting such artifacts.

The mentioned ViTs from the DINO family, pretrained without supervision, have seen large
amounts of unlabeled but curated data. They achieve performance competitive with fully
supervised models on classification benchmarks, both with linear classification layers on top
and even when using only k-NN prediction.

Supervised Representation Learning

Supervised pretraining, on the other hand, uses large labeled datasets to learn transferable
features. Supervised ImageNet pretraining is a common starting point for downstream tasks.
The target domain should share visual characteristics with the natural images contained
in ImageNet. Over time, larger datasets have been released and adapted for supervised
representation learning. Contrastive Language-Image Pre-training (CLIP), proposed by Rad-
ford et al. [43], took a slightly different approach. Instead of training on images alone, they
use a dataset of around 400 million image-text pairs collected from the internet and apply
contrastive learning losses between image and text embeddings while jointly training an
image encoder and a text encoder. As a result, the image encoder’s representations naturally
support zero-shot learning-style classification via natural language prompts and also transfer
well to diverse visual tasks. The Bootstrapping Language-Image Pre-training v2 (BLIP-2) [44]
framework goes one step further. While the framework itself addresses vision-language
pretraining of large-scale models, the vision encoders it selects are relevant for this work.
It uses completely frozen image encoders, which are later combined with language models
via a lightweight querying transformer. The frozen image encoders chosen are CLIP [43]
and the larger variant EVA-CLIP [45]. EVA on its own is a 1B-parameter vision transformer
pretrained in a self-supervised way using masked image modeling, learning visual represen-
tations from publicly available data that include approximately 30M images. EVA-CLIP is the
language-image fine-tuned version of EVA, following CLIP’s training protocol.

2.3 Interpretability Methods

Motivated by the goal of understanding the decision-making of artificial neural networks, the
research area of interpretability has attracted significant attention. It covers methods that
make the model’s behavior or internal states more comprehensible to humans. A full survey
of the techniques and frameworks in this area is outside the scope of this thesis, so this section
focuses on the methods used in later chapters: attention-based saliency in vision transformers
(Sections 4.1 and 6.1.1) and concept-based explanations (Chapter 5).

17



2 Background

2.3.1 Attention in Vision Transformers

Attention in vision transformers refers to the self-attention module that is characteristic of

this type of architecture [12]. An input image X € RFXW>3 is split into Ny, = H pWp = };—I;V
patches, each projected into a D-dimensional embedding:
N 2
Zy = [Xass XpE; X3E; ...; X,"E| +E,,, EeR¥P (2.11)
At each layer ¢ and head h:
¢,h 2,h 2,h
QUM =z, , Wy, KW =7, Wi, vew =z, Wi (2.12)
where Wq, Wg, Wy, € RP*k and dj, = D/Njeads.
Qem gEm'
AP = softmax[ =——— | € RWtatDXWua+1) (2.13)
Vi
The spatial attention from the [cLS] token at layer €, head h:
all™ = A[0,1 :] € RNuw (2.14)
Reshaped to a 2D map: A(e M e REPWp,
1 Nheads
A® = AP (2.15)
Nheads h=1
Attention Rollout

A naive visualization takes the raw attention map A®) of a single layer as the saliency signal.
This ignores that information may be mixed across all layers, not just the last one. In addition,
the residual connection around each attention block lets tokens bypass attention entirely, so
a token’s contribution to the class representation is not fully captured by attention weights
alone. Abnar et al. [46] propose attention rollout to address both issues. The residual stream
is modeled as an identity-matrix mixing operation applied to the row-normalized attention,
leading to

A® = %1 + %A(e), (2.16)

1
where the factor - re-normalizes rows. The information flow from the input patches up to
layer € is then obtalned by composing these matrices along the depth of the network,

R® = A@® . A-D ... RO (2.17)
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Taking the row corresponding to the CLS token at the final layer and discarding its self-entry
yields the spatial attention map

rgs = RP[0, 1:] € RNun, (2.18)

which is reshaped to H,, X W, and upsampled to the input resolution. Rollout thus provides
a principled, class-agnostic estimate of which input patches most influence the CLS token
representation. At the same time, this is a weakness, since the same map is returned regardless
of the predicted class, which motivates the method described next.

Relevance Propagation

Chefer et al. [47] propose to adapt Layer-wise Relevance Propagation (LRP), proposed by [48]
and extended by [49], to the transformer architecture and to fuse it with gradient-weighted
attention through a rollout-style update. Starting from the class logit y., relevance scores
R are back-propagated through every operation of the network using LRP-style relevance
propagation based on Deep Taylor Decomposition. For every layer ¢ and head h, this yields
(1) & RWNua+ DXNuat1) that s already class-specific.

Irp
The gradient-weighted attention of the same layer then gates it,

an attention-shaped relevance map R
= +
CO = By|(Vaemye OREM) |, (2.19)

so that only attention edges that are both relevant (according to LRP) and sensitive (according
to the gradient) remain. The resulting maps are composed across layers with the residual-
aware rollout,

R® = R¢-D 4 ¢ .R¢-D, RO =1, (2.20)
and the final explanation is read off from the [cLS] row,
e. = RD[0, 1:] € RNun, (2.21)

reshaped to H,, X W, and upsampled. Compared to plain rollout, the maps are class-
discriminative, and compared to gradient-weighted attention, they are substantially less
noisy because LRP accounts for the sign and magnitude of contributions through the full
transformer block. This method is adopted as the default saliency signal for the ViT-based
architecture in Section 4.1 and its evaluation in Section 6.1.1.

2.3.2 Concept Activation Vectors (CAV)
Kim et al. [50] introduced Concept Activation Vectors (TCAV) as a concept-based interpretabil-

ity method. A user specifies a concept a, for example striped, by providing a set of positive ex-
amples %, and a set of random negatives V. Let f,(X) denote the activations of the network at
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layer €. A linear classifier is then trained to separate {f,(X) : X € £,} from {f,(X) : X € N}.
Its normal vector defines the Concept Activation Vector (CAV)

vO eRrD, V9, =1 (2.22)

The sensitivity of class k to concept a at input X is the directional derivative of the logit hj

along V,(f),
X) = Vh v 2.23
Sak,e(X) = Vi (fo(x)) - vy (2.23)
Its main limitations are that it relies on user-curated concept sets and assumes linear concept
directions.
Concept Banks

A limitation of pixel-level saliency is that its outputs are hard to relate to a human-understand-
able vocabulary: a heatmap indicates where a model looks, but not what it sees. Concept-based
methods, such as Testing with Concept Activation Vectors (TCAVs), address this by represent-
ing the intermediate activations of a network in a basis of semantic concepts (e.g., turquoise,
striped). As adapted by Wu et al. [51], a concept bank B = {vaj}JJ-=1 is a collection of CAVs
Vq; € RP in the feature space of a frozen backbone f(-), each associated with a semantic con-
cept label a;. Given an input X with feature z = f(X) € RP, its concept scores are obtained
by the following projection:

<Z’Vaj>

AT j = 1a ,J, 2.24
ol (224

Sj(X) =

yielding a sparse, human-readable descriptor s(X) € R’ that can be used for model inspection
and debugging. The concept vectors themselves can be learned from small sets of positive and
negative examples (Section 2.3.2) or derived from vision-language models such as CLIP [43].
Concept banks form the core of the interactive debugging approach in Section 5.1.

2.4 General Conclusions

This chapter briefly presented various object recognition and detection approaches, different
strategies for model pretraining, and interpretability methods for vision transformers that are
relevant to this work. From the pretraining sections, it can be summarized that representation
learning is a powerful tool for improving downstream performance, both in self-supervised
and supervised settings. In addition, as datasets have grown in recent years, stronger and
more general backbones and representations have become available. For few-shot learning,
such pretrained models offer significant potential, since their inherent visual understanding
is already well established and most of the model weights are publicly available. Ongoing
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2.4 General Conclusions

research activity regularly yields improved datasets, architectures, and, in turn, more general
transferable representations.
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3 Related Work

This chapter provides an overview of three research fields most related to this work: visual
few-shot learning (Section 3.1), current benchmarks for few-shot perception (Section 3.2), and
interactive perception methods (Section 3.3). It ends with a conclusion in Section 3.4 which
addresses the research gaps that this thesis is focusing on.

3.1 Visual Few-Shot Learning

This section presents the related work in the research area of Few-Shot Learning (FSL) in the
visual domain. The general idea of FSL is that, similar to humans, new objects are learned
from only a few samples - the number is typically restricted to between 1 and 30 examples per
novel category. While only few samples are available for novel categories, the architectures
are allowed to use base categories with abundant data for preparation. If zero samples are
available, the setting is called zero-shot learning and is not within the scope of this work. Zero-
shot architectures often rely on other information domains such as text to create category
representations. The opposite case, where the number of samples is not restricted at all, is
called fully supervised learning. Even there, the amount of training data is not infinite, since
it is naturally limited by the effort required to create and handle large datasets. The abundant
base categories can be used to either acquire suitable knowledge and representations, or they
can be turned into many synthesized few-shot perception tasks so that the model can practice
under test conditions. The first approach belongs to transfer learning and the second to meta-
learning, which are two of the main strategies.

In general, the difficulty of restricted training data comes from the sparsely sampled distri-
butions of the task-relevant categories. Even in fully supervised learning, dataset variability
can be decisive for learning good generalization skills. This variability is heavily restricted
in FSL, and compensation strategies are required to still learn the category-specific features
and generalize well.

In the following, the few-shot learning challenge is first defined in Section 3.1.1 before current
approaches related to this work are covered. Here, a distinction is made between object recog-
nition (Section 3.1.2), object detection (Section 3.1.3), and incremental methods (Section 3.1.4).
These research fields are relevant for Chapter 4. The abilities regarding the following ques-
tions are assessed:

« How is high intra-class variability handled?

« How do they address fine-grained scenarios with high inter-class similarity?
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Finally, a conclusion is drawn in Section 3.1.5.

3.1.1 Definitions and Terminology

In this work’s terminology, few-shot learning refers to the general scenario in the vision do-
main where models have to adapt to a task based on a restricted number of data samples. The
field of Few-Shot Image Classification (FSIC) focuses on tasks where one image contains one
main object, usually covering a large portion of the image and with little clutter in the back-
ground, and each image is assigned to exactly one category - the one of the main object. Here,
clutter refers to objects that do not belong to any of the task-relevant categories. Few-Shot
Object Detection (FSOD) on the other hand focuses on tasks where images contain one or
several objects, usually with additional clutter in the background. Each object is defined by its
bounding box, i.e., the smallest enclosing rectangle aligned with the image frame. In FSOD,
an image can contain one or several bounding boxes from one or several categories.

This work focuses on object-centric approaches. Therefore, the term few-shot object recog-
nition aligns better with the research goals than few-shot image classification. Within this
work, Few-Shot Object Recognition (FSOR) is considered a subdomain of few-shot image clas-
sification, with the distinctive characteristic that image labels always refer to a single, specific
object. As a result, labels do not refer to several objects at the same time, nor do they describe
an entire scene or a group of objects. FSOD is object-centric by default. Further, the terms
class and category are used interchangeably throughout this work.

Visual few-shot learning can be formalized as follows. There are two sets of categories C} .
and C, 4. The requirement Cp,ee N Cpovel = @ must be fulfilled. For €y, abundant training
data is available. This data is called the base set Dy,,.. The collection of all annotated images
The task
of few-shot classification is typically formulated under an N-way K-shot setting, where the

for Cyover i Dyover, and the subset used for task preparation is the support set Dy ort-
model is provided with K support images for each of N novel categories that belong to C,yyel-
For a class ¢ € Cyqye1, the number of images | Dgypport,c| that can be used for task preparation,
denoted as K, is typically at most 30. For testing, the model needs to predict an image label y
for the query images in the query set Q, referring to exactly one of the N classes.

Similarly, the task of FSOD defines the problem of learning to detect a set of N novel object
categories Cp,ye)> previously unknown to the model, based on K support images. FSOD also
has base classes Cy,,., Which can be used for preparation without any restriction on the number
of images per class. For testing, the model needs to predict the object label y as well as the
bounding box b, referring to exactly one of the N classes for objects that belong to one of the
known categories. In the context of few-shot learning, the term generalized refers to the joint
consideration of base and novel classes during evaluation. It was introduced by Chao et al. [52]
for zero-shot learning scenarios, where the test data can contain base and novel classes. In the
same way, generalized few-shot object detection takes the performance on the base classes
into account after preparing the model for the novel classes. This requires the model to retain
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3.1 Visual Few-Shot Learning

knowledge of the base classes while still being able to learn novel classes [53]. The challenge
here comes from the imbalance of data the model has seen for each class group.

Beyond the question of how many samples are available per class, the structure of the cate-
gories themselves shapes the difficulty of the task. Two properties are used throughout this
work to describe this structure. Intra-class variability describes how much the samples within
a single category differ from each other. Instances of the same class can vary in pose, scale,
illumination, sub-type, surface appearance, or degree of occlusion. Inter-class similarity de-
scribes how close different categories are to each other in visual appearance. Two classes are
similar when their members share a common shape, texture, or part composition, even though
they belong to different semantic categories. Both notions are inherently soft and hard to cap-
ture with a single objective measure. In this work, they follow the category boundaries that
are typically defined by humans and reflect how closely two classes are perceived to be related.

One such case is the fine-grained setting, where classes may belong to a common super class
and share a certain part of their visual features, leading to high inter-class similarity. Examples
include recognizing different bird species [26] or different aircraft models [54]. For a model
trained on generic recognition tasks, two birds of different species may look very similar in
the internal model representations. The opposite end of the spectrum, low inter-class similar-
ity combined with low intra-class variability, corresponds to coarse-grained recognition with
well-separated classes.

After clarifying the terminology, the few-shot learning challenges are now described in math-
ematical form. Let X and Y denote random variables over images and labels with realizations
X € X and labels y € Y. As mentioned before, in the common few-shot setting, a task is
defined by a support set

2)support = {(Xi’yi) {ifs (3.1)

containing only K labeled samples for each of the N novel categories, with typically
K €{1,3,5,10,30}. A model fy : X — AlYl often decomposed as f = h o g with backbone g

and recognition head h, is adapted from D . and then evaluated on a query set containing

suppor
samples of the same categories. The goal is to approximate the conditional distribution
P..1(Y | X), although the information available to specify this distribution is much smaller.

Looking at the standard fully supervised risk minimization [55] setting
min E(x.v)~px.)[€(fo(X).Y)], (3.2)

which can be approximated by using a finite dataset and the empirical risk R(8) =
! le €(fo(X;),y;). This relies on the assumption

n 1

i

id
(Xi’yi) ~ Preal(XaY)' (33)
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and relies on the convergence of 6 towards 6%, which minimizes the real risk R for n — .
In standard large-scale training, violations of Eq. (3.3) already arise from correlations be-
tween samples, e.g., camera types or viewpoints, and from dataset biases such as foreground-
background correlations, e.g., polar bear < snow, leading to P,i,(X,Y) # P.(X,Y) and a
distribution shift with respect to P,.,;(X,Y). In the few-shot regime, the problem becomes even
more severe: with only a few support samples per class, the empirical distribution based on
the support set Psupport(X ,Y) is a poor estimate of P,.,;(X,Y). In addition, any peculiar prop-
erty that is frequent within the support set of class ¢ but is not specific to the class, such as
a recurring object color or a shared lighting condition, can be picked up as a defining feature
of the category. This effect is closely related to the concept of underspecification, originally
introduced by D’Amour et al. [56] to describe training pipelines that return many different
predictors with equivalent training-domain performance, but with different behavior during
deployment. Building on this, Teney et al. [57] use the term underspecification gap to refer to
the difference between the information represented by the dataset, i.e., the support set Dy ors.
and the information required to perform the task as intended, e.g., according to the require-
ments defined by an expert. Underspecification allows models with different parameters 6
to perform identically on the validation data, while differing on hidden requirements such as
Out-of-Distribution (OOD) generalization, e.g., on P,.,;(X,Y). OOD generalization is one ex-
ample of a requirement that is not captured by the objective of empirical risk minimization.
It cannot be easily measured or enforced, especially when data is limited, but it is a desirable
property. For this reason, in-distribution performance metrics alone cannot determine which
trained model generalizes best to OOD data [57].

In addition, images are high-dimensional inputs that provide many candidate features for pre-
diction, such as object color, texture, or background. The risk that several distinct features are
equally suitable for inference on Dy, is relatively high, even though some of them are spu-
rious rather than causal correlations. Spurious features are defined as features that correlate
with a category but are not category-specific [58], and they are picked up by the model for its
decision, e.g., a snowy background in images of wolves [59]. They become harmful when their
presence without an object of the actual category leads to false positives. Few-shot perception
methods are especially at risk. With only K samples per class, the number of features that dis-
criminate the support set typically exceeds the number of features that causally characterize
the category. In fine-grained settings this effect is even stronger, since the causal features that
distinguish closely related classes are subtle and may be dominated by incidental ones. The
following sections present different strategies to deal with these challenges.

3.1.2 Object Recognition Methods

This section presents current object recognition methods that focus on the few-shot setting.
Many ideas from the early approaches, such as Prototypical Networks [60], Siamese Net-
works [61], Model-Agnostic Meta-Learning (MAML) [62], or Matching Networks [63], are
still present and are being adapted to more modern techniques and architectures. Seminal
work in this field was carried out by Fei-Fei et al. [64] in the mid 2000s, who showed that it
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is not always necessary to train on hundreds or even thousands of images if the model has
been trained on other categories before. Their approach was a Bayesian implementation, and
they showed that it had advantages especially when the number of samples was low or even
reduced to a single sample per category.

Few-shot object recognition approaches can be divided into the following categories [65]
« metric learning
+ meta learning
- data augmentation or generation
« attention mechanism (transformer)
« hybrid variants.

However, a strict categorization is difficult, since architecture modules are combined and
methods are mixed. For instance, the popular Matching Networks [63] are commonly assigned
to metric learning, but they are trained with an episode-based procedure typical of meta-
learning and use an attention mechanism over the support set to weight features. Another
typical candidate for metric learning - where the assignment is obvious - are Prototypical
Networks proposed by Snell et al. [60]. To address overfitting under restricted data, they
simplify the inductive bias by using an embedding network and applying nearest-neighbor
classification on prototypical class-specific embeddings. In general, this is similar to Matching
Networks, where the nearest neighbor method is a weighted variant. The class prototypes are
computed as the mean of the support set embeddings for each category. Interestingly, they
found that Euclidean distances work much better than cosine distances. Their explanation
is that the Euclidean distance is a regular Bregman divergence [66], so the mean class em-
beddings are the best representative points for classifying or clustering the support set based
on proximity. The concept of Prototypical Networks has received active research attention,
and many refinements and extensions have been proposed. For instance, Zhou et al. [67]
address the weakness of prototypical representations in domain transfer scenarios, e.g.,
minilmageNet [63] for training and CUB [26] for testing. They propose an architecture with
two branches: one for global, image-level processing and one for local, crop-level processing.
While the global branch follows a typical setup, the local branch takes sampled local crops
of the query images as input, holds a copy of the global prototypes, and has the task of
matching and classifying the local features using them. The prediction probabilities are used
to influence the global branch’s loss function during meta-training. For testing, the local
branch is dropped completely. When pretrained on minilmageNet [63], the model’s few-shot
classification performance on other datasets covering birds, cars, satellite images, and skin
lesions, including fine-grained ones, is better than that of other cross-domain approaches.

Instead of optimizing the training of the feature extractor, Shalam et al. [68] propose a trans-
formation method to improve existing features for downstream tasks such as classification,
matching, and grouping. Their Balanced-Pairwise-Affinities (BPA) feature transform targets
the problem that, at test time, the compared feature embeddings have not been part of the
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training set, which likely leads to suboptimal representations. With the BPA transformation,
they focus less on category-specific information and more on the differences between all fea-
tures for the task at hand. This makes it especially suitable for fine-grained scenarios. The
method starts from the features originally extracted by the backbone for a given set, computes
a pair-wise Euclidean distance matrix, and determines the optimal transport (OT) plan while
restricting it to the Birkhoff polytope (real non-negative numbers where rows and columns
sum to 1). The rows of the resulting matrix are then used as new feature embeddings. BPA
can be used as a drop-in module in pretrained networks and classifiers, but it can also be inte-
grated during training, which gives additional, although small, performance gains. The overall
approach is transductive, which means that the features for all images in the support set and
the query set are processed at the same time. They also propose an inductive variant in which
query samples are classified independently and BPA is integrated during training but removed
for inference. Their evaluation shows that this variant is strongest in 5-way 5-shot settings,
while it is often weaker in 5-way 1-shot tasks.

An early meta-learning approach by Ravi and Larochelle [69] argues that common gradient-
based optimizers, such as ADAM [70] or Adagrad [71], are not designed for few-shot scenarios
and propose to replace the optimizer with a meta-learner Long Short-Term Memory (LSTM).
The meta-learner, a 2-layer LSTM, acts as the optimizer and predicts the parameter updates for
a learner, a 5-layer Convolutional Neural Network (CNN). The learner is also the classifier that
carries out the actual tasks and receives its task-specific parameter updates from the meta-
learner during adaptation. A seminal work in meta-learning is MAML [62]. The main idea is
to prepare the model’s parameters through episodic training so that, during the test phase, a
short adaptation phase is enough to efficiently adjust them for the task at hand. It outperforms
Matching Networks [63] and Siamese Networks [61] on Omniglot [72] and minilmageNet [63].

So far, methods for generic FSIC and fine-grained FSIC have been presented. A separate sce-
nario is addressed by few-shot object instance recognition (FSOIR), in which objects have
to be re-identified. For instance, Held et al. [73] develop a training setup that optimizes
the model’s ability to recognize objects even when only one example image is available. In-
stead of requiring a 360-degree view of the object, they only need one image. They propose a
general-to-specific multi-phase training procedure: first on ImageNet [4] to learn robustness
against intra-class variations, and then on the multi-view dataset of object instances called
BigBIRD [74]. With the multi-view images, the model learns to produce viewpoint-invariant
representations from many or even from a single category sample in the third phase. For final
1-shot training and testing, they use the RGB-D Object Dataset [75].

3.1.3 Object Detection Methods

From a high-level perspective, few-shot object detection approaches can be grouped into meth-
ods based on

« detection framework (one-stage vs. two-stage)
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« with fine-tuning (gradient-based parameter updates using novel set) vs. without
fine-tuning

« base set and novel set handling (e.g., transfer learning vs. meta learning [76, 77])

« major contributions (data-oriented, model-oriented, or algorithm-oriented [78]
adapted from [79]).

Few-shot incremental object detection (iFSOD) is similar to FSOD [76], so a short overview of
this research area is given in Section 3.1.4. In the incremental learning setting, new classes are
added one by one without forgetting previously learned classes.

While FSIC (Section 3.1.2) has been the subject of active research for several decades,
Kang et al. [80] proposed one of the first architectures specifically for FSOD, which is known
as FSRW. They approach the few-shot object detection task using a one-stage detection frame-
work and add a dedicated reweighting module that predicts weight vectors for each category
in the support images. In parallel, the feature extractor, a common backbone, processes the
input image and provides meta features. Through channel-wise multiplication of the meta
features with the weight vectors from the reweighting module, new category-specific features
are obtained, which are used for inference and form the input of a final prediction head. The
prediction heads estimate one-versus-all objectness and class scores as well as bounding box
coordinates. From all class scores, the final prediction is selected by applying a softmax. For
evaluation, they propose benchmarks for PASCAL VOC [27] and COCO [28], as well as a
dataset transfer setup with pretraining on COCO and testing on PASCAL VOC.

Yan et al. [81] propose a two-stage detection model called Meta R-CNN, based on Faster R-
CNN [15] and Mask R-CNN [82]. Note that two-stage models have a first stage in which
the image is sub-divided into class-agnostic region proposals, which are then processed by
a second stage for classification and box regression, as well as for separate mask prediction
in the case of Mask R-CNN. Their approach re-uses the Faster R-CNN architecture and adds
a parallel Predictor-Head Remodeling Network (PRN), which extracts class-attentive vectors
that are used to modulate the Rol-aligned features in the original Faster R-CNN model via
channel-wise multiplication. The PRN re-uses the existing backbone and only replaces its first
layer with a convolution that accepts 4-channel inputs (image-mask pairs). The architecture
is trained with a meta-learning episodic procedure, starting with base classes and continu-
ing with tasks that include base and novel classes. Qiao et al. [83] also experimented with
Faster R-CNN [15] and analyzed it to improve on its weaknesses for data-scarce scenarios.
Their final result is an adapted architecture called Decoupled Faster R-CNN (DeFRCN), which
includes two new modules: the Gradient Decoupled Layer (GDL) and the Prototypical Calibra-
tion Block (PCB). While components such as the generalized backbone, a class-agnostic RPN,
and the classification and regression heads are kept, the new GDL module makes it possible to
reduce the impact of, or fully decouple, the backbone from the gradient flow of the other two
components during training. The PCB introduces a prototype comparison network, similar to
Prototypical Networks [60], which assists in refining the Faster R-CNN classification module.
It requires its own backbone pretrained on ImageNet and remains frozen during training and
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inference. A method-oriented Two-stage Fine-tuning Approach (TFA) which also uses Faster
R-CNN, but without architectural changes, is proposed by Wang et al. [84]. In the first stage
the model is trained fully-supervised on the base classes. The second stage freezes all weights
except for the ones of the box classifier and the box regressor, which are fine-tuned on a sup-
port dataset consisting of the few samples of the novel classes extended by an equal number
of images from base classes. The fine-tuning on the balanced support set is carried out with
a reduced learning rate. For Rol classification they experiment with cosine similarity as the
metric and observe that it is often better in low shot settings with 1-5 samples per class than
the fully-connected classification variant. Nevertheless, both methods outperformed more
sophisticated architectures such as Meta R-CNN [81] and FSRW [80].

The previous examples show that many FSOD methods depend on a fine-tuning stage, even
when this stage is restricted to only a small part of the detector head. This can make the prepa-
ration for novel classes more complex. For this reason, another group of recent approaches
tries to avoid fine-tuning on novel classes [80, 81, 85, 86, 87]. One of the most competi-
tive fine-tuning-free methods is Detect Everything Vision Transformer (DE-ViT), proposed
by Zhang et al. [88]. It uses a frozen, pretrained Vision Transformer (ViT) backbone to create
class prototypes from the support examples and avoids gradient-based adaptation to the novel
categories. The authors show that this design choice comes with challenges for existing detec-
tor architectures: direct bounding-box regression on the ViT features performs poorly, while
unfreezing the backbone quickly leads to overfitting. For this reason, DE-ViT separates pro-
posal generation, prototype-based recognition, and localization refinement. Candidate boxes
are first obtained by a class-agnostic proposal mechanism and are then evaluated using simi-
larities between the ViT features and the class prototype vectors. For localization, the method
replaces direct box regression with a region-propagation mechanism, where features inside
an expanded proposal are used to predict a propagated object region, which is then converted
into an adjusted bounding box by a learnable spatial integral layer. This architecture is also
used as a foundation for the methods presented in Sections 4.4 and 5.2, respectively.

3.1.4 Incremental Few-Shot Object Detection

The task of incremental Few-Shot Object Detection (iFSOD) was introduced by [89] together
with their proposed ONCE architecture which is based on CenterNet [22] - an anchor-based
one-stage detection framework. The difficulty of iFSOD comes from the constraint that base
classes and their data may not be revisited after the initial model bootstrapping. In addition,
novel classes are added one by one using a few annotated samples for each class. The perfor-
mance is then evaluated on both base and novel classes. The general idea of ONCE is similar to
Meta R-CNN [81], with a parallel network that creates class-specific vectors which transform
the extracted features in the original architecture (here CenterNet). However, the prediction
head, the so-called Object Locator, is class-specific, which allows new classes to be enrolled
without fine-tuning. Their evaluation shows that excluding base data during novel class en-
rollment is challenging and is the reason why many FSOD approaches cannot be transferred
to this incremental setting.
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Nguyen and Todorovic propose a two-stage iFSOD model called iFS-RCNN [90] based on Mask
Region-based Convolutional Neural Network (R-CNN) [82] which is also able to predict in-
stance masks. By introducing Bayesian learning to the classifier and uncertainty-aware box
refinement, they achieve good few-shot adaptation skills by preventing overfitting and im-
proving low-shot generalization. Their evaluation shows the architecture’s strength in main-
taining strong base class performance, which appears to be invariant to the number of enrolled
novel categories.

A method for incremental few-shot instance segmentation that does not require any fine-
tuning on the novel classes has been proposed by Zhang et al. [91]. The architecture extends
iMTFA [92] for incremental Few-Shot Instance Segmentation (iFSIS) with several components
that boost the performance on common iFSOD and iFSIS benchmarks - almost catching up
with iFS-RCNN, described above, which uses fine-tuning on the novel classes. They argue
against using cosine similarity in the classification head as it is done in iMTFA, since it can
lead to falsely overestimated similarities, and use a slightly modified version for novel classes.

3.1.5 Conclusions

On a higher level, few-shot learning methods can be grouped into three different types: meta-
learning, transfer learning, and data generation. In meta-learning the model is prepared
episodically with many few-shot tasks using the base classes, so that it learns to learn under
data-constrained conditions. Transfer learning instead relies on strong representational capa-
bilities acquired beforehand. The models develop a general sense for object similarity during
pretraining, which is then used through feature-based distance metrics, e.g., in Prototypical
Networks [60] and their variations. Data-generative methods multiply the scarce data with
image-based augmentation or add completely new samples using generative techniques. A
different aspect is whether the model requires gradient-based adaptation on the novel classes.
Recent fine-tuning-free approaches such as DE-ViT [88] show that a frozen, large pretrained
backbone combined with prototype-based recognition can match or exceed fine-tuned detec-
tors. This demonstrates how prototypes from frozen-backbone representations can be used
efficiently.

High intra-class variability is rarely addressed by a dedicated mechanism and is instead han-
dled implicitly. Fine-grained scenarios with high inter-class similarity are more in focus, for
instance through the transductive feature reshaping of BPA [68], the local-branch design of
Zhou et al. [67], or the ProtoPNet family. The evaluations are mostly carried out on bird or
aircraft datasets and not on datasets typical for robotic deployment. What only a few few-shot
methods offer is a way for the operator to give direct feedback when the support set itself is
ambiguous and to resolve the remaining underspecification at adaptation time. The closest
candidates to do so mostly belong to the ProtoPNet family, which does not necessarily focus
on few-shot scenarios.

Many of the few-shot learning methods that were proposed for FSIC were later also adapted
for FSOD, most commonly in two-stage detectors. It is also typical for two-stage models to rely
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on a Region Proposal Network (RPN) to obtain bounding box proposals for potential objects.
Since the RPN often stays frozen during the preparation with the support set, new objects that
the RPN is unfamiliar with might be ignored, and without proposals the recognition part of
the architecture is not activated at all. Since items relevant to robotic applications can be rare
and uncommon, this poses a potential risk.

Incremental learning methods make the few-shot setting even more difficult. The additional
constraint of not having access to any base class data during task adaptation leads to chal-
lenges in generalized settings, where the model must not forget base classes while enrolling
novel classes. However, in practical scenarios this constraint seems too strict, since a dataset
usually only requires a few gigabytes of disk storage, which is not costly and does not require
a significant amount of energy. In this work, FSOD methods are considered equally suitable
for deployment on robots.

3.2 Few-Shot Perception Benchmarks

This section presents common benchmarks used to compare visual few-shot learning methods.
Section 2.1.3 already described typical datasets used for evaluating perception models in fully
supervised settings. The following describes and compares the concrete benchmark details.
The list of current benchmarks is divided into few-shot classification benchmarks and few-
shot detection benchmarks.

Note that common dataset names are often used as a synonym for the corresponding most
typical benchmark. Benchmarks often do not have names of their own. However, there are
differences. A dataset refers to the annotated collection of data, while a benchmark refers to a
standardized evaluation setup. An evaluation setup contains more than just the dataset, and
sometimes it combines several datasets. Besides the task definition and the metrics, predefined
splits into train, val, and test sets are needed to enable reproducibility and comparison. In
few-shot learning, it is often necessary to define the support sets of the test tasks precisely,
including the image identifiers, because the per-task performance strongly depends on which
images are used in the support set and in the test set.

3.2.1 Image Classification

Omniglot [72] is one of the earliest datasets used for evaluating FSIC models. Described as
the transpose of the popular MNIST, it contains 1600 characters from 50 alphabets with 20
examples each, instead of 10 digits with thousands of examples each. Today it is less popular,
because the resolution is very low at 28x28 and the accuracy of modern models has come
close to 100%, which makes a comparison meaningless.

minilmageNet was proposed by Vinyals et al. [63] for evaluating their one-shot classification
model, because no standardized low-shot benchmark based on ImageNet [4] was available at
the time. It contains 60k color images selected from the more than 1.2M images of ImageNet,
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covering 100 of the 1000 categories with 600 images per category, which makes the size much
more manageable on consumer hardware. However, the image splits were never released, so
Ravi and Larochelle [69] released their own, which have since been adopted by many others for
evaluating and comparing FSIC approaches. The disjoint train, val, and test sets contain 64, 16,
and 20 categories, respectively. While it is more complex than CIFAR-10 [10], the resolution is
still rather low at 84x84 pixels. The training categories contain various dog species and several
types of birds and insects, which makes the dataset partially fine-grained. With cliff or tobacco
shop, it also includes non-object-centric categories. The popular evaluation protocol of Ravi
and Larochelle [69] considers 5-way tasks with 1 or 5 shots and 15 query images per category.

With tieredlmageNet, Ren et al. [93] address some weaknesses of minilmageNet. With 608
categories, the variability is increased. Inspired by Omniglot, they group the ImageNet cat-
egories into super-categories. Each super-category contains around 10 to 30 categories that
belong to the corresponding higher-level type. Instead of splitting the 608 categories into train,
val, and test directly, they split the list of super-categories. This ensures that categories of the
same super-category do not appear in more than one split. Interestingly, in their evaluation,
performance on tieredlmageNet was consistently better than on minilmageNet.

CIFAR-FS was proposed by Bertinetto et al. [94], based on CIFAR-100 [10] (Section 2.1.3)
but adapted for few-shot tasks. The images have a smaller resolution of 32x32 compared to
minilmageNet. All categories across the train, val, and test splits can be considered object-
centric. The released splits contain fixed categories. However, in [95] a random procedure is
assumed for distributing the 100 categories across the splits.

Mangla et al. [95], and later others as well [96, 97], included CUB-200-2011 [26] in their FSIC
evaluation under a 5-way 1-shot and 5-shot setting, in addition to CIFAR-FS, minilmageNet,
and tieredlmageNet. As an evaluation protocol, they use 15 query images per category and
run 10K trials in total. CUB-200-2011 is a popular fine-grained dataset that contains 200 bird
species (Section 2.1.3).

3.2.2 Object Detection

Bansal et al. [98] propose a new split for the COCO dataset [28] that better suits their chal-
lenge of zero-shot object detection. They split the classes into 48 seen (train) and 17 unseen
(test) classes. The split is obtained by forming K clusters (K = 10 for COCO) based on the
cosine similarity of the word vector embeddings of all classes. In each cluster, they assign
80% of the classes to seen and 20% to unseen. The images are randomly sampled from the
2014 training set. Because they treat the bounding boxes of the seen classes as foreground and
everything else as background, they remove all training images that contain an object of the
unseen classes. The whole procedure yields 73,774 training and 6,608 test images for COCO.
Although originally designed for zero-shot object detection, this split is also relevant for FSOD
benchmarks because it provides a controlled base/novel separation on COCO. The goal of the
proposed split was to reduce leakage between seen and unseen categories, which enables a
cleaner evaluation of transfer to novel classes under limited supervision.
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For the COCO-2017 version of this dataset, Zareian et al. [99] propose to use the same class
splits, which they call the 48 base classes and the 17 target classes. They then remove any
bounding box in the training set that does not belong to the base classes, and afterwards
remove the images that are left with empty annotations. This results in 107,761 training images
(665,387 instances of base classes) and 4,836 test images (28,538 instances of base classes and
4,614 instances of target classes).

For few-shot object detection, one of the first commonly adopted benchmarks was proposed
by Kang et al. [80]. They use the PASCAL VOC 2007 test set for testing, describing this as
common practice for default object detection architectures at the time. The PASCAL VOC 07
and 12 train/val sets provide the training data. They propose to randomly split the 20 object
classes into 5 novel and 15 base classes, and keep 3 of these class-split versions. Furthermore,
for their COCO benchmark, they use 5,000 images from the COCO 2014 validation set for
evaluation (test) and the remaining images in the train and validation sets for training. The
20 classes that overlap with PASCAL VOC are the novel classes, while the remaining 60 are
the base classes. They also consider a cross-dataset setting, where the 60 COCO base classes
are used for training and the 20 PASCAL VOC classes for evaluation. Their test images may
contain distracting base classes that are not targeted in these tasks. They also note that some
images do not contain any object of the targeted novel class, which increases the difficulty.

Wang et al. [84] also include a few-shot benchmark for PASCAL VOC 2007 and 2012 [27],
based on the previous proposal by Kang et al. [80], who used fixed sets for PASCAL VOC and
COCO. To increase statistical significance, they add more sampled versions to each scenario.
They use the train and validation sets of 2007 and 2012 as the training set, and the 2007 test
set for evaluation. The 20 classes are randomly split into 15 base and 5 novel classes. In total,
they generate 3 random but fixed splits.

3.2.3 Conclusions

Few-shot perception benchmarks often build on popular datasets from the fully-supervised do-
main. While FSIC addresses instance-level, fine-grained, or generic recognition tasks, FSOD
usually targets generic or instance-level detection. CUB-200-2011 [26] is clearly a fine-grained
dataset, while others such as ImageNet-1k [4] and minilmageNet [63] contain categories with
varying granularity, i.e., generic categories such as street sign together with several fine-
grained dog species. In both cases, the categories typically correspond to common every-
day items or to animal and plant species. It should be noted that in some datasets, such as
ImageNet-1k and minilmageNet, several categories are scene-level rather than object-centric.
In this work, recognizing scenes such as cliff or book shop is not relevant when assessing model
performance. While it is part of FSIC, it is not part of few-shot object recognition (FSOR).

Recently, cross-dataset and cross-domain benchmarks [67, 100] have become more popular.
The conditions are among the hardest: little data and out-of-domain test conditions. While this
is very challenging, it reflects realistic scenarios where the target objects are not represented
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in any data that the model has seen before, and adaptation still has to be performed from very
few samples.

3.3 Interactive Learning and Perception

This section looks at a particular niche in vision research: machine-learning-based methods
that interactively incorporate the human closely into the preparation or operation phase of
the perception model’. Common fully-supervised and few-shot methods also rely on the hu-
man. For instance, the collection and annotation of datasets used for training transfers human
knowledge about categories or vision tasks into the captured images and labels. Besides that,
setting up the training procedure, which includes choosing the architectural components and
tuning hyperparameters, can also be a tedious process where the expertise of the user is essen-
tial. However, relevant for this work are methods that operate well within a low-shot regime
and where the model and human communicate and react to each other during the preparation
or operation phase. The information exchanged and the corresponding interfaces are the focus
of the following literature review. In addition, it is examined whether this interaction helps
to reduce task underspecification.

Similar methods exist that address scenarios with larger datasets [50, 51, 58]. They typically
target spurious features and dataset biases to create more robust classifiers with better in-the-
wild performance. For instance, Neuhaus et al. [58] propose a technique to reveal and mitigate
spurious features for ImageNet [4] classifiers. They incorporate minimal human supervision
to detect such features through a PCA-based analysis of the penultimate layer activations. For
each class, the most relevant separated features are presented to the operator together with
feature-specific visualizations, such as an optimization-based image of the feature, dataset
samples with the highest activations, and a GradCAM heatmap for this feature. The operator
can then select those features that are not aligned with the target category. To suppress their
use during inference, the features are restricted to a non-positive attribution to the class logit.
In Chapter 5 some of these methods are transferred to few-shot scenarios.

While the term active learning [103] sounds closely related to interactive learning, it differs in
important ways. The distinction is as follows. Active learning refers to a procedure where the
model’s metrics decide which new images get annotated to extend an existing dataset. The
overall goal is to annotate as little data as possible while still reaching the required perfor-
mance. The main differences are that active learning typically assumes abundant unlabeled
data for all categories and that the training procedure is repeated multiple times.

! The terms interactive learning and interactive perception are used in other contexts as well, e.g., the first for
educational learning concepts that address student participation [101] or the latter for physically interacting
with objects or the environment to improve perception quality [102]. Both are outside the scope of this work.
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3.3.1 Interactive Methods

Wah et al. [104] propose an interactive recognition system that prompts the user with binary
questions to help with fine-grained categorization of images. The prompts either ask the user
to click on a specific object part or ask about visual part attributes. The approach does not
address few-shot recognition, but rather how the human can assist during an interactive in-
ference procedure. The advantages of interactivity are assessed based on recognition speed
and accuracy. Chen et al. [105] put the model in a more active and independent role for the
same task, i.e., CUB-200-2011 [26] classification. Their ProtoPNet model learns prototypical
parts for each category while only using image labels. During inference, the parts detected
in the query image are compared to all known parts across all categories. The final decision
of the model can then be visually explained by showing the detected parts and the most sim-
ilar samples of the training data. While this improves interpretability, it does not provide a
way to intervene in case of false associations. Bontempelli et al. [106] address this gap by
involving human feedback. Based on ProtoPNet, their ProtoPDebug architecture provides a
user interface in which the recognized and decisive parts are visualized as small boxes on the
image, and the user can label them via clicks as use or don’t use. This results in two sets of valid
and forbidden feature concepts, which are used in a subsequent fine-tuning step of the already
trained model on a small subset of the training data. During this fine-tuning, part prototypes
that are similar to any of the forbidden concepts of a category are penalized, and the model
is forced to switch to other prototypical parts. In their evaluation, even non-experts were
capable of improving model robustness using this pipeline. However, iterative fine-tuning
steps are required to improve the model. Xue et al. [107] transferred the conceptual idea of
ProtoPNets to vision transformer backbones pretrained on ImageNet-1k [4]. Using the ViT
attention rollout (Chapter 2) to obtain a class-specific foreground mask, the model restricts
the area that can be used for prototypical parts. While the method presented in Section 4.3 is
related, Xue et al. [107] do not provide any optional feedback interfaces.

Dehghan et al. [108] propose a three-step human-robot interaction pipeline that incrementally
learns to detect new objects for downstream manipulation tasks. On a touch-based screen,
the operator can activate a teaching mode in which new objects are simply held into the cam-
era view to automatically obtain support images. The label for each new class must also be
provided. For their incremental FSOD they incorporate the RPN from the Faster RCNN [15]
architecture pretrained on COCO. As the RPN backbone they use VGG-16 [7] pretrained
on COCO [28]. In the teaching phase, they rely on saliency-based class activation maps
(CAM) [109] from ResNet-50 [9] (pretrained on ImageNet [4]) to localize the relevant image
regions and extract their features. The mean over these regions across all presented object
poses serves as the identifier for the new class. During inference, the classification is a simple
k-NN [110] retrieval of all known classes for each proposed bounding box from the RPN. They
compute the ratio between the nearest and second-nearest category distance. If it is clearly
below a threshold, the object is assigned to the nearest category, otherwise it is treated as an
unknown object. In that case, the user has no way to fix this except by repeating the teaching
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phase and hoping the features will be more distinct. Berg et al. [111] propose a similar frame-
work for image analysis applications in bioinformatics. However, instead of using modern
few-shot approaches, they restrict the model complexity, for example by using Random Forests
[112], with the benefit of supporting non-expert users and standard consumer hardware.

Bohus et al. [113] proposed an incremental and continual learning system that uses data and
labels acquired through a mixed-reality headset. They use a multi-component system with an
integrated object tracker and a speech recognition module to enable voice commands. These
commands can, for instance, be used to introduce a new object to the system. Using class-
agnostic 3D object detection together with the current gaze of the user, the new label is as-
signed to the object. Subsequently, multiple views of the same object are acquired by going
backward and forward in time. The system checks the records for previous views of the object
from other angles, and for future views the object location is stored and tracked. Whenever
the object is computed to be within the user’s field of view, an image is saved together with a
bounding box label inferred from the projection of the 3D object point cloud into the camera
frame. This way, the user neither needs to walk around each object to obtain training data
nor has to label it again. They used Contrastive Language-Image Pre-training (CLIP) [43] for
zero-shot recognition by querying it with (image, [cy,C, ...,cn]) tuples and obtaining the
probability for all N known categories. In addition, they trained a multinomial logistic regres-
sion model on the encodings of CLIP’s visual encoder to support continual learning.

3.3.2 Conclusions

Various types of interactive interfaces were proposed in the presented approaches. These
range from simple click-based interfaces over multi-panel touch-screen applications and full-
blown research-ready assistive software [111] to modern mixed-reality devices that enable
high mobility. While the interfaces and the architectures are both intuitive and effective, the
focus is typically on common household items, animals, or plants.

A suitable benchmark for interactive learning methods would cover tasks where the support
set is identical across conditions and the query images are the same, so that the effect of
user involvement can be measured directly. However, the assignment of images to categories
is mixed across conditions. This is possible because the support set, with only few samples
per category, is underspecified, i.e., the images in each class-specific support set have several
unique but also shared features with at least one other category. No such benchmark was
found during the literature review.

3.4 Summary

This chapter presented related work on visual few-shot learning, discussed a diverse range of
benchmarks, and introduced existing strategies for incorporating humans into the preparation
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and operation phases. Detailed conclusions are provided after each section. In the following,
the findings are summarized and the research gaps are outlined.

Few-shot learning is an active field of research, and its motivation remains relevant. Fully-
supervised perception models require large datasets. In many scenarios, including typical
robotic applications, this is not feasible, and architectures that can learn a novel category from
only a few samples are required. Elaborate approaches with strong performance on common
benchmarks have been proposed in the literature.

The common categorization into meta-learning approaches and transfer learning is not that
strict, since architectures and components of both types are increasingly interchanged. In
general, however, transfer learning methods often have simpler setups and strong perfor-
mance, even with fine-tuning on the support set. These methods leverage pretrained models
and their representations for few-shot settings. With the recent growth in publicly available
backbones and models pretrained on large-scale datasets, this represents a promising combi-
nation. Therefore, this work investigates the capabilities acquired by such models, focusing
on realistic object-centric robotic applications within a low-shot learning regime. A recurring
pattern across the surveyed detectors is the reduction of each class to prototype vectors that
interface a frozen backbone with a lightweight recognition head, which also motivates the
multi-granular prototype design of Section 5.2.

Sometimes even humans can only guess the real task or target category from a few samples.
In such scenarios, context knowledge becomes valuable. Therefore, this work also adapts the
idea of extending such architectures with interactive learning, with the goal of incorporating
the user’s guidance through suitable interfaces to resolve ambiguities, especially in scenarios
with high inter-class similarity.
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This chapter introduces the developed methods for object-centric recognition under practical
constraints, especially limited data, that all build on pretrained backbones. Chapter 5 will
then present interactive procedures that can improve model quality with human feedback.
Chapter 6 will evaluate both the methods from this chapter and the interactive approaches
from Chapter 5.

Optimizing a perception model for one specific task usually requires setting up a correspond-
ing training dataset and then optimizing the model’s parameters on this dataset. As described
in the introduction (Chapter 1), this is often not feasible in robotic applications for various
reasons. For instance, there is neither enough data nor enough time to provide a sufficiently
large training dataset. This chapter presents methods that address this challenge by reusing
the capabilities of pretrained models in different ways.

Data Instance-Based . Pretrained Models
Data Augmentation Prepared Capabilities

Perception System Few-Shot Modules
Adapted Architectures
Part-Based Perception
Fine-grained Inference

B k- .
bor Wead Depth Fusion
Geometric Recognition

Figure 4.1: The schematic provides a simplified overview of the concept for perception systems covered by this
chapter. A typical few-shot learning strategy uses pretrained vision models (commonly split into
backbone and head) to reduce data requirements, and then fine-tunes them on a dataset specifi-
cally created for the task at hand. This procedure is adapted and extended in various ways, e.g., by
adding newly developed modules or by focusing on part-based pipelines for fine-grained recogni-
tion. One method incorporates depth information to handle scenarios where geometric recognition
is beneficial for robust perception. Complementary to this, instance-level data augmentation allows
mission-relevant backgrounds to be incorporated while artificially increasing the number of training
samples.

Today, many pretrained models are publicly available online with permissive licenses. They
cover a wide variety of architectures, usually trained on the most common datasets for differ-
ent vision tasks. The underlying idea is that these pretrained models have acquired a set of
capabilities that can serve as a starting point, or that can even be applied directly to the new
task at hand. This idea is well established and is known as transfer learning. The methods
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presented in the following sections combine transfer learning with several other techniques
to adapt the models to typical robotic applications. While each development targets a certain
application type, the methods can also be used in other applications that are similar to the
ones presented in this work. An overview of the chapter’s concept is depicted in Fig. 4.1.
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4.1 Frozen Vision Transformers for Attention-Based
Segmentation

Vision Transformers (ViTs) trained on large-scale classification tasks develop rich internal rep-
resentations, and their attention mechanisms learn to identify meaningful regions within im-
ages, encoding implicit knowledge about what constitutes interesting visual patterns. While
ViTs were initially developed for image classification [12], their use for segmentation tasks
is also an active research field [114]. However, this usually involves elaborate training pro-
cedures. Instead, the core idea of the approach presented in this section is to exploit the un-
derstanding of visual relevance embedded in the weights of pretrained models and to repur-
pose it for other tasks without additional training. Rather than learning explicit models of
specific object categories for semantic segmentation tasks, the attention of a pretrained vi-
sion transformer serves as an indicator for instances that deviate from the rest of the image.
Zhang et al. [115] also use attention masks for segmentation, but they add a decoder-like
network with a specialized module that converts attention maps into class-specific segmenta-
tion maps. All of these components require task-specific training. In contrast, the proposed
method is simpler and builds directly on ViT attention maps, removing the need for additional
training. This concept is suited for scenarios with categories that show high intra-class vari-
ability, where limited data and training cannot capture the full range of characteristic features.
The specific scenario used for later evaluation is the segmentation of litter items lying on the
ground in outdoor environments. Here, the implicit properties of objectness and saliency are
exploited, as these items typically appear visually distinct from the rest of the scene. This en-
ables segmentation of potential trash objects without specific training and provides inherent
generalization to unseen items. However, the approach should not be seen as an immediate
replacement for other litter segmentation models, but rather as an exploratory study.

Parts of this section were previously published in [P1] and build on a supervised thesis [T8].

4.1.1 Target Scenarios

The practical real-world scenario that motivates this research is the idea of fleets of mobile
robots for outdoor litter cleanup, similar to the Angsa Robotics startup?, which aims to reduce
the accumulation of waste in natural environments. While the startup and many others [116]
rely on large datasets with precisely defined classes of waste items that are continuously up-
dated and extended, this work takes the inverse approach and defines waste items as salient
regions in the image that are not associated with any known non-waste category. The goal is to
avoid the need for large litter datasets, which can never be complete given the endless variabil-
ity of waste items. The litter segmentation application conditions are also used for evaluation
in Section 6.1.1. However, the concepts may be transferable if the following criteria are met:

! https://angsa-robotics.com
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« object-centric segmentation tasks

« a common background (e.g., soil, pavement, or grass) similar to those in typical
classification datasets

« high intra-class variability and limited available data

4.1.2 Architecture and Method

The proposed architecture uses a pretrained vision transformer [12] as its backbone and ex-
ploits its inherent understanding of visual relevance and objectness. Unlike convolutional neu-
ral networks, where receptive fields gradually grow from layer to layer, vision transformers
process the global image context from the first layer through their self-attention mechanisms.
This property allows them to identify relationships between distant image regions at an early
stage, which helps to distinguish foreign objects from their environmental context.
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Figure 4.2: Overview of the proposed modular segmentation architecture. The pipeline builds on a pretrained
ViT-B backbone [12], where an Attention Fusion Module connects to an intermediate transformer
layer (layer 4, Section 6.1.1) to extract and merge attention maps across all heads. The optional
distraction branch (shown in blue) computes class-specific attention using CLS-LRP [47] and subtracts
it from the fused attention map to suppress regions that correspond to recognized non-trash objects.
Subsequent post-processing stages, including border cropping, upscaling, and Gaussian filtering,
refine the spatial resolution and quality of the attention map before threshold-based binarization
produces the final segmentation mask. Copyright ©2025, IEEE [P1].

Fig. 4.2 shows the full processing pipeline. The developed architecture takes RGB images at
224x224 resolution as input and produces binary segmentation masks at the same resolution.
These masks mark regions that correspond to potential litter objects. The current version of
the pretrained vision transformer, which is the core component, is a ViT-B model pretrained
on ImageNet-1k [4]. It consists of 12 layers with 12 attention heads per layer. The modular
design of the overall architecture allows substitution with alternative vision transformers, so
that different computational budgets or resolution requirements can be met without major
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adjustments. Note that no task-specific fine-tuning is performed on the transformer weights,
so its parameters remain fully frozen.

The vision transformer processes input images by first dividing them into non-overlapping
patches of 16x16 pixels, which yields a 14x14 grid of patch tokens. An additional classifica-
tion token is prepended to the sequence and serves as an aggregated representation that is
later used as input for the classification head. The 12 attention heads in each layer operate in-
dependently, so each head focuses on different features and spatial relationships. Their atten-
tion maps have the same resolution as the patch grid, i.e., 14x14. The Attention Fusion Module
(AFM) aggregates the attention maps across all heads within a selected transformer layer into
a single map. The choice of layer plays an important role, since the attention in each layer
focuses on different image areas. The evaluation section (Section 6.1.1) explains why layer
4 is chosen for this work. An optional Distraction Branch computes class-specific attention,
which visualizes the regions that lead to the classification decision. In this way, those regions
can be suppressed within the fused attention map if the estimated category corresponds to a
non-trash object. Finally, a post-processing pipeline based on conventional image processing
methods refines the resulting attention map and produces the final segmentation mask.

Attention Fusion Module (AFM)

The Attention Fusion Module (AFM) combines the head-specific attention maps into a single
map that represents the overall image saliency for the given layer. The attention patterns
vary across layers, and they also differ between the heads within each layer. For this work,
different fusion strategies are tested to obtain a final map for further processing: minimum,
maximum, and mean aggregation across heads. Future research could investigate the role of
each head in more detail.

The module can be connected to any layer within the transformer architecture. As mentioned
before, in the experiments layer 4, i.e., the fifth layer, combined with mean fusion showed the
best performance. This suggests that intermediate representations capture a suitable level of
abstraction for the evaluated litter segmentation task.

Distraction Branch

The Distraction Branch is introduced to address scenarios in which known non-litter objects,
such as animals or other visually salient elements, are present in the scene and attract the
model’s attention. Such situations can occur in real-world settings. For instance, a cat may
appear in the image. Since cats are part of the ImageNet-1k dataset, the model usually focuses
its attention on them, which causes the segmentation to incorrectly predict them as litter. From
a practical perspective, such issues could also be mitigated by adjusting the camera viewpoint
or height so that only ground regions are captured. In contrast, the proposed module aims to
improve internal robustness during inference. Note that this branch is currently optional and
is used mainly for qualitative analysis.
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The technical implementation of the Distraction Branch relies on Class Attention Estimation
(CAE), which uses different strategies to determine the regions that belong to known cat-
egories. One of them is the contribution estimation introduced by Chefer et al. [47] (Sec-
tion 2.3.1), a Layer-wise Relevance Propagation (LRP) method developed specifically for trans-
former architectures. The technique estimates the contribution of each input patch to the final
classification decision through the network’s attention maps. The result is a 2D map that in-
dicates patch-level relevance for the predicted class. The other strategies tested are simpler
and are based on the fused attention map itself. The pretraining dataset of the vision trans-
former contains 1000 categories, but the branch is only activated for those with a prediction
score above a certain threshold 6,,,.4. The CAE map is then used to mask regions in the fused
attention map obtained directly from the layer. This lowers the saliency of regions assigned
to recognized objects and allows the model to redirect its focus to salient regions that contain
unknown items.

Post-Processing Pipeline

The post-processing pipeline transforms the raw attention-based saliency map into a binary
segmentation mask through a sequence of operations. Each stage addresses limitations of the
attention extraction process and gradually improves the mask quality for the segmentation
task. Border cropping sets all attention values along the outer image edges to zero, since they
tend to contain artifacts in the form of unusually high attention values that do not corre-
spond to actual objects. Empirically, cropping these regions improves segmentation precision
without harming the detection of centrally located trash objects. Upscaling then resizes the
attention map from the patch resolution back to the original image dimensions. The 14x14
patch grid yields relatively coarse spatial information, so conventional interpolation methods
are applied to restore the image resolution. The subsequent Gaussian Filter module addresses
the pixelated effects of upscaling by smoothing the upscaled map, rounding edges and produc-
ing more natural region boundaries. The final binarization step applies a threshold to convert
the continuous map values into a discrete binary segmentation mask.

4.1.3 Model Preparation

The model preparation does not require any additional fine-tuning on litter datasets. How-
ever, the proposed modules have several internal parameters. The default values determined
during the evaluation on the TACO [117] dataset (Section 6.1.1) can be used directly, but they
may need to be adapted to the task at hand, either with an available dataset that matches
the planned application environment or with a new one, which does not necessarily need
to be large.
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4.1.4 Inference and Operation

Since the vision transformer and the integrated modules are not demanding in terms of compu-
tational power, inference can be performed even on smaller or embedded Graphics Processing
Units (GPUs). Due to the low image resolution, the memory footprint is also manageable.

During operation, the tunable internal model parameters are not meant to be changed, but they
can be adjusted if malfunctions are detected. The model predicts binary segmentation masks
that may contain multiple litter objects. On real robots, where cleanup actions are object-
centric (e.g., gripper-based) rather than region-centric (e.g., vacuum-based), such masks may
be a significant limitation.
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4.2 Transfer Learning with Pretrained Detection Models

This section presents an approach for low-data object detection that combines multiple con-
ventional methods. The starting point is a common object detection architecture. Through
transfer learning and tailored augmentation strategies [118, 119, 120], the amount of labeled
data required for training can be significantly reduced. Copy-paste augmentation methods
typically focus on tasks involving individual object instances [118, 119].

In contrast, the approach presented here addresses generic category-level detection from only
a few samples and is inspired by the work of Ghiasi et al. [120]. In their study, the authors
artificially restricted the amount of training data in COCO [28] before re-augmenting it for
standard fully supervised training. To compensate for the substantially lower number of sam-
ples per class used in this work, depth-processing modules are added to improve robustness
and to let the system use geometric differences when inferring object categories.

The incorporated methods support the integration of models for object detection and instance
segmentation. Thus, this method is suitable for robotic applications where object masks are
required as outputs, e.g., for subsequent robotic grasping of the detected objects.

Parts of this section were previously published in [P5] and [P8], and reported in [P7].

4.2.1 Target Scenarios

The presented approach has been validated in two distinct robotic applications. The main
target scenario is an automated battery sorting line using an industrial robot. For this scenario
the incorporated depth processing was essential. Detecting batteries belongs to a challenging
group of tasks with high intra-class variability. The reason is the wide variety of visual designs
chosen by the manufacturers. In addition, the inter-class similarity to other categories can be
very high since manufacturers reuse the same designs across different battery types. Often the
only features that make them distinguishable are either text printed onto the battery, which
can be scratched off and unreadable in recycling plants, or their geometric shapes, which
remain mostly standardized within a category.

When applying the approach to the second scenario, i.e., the retrieval of hazardous objects
using a mobile robot platform, the enhanced augmentation strategies were valuable because
the starting situation was different. The intra-class variability of the categories was lower, but
the variability of the possible backgrounds was rather high.

The approach is assumed to be transferable to other applications that match the characteristics
of the evaluated scenarios:

« limited availability of training data (e.g., in case of rare objects)
« requirement for instance-level segmentation mask outputs

« operation in cluttered environments not fully represented in standard datasets
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4.2 Transfer Learning with Pretrained Detection Models

+ high inter-class similarity for categories that have different geometric shapes.

Categories with high intra-class variability make preparing datasets harder because this vari-
ability must be reflected in the training set, which in turn leads to larger datasets.

4.2.2 Architecture and Method

The developed architecture uses RGB images and optional 3D point clouds as inputs. Figure 4.3
depicts the system components and the overall functionality. The foundation for the transfer
learning is a pretrained Mask R-CNN model, introduced by He et al. [82], which processes the
images. It is a two-stage detector: first it generates region proposals using a Region Proposal
Network (RPN), and then it classifies these proposals and refines their bounding boxes. The
mask predictions are produced simultaneously in a parallel network branch and use the aligned
Region of Interest (Rol) features to predict instance masks. Since the Mask Region-based Con-
volutional Neural Network (R-CNN) predicts masks independently of the classification results,
the mask prediction is more class-agnostic, which likely helps when fine-tuning on smaller
datasets. In theory, the Mask R-CNN could be replaced by any other detection model within
the overall system architecture, even one that is not capable of instance segmentation. How-
ever, the benefit of precise segmentation is that objects can be arranged much more densely
in the images while the rest of the architecture still works as intended. The reason is that,
due to the pixel-level masks, the 3D information from the point clouds can be assigned much
more precisely to a given detection of the vision model. Having only the common unaligned
bounding boxes as model output would make this challenging in the case of occluding objects,
or smaller objects that overlap with the bounding boxes of larger objects.

Transfer Learning Methodology

The transfer learning process uses pretrained weights from models trained on larger datasets
such as COCO [28], a comprehensive dataset containing more than 300k labeled images across
80 common object categories. Pretraining the vision model on a large general dataset produces
weights that encode general visual recognition capabilities, which can then be transferred to
new specific tasks.

In this case, the basic object detection and instance segmentation capabilities acquired on
COCO are already encoded in the model’s parameters. Fine-tuning on a dataset for a new
task then aligns the parameters to the task at hand, requiring less data and fewer iterations for
convergence. It starts from the capabilities for general objects such as the categories in COCO
and adapts them to work with the potentially very specific target objects of the new task.

For fine-tuning, the first layers can be kept frozen, such as the feature extraction backbone, so
that parameter optimization only targets the detection and mask heads of the model. This re-
duces the computational requirements of the fine-tuning procedure by lowering the memory
demand and the number of optimization steps. The lower layers responsible for less abstract
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Figure 4.3: Overview of the hybrid prediction architecture. The Information Fusion Module (IFM) (green) takes
the geometric rules set up by the user as input. It validates the visual detections according to the
rules and the depth data that was perceived simultaneously in a parallel branch. Copyright ©2025,
IEEE [P5].

features remain unchanged. Note that training with too few iterations risks insufficient adap-
tation to the new categories. On the other hand, excessive training leads to overfitting the
model parameters to the instances in the provided images. The model can become too special-
ized on the limited training samples and lose generalization to instances of the same category
that have a different visual appearance. Similarly, learning rate scheduling plays a critical
role. A reduced learning rate is typically recommended compared to training from scratch, to
prevent catastrophic forgetting of the pretrained capabilities.

For the detection heads, the final classification layer is special and cannot be pretrained, be-
cause the final output layer depends on the number of categories, which is usually different
for a new task. This layer is therefore initialized with new parameters and is essentially the
only component that is learned from scratch, even in a fine-tuning procedure.
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4.2 Transfer Learning with Pretrained Detection Models

Information Fusion Module (IFM)

The IFM is one of the core components of the developed system for detecting custom objects
with only little annotated data. It fuses the initial visual predictions based on camera images
with the geometric information obtained by a separate depth processing branch. The goal
is to improve the robustness of the visual perception and to combine geometric with visual
information. It verifies the predictions based on expert knowledge, which has to be provided
in the form of rules for category-specific geometric dimensions.

Due to the lack of data for training the vision model, the categories for the task at hand cannot
be specified sufficiently. Therefore, the idea is to adapt the detection model towards the new
categories by fine-tuning on the available data, while carefully avoiding overfitting and instead
retaining a higher level of generalization that matches the higher variability of the categories
underrepresented in the small training dataset. This is achieved by keeping beneficial inductive
biases intact, which were developed by the model in the extensive pre-training phase. With
a vision model that will detect even unseen objects but at a higher risk of confusion, the
system can then correct these false predictions by applying expert rules for verification in the
geometric domain.

The IFM takes the list of visual detections and the processed information about the derived
point cloud clusters as input. A detection contains the bounding box, the binary mask, and
the predicted category, whereas a point cloud cluster is defined by its 3D position and its
spatial dimensions. In the current version, a detection is assigned to a cluster by projecting the
cluster centers into the camera frame and determining the nearest neighbor to the detection
center. Note that the depth processing can be highly application specific and depends on
the available depth sensors. What matters is that the output of the depth processing branch
provides meaningful geometric data that helps to distinguish the categories of the task at
hand. For this, a human expert needs to set up a table of rules that reflects the category-
specific geometric features. For instance, the minimum height, the maximum length, or the
expected volume. These rules are designed to be easily configurable, even by people who
are not machine learning experts but who are highly knowledgeable about the task at hand.
For each rule, the operator needs to configure when it should be applied for verification and
what happens when the verification fails. An example: the length is checked when the visual
prediction is Class A, and if the verification fails, the predicted category is changed to Class
B. If no rules are configured at all, the visual predictions are extended with the geometric
information from the assigned depth clusters, but the categories are kept unchanged. This
means that the vision model is fully trusted or that no confusions are expected that could
be resolved through the derived spatial dimensions. The rules are created empirically by the
operator, either before or during operation. Adding rules during operation offers the useful
feature that the rule set can be completed online based on the actual performance of the vision
model. Note that when one class is often confused by the vision model with another class, but
there is no way to tell them apart based on their geometric dimensions, the system must return
to the fine-tuning procedure and adjust either the dataset or the hyperparameters.
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By design, vision models are typically invariant to scale, because scale usually just reflects a
different distance between the object and the camera. However, especially in industrial use
cases, many objects or parts are handled separately depending on their geometric size, e.g.,
batteries in a recycling plant. This is where the hybrid inference using depth information
comes in and provides a capable option. Another way to exploit the hybrid inference is to use
only one category of visually similar objects, e.g., special metal parts such as female screws,
when creating the visual training dataset. Since the intended sub-categories, i.e., different
sizes, are separable by their dimensions, they can be split again by creating the corresponding
verification rules. This way, the image dataset needs fewer categories and therefore fewer
samples as well.

One could argue that using only depth might be enough in some cases and that the vision
model is not required at all. That may be true for some applications, but the goal was to
develop a system that can be quickly adapted to various applications, and the vision model
allows objects with the same shape but different appearances to be distinguished, which offers
more flexibility. In addition, partial occlusions are harmful for geometric depth processing,
whereas vision-based perception models can still recognize the correct category.

Data Augmentation Strategies

Data augmentation expands the available amount of labeled data by multiplying it through
transformations and modifications. For few-shot scenarios, augmentation can help to bet-
ter avoid overfitting while extracting as much information as possible from the limited data.
Standard geometric 2D augmentations include random horizontal flipping, rotation, scaling,
and cropping. Photometric augmentations such as brightness, contrast, and color jittering in-
crease robustness to diverse illumination conditions or even different image sensors. While
these modifications use the available images, other approaches integrate new images as back-
grounds to create new object-background combinations [118, 121, 119, 120]. This is done by
cropping instances based on their pixel-accurate mask annotations and then pasting them
onto new backgrounds.

In the presented approach, such methods are used to prepare the model for the expected op-
erating environment. While images of the target objects might already exist or can be quickly
captured, it is often not feasible to create images in an environment similar to the one of the
planned mission, especially in the case of mobile robots. Examples are dangerous or hazardous
environments that prohibit humans from entering, or missions that are time-critical and whose
environment is only known shortly before operation. For stationary robots, it might also hap-
pen that, for example, a conveyor belt has to be exchanged with a new one that has a different
appearance or texture, which can lead to falsely recognized objects. Creating new datasets
with the appropriate backgrounds can be tedious, even when the datasets are small. Clut-
tered backgrounds in particular can lead to many false positives. This can be prevented when
the model is familiar with the environments and the typical items within them. Therefore, to
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extend the small dataset created by the user, default 2D geometric image augmentations are
combined with cut-and-paste strategies.

The operator can add mission-specific background images, which must not contain any of
the target objects. The backgrounds can be assigned to one of two levels, default or hard. The
second group is sampled more often when synthesizing new images with cropped objects. The
operator can further increase robustness by including similar negative objects as part of the
backgrounds, since the model also learns from negative examples during the fine-tuning phase.

Note that augmentation strategies do not solve all the disadvantages of small datasets. Exces-
sive augmentation does not change the fact that the intra-class variability of small datasets
usually does not reflect the real world. The augmented samples are ultimately derived from
the same limited source images, which constrains the diversity of representations the model
can learn from the dataset. In applications where 3D meshes are available or obtainable, e.g.,
through visual 3D reconstruction or depth-based sensors, the randomized texturing proposed
by Honig et al. [122] is not only a promising and efficient data augmentation technique, but
may also enhance the shape bias of the detection model during fine-tuning, if it is suitable
for the task at hand.

Figure 4.4: Simplified overview for the instance-based dataset augmentation. The augmented image @ is created
by labeling a new image @ or by taking an available dataset element. After cropping the target
object ® various augmentation methods are applied, e.g., rotation, size, or brightness, before the
modified versions @ are pasted onto the desired background image @®. During pasting the object
edges are merged into the background using Gaussian filtering along the edges of the pasted crops.
The new image annotations are automatically generated. Only a subset of the augmentation methods
is depicted.

4.2.3 Model Preparation

Preparing the system for deployment requires creating a task-specific dataset and running the
fine-tuning procedure. The dataset must contain representative objects with accurate mask
annotations for all target categories. In general, the precision of the annotated instance bound-
aries improves the final quality of the predicted masks. Collecting diverse samples for each
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category should be prioritized over quantity, since the applied data augmentation strategies
can compensate for low quantity better than for a lack of sample variability. This means that
taking different images of the same object with variations in viewpoint, lighting, and back-
ground is not as valuable as adding an image of a different item from the same category.

The preparation therefore depends on the type of target objects. For objects resembling
COCO [28] categories, the pretrained detection model might be enough and no additional
data needs to be created and annotated. In contrast, very specific object types with distinct
visual characteristics tend to require more samples to establish reliable feature representations.

The subsequent fine-tuning, which follows the data augmentation step, has lower computa-
tional demands than training the complete vision model, since most of the lower layers can be
kept frozen. Furthermore, already known rules for the geometric verification within the IFM
can be created beforehand, but they can also be added at any time, even online during op-
eration.

4.2.4 Inference and Operation

During inference, the images are processed by the fine-tuned detection model. The inference
requirements depend on the selected architecture and the temporal constraints of the robotic
application. Without a GPU, the processing time of the Mask R-CNN (Mask R-CNN) model is
far from real-time operation. In parallel, the depth processing pipeline continuously provides
object-related information suitable for fusion with the visual detections, and it usually runs
faster than the perception model, except when the point clouds are large. Note that the fusion
pipeline requires a calibration of the camera with respect to the depth sensors and the robot,
respectively.

As output, the system provides the visual detections, potentially corrected by the IFM, and
extended by the spatial dimensions obtained from depth processing. The operator then has
multiple options for adjusting the system’s performance during operation to reduce the num-
ber of confusions or false positives. The rules already instantiated for validation can be mod-
ified or extended with new ones. This can be done online during operation. Naturally, the
verification step becomes more complex as more rules are added, but this has a minimal effect
on runtime or computational requirements.

If false model predictions occur consistently due to a certain object or part of the background,
and they cannot be resolved by geometric rules, the only option is to return to the augmenta-
tion phase: either the background is added to the hard backgrounds, or the number of images
for the two confused categories is increased. This can be done by capturing new images or by
increasing the number of augmentations.
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4.3 Part Prototypes for Fine-Grained Few-Shot Object
Recognition with Frozen Models

This section covers a system that uses an extensively pretrained model as its central core. The
previous sections also used pretrained models, but in Section 4.2 they go through a fine-tuning
procedure, and in Section 4.1 they do not recognize specific categories but rather general top-
level supercategories. In contrast, the system presented in this section can recognize fine-
grained object categories and also provides interactive interfaces that the operator can use
to adjust the model’s behavior. Note that everything specific to the interactive properties
is covered in depth in Chapter 5. This chapter emphasizes the aspects related to leveraging
pretrained models, including the non-interactive mode of the architecture.

When addressing fine-grained tasks in the low-data regime, it becomes crucial that the model
has a sense for subtle differences, e.g., when two similar categories can only be distinguished by
the color of a certain surface area of the object. Such low-level features are usually processed
in the lower layers of deep neural networks and are replaced by higher-level, more abstract
features in the upper layers [123, 124]. In addition, pre-training is often done on datasets from
the generic object detection domain, since this is the more widespread use case. As a result,
pretrained models tend to develop inductive biases optimized for differentiating coarse but
common categories such as chairs and tables. This can be especially unfavorable when target
objects are visually very distinct from any of the classes in the dataset used for pre-training,.

Given the challenges mentioned above, the developed system extends DINOv2, a model pre-
trained with self-supervision and designed for representation learning, with lightweight com-
ponents on top to recognize fine-grained categories. The self-supervised pre-training (Chap-
ter 2) lets the model build a class-agnostic understanding of visual representations, which
should be beneficial when recognizing rare or very specific items. For the recognition, these
representations are then processed by a part-based inference pipeline, since this enforces
finer granularity at the architectural level and is also more interpretable for human operators.
The general concept of using parts for more interpretability is adapted from the ProtoPNets
proposed by Chen et al. [105], while the interfaces are inspired, among others, by Bontem-
pelli et al. [106]. At the top level, the inference structure based on global (category) and local
(part) prototypes from Xue et al. [107] is comparable to this work’s method. However, they do
not provide interactive interfaces, and although they use pretrained ViTs as backbones, full-
model training is still required. This work incorporates self-supervised vision transformers
that are leveraged for class-agnostic part recognition [38], so no specific training data with
part annotations is needed. The DINOv2 ViT backbone is kept completely frozen to avoid
costly training procedures, and only lightweight components are adapted each time to the
task at hand. The priority was that these adaptations require low computational effort.

Parts of this section were previously published in [P3] and build on a supervised thesis [T6].
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4.3.1 Target Scenarios

The system targets object recognition scenarios where object categories might only have very
subtle differences. A simple example: two categories basically are the same object type, e.g.,
a screwdriver, but the handles of the crosstip screwdrivers are yellow, while the handles of
the slotted screwdrivers are gray. Since only a few labeled examples per class are available,
the model comes with capabilities to quickly recognize such differences without having to
fine-tune. The objects are assumed to cover a significant area of the image such that even the
parts are clearly visible. This assumption differentiates the approach from object detection,
where the object can be depicted even with smaller scale in a cluttered scene. The model has
been validated in scenarios with bird species and different types of power-drills, but should
be transferable to other domains and categories, where all task-related objects have a similar
overall structure and only the visual appearance of their parts determines the corresponding
category. Note that, regarding the example with the screwdrivers, it would not be possible for
the model to directly distinguish slotted from crosstip screwdrivers based on the geometric
shape of their tips. Unfortunately, such shape based features are usually insufficiently repre-
sented in the extracted features of pretrained vision models.

4.3.2 Architecture and Method

The components of the developed architecture try to sequentially answer the following three
questions:

« Where is the object?
« Which parts are visible?

« How similar are these parts to the parts of other categories?

Further, the components are arranged and designed to support interpretability and a human-
guided adaptation, while keeping the large backbone frozen.

The complete architecture is depicted in Fig. 4.5. It describes the separate modules for fore-
ground estimation, part separation, part similarity estimation, and part reweighting. As input
serves the patch feature grid F. This tensor contains the set of description vectors for all image
patches extracted by the DINOv2 model [40], a vision transformer pretrained without super-
vision (Chapter 2). These description vectors are intermediate or output embeddings for all
patches of the processed image, or a concatenation of those embeddings from multiple layers.
Depending on the experiment and tasks different embeddings are used as description vectors.
For instance, when the output tokens of the DINOv2 model in the base version are used, the
description vector for a patch of 14x14 pixels is a 768-dimensional vector and the resulting
F € REPWP D with H p X W), being the dimensions of the patchified image and D = 768
being the embedding dimension of the backbone (in this case the vision transformer used in
the DINOv2 model). This matrix is used as the underlying feature representation for the input
image for all the subsequent processing units, which will be described in the following. It is
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important to mention that the steps are all category-specific, which means that they have to
be performed in parallel for each category during inference.

Foreground Estimation

The goal of the foreground estimation module is to segment the area belonging to each fore-
ground object depicted in each of the support images. During preparation this step can be
simplified by creating pixel-level mask annotations beforehand for all the target objects on
all support images. However, to avoid this effort and also comply with the default condi-
tions in image classification tasks, no mask annotations and only image-level labels are as-
sumed as given. Additionally, instead of using another specialized model which would in-
crease the hardware requirements, the inherent foreground understanding of models in the
self-DIstillation with NO labels (DINO) family is leveraged by using attention rollout origi-
nally developed by [46] and adapted from [107]. This results in a segmentation map with the
same resolution as the patchified input image. With this segmentation and the patch-wise
extracted descriptors a linear Support Vector Machine (SVM) is trained for each category us-
ing all of the support images. During inference the SVM is used to predict whether a patch
descriptor belongs to the foreground, i.e., the target object and replaces the rather demanding
attention rollout according to

Mfg = fOF) =F-w +3.pM® (4.1)

where the SVM weights are W) € RP*1 and the bias b() € R is multiplied by a matrix
of ones denoted as J € REPVp The clipped foreground map Mg, = max(min(Mfg, 1),0) is
used twice in the architecture: first in the foreground estimation module to weight the patch
descriptors and then at the end to obtain the final score map.

Part Separation

To facilitate a fine-grained perception the object is split into separate parts during training and
part-specific prototype vectors are created for each of them. During inference these prototypes
can then be used to recognize and segment the corresponding part to enable the subsequent
similarity estimation (Section 4.3.2). On one hand, the goal is that this works for any object
type, even very rare ones, since the perception system should be as general as possible. On
the other hand it should not require any part-oriented labeling, since part annotations are
especially cumbersome. Trying to fulfill both requirements, the system exploits the inherent
class-agnostic structural understanding of objects of the integrated large-scale pretrained DI-
NOv2 architecture [40]. This specific capability was extensively examined by Amir et al. [38]
for the predecessor model variant DINO [36]. They showed that the patch descriptors convey
semantic information about which part of the object they belong to - even across different
coarse categories. By a rather simple clustering procedure using the description vectors they
were able to perform co-segmentation and part co-segmentation. For DINOv2 they showed the
same capability [40], but instead of clustering, they visualized the first principal components.
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4.3 Part Prototypes for Fine-Grained Few-Shot Object Recognition with Frozen Models

This class-agnostic structural understanding is used to separate any object into parts using
a clustering method. Note that the resulting separated parts might be semantically coherent
parts, such as a functional handle or anatomical ear. However, this is not guaranteed. The
idea is, during inference, the object parts will be separated in the same way despite potential
changes regarding the viewpoint. This enables a comparison with the same parts that were
learned during the preparation phase. Parts are not separated on a pixel-level but rather softly
defined by a part segmentation map similar to the foreground segmentation map.

The clustering method is K-means and usually N), < 10. The larger N, is chosen the smaller the
parts get, which weakens robustness. On the contrary, with a smaller N, the parts get larger
and the sensitivity regarding fine-grained differences is reduced. This makes N, a category-

Hp xW,xCo - . )
R7P*¥p*%0 ig used, which consists of

specific hyperparameter. For part separation Fy €
the output-layer features as patch descriptors to operate with the highest level of abstracted
features. Here Cp represents the dimensions of the output-layer features. The final prototype
for each part is the 12-normalized mean of the corresponding cluster. To ensure that each
obtained cluster is assigned to the correct part prototype for comparison, the dot-product

similarity between the two is used according to Eq. (4.2).
Mpart = f(z)(FO) = FIO : W(z) (4.2)

Where W® e R€O*Np contains the trained cluster centers (i.e., the part prototypes) as rows.
This leads to an Nj,-dimensional matrix which is multiplied with the foreground map from
Eq. (4.1)

M, = max(min(M,,,, 1),0) © Mg,. (4.3)

where the resulting M,y € RHEpWp*Np ¢ontains the N, clipped maps, each estimating the
presence of the corresponding part in the patchified image.

Part Similarity

This step finally measures the similarity of the segmented parts with the ones that were learned
from the support images during the preparation phase and is inspired by part-based prototyp-
ical networks such as ProtoPNet [105]. For comparing the similarity, the feature-rich part
prototypes created by concatenation of ViT facets across all layers are used. The semantic
similarity was the focus of the previous components, now the visual similarity becomes more
relevant. Due to its increased depth it also takes attributes such as color and texture into
account, which are processed on lower layers in ViTs.

During the preparation phase, using the part separation step, positive and negative training
data samples in the form of patch-wise description vectors are collected for each part. This data
is used to train a second linear SVM. During inference it predicts whether a patch belongs to
the correct category or not using the multi-layer feature vectors. The step can be formalized
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with the following equations

M, =fOF) =F- W& +3.p03 (4.4)

Msim = max(Min(Msim’ 1),0) © Mpart (45)

with the weights WG € RPPNp and the part-specific bias b®) e R™P. Due to the elemen-
twise product with the part separation maps M,,,;, the focus on the correct part-related area
is ensured. To only assign a patch to one part, the elements in Mg, along the N,, dimension
that are non-maximal are set to zero. This means that only the part with the highest similarity
score wins the assignment and the value is kept for the next steps. Now each patch belongs
to one part and has a certain similarity with the multi-layer part prototype. As the final step
the part score is summarized for the image and normalized with respect to the corresponding
part segmentation maps M, using

Zier,jeWp Mim,ij,p

Sp=

M (4.6)
zier,jeWp part,i,j,p

which calculates a similarity score for each part so that [3;; ... ;§NP]T =3 RNris obtained,
with components in the range [0,1].

Final Prediction Score

As depicted in Fig. 4.5 the final object score is based on the part scores determined in the
previous step. In the basic version the mean of all part scores $p, is the final score. In Chapter 5
a variant is examined where the operator has the option to vary the influence of each part
to the final score. This enables ignoring certain parts for the final score, indirectly telling the
model that the visual appearance of the corresponding part is not relevant for recognizing the
specific category.

Concept Bank

The concept bank is a component that targets the semantic interpretation of the part proto-
types and will be presented in detail in Chapter 5 since it is only relevant for the interactive
use case scenario of this perception model.

4.3.3 Model Preparation

To prepare the model for operation, the user has the option to select between multiple vari-
ants of the DINO model. The larger models require more memory and computational power.
However, their embeddings are superior and also have more dimensions. The advantage is
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that the DINO models all use a vision transformer, so it can be easily exchanged without ma-
jor architectural changes. But the preparation needs to be restarted from the beginning if the
model is changed.

The number of clusters for the K-means clustering can alter performance depending on the
object types, so the operator might want to test other values than the default value. The most
effort is needed to train the SVMs. This can also be completely abstracted from the user since
there are no hyperparameters involved that need adjustments each time there is a new task.
While the system can process an arbitrary number of support images, this directly scales the
computational effort for the SVM training. In general, all components on top of the DINO
model are lightweight and linear, which reduces the preparation effort.

4.3.4 Inference

During inference the previously presented steps are performed sequentially for one category,
and in parallel for all other categories that are part of the task at hand. Depending on the
number of categories the hardware limits might be exceeded. The final category for each image
is obtained by using the one with the highest final object score for the image-level prediction.
A minimum threshold for predictions is currently not feasible, due to the properties of how
the scores are calculated.

If the hardware is limited, the most relevant factors are the size variant of the DINO model
and the target size of the input images. Unfortunately, both factors can have noticeable impact
on the recognition performance. Further, the multi-layer patch descriptors require to create
model hooks to extract ViT facets from intermediate layers. This slightly slows down the
default inference time using the DINO models.

In case, new object categories need to be added, only the new corresponding support images
need to be processed. For the previous ones, the image matrices can always be stored and
reused for re-doing the preparation with the newly added categories.
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4 Pretraining-based Few-Shot Perception

4.4 Part-Enriched Prototypes for Fine-Grained Few-Shot Object
Detection with Frozen Models

In this section, the fine-grained recognition task (Section 4.3) is addressed in an object detec-
tion setting. The developed system targets few-shot object detection, for which recent models
have shown promising performance [88] without requiring fine-tuning on the support set.
While the general concept of the system was introduced in [P2] and was originally designed
for an interactive learning mode (Section 5.2), in this section, it is adapted to a non-interactive
mode and used as a baseline for the later evaluation (Section 6.1.4) without claiming novelty.

When novel classes share many features or belong to a common super-class, it is challenging
to keep them apart, especially when the models are not fine-tuned on the task-specific data.
For such scenarios the system provides an alternative approach by incorporating prototypes
on different granularity levels, and is inspired by fine-grained few-shot object recognition
methods [105, 107, P3]. Prototypes therefore not only exist for the category as a whole, but
also at a sub-level for characteristic visual attributes such as parts or logos. All prototypes are
specific to each category. However, due to the general pretraining of the used vision trans-
former backbones, category-level prototypes for visually similar objects tend to be similar as
well. To refine the initial predictions, the system also recognizes and evaluates the additional
part-level prototypes, which allows it to distinguish even objects that look almost identical.

As mentioned before, the architecture is a non-interactive variant of the one presented in Sec-
tion 5.2 and extends the high-performing two-stage Few-Shot Object Detection (FSOD) model
Detect Everything Vision Transformer (DE-ViT) proposed by Zhang et al. [88], which relies
entirely on class-level prototypes. Fine-grained category recognition is enabled by adding sev-
eral specialized components and processing steps. The goal of these architectural adjustments
is to recover the detailed information about categories that is lost when a single prototype is
created for a whole category. This is done by representing the most characteristic parts with
fine-grained prototypes. The added components are lightweight and sit on top of the existing
model. The capabilities of the original DE-ViT model therefore remain available, which makes
the model usable in both scenarios, generic and fine-grained few-shot object detection. The
part-based inference also provides transparency and enables controllability. Chapter 5 shows
how these properties can be leveraged for interactive human-in-the-loop few-shot object de-
tection scenarios.

The advantage of the adapted DE-ViT model [88] is its fine-tuning-free preparation phase,
which is unusual given that most FSOD approaches rely on fine-tuning on the support set.
The category-level prototypes are obtained from the support set using forward passes only,
without any gradient calculations. Other fine-tuning-free FSOD methods exist [80, 81, 85, 86,
87]. Nevertheless, DE-VIiT is currently one of the best-performing FSOD models. In a direct
comparison, it was outperformed by a three-stage detector proposed by Eisenbach et al. [125],
which also does not require fine-tuning and behaves similarly to deep template matching
methods. However, that evaluation was done in an object re-identification setting, where
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the support set consists of images of the same item captured from different perspectives. This
is not the primary use case of DE-VIiT. The architecture presented in this section aims to add
optional fine-grained perception to the generic category-level detection capabilities of DE-
VIiT. This extends its ability to handle task scenarios with low intra-class variability and high
inter-class similarity, such as object re-identification, when required.

4.4.1 Target Scenarios

The system targets robotic scenarios in which the perception capabilities must be quickly
adapted to novel objects that have to be detected in a potentially cluttered environment. Only
limited annotated data is assumed available for these objects, and a fine-tuning step is infea-
sible or undesirable, e.g., due to limited computational power of the onboard hardware or a
shortage of time. While the previous section addresses object recognition, where the object is
assumed to cover a large area of the query image, here the objects can appear smaller and can
be located anywhere in the image. Naturally, fine-grained features become less present the
smaller the area the object covers. If the objects are too small, characteristic features tend to
vanish in the embeddings of the pretrained backbone, which makes subsequent fine-grained
inference nearly impossible.

As mentioned in the previous section, generic and fine-grained few-shot object detection are
possible at the same time with this system. Fine-grained detection is, however, limited to
categories that can be distinguished by visual features and not by purely functional differences.
These visual features must be locatable in a constrained region on the object’s surface and must
also have a characteristic representation in the embeddings of the backbone. Note that in the
current version the model does not take the relative position of these features into account. If
the positional feature arrangement is the only difference between two categories, they appear
identical to the model and the FRM.

4.4.2 Architecture and Method

Following the general approach in this chapter, the backbone of the architecture is a pretrained
backbone. More precisely, it is the pretrained vision transformer DINOv2 [40] (Chapter 2). It is
kept completely frozen, so even during preparation no fine-tuning step changes any weights.
In addition, to derive potential object locations, a RPN runs in parallel. The overall architec-
ture therefore belongs to the family of two-stage detectors (Chapter 2). Figure 4.6 depicts the
complete architecture and visualizes the information flow between the relevant components
during operation and inference. The RPN is also pretrained, but not in an unsupervised man-
ner. Instead, it is trained with supervision on a significantly smaller dataset. In theory this
is a weak spot, because if the novel objects for the task at hand have a significantly differ-
ent appearance or objectness, at least from the perspective of the RPN, then no box proposals
might be generated for them. Without proposals, the rest of the architecture will not process
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4 Pretraining-based Few-Shot Perception

these image areas any further and is effectively blind. In practice, RPNs often develop a gen-
eralized capability for all sorts of objects, so that even novel objects are recognized and box
proposals are predicted.

1 Class Prototype

Class Mask —l
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Part Prototype
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Figure 4.6: The Detect Everything fine-grained Vision Transformer (DE-fine-ViT) model based on the DE-ViT
components [88] (dark gray). Through extending it with additional part prototypes fine-grained
few-shot object detection is enabled. In the preparation phase @ the support images are processed
by the DINO backbone and the non-interactive Part-Finder module (blue) discovers distinctive part
prototypes. During the inference @ a part-based prediction re-evaluation is performed (orange),
which takes all class prototypes as well as their part prototypes into account to resolve confusions of
similarly looking categories. The illustration depicts only a single class, part, and support example.
However, in practice, multiple of each are typically considered.

It is quite common for two-stage detectors that the RPN and the detection network share their
backbone. In the underlying architecture, adapted from the DE-ViT model [88], this is not the
case. A promising research direction for future versions is to generate box proposals from the
DINOv2 embeddings as well. During the operation and inference phase, the features extracted
by DINOv2 are aligned and processed by a simplified dot-product classifier that uses the class-
level prototypes. This classifier determines the top-ky. classes for which the detection head
predicts a refined bounding box, the underlying mask, and a class score. The prediction with
the highest class score is then passed to the Fine-grained Recognition Module (FRM) together
with the list of the top-kg; classes determined by the classifier in the beginning. The mod-
ule then estimates the presence of characteristic parts in the image features constrained by
the corresponding bounding box. To reduce the complexity of the fine-grained recognition
problem, only the part prototypes of the most similar categories are taken into account. The
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details of this procedure are described later in this section. The module finally outputs the
(potentially updated) fine-grained detection.

During the preparation phase, class and part prototypes are created based on the annotated
data. Since on-the-fly part-based annotation can be quite tedious, the interactive use case of
this model integrates a class-agnostic pretrained segmentation model that the operator can
trigger to create pixel-level labels with a few clicks. This procedure is described in more detail
in Chapter 5.

Multi-Granularity of Prototypes

The DE-ViT architecture proposed by Zhang et al. [88] focuses on general few-shot object
detection and incorporates class prototypes based on DINOv2 [40] embeddings. To improve
fine-grained capabilities, part prototypes are introduced.

The class prototypes, which are created according to

H, W
(cls) _ 1 &f

(tkn)
P.; = HpWp (tkn) Z fi,]' " &ej (4.7)
Zj:l ac,j Jj=1

with H,W,, as the total number of image patches, f; ; € RP being the feature vector for the

patch at location (i,j), and the scalar factor ocg];n) € [0,1] which represents the fraction of the
patch covered by the class annotation mask or bounding box, which represents the default
case. The global class prototype is then the average of all the prototypes calculated for each

of the support images for the corresponding class

K (cls)

() 1 P
R (48)
K il

with K as the total number of support images available for category c.

Part prototypes, in contrast, are obtained automatically as described below. An interactive
variant of this procedure is presented in Section 5.2. The corresponding strengths and weak-
nesses are compared in the evaluation (Section 6.1.4).

Automatic Part-Prototype Discovery

Manually annotating part masks for every novel class is not always feasible. The following
describes an automatic method for the DE-fine-ViT architecture [P2] that discovers part pro-
totypes on its own. It only uses the available class-level bounding box annotations, which are
already needed for Eq. (4.7). The procedure consists of three stages: (i) determine potential
part candidates, (ii) score and compare properties of those candidates, and (iii) final selection.

The output is a set of part prototypes {pip;rt)} with optionally associated importance weights
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{w,, ;} that fit into the weighted re-evaluation of Algorithm 1, which was originally developed
for the interactive approach (Section 5.2).

Creation of Part Candidates

RNoXD are partitioned

into N,,q candidates using k-medoids [126] with cosine distance. Each candidate f)gp :t) is

For every support box b of class ¢, the DINOv2 patch features F;, €

taken to be the medoid of its cluster, and the set Cp, ;. of patches assigned to it is retained. The
union of candidates extracted from all support boxes of class ¢ forms a class-level pool P<ad
from which the final part prototypes are selected.

Part Candidate Scoring

Each candidate pP® € P4 s rated by three normalized scores in [0,1] that assess certain
intuitive properties a part prototype should exhibit:

« Recurrence 5,..(pP®): the fraction of other support boxes of class ¢ that contain at
least one patch with cos( -, pP*®) > 7_... Assumption: recurring parts are likely
characteristic of the class rather than instance-specific artifacts.

. Discriminativeness g, (pP*™): the distance to part candidates of other classes,
weighted by how confusable those classes are with c at the global level:

Saisc(PPY) = Z We el <1 — max max (O, cos (f)(part), f)'(part)))) (4.9)

1 (p d
e e

max(0, cos(pgds), pSls)))

(4.10)

CUC’CI = 1 I .
% e ze max(0, cos(pS™, p’s™))
Assumption: selecting a part shared with a visually distant class is neither harmful nor
beneficial (e, s is low), whereas one shared with a visually similar class can be
harmful. Therefore, only parts relevant for similar classes are desired (w, s is high),
and they must be distinct enough to help resolve misclassifications in the fine-grained

stage.

 Spatial compactness Scmp(f)gj;rt)): the spatial concentration in the image space of the
patches in the candidate’s own cluster €}, k. Let X}, j with its components in [0,1]
denote the normalized center location in image coordinates of patch j in support box
b, and

_ 1
Xb,k = @— Z Xb,j (4.11)
Coxl jée
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be the spatial center of the cluster. Then the compactness score becomes

A (part)y 1
Cmp(pb,k - 1

|Cpkl Zje@b,kllxbd' — Xpkll2

s (4.12)

Compact candidates correspond to localized part hypotheses. Assumption: clusters
whose patches are scattered across the bounding box are less interpretable and convey
less semantic information.

The three scores are combined via multiplication,

S0 = 510c (BP0 - 555 (BE) - Sy (B, (413)

so that a candidate must satisfy all three criteria simultaneously to be retained.

Selection

Near-duplicates within "¢ are removed by a greedy non-maximum-suppression on cosine
similarity with threshold 7 4.4y, Which keeps the higher-scoring representative. The top-Np,s

surviving candidates form the part prototypes {pip;rt)} of class c, and their scores can be used
directly as importance weights. Both can then be processed by the weighted re-evaluation
in Algorithm 1.

Refining Predictions

The developed DE-fine-ViT model builds on the general detection capabilities of the DE-ViT
model [88] and extends it with the FRM (Fig. 4.6). The pseudocode in Algorithm 1 gives a
high-level description of the re-evaluation procedure within the module. The intuition behind
it is that, based on the parts of a category and their presence in the support images, views
are defined, and each view is associated with a specific subset of parts that should be visible.
These views are then used as a reference during inference on a given query image. For this,
the similarity scores between the image and each view of the top-k., categories are estimated
using the average similarity of the class-level prototype in the area defined by the bounding
box, together with the maximum similarities of the part prototypes that are expected to be
visible for the corresponding view.

The category of the best matching view-specific part combination becomes the final predicted
category and replaces the previously predicted one. Neither the bounding box nor the mask is
changed. In addition, the prediction is extended by the predicted locations of the view-specific
parts within the bounding box. These pixel-level part locations can be used for downstream
tasks. For instance, they can serve as seeds for generating grasp trajectories for the robot.
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Algorithm 1 Fine-Grained Part-Based Prediction Re-evaluation

Require: Initial DE-ViT detections with top-kg,; candidate class sets ﬂg(k)

Require: Class prototype bank P, part prototypes {pg’);rt)} organized by view

Ensure: Re-evaluated detections with refined class labels and similarity scores
1: for each detection i and its candidate set ﬂ{(k) do

2: Extract patch features Fp, from the bounding box b;
3: for each candidate class ¢ € Z(k) do
4: Compute cosine similarity between F;, and class prototype pgds)
5: if similarity below threshold 7,,; then
6: Reject candidate
7: else if no part prototypes exist for class c then
8: Score using class-level similarity only
9: else
10: for each view v of class ¢ do
11: Match all part prototypes pipsr;) against Fp
12: Aggregate part similarities as weighted average with weights w , ;
13: end for
14: Select best-scoring view
15: end if
16: end for
17: Keep candidate with highest final similarity
18: end for

19: return refined detections

4.4.3 Model Preparation

Preparing the model does not require any fine-tuning. The weights for the pretrained mod-
els, such as DINOv2, the RPN, and the DE-ViT detection head, are publicly available [127].
Once these models are obtained and ready to use, the class and part prototypes are created
by performing a single inference pass on all support images with the DINOv2 model. After
the inference pass, a lightweight post-processing step on the image-level patch embeddings
computes all prototypes for the given class annotations. Creating these annotations is usually
the most time-consuming preparation step, but they are necessary. They also lead to better
performance when provided as pixel-level binary masks rather than bounding boxes. The pro-
totypes are then combined before being loaded by the DE-fine-ViT model for the operation
phase. While the prototypes are obtained, the corresponding views are also created automati-
cally. Each unique combination of category-specific parts in the support images is treated as a
different view. Finally, the similarity of class and part prototypes is assessed based on the list
of views. If high similarities are found, the model is likely to confuse the corresponding cate-
gories. To prevent this, the proposed interactive variant of the system already takes measures
during the annotation phase that involve the human operator (Chapter 5). The automatic part
discovery method, in contrast, relies on the effectiveness of the scores to select the most suit-
able parts for the task at hand. The preparation effort increases with the number of categories.
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4.4.4 Inference

During inference, the model takes each box proposal from the RPN and forwards it to the de-
tection head of the underlying DE-ViT model. The detection head only considers the top-kg.;
classes for each box-specific inference step. This, together with the fact that the RPN uses its
own backbone instead of the DE-ViT backbone DINOv2, leads to relatively high GPU mem-
ory demands. At no point are backpropagation and gradients required, which would further
increase these demands.

The model has several relevant thresholds that need to be set and that can be used to adjust the
detection behavior and performance. Since no fine-tuning is involved, these can be re-adjusted
even during operation if malfunctioning is observed.
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4.5 Summary and Conclusion

The methods presented in this chapter are developed to enable object-centric visual percep-
tion in robotic systems under resource constraints by leveraging pretrained models and by
minimizing or even completely avoiding task-specific training. Rather than adapting model
parameters through costly optimization procedures, the methods either rely on short fine-
tuning phases or restructure and exploit the rich feature representations already embedded in
large-scale pretrained vision models.

One methodological focus lies on the use of large-scale pretrained backbones, with and with-
out supervision, whose feature spaces are repurposed for downstream tasks such as segmen-
tation, classification, and detection. Instead of gradient-based adaptation, lightweight mech-
anisms such as prototype-based representations, similarity computations, and modular post-
processing are used to specialize these general-purpose embeddings to new tasks. This ap-
proach reduces the dependence on large annotated datasets and removes the need for com-
putationally intensive training cycles.

Multiple complementary strategies are developed. For segmentation tasks, pretrained models
are used to extract attention and feature structures that can be translated directly into ob-
ject masks with minimal supervision. For more complex perception scenarios involving high
intra-class variability, additional sensor modalities such as depth are integrated through fusion
pipelines, improving robustness without increasing training complexity when geometric prop-
erties help to distinguish categories. For recognition and detection tasks, few-shot learning
principles are built on top of prototype-based formulations, where categories are represented
by compact descriptors derived from a small number of annotated examples.

A common feature across several methods is the introduction of multi-granularity represen-
tations. Instead of relying only on global class-level prototypes, the approaches incorporate
finer structural information through part-level prototypes. This allows the system to distin-
guish between visually similar or nearly identical categories by focusing on characteristic lo-
cal features. The resulting architectures keep their general recognition capabilities while also
covering fine-grained tasks, bridging the gap between coarse and detailed perception with-
out requiring separate models. Preparation is mostly reduced to a forward-pass extraction
of feature embeddings and the construction of prototype representations, which results in a
linear and predictable scaling with the number of categories. This design makes the methods
particularly suitable for deployment on resource-limited robotic platforms.

Relying on sufficiently expressive representations comes with inherent limitations. Since no
fine-tuning is performed, performance depends heavily on the quality and generalization ca-
pabilities of the underlying pretrained models. In addition, the effectiveness of fine-grained
recognition is constrained by the visibility and representability of discriminative features in
the embedding space. Small object sizes, occlusions, and purely functional differences be-
tween categories remain challenging.
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4.5 Summary and Conclusion

In summary, the methods in this chapter establish a practically oriented framework for
resource-efficient robotic perception. Training-heavy pipelines are replaced with prototype-
based reasoning and modular extensions, which shifts the focus to the underlying represen-
tations and inference mechanisms used to exploit pretrained models in real-world robotic
applications.
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For vision tasks, it is the training data that defines what the model has to learn. However,
tasks can usually only be specified implicitly through data. In contrast, the human operator
knows the real task, or at least has access to relevant context knowledge from sources other
than data. The resulting information gap to the real task is usually minimized by adjusting
the training data, the learning procedure, and the architecture type to obtain the desired per-
ception model. However, due to the practical imperfection of the training dataset, the model
faces several difficulties when learning the correct task (Section 3.1.1). The effort required to
increase the amount of labeled data and compensate for this through more extensive training
can be infeasible in certain scenarios. While in Chapter 4 pretrained models are leveraged
and trusted to apply the right inductive biases, this chapter presents methods that follow an
interactive learning paradigm: the human operator is incorporated into the preparation and
inference phase (Fig. 5.1) to reduce the task specification gap described above [57]. Their role
is to assess, correct, and guide the model through appropriate interfaces, so that the right
information about the task is extracted from the few training samples.

Attribute Guidance ‘_6ﬁ_li_l_1_enlg_e_é_dl_)_a“c_l<_ """""

Preparation
AssistedDataHandling @%
Operator Interfaces
Introspection < [SKAlignment | |
E Visual Concepts ——

Data |—» Perception System

Operation

Figure 5.1: The schematic shows the connections between the high-level components of the proposed concept
that is covered in this chapter. The main challenge addressed by the concept is the potential mis-
alignment between the real task the operator has in mind and the model’s understanding of the same
task, which is derived from the few available data samples. By providing human interfaces for the
proposed vision architectures, the operator can improve the task alignment during the preparation
phase and can still give online feedback during the operation phase to adjust the system’s behavior.
Assistive tools for data handling are integrated to increase the speed and reduce the required profi-
ciency.

71



5 Interaction-based Few-Shot Perception

5.1 Interactive Semantic Modification of Part Prototypes

This section describes the interactive variant of the architecture presented in Section 4.3. The
target task is few-shot recognition for fine-grained scenarios. It shifts the role of part proto-
types from being static and defined only by the training data to modifiable representations. For
the modification, a concept bank is integrated as a translator between human-understandable
semantic concepts and the embedding space of the high-dimensional prototypes. With this,
the inference process can be analyzed for dominant semantic concepts associated with a cer-
tain object part, and it can also be altered without any retraining of the backbone or the gen-
eral pipeline. For altering, explicit interfaces on the part level are integrated that first serve
to inspect the influence of certain semantic concepts. This influence can then be modulated,
increasing or decreasing the relevance of a concept for recognizing the part. The semantic
interpretability is modeled by using concept activation vectors introduced by Kim et al. [50]
and the idea of using them for a concept bank is inspired by the Discover and Cure (DISC)
framework proposed by Wu et al. [51]. Within the DISC framework, the concept bank is used
to discover spurious features during the training process of image classifiers. The framework
then mitigates their use by the classifier with concept-aware data augmentation to obtain a
better balanced dataset for the next training iteration.

Note that in the interactive mode, this approach still keeps the complete Vision Transformer
(ViT) backbone frozen and provides post-hoc adaptability via user interfaces without any
gradient-based fine-tuning. This way, the model’s decision process can be adjusted after the

Table 5.1: Comparison of the non-interactive and interactive VINTER modes.

Aspect Non-interactive Mode Interactive Mode
Backbone Adaptation Frozen pretrained ViT identical
Feature Representation ViT patch descriptors identical

Decision Structure Multi-stage pipeline identical, components modifiable

via interfaces
identical

Foreground Estimation

Part Separation

Part Similarity

Part Aggregation
Interpretability
Options for Adaptation

Computational Overhead

Learned once during preparation

Semantic parts defined by clus-
tering
Part similarity learned from data

Fixed aggregation
Implicit via part-wise scores and
association maps

Additional data and retraining

Baseline

identical

Initial state is identical, proto-
types can be analyzed & adjusted
User-adjustable part weights to
emphasize or suppress parts
Explicit via concept bank and
CAVs

Interactive interfaces for proto-
types and part aggregation
Overhead due to management of
concept bank
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initial few-shot training (Section 4.3) without the need to acquire more or different data (Ta-
ble 5.1).

Parts of this section were previously published in [P3] and build on a supervised thesis [T6].

5.1.1 Target Scenarios

With the interactive aspect, this approach extends the functionality of the base model (Sec-
tion 4.3) and its target scenarios described in Section 4.3.1. Even if the initial training data is
insufficient, the operator can use the interfaces to adapt the model’s inference.

Further, the inspection tools based on interpretability methods are suitable for failure analysis,
to better understand which part causes a misclassification and why. Based on these insights,
misleading feature correlations can be mitigated and the relevant visual characteristics of a
category can be specified more clearly.

5.1.2 Architecture and Method

The general architecture is identical to the one described in Section 4.3 for fine-grained few-
shot object recognition. To provide the full interactive mode, it is extended with a connected
concept bank (Chapter 2) that can translate features in the embedding space into semantic
concepts understandable by humans. In total, there are three interfaces that can be used to
change the decision process of the perception model:

« part reweighting

« prototype characterization

« prototype modification.
They are described in detail in the following. For an in-depth explanation of the other com-
ponents, refer to Section 4.3. Note that these interfaces only target the layers built on top of
the pretrained backbone and are optional. After the initial adaptation to the novel classes as
described in Section 4.3, the model is already operational. However, if the operator has access

to validation data, the evaluation results can be used to adjust the model and improve its fit
to the task at hand.

Part Reweighting

This component is located at the end of the architecture. Before the part reweighting, the part
similarity estimation module produces a part score vector that estimates in the range [0,1]
how visually similar the parts found in the input image are to the ones learned for a given
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Figure 5.2: The VINTER model (Section 4.3) is trained on a support set and learns to separate different semantic
parts of an object, e.g., part p; focuses on the tip of the power drill (a). At the same time, a subsequent
module, the part similarity estimation, derives a multi-layer prototype representing the visual ap-
pearance of each of those parts. However, since there are only few samples, it might pick up wrongly
correlated features and overestimate their relevance. Therefore, the operator can inspect the cur-
rent sensitivities (c) of each part (here part p;) for a given concept bank (here 8 textures). Desired
adjustments can be made by modifying the weights w%sie of the corresponding SVM for part simi-
larity estimation using CAVs. The adjusted W}, (b) increases the relevance of a striped appearance,
resulting in new sensitivities (c). Note that the relevance of other concepts is indirectly affected as
well. A geometrical visualization of this modification is depicted in Fig. 5.3.

category. This vector is then used to calculate the final prediction score with

N
o0 = L j: § (5.1)
= 25 .
p=1

which weighs all N,, parts equally. However, the visual appearance of some parts might not
be discriminative for the category required in the current task, or the other way around: some
parts are only useful for distinguishing two similar categories. One use case would be that
the model shall detect all power drills with an orange handle, but the color of the tip does
not matter. To provide the operator with a way to communicate this, a weighted projection is
defined instead of Eq. (5.1), which introduces part-specific weights w), to scale the relevance
of a part relative to the other parts. Higher weights w,, emphasize the presence of certain
parts, and lower weights reduce their role in recognizing the corresponding category. The
weighted projection

1 B
S(Pr) = —Np Z wp . §p (52)
Zp:l wp p=1

uses W), as the adjustable weight for part p. These weights are class-specific, which is omitted
in the notation to improve readability. The default value for all part weights is 1, which makes
the final score equal to the mean in Eq. (5.1). The user can then adjust these values according
to the task’s requirements. A possible improvement would be to optimize these weights on
the initial dataset for the novel classes before allowing the operator to adjust them.
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Prototype Characterization

Before the prototypes can be modified, the operator needs to know which semantic concepts
the model currently associates with each part. Wu et al. [51] introduced a concept bank B for
similar reasons. The number of concepts in B is finite and bound to the semantic categories
used to create the concept bank. The main idea is to assign meaning to directions inside the
high-dimensional embedding space to increase the interpretability. The concept bank acts like
a dictionary for all known directions and their corresponding semantic attributes. Note that a
concept bank is typically created offline before any preparation phase, since it involves specific
semantic datasets and several processing steps. In-depth details about concept banks can be
found in Chapter 2. In the following, a shorter, high-level description is given to focus on the
aspects relevant for the proposed interactive interfaces.

A concept is represented by a Concept Activation Vector (CAV) [50] (Chapter 2). To obtain
them, linear classifiers are first trained using semantic categories from a semantic dataset such
as Broden [128]. These classifiers take patch descriptors as input and predict whether the
patch belongs to a specific semantic category. The semantic categories of the Broden dataset
are colors, textures, materials, parts, objects, and scenes. For the use case of fine-grained few-
shot recognition, only classifiers for classes belonging to colors and textures are trained on
the corresponding patch descriptors obtained from the pretrained backbone DINOv2 [40]. In
addition, a classifier is not trained on all classes. Instead, a subset of the 58 classes belonging to
colors and textures is chosen, called concept set A. The selection depends on the concepts the
operator wants to have available during prototype analysis and in the subsequent prototype
modification step. Wu et al. [51] only used the highest layer’s output to create concept banks.
This work also considers other layers and different facets of the ViT backbone, since lower
layers are more sensitive to low-level features such as colors and textures.

A linear concept predictor faj : RP = [0, 1] for concept a; in concept set A;

Jay(61,) = clip (W, - £ + by 0,1) (53

uses D as the number of dimensions of the corresponding description vectors. Then the nor-
malized vector
Wg.

4 (5.4)

Vg, = ———
4= Twa, Iz

can be seen as the CAV for concept aj, since it would increase the prediction score if f; j is

shifted in this direction. Then W' = span(vg,, ..., Vq,) defines the subspace of linear combi-
pse,norm

nations of all CAVs within the embedding space of the descriptors f; ;. By projecting w),

onto V;’q

M

. pse,norm _ pse,norm . J_ . J_
Proja(wp ) = Zj:(wp va) Ve, (5.5)
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where {Vél s Vér} is an orthonormal basis of 1}, and measuring the length of the projection,

it can be determined how sensitive the part classification is to each of the concept activation
vectors of W', If the length is 1, the classifier can be fully replaced by a linear combination
of the CAVs. If the length is 0, the classifier lies outside Vl'q and is not sensitive to any of the
obtained Va;- The specific sensitivity for a CAV inside the linear part similarity estimation
layer can be calculated using

ai’j’p = Wgse ) Vaj (56)
according to the sensitivity definition in [50], already simplified by taking the subsequent
linear layer into account.

Kim et al. [50] note that CAVs can be created for any set of images, even if they are random and
do not belong to any meaningful semantic concept. They therefore propose several statistical
validation steps to ensure sufficient reliability and interpretability of the obtained CAVs.

Prototype Modification

In the previous section, the analysis of the part similarity estimation layer was explained.
The result of this analysis is a concept set A; and the associated concept predictors {( Ja; )}}ﬂ.
Further, the sensitivities of the part similarity estimation layer with respect to the concepts
in A; are given by the a; ; , values. While Kim et al. [50] treat these sensitivities as static
model properties for interpretability purposes only, Wu et al. [51] already try to modify them
implicitly through data augmentation and data selection strategies. Since the pipeline for
few-shot object recognition presented in this work consists exclusively of linear layers, the

sensitivity equation is rather straightforward. Therefore, in Eq. (5.6), changing the sensitivity
ps

€ .
p according to

is as simple as modifying the weights of the linear layer w
Wh=wy + ¥y, (5.7)

with a factor 4 that reaches a target sensitivity a* if chosen as 1 = a* — a; ; ,. Note that
the concept activation vectors cannot be assumed to be orthogonal to each other. Only when
they are orthogonal can one concept sensitivity be changed without indirectly modifying other
sensitivities at the same time. In all other cases, there will be interference. A simplified visu-
alization of the procedure is depicted in Fig. 5.3.

5.1.3 Model Preparation

Since the interactive architecture builds on top of the default version presented in Section 4.3,
the same initial preparation steps are required. In addition, the concept banks need to be
created based on semantic datasets. Existing ones, such as Broden [128], can be used. Creating
custom concept banks that contain the necessary concepts for the task at hand would be rather
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feature dim. 2
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Figure 5.3: Simplified overview of the prototype modification. The sensitivity regarding concept a; is increased
by A¥4,. Since concept activation vectors (CAVs) are not necessarily orthogonal, this update influ-
ences the a, sensitivity as well.

time-consuming and would require special expertise. This would severely limit the practical
applicability.

To create a concept bank, the backbone is used for gradient-free forward passes of all selected
samples of the semantic concept dataset, in order to obtain the corresponding patch description
vectors. This requires small amounts of GPU memory and sufficient free disk storage. The
advantage is that the concept bank is task-agnostic and can be reused for other tasks.

5.1.4 Inference

The inference pipeline is identical to the default mode without interaction (Section 4.3), ex-
cept that the weights of some model components might differ due to adjustments made by the
operator to the part aggregation weights or the part similarity estimation components. The
three interactive elements used for such adjustments, part reweighting, prototype character-
ization, and prototype modification, are mainly intended for the preparation phase, but these
interfaces can also be used to make adjustments online during the operation phase.
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5.2 Interactive and Weakness-Aware Prototype Enhancement
for Fine-Grained Detection

The architecture presented in this section extends the one described in Section 4.4 for fine-
grained few-shot object detection. The distinctive feature of these extensions is that they add
interactive mechanisms to the prototype selection procedure. This includes prototype inspec-
tion, validation, and refinement. The architecture itself is inspired by the Detect Everything
Vision Transformer (DE-ViT) model [88], which works with class prototypes created by a
pretrained ViT backbone. How DE-ViT can be extended to include part-level prototypes to
enable fine-grained detection capabilities is described in Section 4.4 as well. While there the
part prototypes are selected automatically based on scores that take other similar categories
into account, in this section the automatic prototype enhancing process is replaced by an it-
erative procedure in which the operator has full control over which parts are selected for the
enhancement of the class prototypes. The operator is supported by components that visualize
the model’s internal view of the categories and all their prototypes at hand. The goal is to
keep the required expertise for using these additional tools as low as possible, so that laymen
can not only use the perception system on their own but also debug its behavior and make
adjustments if needed. For this, as in the non-interactive mode, the backbone and the detector
weights are kept fully frozen, and the adjustments only operate on the collections of multi-
granular prototypes that represent the categories for the task at hand. There is no fine-tuning
involved at any point.

As described in Section 4.4, the multi-granularity of prototypes helps to resolve ambiguity
in fine-grained detection tasks. An automatic module that takes over the part prototype dis-
covery and selection reduces the workload for the operator. However, it lacks awareness of
potential context knowledge that the operator might have and that is critical for solving the
task correctly. This section presents the procedure for incorporating the operator into the
preparation of the DE-fine-ViT architecture described in detail in Section 4.4.

Parts of this section were previously published in [P2] and build on a supervised thesis [T5].

5.2.1 Target Scenarios

In general, the target scenarios for the interactive architecture are not that different from the
scenarios presented for the non-interactive architecture (Section 4.4.1): the perception model
is meant for fine-grained few-shot object detection scenarios where classes can be visually very
similar on a global level and only small regional characteristic features allow differentiation.

The interactive model variant is developed for scenarios where context knowledge matters
but relevant image samples are missing or hard to obtain. One example use case is a logistics
application in which the operator knows that in the operation environment there will be sev-
eral objects of the same type, but only those with a white identification label are relevant for
detection and need to be recognized. The non-interactive model would need images of these
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boxes to be able to distinguish the two categories, while here the operator can just mark the
sticker as an enhanced fine-grained part prototype.

Further, the automatic mode implicitly relies on certain inductive biases for choosing the most
relevant part-level prototypes, which are modeled by the score metrics. If these inductive
biases do not apply to the task at hand, the interactive mode provides a fallback by giving full
control to the operator while remaining as user-friendly as possible to set up.

It is important to mention that if the fine-grained detection capabilities of the architecture
are not relevant for a robotic application, the generic detection capabilities of DE-ViT are still
fully functional. If no part prototypes are defined, the DE-fine-ViT predictions are identical
to the internal DE-VIiT predictions.

5.2.2 Architecture and Method

Only a few components of the architecture are adjusted or replaced compared to the model
presented in Section 4.4. The differences affect only the preparation phase, which is reworked
to make use of the interactive aspect. Instead of the automatic class and part prototype cal-
culations, the operator is equipped with a class-agnostic segmentation model, the Segment
Anything Model (SAM) [129]. The model takes clicks or bounding boxes created by the user
as input and generates object-centric masks from them. This makes it possible to quickly cre-
ate pixel-level annotations of arbitrary objects with a precision sufficient for obtaining pro-
totypes. Further, these simple user interfaces can be provided as web client applications on
hand-held devices and do not require the same familiarity with the controls as other labeling
software (Section 6.2.3). The prototypes, determined using the class and part masks created by
the user, reflect his or her context knowledge about which characteristic features are relevant
for which object category. While objects or parts might look different enough to a human, it
is decisive for the final performance that the corresponding prototypes are as distinct as pos-
sible to achieve maximum robustness during inference. To make the model’s perceptions, i.e.,
those of the pretrained backbone DINOvV2, visible to the operator, simplified visualizations of
the similarities among the current prototype sets are prepared on the fly. This way, the opera-
tor is aware of potential confusion between similar categories and can mitigate these risks by
adding or replacing characteristic parts for those categories. In the following, the components
required for this interactive preparation procedure are described in detail.

Creating Annotations

Usually, in few-shot learning tasks, it is assumed that the annotated data, i.e., the support
set, already exists and only has to be processed by the model. However, in practical robotic
use cases, and also in other areas, the relevant objects often appear spontaneously and can
be highly specific. Publicly available datasets are therefore often not an option for obtaining
the category samples. Instead, a dataset for those objects needs to be prepared shortly before
the mission. To make this as easy and quick as possible, class-agnostic segmentation models
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are a common feature in labeling software. By integrating not only the general segmentation
model but also the detection backbone into the annotation procedure, as shown in Fig. 5.4, the
goal is to reduce the effort even further. The reason is that the backbone, i.e., the pretrained
DINOV2 [40], is already active and creates all prototypes as soon as the class or part masks are
confirmed by the user. The set of available prototypes is then continuously assessed, and the
similarity visualizations are updated accordingly. This way, the operator gains instant model
insights and can adjust the annotations and the labeling strategy directly. Note that only the
backbone of the architecture is used during the preparation phase, neither the detection head
nor the Fine-grained Recognition Module (FRM). These network components are either kept
frozen or their behavior depends explicitly on the prototypes, as in the case of the FRM.

As a class-agnostic segmentation model, any model can be used that can be controlled inter-
actively via simple interfaces, e.g., clicks or drawn bounding boxes. It is required to be as
class-agnostic as possible to provide masks even for highly specific objects. Successor models
of SAM [129] have become even more performant and can replace it in the preparation phase.
With SAM 3 [130], text input, e.g., obtained via speech-to-text systems, could also be used to
further simplify the annotation procedure for laymen.

One of the most important things the operator has to keep in mind during labeling is that if
a part is labeled on one image, it should be labeled on all other images of the same category
in which it is visible. The images for a given category are grouped into sub-groups, so-called
views, based on the available class and part labels. Therefore, if the user forgets to label a
visible part that has been annotated on another image, the image at hand will be assigned to
the sub-group or view in which this part is assumed to be not visible.

Visual Prototype Debugging

The feature that distinguishes this system from the non-interactive mode described in Sec-
tion 4.3 is the interactive preparation procedure, which combines the labeling support from
segmentation models with the ad-hoc assistive visualizations of the prototypes for the opera-
tor. The purpose and structure of these visualizations are the focus of this subsection.

To understand why these visualizations of prototype similarities are beneficial, it is important
to understand where and which role they play inside the architecture during the inference
phase (Fig. 5.4). Within the Subspace Projection module of the DE-ViT architecture [88], the
dot product of the backbone features F € REp*WpxD RN*D

and with the background prototypes Py, € RNoe XD g computed, resulting in a subspace with

with the class prototypes P, €

Sqp channels. These channels are post-processed to obtain a similarity subspace for further
processing by the detection head. The subspaces are class-specific because the first channel
of the subspace features is always the one corresponding to the class currently being exam-
ined by the detection head, while the other channels are locally reordered (by magnitude) and
interpolated channels belonging to the other classes, and concatenated channels correspond-
ing to the backgrounds. The subspace projection, including the reordering, is proposed by
Zhang et al. [88] to resolve the permutation ambiguity regarding the order of classes and to
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prevent overfitting on base classes during pretraining. In theory, all class-specific subspaces
would need to be processed by the detection head for each proposal. To reduce the potentially
large computational effort (which depends on the number of classes), an additional minimal-
istic classifier estimates the class of each proposal based on the original ViT features F aligned
with the Region of Interest (Rol) of the corresponding proposal, using the class prototypes as
its weights. Then only the subspaces of the top-kg. most similar classes are forwarded to the
detection head for the corresponding proposal. From the same list, top-kg; classes are also
forwarded to the FRM for re-evaluating the initial prediction. If the correct category is not
part of this list, it cannot be corrected later on, not even in the FRM. One extreme case is when
there are more than top-kp,; similar class prototypes. In this case it becomes likely that, due
to subtle variances, the correct class ends up at rank top-k + 1 or lower and is not considered
during re-evaluation. The list of top-k categories is obtained via the following procedure

| W
£, = W > > RolAlign(F, b;) (5.8)
N f
F= L (5.9)
LIl
7% = top-k (£,P7,) (5.10)

The part prototypes become relevant in the FRM. There they are evaluated based on their
similarity with the raw cropped feature map F,;,,, instead of the Rol-aligned variant. This
means that if class prototypes are similar, the probability that they appear in the top-kg list
is increased, and the FRM needs discriminative part prototypes that are as distinct as possible
from the parts of classes with a similar class prototype.

Based on these observations, the visualizations highlight categories with similar class proto-
types. If a pair of highly similar class prototypes is found, the similarities for all of the corre-
sponding part prototypes are visualized as well. The operator can then quickly see whether
action is required to annotate additional parts. Note that class prototypes cannot be changed.
Only part prototypes can be added, removed, or replaced for a class.

5.2.3 Model Preparation

For preparation, the operator needs to complete the annotation procedure iteratively until the
visualizations clearly show that there are no pairs of similar class prototypes that cannot be
resolved using clearly distinct part prototypes. The more classes are similar to each other, the
more labor-intensive this procedure becomes, because the user then needs to find a set of part
prototypes for each class that resolves all potential confusions. For N, similar classes there
are N (Ngm + 1) - 1/2 — N, possible confusions.

The frozen DE-ViT components integrated in the proposed DE-fine-ViT architecture are pre-
trained on smaller datasets such as LVIS [30]. In certain scenarios it can be useful to retrain
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Figure 5.4: Overview of the proposed interactive Detect Everything fine-grained Vision Transformer (DE-fine-
ViT) model, which builds upon the DE-ViT architecture [88] (dark gray). In comparison to the non-
interactive DE-fine-ViT variant (Section 4.4), only the preparation phase @ is different and incor-
porates an operator to quickly annotate the objects and the characteristic parts of preference while
being assisted by visualizations of prototype similarities (Section 5.2.2). During inference @, the
modules and their functioning are identical to those used in the non-interactive mode.

these components on datasets that better match the planned robotic applications to better pre-
pare the model. While pretraining the components on a specific dataset usually represents a
weakness when it comes to highly specific objects in robotic applications, the detection head is
designed to be feature-agnostic due to the subspace projection. It has only seen the abstracted
low-rank projected subspace during pretraining, not direct image embeddings. So in theory,
by creating appropriate domain-specific background and class prototypes, the detection head
should not experience significant differences and might even operate on in-distribution input
with respect to the projected subspace.

5.2.4 Inference

For inference, the class prototypes are used by the subspace projection block and the FRM.
The latter also uses the part prototypes to refine the internal predictions even when the cat-
egories are very similar at the object level. The pipeline is then completely identical to the
non-interactive inference described in Section 4.4. Interactive components and procedures
are intended for the preparation phase. However, the visualizations can also be used during
inference to monitor the active internal prototypes.
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If false detections are observed at test time, the operator can return to the preparation phase
and directly make modifications for the class or classes where the model suffers from con-
fusions. Adjustments to the part or background prototypes can then serve as the lever for

changing the system’s behavior.

Table 5.2: Comparison of the non-interactive and interactive DE-fine-ViT modes.

Aspect

Non-interactive Mode

Interactive Prototype Selection

Primary Objective

Part Prototype Creation

Handling of fine-grained
Ambiguity

Prototype Grouping
PartRelevance Weighting
Model Adaptability

Backbone and Detector

Computational Overhead

Improve fine-grained discrim-
ination by introducing multi-
granular (class and part) proto-
types

Automatic construction from an-
notated support images (bbox la-

bels)

Score-based during preparation

View-dependent sub-groups in-
ferred from unique combinations
Fixed or uniform weights as-
sumed

Adding or removing labeled data,
hyper-parameters

Frozen backbone and detector, no
fine-tuning

Minimal overhead from part-
based re-evaluation

identical, improved context aware-
ness through human-guidance

Interactive annotation with seg-
mentation model

Interactive similarity analysis and
corrective actions

identical

Optional
weights

adjustment of part

identical, additional iterative pro-
totype revision

identical

identical
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5.3 Summary and Conclusion

The methods presented in this chapter extend the resource-efficient perception approach of
this work by introducing interactive mechanisms that incorporate operator context knowl-
edge directly into the perception process. While the previous chapter focuses on minimizing
or eliminating training through the use of pretrained representations, this chapter addresses
a complementary limitation: the ambiguity and underspecification that arise when only few
examples are available. The central idea is therefore not to optimize model parameters or
add more training data, but to improve task alignment by enabling the operator to guide the
model’s decision-making process in an intuitive manner. A key contribution of these meth-
ods is the design of interactive interfaces that are tightly coupled with the underlying percep-
tion architectures. These interfaces expose intermediate representations of the model, such
as attention maps, feature activations, or part-based correspondences, in a form that is more
accessible to non-expert users. Instead of treating the model as a black box, the operator can
inspect how decisions are formed and identify mismatches between the model’s focus and the
task-relevant features.

The methods introduce mechanisms that translate operator feedback into modifications of the
inference process. In the context of few-shot recognition, this is realized through the ad-
justment of feature importance and the conceptual refinement of prototype representations.
Rather than adding new data or retraining the model, the operator can emphasize or suppress
specific visual characteristics that are critical for distinguishing between categories. This re-
shapes the similarity relationships during inference and aligns them more closely with the
semantic distinctions required by the task. For fine-grained detection scenarios, where cate-
gories may differ only in subtle local details, the interaction is extended to explicit guidance.
Here, the operator can influence which regions or parts of an object should be considered
most discriminative. The perception pipeline incorporates this feedback by reweighting or
filtering detections based on part-level correspondences. This enables the system to focus on
the relevant structures, even when these are not sufficiently represented in the limited train-
ing examples.

Both types of methods have in common that pretrained models provide rich but generic feature
representations, while lightweight, interaction-driven modules adapt these representations at
test time. This avoids the need for iterative training cycles and enables rapid reconfigura-
tion of the system for new tasks or changing requirements. The interaction mechanisms are
designed to be incremental and reversible, so that operators can iteratively refine the model
behavior without risking degradation or erroneous updates. However, the effectiveness of the
approach depends on the operator’s ability to correctly interpret model behavior and provide
meaningful guidance.

In conclusion, the methods of this chapter establish interactive perception as a complement to
resource-efficient model design. They shift the adaptation process from data-driven learning to
human-guided refinement and enable flexible adjustments even after deployment, in scenarios
where traditional training-based approaches might be impractical.
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This chapter presents the evaluation of the methods introduced in Chapters 4 and 5. Since some
of the model architectures in those chapters are partially identical and differ only in their mode
of operation, the experiments and their results are presented together so that mode-specific
strengths and weaknesses can be compared directly alongside the method-specific evaluation.
This is covered in the first section (Section 6.1). The subsequent section (Section 6.2) gives an
overview of the qualitative results obtained in various research projects. Some of the proposed
methods were developed specifically for the core robotic vision tasks of those projects. The
main goal of this research was to develop perception systems that address different object-
centric robotic vision tasks while requiring fewer resources, such as data, time, expertise, and
hardware, than existing approaches. The strengths, weaknesses, and shortcomings are as-
sessed in the final discussion (Section 6.3) with reference to the research questions stated in
Section 1.2. Current limitations are outlined with respect to the overall objectives of this work.
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6.1 Evaluation of Proposed Architectures

This section focuses on the evaluation of the proposed methods and architectures. Common
benchmarks are used where available to obtain quantitative results and to enable compari-
son with other state-of-the-art approaches. Some architectures have a target application, e.g.,
segmentation with frozen vision transformers was developed for litter segmentation. In such
cases the evaluation specifically addresses the corresponding scenarios. Qualitative results
for special use cases are also presented. A conclusion is drawn at the end of each section.
In the discussion at the end of this chapter (Section 6.3), these conclusions are revisited in a
broader context.

6.1.1 Frozen Vision Transformer for Attention-Based Segmentation

The developed architecture aims at leveraging frozen pretrained models for extremely hetero-
geneous categories such as litter. Creating a representative dataset for litter objects is nearly
infeasible, because almost any item can belong to the waste category. Therefore, the architec-
ture is designed to treat litter as something anomalous that does not belong to a set of known
classes. This strategy avoids the need to collect images of litter. Instead the model needs to
be pretrained on classes that are rather common, expected to be found on the ground, and not
classified as waste items in the robotic scenario at hand. In this evaluation section, the per-
formance of this concept is analyzed on a commonly used trash detection benchmark, and it
is examined whether the inherent capabilities of a publicly available pretrained Vision Trans-
former (ViT) are sufficient to perform the task without any specific training on large trash
datasets.

Parts of this section were previously published in [P1] and build on a supervised thesis [T8].
More implementation details can be found in Section A.1.

TACO Evaluation

As described in Section 4.1 the architecture, depicted in Fig. 4.2, is built around a pretrained
ViT. The model is the ViT-B [12] variant that has 12 encoder layers, approximately 18 GFLOPS,
and 90 million parameters [131]. These limited resource demands allow edge deployment, e.g.,
on a mobile robotic platform. The ViT was trained on the ImageNet-1k dataset [4] for the image
classification task. The model processes input images resized to a resolution of 224x224, with
a patch resolution of 14x14 and 16x16 pixels per patch. With little effort this model can be
replaced by another vision transformer, e.g., one with a higher patch resolution that would also
increase the input image resolution. In one experiment, the same ViT variant pretrained on the
larger ImageNet-21k [5] was used for comparison, but performed slightly worse. Therefore,
the following experiments are all based on the ImageNet-1k pretrained ViT-B model.

Figure 6.1 visualizes the attention for each of the 12 encoder layers on an example input image
from the TACO dataset [117] for trash detection. The extracted attention maps are regular
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mean attention maps calculated from the corresponding head attention maps (Section 2.3.1).
Many approaches use attention maps for foreground segmentation. The same capability is
exploited here to segment litter on the ground. Various types of grounds were part of the
pretraining dataset, and the model should tend to ignore them since, on average, they do not
convey information about the correct class. In the figure, it becomes clear that the attention
maps in the first layers do not focus solely on the trash item. However, layer by layer the focus
becomes stronger and reaches a peak in layer 4. In contrast, for higher layers the attention
maps become harder to interpret. Only in the last layers is the target item’s outline noticeable
again, even if only to a small extent.

Layer 6 Layer 7 Layer 8 Layer 9 Layer 10 Layer 11

Figure 6.1: The input image from the TACO dataset and the ground-truth mask [117] at the top. The raw layer-
specific mean attention maps of the vision transformer backbone on the bottom. In this and in other
experiments, layers 2-5 qualitatively show the highest correlation with the trash objects. Note that
the color maps are specific for each layer attention map to better visualize the different value ranges.
Copyright ©2025, IEEE [P1].

Potential binary masks that can be derived from these attention maps are shown in Fig. 6.2.
Note that the attention maps are not calibrated, so the value at each patch cannot be taken as
a probability prediction. Instead, a threshold needs to be determined for each layer. In Fig. 6.2

these were obtained by computing the layer-specific threshold rﬁfg) according to the best F1

score Fl,,, = max_ (o) Fl(rgfg) ) using Eq. (2.4) and the given ground-truth mask (top right in
seg

Fig. 6.1). The mask at layer 4 provides the most accurate segmentation. To obtain these masks,

the attention maps, which have the same resolution as the patches of the ViT, are upscaled

to the input image size.

For a quantitative analysis, the TACO dataset [117] is used as the foundation since it provides
realistic and diverse images as well as pixel-level annotations with multiple sub-categories. In
addition, the dataset assigns each image to a certain scene type. For all experiments in this
work, these scene type labels were used to filter the 1500 images of the dataset and keep only
those of the scene types pavement, sand, trash, vegetation, and water. For evaluation the Area
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Layer 2 Layer 3 Layer 4 Layer 5

Layer 10

Layer 11

Figure 6.2: The segmentation behavior of the plain vision transformer (ViT-B-224) varies across layers. Qualita-
tive results show that layers 2-5 focus most strongly on larger trash objects, with layer 4 producing
the most accurate segmentation. Figure from [T8].

Under the Receiver Operating Characteristic curve (AUROC) score defined in Eq. (2.8) is cho-
sen as a threshold-independent metric. An analysis in the Receiver Operating Characteristic
(ROC) space is preferred over the PR space here, since false alarms are considered not harm-
ful in the context of litter segmentation. The results for the True Positive Rate (TPR) and the
False Positive Rate (FPR) (Eq. (2.7)) are visualized in Fig. 6.3 and confirm that layer 4 clearly has
the best capabilities for the task of segmenting waste items. Note that a perfect mask predic-
tion corresponds to an L-shaped curve rotated by 90° clockwise, whereas a random predictor
produces the diagonal line from (0,0) to (1,1).
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Figure 6.3: Overview of layer-specific segmentation performances on a subset of the TACO dataset [117] of
samples belonging to the scene types pavement, sand, trash, vegetation, and water. Copyright ©2025,
IEEE [P1].

To further optimize the attention map from layer 4 for the task of trash segmentation, a few
post-processing steps are integrated, as can be seen in the architecture overview in Fig. 4.2.
They are assessed individually in the following. Border cropping, where the outermost patches
are set to zero, is motivated by artifacts in the form of high attention values at the edges.
= 0.38 to F1,,,, = 0.42
while keeping almost the same AUROC score. This is an F1,,, improvement of approximately

Adding border cropping increases the plain performance from F1

max max
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4%. 1t is only beneficial because the object locations in the dataset are biased towards the image
center. Since the AUROC score is almost identical, the improvements are mainly related to
changes in the precision metric.

The module that upscales the attention maps has the sole purpose of obtaining segmentation
maps with the same size as the input image. It does not affect the overall performance. How-
ever, 2D Gaussian filtering is also performed on the upscaled attention maps, to see whether
the smoothing effects help the quality of the final segmentation. The results for different o
values of the filter are listed in Table 6.1. Note that the kernel size kg scales with kgr « 80.
Interestingly, larger values of o appear to consistently improve the AUROC and the F1,,,
score. However, a more thorough inspection of the results showed that, while it improves the
overall performance, the capability to segment smaller objects is lost, since they get blurred
out. Nevertheless, if smaller objects are not expected in the final application scenario, a larger

o value can be considered.

Table 6.1: Pixel-level performance for different o values.

Setting Pixel-AUROC  F1,,,

No Filter 0.890 0.380
c=1 0.890 0.380
c=2 0.891 0.381
oc=3 0.892 0.382
c=4 0.893 0.384
o=5 0.894 0.386
oc=6 0.894 0.387

By default, the 12 head attention maps with respect to the class token are averaged for each
layer to obtain the final fused attention map. In theory, there are various ways to determine
the fused segmentation map from the heads of a layer. Here, the mean variant is compared
with the min and max variants. For this, the final map is calculated according to the following
equations. Starting with the head-specific attention map values m¢"(i, ) of head h in layer
£ at patch location (i, j), the three alternatives mean, max, and min over all heads of the same
layer determine the final attention map value m@(i, j).

( ) 1 I\Iheads_1

€ .. ..

Mnéan(i, ) = m@h(i, j) (6.1)
/ Nheads hZ::O /

mixG, )= max  m@MGi, ) (6.2)

hE{O,---’Nheads_ l}

Minin(L, J) peo, Tn_m @i, ) (6.3)

The mean noticeably exceeds the performance of the other two, as can be seen in Table 6.2. In
future work, one could specifically analyze the capabilities of each head for the segmentation

89



6 Evaluation

task. Alternatively, masking a subset of heads might be an option to outperform the mean
fusion method, which is used as the default in all experiments in this work.

Table 6.2: Segmentation performance for different head fusion methods.

Aggregation Pixel-AUROC  F1,,,
@)

My 0.813 0.290
M 0.890 0.380
mio 0.854 0.310

Generalization Characteristics

A quite relevant aspect in the application of trash segmentation is that the variability of waste
items is vast and cannot be concretely specified. One exception is when the number of sub-
categories is limited to a finite, rather small number. For instance, when it is defined from the
beginning that only crown caps, coffee cups, and cigarette butts are targeted. However, a more
versatile cleaning robot is usually preferable. This is the motivation for the next experiments,
which examine how well the model can handle unseen classes. Unseen is not fully accurate
here, since the presented perception model is never specifically trained on trash items of the
TACO dataset, only generally pretrained on the ImageNet-1k dataset. But the categories of the
ImageNet dataset include items that are likely to be found as trash on the ground and thus are
also part of the TACO dataset, e.g., bottle caps, carton, or plastic bags. Still, there are classes in
the TACO dataset that are not part of the ImageNet-1k dataset (Fig. 6.5). Note that it cannot be
guaranteed that instances of them are not present in the background of any image of ImageNet.
So the ViT might have seen them, but it was definitely not trained to recognize them.

A conventional way to do trash recognition is to train a detection model. This is used as a
baseline for the next experiment, visualized in Fig. 6.4, where a Mask R-CNN (Mask R-CNN)
model is trained on the TACO dataset. First including all categories, and then in a second run,
the class Bottle is excluded from any training images. The evaluation is then performed on
a test split that contains all categories, including the images with bottles. It can be seen that
while the Mask Region-based Convolutional Neural Network (R-CNN) trained with bottles
outperforms the presented ViT-based segmentation model, it performed worse when bottles
were not part of the training data. This shows that training works only with known classes
and that there is no generalization to litter items in general. Therefore, it provides inferior
performance for items unknown to the supervised trash detection model.

As mentioned before, bottles are also part of the ImageNet-1k dataset that the ViT backbone
was trained on. So it practically had the chance to develop an attention-based focus towards
bottles. Nevertheless, Fig. 6.5 shows qualitative results for categories that are not part of the
ImageNet-1k. It becomes clear that the segmentation method is still able to provide reasonable
segmentation masks, although it was never explicitly trained on such categories, e.g., straws
or floss picks.
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Figure 6.4: Overview of segmentation performance without the bottle in the support set (left), which is used
to fine-tune the Mask R-CNN. On the right the bottle is in the support set. Both evaluations were
conducted under segmentation settings on the test split containing the bottle. Note that the ViT-
B based segmentation model performs identically in both scenarios since it is independent of the
support set. Copyright ©2025, IEEE [P1].

Input Ground Extracted Predicted Overlaid
Image Truth Attention Mask Visualization

Figure 6.5: Qualitative analysis for classes that the backbone has never seen as labeled categories during any of
its pretraining on ImageNet-1k. For instance, plastic nets, styrofoam, floss picks, and straws (from
top to bottom). Copyright ©2025, IEEE [P1].

Distraction Branch

As a final experiment, potential use-cases for the distraction branch are examined. The pre-
vious section already described that the model was pretrained on a dataset with 1k classes.
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Some of them are part of typical waste categories, but many are also regular animal species,
vehicle types, humans, or even complete buildings. For this, the distraction branch is inte-
grated. It can remove attention from the fused attention map (Fig. 4.2). Different strategies for
this are evaluated qualitatively (Fig. 6.6). The most promising is class-based attention removal
using the Layer-wise Relevance Propagation (LRP) method proposed by Chefer et al. [47].
This method analyzes the predicted class probabilities obtained from the classification head
pretrained on ImageNet-1k. These probabilities do not play a role in any other component of
the present architecture. However, they provide insight into the model’s perception, showing
whether the model recognized one of the 1k known classes. There are two possible scenarios.
For classes that belong to the litter meta-category, nothing is done. For classes that do not be-
long to the usual trash items, it is checked whether a certain threshold is met. If it is, the LRP
method is then used to determine the class-specific attention map. This map is then subtracted
from the fused attention map, resulting in an attention map with non-waste areas removed.

Figure 6.6: Final attention maps using different attention masking (distraction) strategies. From left to right:
(i) input image, (ii) raw attention map, (iii) subsequent, (iv) in-process, (v) Chefer-LRP [47] masking.
The right image depicts the best solution, since the attention towards the cat is redirected towards
the cluttered side of the pathway. The colormap ranges differ from image to image for improved
visibility. Figure adapted from [T8].

As a comparison to the LRP method, a Max-Reduction strategy and a strategy based on iterative
masking are used. The first penalizes the Nj;g = 5 highest attention value locations by a
factor of 0.8, and the second completely masks out the areas belonging to those patches on the
input image before processing it again. Thus the latter strategy might lead to the image being
processed multiple times by the segmentation model. While these two strategies sound rather
simplistic, they performed better on a TACO dataset evaluation, with the results presented
in Table 6.3. When investigating the performance differences, it appeared that the distraction
branch was activated too often when using the LRP method, for objects that are trash but were
predicted with high probabilities corresponding to non-trash items, e.g., white bottles often
seemed like various bird species to the model. With a higher image resolution this harmful
behavior might be reduced, since the patches processed by the ViT would cover a smaller
image area, leading to a higher perception resolution.

Conclusion

The architecture for leveraging attention maps of pretrained vision transformers for segmen-
tation tasks was evaluated on the use case of segmenting waste items. This task has high
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Table 6.3: Pixel-level segmentation performance of different attention masking (distraction) strategies.

Method Pixel- AUROC  F1,,,,
Max-Reduction 0.890 0.379
Iterative-Masking 0.854 0.352
Chefer-LRP 0.680 0.305

intra-class variability, which directly makes it hard to solve with little data. Since limited data
cannot cover the extreme variability, an alternative approach is chosen by inversely defining
trash as unknown and salient image regions. It is shown that this is advantageous compared
to supervised pretrained models in scenarios where items of an unseen category appear. The
precision is inferior when it comes to known categories. Still, these strengths and weaknesses
would be suitable for a combined approach, where the proposed architecture serves as an
extension to a trained detection model to also point out unknown objects.

The architecture’s distraction branch builds on top of the knowledge of the pretrained vision
transformer to exclude regions associated with known non-waste categories, e.g., animals.
However, confusions caused by high class probabilities for non-litter categories, likely due to
the small image resolution, made it impossible to fulfill the branch’s purpose sufficiently. In
future work, the resolution of the images could be increased to reduce false predictions and
to create more precise segmentations for smaller or thinner objects. In addition, it is possible
to exchange the integrated pretrained model with little effort for newer versions, pretrained
on ground-related or larger datasets.

The evaluation is mostly based on the AUROC metric, which works without a threshold and
comes with the risk of overestimating the performance. In practical applications defining a
threshold would be necessary, which would require determining it based on the limited avail-
able data. In addition, the quantitative experiments are only conducted on one trash dataset.
Although this provides a realistic initial benchmark, the results might be biased by dataset-
specific properties, such as scene composition, object placement and size, or the represented
litter categories. Further evaluations on additional trash datasets would therefore be required
to assess the generality of the observed behavior.
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6.1.2 Fine-Tuned Pretrained Models

This section evaluates the approach that combines transfer learning with a parallel depth-
based processing pipeline. Parts of this section were previously published in [P5] and [P8],
and reported in [P7]. Training configurations and implementation details can be found in
Section A.2. Sorting batteries on a conveyor belt is chosen as the main example application
because it shows the need for additional depth information during inference. However, pro-
cessing depth is optional. Use cases for the approach without any depth perception, relying
only on transfer learning and data augmentation strategies, are presented in Section 6.2.

There is a lack of suitable datasets that cover all relevant categories in a common recycling sce-
nario. Therefore, a small set of domestic battery types was collected to create the basis of such a
dataset. Table 6.4 describes the contained items in detail, and Fig. 6.7a shows examples, except
for the large notebook lithium-ion batteries (LIBs). Due to the limited size of the dataset, the
train-test splits are unbalanced and quantitatively different across all categories. One of the
main priorities when creating this set was to collect batteries from many different brands for
a given type. The reason is that while the geometric dimensions are mostly standardized, the
visual appearance differs significantly, representing increased intra-class variability. The dis-
tinct categories AA and AAA form a pair with high inter-class similarity. When the manufacturer
is the same, the two categories only differ in form factor, and mostly only textual information
allows the category to be determined visually. Note that in this work, optical character recog-
nition is not used for inference, but it would be an interesting future research direction.

Table 6.4: Collection of batteries. Adapted from: [P5], ©2023 IEEE.

Battery #Models Train-Test Approximate
Category  (#Brands) Split Dimensions
AA 16 (12) 30%-70% | = 50mm, @14mm
AAA 9 (3) 44%-56% I = 45mm, @11mm
Coin Cell (S) 4 (4) 25%-75% @20mm
Coin Cell (L) 6 (6) 17%-83% @11mm
Camera 5(5) 60%-40% diverse
Notebook 3(1) 33%-67% diverse
(> camera bat.)
Sum: 43 battery models from 36 brands (16 for training, 27 for testing)

As a second step, training data is required for the transfer learning. The architectures used for
transfer learning are usually pretrained on COCO [28] or similar large-scale object detection
datasets with up to thousands or more samples per class. In contrast, subsequent fine-tuning
steps typically use only tens or hundreds of images. Still, creating this many images for each
category would require significant time and annotation effort, which motivates the use of the
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instance-based dataset augmentation strategies presented in Section 4.2. This reduces the ef-
fort because only a few images per item of a category are needed and can then be artificially
multiplied to reach the required scale. Depending on the expected background variability, a
certain number of background template images can be used as the starting point in the aug-
mentation process. Since the conveyor belt is a non-challenging scenario regarding distractive
features that might lead to false positives, a few empty images of the conveyor belt with the
most visible features are enough. On the conveyor belt used in the demonstrator, there is a
section where the ends of the belt are connected together. It is almost white and shows a zig-
zag pattern that is not otherwise visible. The augmentation procedure for this evaluation uses
one image of the described belt connection part and another of the normal surface as template
backgrounds. This conveyor surface can be seen in Figs. 6.7a and 6.7b.

(c) Stitched 3D point cloud

Figure 6.7: Example items (except notebook batteries), raw detections, and the stitched 3D point cloud. The raw
detections represent the input to the Information Fusion Module (IFM), and will be validated with
the dimensions extracted from the point cloud and the rules defined by the user. Figure (b) from
[P5], ©2025 IEEE, and (c) from [P7].

Some categories may not vary in appearance as much as others, e.g., coin cells in this sce-
nario, but they are still included to create balanced augmented training datasets. For the other
categories with higher variability, the category features cannot be significantly diversified
because only simple augmentation methods are applied, such as changes in brightness or con-
trast. While this mainly helps make the model more robust to changes in lighting conditions,
the true intra-class variability cannot be replicated with this procedure when only little data is
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available. Here, generative data augmentation methods that create entirely new samples can
help, but they require expertise and supervision and were not in the focus of this work.

To work around the under-represented intra-class variability without falling back on gener-
ative augmentation, the model is sufficiently familiarized with the unseen categories during
fine-tuning on the augmented dataset, without overfitting. The goal is to keep as much of the
generalization skills as possible intact. The rationale is that the model has developed and in-
herently possesses these generalization capabilities, which are also transferable to new unseen
categories. Instead, the boundaries of the generalization are coarsely adjusted by including
negative samples as background, such as screws and pens. However, the evaluation scenario
assumes that the batteries on the conveyor belt belong to one of the finite categories, so ef-
fectively avoiding false positives had less priority. In contrast, other scenarios presented in
Section 6.2 focus more on cluttered backgrounds with a higher risk of false positives. Regard-
ing the generalization skills, overfitting on the few available, slightly augmented samples can
be harmful and needs to be prevented. Normally, overfitting is detected when the performance
on the training dataset still increases while it decreases on the validation dataset. But to detect
overfitting reliably, larger training and validation datasets are required, otherwise there is a
lot of noise in the measurements. Therefore, during the experiment, overfitting is avoided by
choosing a small number of epochs, between 250 and 300, and a smaller learning rate. Fig-
ure 6.7b shows raw detections of the Mask R-CNN model fine-tuned on the augmented battery
dataset. In addition, the upper part of Table 6.5 lists quantitative results of a test run with a
subset of the battery collection (Table 6.4). Both show that the model seems slightly biased
toward Aa, or at least often confuses AAA batteries with their larger sister type. This cannot
be fixed with the false-positives-background strategy. Instead, the approach includes depth
information to increase robustness.

Table 6.5: Evaluation of the perception pipeline on the test dataset. Adapted from: [P5], ©2023 IEEE.

Predictions without Depth Fusion

Category #Models AA AAA CC CAM NB none
AA 14 93% - - - - 7%
AAA 5 80% 20% - - - -
Coin Cell (CC) 8 - - 100% - - -
Camera (CAM) 2 - - - - 100% -
Notebook (NB) 2 - - - - 100% -
Predictions with Depth Fusion

Category #Models AA AAA CC CAM NB none
AA 14 93% - - - - 7%
AAA 5 - 100% - - - -
Coin Cell (CC) 8 - - 100% - - -
Camera (CAM) 2 - - - 100% - -
Notebook (NB) 2 - - - - 100% -
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For depth-based perception, which extends the inference to a hybrid version, any depth sensor
can be used. In the demonstrator for battery sorting, a line-scanner served as the source of
one-dimensional scans that are stitched together based on the tracked position of the conveyor
belt, as can be seen in Fig. 6.7c. Using pixel-space dimensions instead of true geometric dimen-
sions might be robust enough and could replace costly depth sensors. However, to be robust
against camera position changes, which can lead to completely different pixel-level dimen-
sions, this is not an option. Table 6.6 describes the rules that take the geometric information
into account and serve as verification inside the Information Fusion Module (IFM, Section 4.2)
for the raw visual detections. With these rules active, the IFM can optimize the performance
on the small practical example scenario. The performance comparison for inference with and
without geometric rules is presented in Table 6.5. Creating rules before testing the operation
phase of the model is possible. Due to the flexible configuration of these rules, even at runtime,
they were created based on observations during the test phase in this experiment. This might
not be feasible in some scenarios. For the geometric dimensions used as decision thresholds
for verification, expert knowledge is needed. The operator also has to decide which geometric
properties the rules work on.

Table 6.6: Set of verification rules. Adapted from: [P5], ©2023 IEEE.

Visual Rule | Verification Corrected
Prediction ID Check Prediction
AA R-01 | (I < lpin an) AAA
AA R-02 | (I < Lyin ann) AA
AAA | R03 | (I> Ly an) AA
cc? R-04 | (I > Upyax, cc) | Camera Battery
NBP R-05 | (I <lpin np) | Camera Battery

acoin cell battery Pnotebook battery

Note that in other applications (Section 6.2), using depth information was not required, so
the optional depth processing branch and hybrid inference were turned off, relying fully on
the augmentation and fine-tuning techniques. These applications cover tasks where the true
intra-class variability is significantly smaller, so overfitting poses less of a risk than in the
battery scenario. Instead, background variability and the inclusion of clutter items in the data
augmentation procedure to reduce the risk of false positives were the measures used for robust
model preparation. The technical details of how this is integrated into the general fine-tuning-
based approach are described in Sections 4.2 and 6.2.

Conclusion

The multimodal perception pipeline shows that transfer learning can be supported by sen-
sor fusion for objects that have typical category-specific geometric dimensions. Enhancing
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a vision-based object detection model with depth sensing for verification and correction is
effective for the robotic scenario of sorting batteries and helped reduce the overall number
of false predictions. Although the data used for evaluation was rather small due to safety
requirements for storing batteries, the results can still serve as an initial reference point for
subsequent research.

The instance-based augmentation strategy is relatively easy to set up, does not require special
hardware, and empirically reduced the model’s overfitting on the limited training samples.
However, the conditions under which overfitting is sufficiently prevented and the generaliza-
tion capabilities of the fine-tuned model are not objectively determined in this evaluation, but
only estimated from the observed behavior in the experiments. With a larger battery dataset
and more extensive experimental repetitions, the effects of different augmentation methods
could be examined in more detail and the significance of the results could be increased. An-
other open direction would be a comparison of the generalization behavior of different object
detection models pretrained on the same dataset, e.g., COCO [28].

A known limitation is overgeneralization towards unseen categories. For instance, in the bat-
tery sorting application, pens and metal parts were used as common distractor items. One
solution proposed here is to include them as background images. However, this is only an op-
tion for items that are expected. Preventing confusions with unforeseeable objects that don’t
belong to any known category, e.g., arbitrary waste items found among returned household
batteries, remains an open challenge.
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6.1.3 Part-Based Few-Shot Recognition

In this section the fine-grained object recognition architecture presented in Section 4.3 is an-
alyzed and evaluated. Parts of this section were previously published in [P3] and build on a
supervised thesis [T6]. More information about implementation details can be found in Sec-
tion A.3. The architecture builds strongly on top of the feature representations provided by a
pretrained backbone. The quality of these representations is decisive for the performance of
the model’s inference. Therefore, different backbones are examined in the experiments. How-
ever, it is important to note that some components are especially optimized for ViT backbones,
e.g., the foreground estimation relies on them. The multi-layer prototypes are also developed
in coordination with the peculiarities of ViTs. This reliance is intentional, since ViTs have
demonstrated their suitability to be pretrained on large amounts of data, even without super-
vision, and outperform CNN-based counterparts on down-stream tasks [36, 40]. Nonetheless,
the architecture can still work with other backbones, e.g. by replacing the foreground seg-
mentation with an additional model for that subtask, but that is outside the focus of this work.

Figure 6.8 visualizes a qualitative example of a 5-way-5-shot fine-grained few-shot object
recognition task with the proposed architecture. The simplest inference variant works in 4
steps: foreground estimation, part separation, part similarity, and the final scoring. In the
following, the preceding preparation phase is described in detail. It starts with providing the
model with 5 images for each of the 5 classes, and only image-level labels are allowed and
available to the model.

During that preparation, the Support Vector Machine (SVM) integrated in the foreground es-
timation component was trained on the foreground estimation results of the attention rollout
algorithm [46] with respect to the class token. Attention rollout (Section 2.3.1) roughly seg-
ments the foreground but is too costly for online inference. With a trained linear SVM for
each of the 5 classes, the patches can then be quickly classified as class-specific foreground or
background during the operation phase.

In the preparation phase, the foreground patch descriptors for a given class and its 5 support
samples are clustered using K-Means to set up the part separation module. The descriptors
of one cluster are all assigned to that corresponding part, which is not necessarily a defined
subcomponent of the object like a handle or a battery pack, but still correlates with the struc-
ture of the object and is semantically consistent across related categories. For instance, the
wings of birds are perceived as being similar to the wings of planes. The model sees them
as the same part across similar classes. It is important to mention that the descriptors in this
step f; j € Fp always consist only of the output-layer features for each patch. Other facets
and other layers are specifically never used for this purpose, since the output tokens possess
the best understanding of object structure. The class-agnostic structural understanding of ob-
jects by vision transformers is analyzed in depth in [38]. Empirically, it became clear that the
number of clusters Np, which represent the parts, should not be too small, to avoid missing
fine-granularity, and not too large, to keep the comparison tractable. This parameter seems
to have a category-specific correlation. For the example in Fig. 6.8 from the CUB-200-2011
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Figure 6.8: Visualization of the inference pipeline of the proposed fine-grained object recognition architecture.
The shown task is a 5-way-5-shot task from the CUB-200-2011 dataset [26]. In (a) the foreground is
segmented, in (b) the semantic parts are separated, in (c) the part similarity with the trained classes
is estimated (note the figure only shows the similarities for the first query image input 0), and (d)
presents the final class score maps. On the diagonal of (d) the birds are clearly visible, demonstrating
that the similarities with the correct class are the highest and that the architecture also coarsely
localizes the objects within the query image. Copyright ©2024, IEEE [P3].

dataset [26], N, = 8 is used. The 8 cluster centers of foreground patch descriptors for each
class are normalized and serve as the weight matrix for the part separation component. The
part separation (part association) maps My, for each of the part cluster centers, also noted as
part prototypes, are depicted in the part separation step in Fig. 6.8b. The brighter the area, the
more it shares similarity with the corresponding part prototype that was determined during
the preparation phase for that class.

To be able to compare the parts during inference in the part similarity component, a SVM is
trained on the multi-layer descriptors f; ; € F of each cluster during the preparation phase,
since they include low-level features such as colors and textures, which are essential for a
fine-grained part comparison and separate this approach from others. The part-specific SVM
learns to classify descriptors in a binary setting, predicting a score for how likely the patch
belongs to that part. This also avoids running costly clustering methods during inference
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in the operation phase. The score maps of all these SVMs are element-wise multiplied with

the part separation maps from the previous step, obtaining My;,,,. This can be interpreted as

sim*
answering the question whether the structural part of the foreground object also looks like
the same structural part of the learned category. The part similarity box of Fig. 6.8c shows the
qualitative results for the first query image input 0. Only the part similarity modules for class 0

clearly show recognized parts, which is as expected for input 0.

Figure 6.8d shows the final score maps for all classes. These maps are accumulated and aver-
aged part scores (Eq. (4.6)) obtained in the previous steps, which result in a final class score
that is multiplied with the foreground estimation map from the first step. Each row represents
the results of the learned recognition model for the corresponding class. Each column repre-
sents the score maps of all recognition models for the corresponding query image. The missing
component that does the part reweighting is not active in the example, so all part similarities
are averaged without increasing or decreasing the relevance of a certain part. Later in this
section, an experiment is presented where the part reweighting is applied interactively.

Quantitative Results

The architecture is quantitatively evaluated on the CUB-200-2011 dataset [26], which is a com-
mon benchmark for fine-grained recognition models. It contains 200 bird species and 60 im-
ages are available for each species. To obtain a typical few-shot setup, only 5-way-5-shot
tasks are considered. In total, 32 of them are randomly sampled from the dataset once and
used for all CUB-related experiments. The tasks only include image-level labels, unless men-
tioned otherwise. This is required for classification settings. However, for some experiments
mask annotations are used to examine other aspects of the processing pipeline.

In Table 6.7, three backbones are evaluated: self-DlIstillation with NO labels (DINO) [36], its
successor DINOv2 (without registers) [40], and the frozen image encoder of Bootstrapping
Language-Image Pre-training v2 (BLIP-2) [44]. For each backbone, different ViT facets, such as
queries (Q), keys (K), values (V), layer tokens (T), and output tokens (O), serve as the source for
the multi-layer patch descriptors, which are concatenated to form the patch feature tensor F €
RPF_ Further, combinations of internal facets with the output tokens by simple concatenation
are also examined, e.g., queries from all layers together with the output tokens, denoted as
QO. The purpose of this experiment is to evaluate the suitability of different backbones and
patch feature grids for the task at hand, which is why mask labels are used here to replace the
foreground estimation step. Part reweighting is in equal mode, meaning that all parts have
the same weight and relevance. As can be seen in the table, among all facets the layer tokens
(T) perform best after the output tokens (O) for the DINO family. For BLIP-2 it is different
since the layer tokens and values (V) are in the last places. Combining the output tokens with
the facets leads to an improvement in almost all cases, except for TO using DINO. However,
the relative performance increase is only marginal with the BLIP-2 backbone. Note that the
training of the DINO backbones is conducted without supervision on images only, while the
pretraining of the image encoder of BLIP-2 uses multimodal vision-language data. Further, the

101



6 Evaluation

BLIP-2 image encoder is a significantly larger ViT than the one of the DINOv2 model variant
(Section A.3.1). This might explain why BLIP-2 is leading in almost every column.

Table 6.7: Model evaluation using different backbones and mask labels (average accuracy of 32 5-way-5-shot
tasks on CUB-200-2011 [26]). The single digits are the row-wise ranks. Differences in brackets or
with an arrow compare facet-specific performance with and without output tokens (O).

Backbone Q K \Y% T O 0]0) KO VO TO

DINO [36] 82.9 842 88.0 89.0 856 84.5(+16) 85.8(+1.6) 88.5(+0.5 88.4(-0.6)
9 8 4 1 6 712 513 212 312

DINOv2 [40] 80.6 79.8 87.4 97.2 97.6 97.2(+166) 93.6(+138) 96.6(+9.1) 97.6(+0.4)
8 9 7 4 1 315 613 512 113

BLIP-2 [44] 97.2 972 979 96.1 983 98.3(+11) 97.4(:02)0 98.2(+03) 96.6 (+0.6)
6 7 4 9 2 115 512 311 811

After testing different backbones, a comparison with the top-performing architecture PTMAP-
SF-SOT,, [132] is conducted. Table 6.8 compares the average accuracies on the 32 5-way-5-shot
tasks. For this experiment no mask labels are used, to ensure the typical few-shot image
classification setting. The proposed architecture uses DINOv2 as its backbone and creates the
image description matrix only from single facets. The foreground estimation falls back on
the attention rollout method adapted from [107] to obtain the estimated foreground maps.
It becomes noticeable that this directly harms the performance, except when using keys (K)
for the multi-layer image description matrix. While the drop is only slight for DINOv2-based
model variants, it is significant for BLIP-2-K. When compared directly with DINOv2-K, BLIP-
2-K is still marginally better, although comparing facets between models has to be interpreted
with care, since the roles of the facets seem to depend on various factors, for instance on the
training procedure. In Table 6.7 it is clear that the ranking of the single facets is different for
each model. Nevertheless, in the following experiments DINOv?2 is the main backbone, since
it offers a more efficient image feature extraction and no multimodal overhead.

Table 6.8: Average accuracy on 32 example tasks based on the CUB-200-2011 dataset [26]. Here no mask labels
were used, instead the proposed architecture estimates the foreground object using attention rollout
[107]. The resulting relative performance difference regarding Table 6.7 (mask annotations instead of
image-level labels) is in brackets. Adapted from: [P3], ©2024 IEEE.

Model 5-way 5-shot
PTMAP-SF-SOT [132] 97.12
PTMAP 93.99
DINOv2-Q (this work) 79.47  (-1.13)
DINOv2-K (this work) 80.03  (+0.25)
DINOv2-V (this work) 84.92 (25
DINOv2-T (this work) 96.93  (-0.25)
DINOv2-O (this work) 97.37 (-0.19)
BLIP-2-K (this work) 82.85 (1432
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Visual Concepts

The proposed architecture for fine-grained few-shot object recognition also provides an in-
teractive mode, where the operator can inspect the prototypes and even adjust them. In the
following, the interpretability methods that are used to provide this functionality are exam-
ined and validated. The core of these methods is the idea of concept banks adapted from [51],
based on concept activation vectors (CAVs) proposed by Kim et al. [50]. Concept Activation
Vectors (CAVs) aim at interpreting feature vectors in a human-friendly way. In other words,
they try to link user-defined visual concepts, such as yellow or dotted, with direction vectors in
the model’s embedding space. For this, subsets of the Broden dataset [128] serve as the source
of visual concepts. The dataset contains images representing semantic concepts annotated
with image-level labels. For this work the color and texture subsets are used. In [51] they use
a generative text-to-image model to obtain the desired concept-image pairs for arbitrary sets
of user-defined concepts, which is an alternative way that is not limited to the finite number
of concepts covered by a fixed dataset such as Broden.

For creating concept banks, one first needs to select the concepts that are relevant for the
task at hand. Together they form a so-called concept set. The backbone model then processes
the corresponding images assigned to the concepts. The underlying idea is that the extracted
feature vectors, also denoted as descriptors, represent the concepts in the model’s language.
Based on this data, CAVs can be obtained by training linear SVMs for each concept that are
able to split the descriptors into the ones that belong to the concept and those that do not. For
training, only descriptors of the current concept space are taken into account. The parameters
of a concept-specific SVM then represent the decision boundary for that concept, and the
vector orthogonal to that boundary is defined as the CAV.

To validate the method and the obtained CAVs for the different backbones, two concept spaces
are considered: one with 8 colors and another with 8 textures. Training and validation are con-
ducted on subsets of the Broden dataset. For complementary experiments the small clothing
dataset [133] is chosen, with the motivation to have more meaningful validation results when
using a different dataset. The classification accuracies of the linear concept predictors of the
color concept space on the Broden validation split are provided in Table 6.9, and the results
for the texture concept predictors are enclosed in Table A.5. The accuracies in each column
are averaged over 4 runs on different sampled training and validation splits. More details
can be found in Chapter A. For completeness, a DINO-trained ResNet50 with 23M parame-
ters provided by [36] is also included. It performs worse, but it is also the model with the
smallest number of parameters. Both DINO variants use the ViT-B model, which has around
85M parameters [36]. By far the most parameters are found in the BLIP-2 image encoder with
approximately 1B, using the default EVA-CLIP ViT-G architecture.

Supporting the idea that the proposed multilayer prototypes are beneficial for interpretable
approaches that operate on low-level features such as colors and textures, facet O always
performs worst across all backbones. Additionally, it can be observed that facets Q, K, and
V, often completely disregarded in other approaches, are usually better than facet T for the
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DINO ViTs. Interestingly, for the BLIP-2 vision encoder, facet T is almost on par with the
best-performing Q, while leaving the other facets K, V, and O behind. For the color concept
space predictors, it is also examined whether combinations of multi-layer prototypes with the
output tokens O are superior, but it can be clearly seen that for this task combining them leads
to a decrease in performance. Further, black, white, and RGB colors seem to be the easiest
prediction tasks across all backbone candidates, and pink the most difficult one. A confusion
matrix would be an interesting next step for a follow-up analysis on that observation. All in
all, there is no clear winner in the color concept space: the top 8 predictors are within a range
of less than 2 points. Similar observations are made for the texture concept space and can be
looked up in Section A.3.3.

To qualitatively validate the color CAVs, the small clothing dataset [133] images are sorted
based on the different concept activations. The concept-specific activation is calculated using
the mean of the top 20% patch-wise predictions for each image. Figure 6.9 shows the first three
and the last three images after sorting for three different color and texture concepts. Note that
each concept predictor is trained to predict the presence of a concept using all other concepts
as negative samples. So while the first three images seem to clearly reflect the concept, there
is no shared concept observable for the last three, except for the concepts black and striped,
which might be coincidence.

color: black texture: dotted

Figure 6.9: Sorting of the small clothing dataset [133] based on the mean of the top 20% values for each concept-
specific predictor. Green borders highlight the first three images and red the last three images. Figure

adapted from [T6].

color: black color: blue color: red color: orange color: orange
texture: flecked texture: striped texture: dotted texture: smeared texture: fibrous

Figure 6.10: Highest concept associations for each image within the color-based and the texture-based concept
space. Figure adapted from [P3], images part of the CUB-200-2011 dataset [26].
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Before conducting quantitative analysis of the concept vectors, Fig. 6.10 presents an example
task of the CUB-200-2011 dataset with the strongest concepts of the color and the texture
concept space across all part estimators of each class. It is noticeable that these concepts
are not necessarily the ones that first come to mind when looking at the images. Another
explanation for some of the strongest concepts is that, since these part estimators were trained
to distinguish those classes, they also focused on concepts for each class that are most unique
among this set of five. At least for some of the listed concepts this explanation seems valid.

a) Initial Detection

Figure 6.11: Qualitative results for an interactive teaching use case where the left power drill is to be recognized,
while the right one is a false positive, which should be assigned with as little confidence as possible.
Left power drill from [134]. Right power drill from [135]. Copyright ©2024, IEEE [P3].

Last but not least, a possible use case is presented in Fig. 6.11, where the CAVs are leveraged

in interactive interfaces and the operator can interact with the model to adjust its focus. The
model usually processes the support images and produces deterministic part estimators for a
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given task. Therefore, if the input data during the preparation phase is the same, the model
with its fixed inductive biases will always come to the same conclusions. The goal of the
interactive interfaces is to change that by exploiting CAVs to give the operator the possibility
to alter these conclusions in an interpretable way. This way the same data can still lead to
different model behavior, even though the input data is identical. In the presented example, the
model was trained on a certain power drill model. Subsequently, in Fig. 6.11 two query images
are presented to the proposed model, one from the correct class and one from another power
drill type as a negative example. One option would be to obtain a few images for this power
drill as well and include it as an additional class in the support set. However, for the qualitative
demonstration of the capabilities of the interactive interfaces, this is not considered. Instead,
the CAVs are used to modify the part similarity estimators to focus more on suitable concepts
from the color concept space that differentiate the two similar power drill types. In a first step
(b), the focus of all parts is increased for the concept orange and decreased for the concept
blue. This has a significant influence on the estimated part similarity and thus the final score.
In a second step (c), the part that aligns the most with the tip of the power drill is completely
ignored during inference, by setting its weight to 0 in the part-reweighting module of the
proposed architecture. Additionally, the weight of part 1, which mostly refers to the upper
body of the power drill, is doubled to fill the gap. This step further widens the gap between
the true query image and the false query image, making the model more robust at recognizing
the orange power drill in a scenario where the blue power drill might appear as well.

Conclusion

The proposed architecture combines common strategies for fine-grained few-shot recognition
with special capabilities of recent vision transformer backbones. While choosing prototyp-
ical learning and part-based recognition is not uncommon for such tasks, the class-agnostic
structural understanding of objects accessible by applying simple techniques on features from
pretrained ViTs enables new options for these types of approaches. Part-based labels are te-
dious to acquire, but with the mentioned inherent part-segmentation capabilities this step is
not necessary. Another rather unique approach are the multi-layer description tensors and
prototypes, used for part similarity estimation.

The proposed model shows competitive performance on the common fine-grained recogni-
tion benchmark CUB-200-2011 [26]. The results indicate that the architecture can exploit sub-
tle part-level differences between visually similar classes in a standard fine-grained few-shot
setting. However, the quantitative evaluation is limited by the relatively small number of CUB-
200-2011 tasks. The 32 sampled tasks give an initial indication of the achievable performance,
but evaluations with substantially more tasks would lead to more reliable average performance
values and a stronger comparison with related work. Furthermore, the experiments on CUB-
200-2011 are based on bird species and are therefore only indirectly representative of robotic
perception scenarios. More quantitative experiments on fine-grained robotics-related datasets
are required to assess how well the approach transfers to the intended application domain.
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In addition, the prototypes are examined for their interpretability, with the underlying moti-
vation to provide an optional interactive mode. This mode gives the operator the possibility to
assess the prototypes from a semantic perspective. A concept bank serves as the dictionary for
translating the part prototypes into the relevance of different visual concepts. This selection of
concepts needs to be chosen by the operator. Within this space, the interactive interfaces al-
low modifying the determined relevance for each of the parts. Based on the operator’s context
knowledge, the generalization behavior can be adjusted in a way that the focus of the model
better reflects the appearance of the intended target category. The empirical results on the
small clothing dataset indicate that the learned CAVs reflect semantic visual properties. Still,
this only verifies the semantic alignment empirically, while Kim et al. [50] suggest additional
statistical verification steps for CAVs, which are not applied here and should be considered
in future work.

Since the concept space only has a limited number of concepts, the focus can only be adjusted
relative to the concepts that are part of the space. This way, by increasing the relevance of one
concept, the relevance of other concepts is always influenced as well. While these changes are
measurable for concepts within the concept bank, they remain hidden for concepts that are
not part of it. Nevertheless, it provides a way to actively adjust and correct how the model per-
ceives and represents each category. The value of this is shown in an example use case, where
the recognition of a fine-grained category is made more robust by improving the alignment
of the part prototypes with its characteristic visual appearance. The interaction capabilities
are only examined qualitatively on selected scenarios, which underestimates the complexity
of realistic interaction processes and their various failure modes. To use these interfaces effec-
tively, suitable negative samples are important, which might not always be available. Another
limitation concerns the task setting itself: the current parallel class inference does not produce
calibrated prediction scores, which makes open-set recognition and the rejection of unknown
categories problematic. This limitation is not unique to the proposed architecture, since many
other few-shot image classification methods also assume a closed-set setting.
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6.1.4 Fine-Grained Few-Shot Detection

The previous evaluation section focused on the architecture for few-shot object recognition
with and without optional operator interaction. From a high-level point of view, this section
covers a similar concept but the task is object detection. This is a bit more challenging since
in this task the objects typically cover only a small area of the image. Additionally, they not
only need to be recognized but also localized. Compared to object recognition where there is
one object per image, in object detection many objects of multiple categories can be contained
in the same image.

The architecture subject to the following evaluation is presented in Section 4.4. Parts of this
section were previously published in [P2] and build on supervised theses [T4, T5]. The interac-
tive interfaces that are designed to enhance the model’s capabilities more towards fine-grained
detection are explained in Section 5.2. In the following, first, qualitative examinations of the
state-of-the-art Detect Everything Vision Transformer (DE-ViT) model [88] for few-shot ob-
ject detection without fine-tuning build the foundation. Second, the proposed approach is
evaluated on newly created small example datasets that take a deeper look at scenarios where
the inter-class similarity is high. In the same context the usefulness of the interactive interfaces
is assessed. Since they are optional and work on an additional level of prototype granularity,
they are not meant for generic detection benchmarks where the categories are rather coarse
with moderate inter-class similarity.

DE-ViT Weaknesses

The recently published DE-ViT model [88] (Section 3.1.3) for few-shot object detection only
requires a few samples. For this it leverages the DINOv2 vision transformer [40] as its feature
extractor and creates class prototypes based on them. This ViT backbone has been trained
without supervision and is able to perform competitively on image classification via a simple
k-NN algorithm on ImageNet-1k [40], which means that the embeddings inherently come with
a good visual understanding of diverse categories. DE-ViT compresses each category into a
single embedding vector which the detection head uses for class recognition and region re-
finement. The benefits are simplicity and good generalization even from a few samples. While
being useful for generic categories, this is a disadvantage in fine-grained scenarios when the
prototypes for two categories end up being very similar, leading to false detections (Fig. 6.12).
Objects that look similar but belong to a different application-specific category cannot reliably
be differentiated. The proposed architecture (Section 4.4) tries to mitigate this weakness by
including additional prototypes that store part-level features. Possible part-level characteris-
tics for the 4 categories that represent the created mini-tool-dataset are depicted in Fig. 6.13.
The number of additional characteristics used for part-level prototypes is arbitrary and can
also be zero. If no category has any part prototypes, the proposed architecture works exactly
like the original DE-ViT model.
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(b)

Figure 6.12: DE-ViT weaknesses regarding similar object categories. The bottom row are false positives due to
the items having a high class-level prototype similarity with the corresponding ones in the top row.
Copyright ©2025, IEEE [P2].

Quantitative Results

First, the proposed Detect Everything fine-grained Vision Transformer (DE-fine-ViT) model is
compared with the original DE-ViT model [88] on the mini-tool-dataset, specifically created
to initially examine the extended model capabilities. It consists of 4 different objects. Among
them are two pairs of similar objects. One pair is the same type of boxes except for one having
a small white label on its front. The other pair consists of two similarly structured hand-held
tools with backbone embeddings that have a high cosine similarity. The dataset comprises a
support set with 40 and a test set with 152 images with 253 mask annotations captured in a
workshop environment with little to no clutter. Further, the objects are always depicted from
the same side (60 degrees). For the support dataset all category-specific parts are annotated
on a pixel level. Note that the DE-ViT model does not process any part-level annotations.

In Table 6.10 the mean Average Precision (mAP) values are listed for both models, and in
Fig. 6.14 the part recognition for one of the categories is visualized. The parameter top-kg.; = 1
is identical for all variants, while top-kg,; is altered for the proposed DE-fine-ViT model. This
parameter only exists in the DE-fine-ViT model and controls the number of the most similar
categories estimated for a given region proposal that are forwarded and processed by the
Fine-grained Recognition Module (FRM). The module, described in Section 4.4, refines the
DE-ViT predictions based on the corresponding part-level prototypes. Combined with the
True Positives (TPs), False Positives (FPs), and False Negatives (FNs) metrics from Table 6.11
it becomes clear that if top-kg,; = 1 the mAP is slightly increased compared to DE-ViT due
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Red Box
w. Logo

Figure 6.13: The mini-tool-dataset used for initial experiments contains two similar pairs of categories. The
highlighted parts are used for evaluation of the interactive mode of DE-fine-ViT. Copyright ©2025,
IEEE [P2].

Figure 6.14: Visualization of the part-based refinement leading to the final prediction (a) based on the parts
logo (b) and barcode (c), highlighted in Fig. 6.13, recognized within the bounding box. Figure
adapted from [T5].

to the reduction of FP, whereas TP and FN remain identical. This makes sense, since the FRM
can only falsify the one category that it processes based on unrecognized parts. By setting
top-kp,; = 3 the mAP makes a larger jump. This allows the FRM to compare the top 3 most
similar categories for each region proposal, which lets it switch the final prediction to any of
them based on its part-based fine-grained similarity estimations. This not only reduces FP even
more, but also has a significant beneficial impact on TP and FN, boosting not only the overall
precision to 0.865 (1 0.194) but also the recall to 0.909 (1 0.166) compared to the DE-ViT model.

Table 6.10: Results on the mini-tool-dataset with 2x2 classes. Adapted from: [P2], ©2025 IEEE.

Model (for all top-kge; = 1) mAP@50:95 mAP@50 mAP@75

DE-ViT [88] 0.463 0.604 0.497
DE-fine-ViT top-kgo; = 1 [P2] 0.534 0.688 0.568
DE-fine-ViT top-kg,; = 3 [P2] 0.700 0.870 0.744

Motivated by these promising results, another dataset is created which completely focuses on
a fine-grained detection scenario using 5 different power drills in more challenging and real-
istic environments. The dataset has 30 support images per category and a test set containing
15 images with multiple objects in different workshop and outdoor environments with back-
grounds such as paving blocks, wooden plates, or concrete. There is little clutter on the test

111



6 Evaluation

Table 6.11: Predictions on the mini-tool-dataset with 2x2 classes. Adapted from: [P2], ©2025 IEEE.

Model (for all top-kg.; = 1) TPt FPV FNV
DE-ViT [88] 188 92 65

DE-fine-ViT top-kp,; = 1 [P2] 188 49 65
DE-fine-ViT top-kp,; = 3 [P2] 230 36 23

images but at least 3 objects of different categories per image. Some of the support images
include clutter such as tools (e.g., screwdrivers or brooms) and could extend the test set if the
number of shots used for evaluation is less than 30. For each category between 2 and 3 part-
level characteristics are labeled. All of them are listed in Table 6.12 and depicted in Fig. 6.15.

Table 6.12: Classes and parts of the fine-grained power drill dataset. Adapted from: [P2], ©2025 IEEE.

Class Parts

Drill 1 Chuck, Logo, Power Button
Drill 2 Depth Gauge, Handle

Drill 3 Handle, Logo, Switches
Drill 4 Chuck, Logo, Power Button
Drill 5 Chuck, Middle Part

Drill 2J* DrII #[Drill 4% WDrill 5]

’ ”

Figure 6.15: The categories of the fine-grained power drill dataset (Section A.4.3). The highlighted parts are used
for evaluation of the interactive mode of DE-fine-ViT. Copyright ©2025, IEEE [P2].

On this dataset the comparison between DE-ViT and the proposed DE-fine-ViT model is con-
tinued, with all mAP results presented in Table 6.13 and the precision and recall metrics in
Table 6.14. For a deeper understanding, different numbers of class-level support images and
part-level images are tested, as well as the comparison between one or two perspectives, i.e.
images, for each part-level characteristic. The different model preparation settings are given
in the following list:

o M1,,: DE-VIiT, top-ky4; = 1, 10 support images per class
« M2.y0p10-1: DE-fine-ViT (this work), top-kge; = 1, top-kgo; = 3, 10 support images per
class, 10 support images per class for part prototypes (1 perspective)

« M350 p10-1: DE-fine-ViT (this work), top-kge; = 1, top-kgo; = 3, 30 support images per
class, 10 support images per class for part prototypes (1 perspective)

« M43 1020 DE-fine-ViT (this work), top-kge; = 1, top-kgo; = 3, 30 support images per
class and 10 support images per class for part prototypes (2 perspectives)
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s M5, 1o rr: RISF [136], 10 support images per class (+ fine-tuning on support images)

» M6 30 rr: RISF [136], 30 support images per class (+ fine-tuning on support images)
With RISF [136] a few-shot object detection approach is included that is based on a fine-tuning
procedure using the support set. This shows that fine-tuning can offer superior performance,

but it comes with the cost of a more complex preparation phase, especially regarding time and
hardware requirements.

Table 6.13: Detection results on the fine-grained power drill dataset. Adapted from: [P2], ©2025 IEEE.

Prepared Model mAP@50:95 mAP@50 mAP@75
M1, (DE-ViT [88]) 0.246 0.345 0.304
M2¢10p101 ([P2]) 0.305 0.410 0.336
M3.30p10-1 ([P2]) 0.352 0.505 0.398
Mdg,p10-2 ((P2]) 0.397 0.586 0.465
M50 7 (RISF [136]) 0.674 0.883 0.772
M6.z0 1 (RISF [136]) 0.731 0.913 0.845

Table 6.14: Precision & recall on the fine-grained power drill dataset. Adapted from: [P2], ©2025 IEEE.

Prepared Model Precision@50 Recall@50 mAR@50:95
M1, (DE-ViT [88]) 0.465 0.541 0.383
M210p10-1 ([P2]) 0.569 0.541 0.429
M3,s0p101 ([P2]) 0.627 0.607 0.475
M 30,5102 ([P2]) 0.632 0.705 0.540

Table 6.13 shows that variant M2 of the proposed architecture represents an improvement
compared to the DE-ViT model. When working with a limited number of support images per
category with the DE-ViT model, the only parameters that can be adjusted to gain performance
are model hyperparameters such as top-ky., which, on the other hand, has a high influence
on computational demand [88] and can potentially hit the limits of available hardware on a
robotic system. There is no possibility to directly adjust the model or incorporate any of the
operator’s context knowledge. That is the motivation of the proposed DE-fine-ViT model:
provide interactive interfaces that can adjust the model’s task understanding to improve per-
formance and robustness, while still preserving the original capabilities of the DE-ViT model
by making these interfaces optional and operating on top of the original architecture. Instead
of relying on the automatic part discovery procedure (Section 4.4), the interfaces allow the
operator to directly point the model to the characteristic attributes of a category by labeling
them in the support set. Based on these annotations, the part-level prototypes are created
and are then used by the FRM. The variant M2 represents the minimal upgrade compared to
DE-ViT and, as can be seen in Table 6.13, improves its mAP performance on the fine-grained
power drill dataset. Further performance can be gained by using more image samples per cat-
egory with variant M3 or by making sure that the characteristic parts are visible from multiple
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perspectives in the annotated samples (M4). It is important to mention that the bounding box
of a prediction is not adjusted by the FRM. Thus, any improvements regarding the mAP come
from correcting false category predictions. The effects of these corrections on precision and
recall are listed in Table 6.14, supporting the observations that prototype multi-granularity,
with both category- and part-level prototypes, and increasing the number of samples are the
two main factors that can improve the fine-grained detection performance of the DE-fine-ViT
model. However, choosing the parts for each category is not trivial and needs to be done based
on feedback from the model. Example results are explained in the following.
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Figure 6.16: Similarity matrices for the mini-tool-dataset. (a) The matrix reveals two pairs of classes with strong
visual similarity. As the class prototypes are fixed, distinctions must be enabled through parts.
Similarity analysis of the part prototypes ((b); before vs. after) for the visually similar classes heat
gun and glue gun. The initial selection includes two visually similar logos (left). By replacing them,
a set of more distinctive parts can be obtained, for example by introducing the nozzle component
(right). Copyright ©2025, IEEE [P2].

Parts improve the fine-grained recognition capabilities of DE-fine-ViT, but they cannot be
chosen arbitrarily. There are certain requirements that need to be fulfilled. Therefore, the part
selection and annotation process is performed interactively based on feedback via similarity
visualizations of the ViT backbone. An alternative is the automatic part discovery method
described in Section 4.4. Since the descriptors of the backbone are used to determine the pro-
totypes for categories and for parts, the backbone’s perception needs to be taken into account.
In Fig. 6.16 the mini-tool-dataset, used for previous evaluation, is used as an example. If class
prototypes of two categories are too similar Fig. 6.16a, the FRM is essential to help prevent
confusions, but it needs part prototypes for that. If these part prototypes are too similar as
well, confusions cannot reliably be resolved. So while selecting and annotating parts, the op-
erator needs to be provided with the similarity matrices for class and part-level prototypes
(Fig. 6.16). In Fig. 6.16b on the left, the similarity matrix for the initial parts chosen by the
operator is shown. While the parts were perceived as different enough by the operator, they
are quite similar, in terms of cosine similarity, for the ViT backbone. This would lead to an
ineffective FRM. The operator then has the chance to change or add parts for the categories
to ensure a part-similarity matrix where all cosine similarity values are as small as possible.
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Note that category prototypes are fixed, so the matrix in Fig. 6.16a cannot be modified by any
user interaction.

Automatic Part Discovery

As an alternative to the part prototypes created from user annotations, a basic baseline method
for using the same architecture with automatically derived part prototypes (Section 4.4) is used
for comparison. For this it clusters the patches within a bounding box using k-medoids [126].
Each cluster center becomes a part candidate which is assessed based on three scores: recur-
rence in the class-specific support images, discriminativeness with respect to part candidates
of other similar classes, and spatial compactness of the corresponding cluster elements. To bet-
ter compare the user-defined and the automatically discovered prototypes, a setup was chosen
where the Region Proposal Network (RPN) and the detection head are replaced by simply us-
ing the ground-truth boxes, with a set of random predictions assigned including the correct
category, as input for the part-based re-evaluation module.

Table 6.15 shows the results of a direct comparison of part prototypes on ground-truth input
data, while the rest of the parameters and weights are completely identical. For the automatic
part discovery the configuration was set to Npayts = 4, Tpec = 0.55, Tgequp = 0.85, and N ypq =
6. So while the number of parts per class was equal or lower in the user-labeled variant,
the precision and recall were often superior to the automatically discovered part prototypes.
Interestingly, the recall of the user-annotated parts for drill_5 dropped, whereas the automatic
version was approximately twice as good. On the contrary, it was the other way around
for drill 4.

The advantage of an automatic discovery of parts is that it can be done without supervision,
only the class-level bounding box annotations for the objects are required. The disadvantage
is that the method does not have any context knowledge and solely assesses part candidates
based on the data available in the support set. Which parts are relevant for the category repre-
sented by the few samples can only be assumed by the model. The three scores for recurrence,
discriminativeness, and spatial compactness introduce the corresponding biases for part se-
lection. The method is not elaborate and could certainly be made more complex. However,
complexity cannot replace context knowledge that a human operator might have. A combi-
nation of both might be a suitable strategy for future research: the operator can freely define
parts but is assisted by the automatic part discovery. The method could suggest high-scoring
part candidates via a graphical user interface (GUI) to be chosen or declined by the operator,
similar to ProtoPDebug [106].

In a restricted grid search within the parameter space of the automatic part discovery, an
automatic configuration was found that decreased the number of false positives by around
50%, achieving a precision of 0.893 and a recall of 0.786, which surpasses the user-labeled part
prototypes. However, it used N, = 10 instead of 4 parts per class, and therefore more than
twice as many.
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Table 6.15: Best-case per-class precision and recall on the fine-grained power drill dataset (61 ground-truth
boxes, v2 annotations; Section A.4) using DE-fine-ViT’s re-evaluation module with top-kg,; and
ground-truth boxes as optimal predictions. Labeled uses the part prototypes created from user an-
notations, whereas Auto uses the automatic discovery procedure described in Section 4.4.

Labeled Auto A (Auto — Labeled)
Class TP/FP/FN  Precision Recall TP/FP/FN  Precision Recall APrec. ARec.
drill_ 1 12/9/1 0.571 0.923 10/2/3 0.833 0.769 +0.262 —0.154
drill_2 10/1/3 0.909 0.769 10/8/3 0.556 0.769 —0.354 0.000
drill_3 9/1/5 0.900 0.643 7/1/7 0.875 0.500 —0.025 -—-0.143
drill 4 10/4/0 0.714 1.000 2/2/8 0.500 0.200 —0.214 —-0.800
drill_5 3/0/8 1.000 0.273 6/2/5 0.750 0.545 —-0.250 +0.273

Mean 44/ 15/ 17 0.819 0.722 35/15/26 0.703 0.557 —0.116 —0.165

Multi-Layer Part Prototypes

In another experiment, it is examined how using multi-layer prototypes for the parts influences
the mAP performance of the interactive model variant M4 on the fine-grained power drill
dataset. The resulting mAP values for different depths of layers used for creating the part
prototypes are depicted in Fig. 6.17. While multi-layer prototypes proved to be effective for
the fine-grained recognition approach presented in Section 4.3 and evaluated in the previous
section (Section 6.1.3), it can be seen that only using the last layer, which is the same depth
used for class-level prototypes, performs best.

T T T T T T T T T T T T
061 —e— mAP@50
--0-- mAP@75
0.5 mAP@50:95
[ .
—o.
\\
% 04r e..... ... 1
g e,
0.3} _
0. ®-—o--a_
02 T @eanan ......,_.‘o——-o———o-”: Ny
LTI @ @ """
1 1 1 1 1 1 1 1 1 1 1 1

1 2 3 4 5 6 7 8 9 10 11 12

Nayers

Figure 6.17: Detection performance of variant M3 of the proposed DE-fine-ViT model while using the last 14 yer
layers for part prototypes. Interestingly the performance slightly increases when using all 12 layers,
indicating that the first layer (i.e., the 12th last layer) contains beneficial information. Copyright
©2025, IEEE [P2].

Conclusion

The presented approach extended the recently proposed DE-ViT model with multi-granular
prototypes. Instead of only having class prototypes that represent a category and are used
for classifying and regressing the region proposals, part-level prototypes are used to provide
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a category description on a finer level. While these part-level prototypes can be selected au-
tomatically, the architecture also provides optional interfaces so that the operator can select
characteristic parts of categories that cannot necessarily be inferred by the model due to the
limited available data samples. This prototype multi-granularity is optional. Without adding
part-level prototypes, the model behaves identically to the DE-ViT model. This means the
rather high level of generalization caused by the underlying DINO-features can be reduced
and adjusted to more specific subcategories. The experiments indicate that this can be benefi-
cial for fine-grained tool detection, especially when visually similar categories differ in small
but characteristic local regions. However, the options to do so are limited. Since the effec-
tiveness of the parts relies on their unique visual appearance, functional differences such as
different geometric shapes, for instance, are not feasible for refining target categories. The
parts need to have strong and measurable differences in their extracted features, which are di-
rectly used for representing them. This also makes the distance to the object and the resulting
object size in the image relevant. If the object is only represented by a small number of image
patches, the local characteristics of the part prototypes can vanish or become too weak for a
reliable re-evaluation. This is a strong limitation of the approach, since the perception of the
backbone cannot be altered. Another limitation is that the relative positional arrangement of
characteristic parts is currently not taken into account. However, since the same backbone
type is used as in the part-based fine-grained recognition pipeline evaluated in the previous
chapter, the structural information conveyed by the features could be used for at least coarsely
assigning a certain structural part to the visual part prototype.

During inference, the parts help with explaining the decision of the model and can be used
for downstream tasks, such as manipulating the object relative to the recognized parts. For
instance, in a practical use case the chosen part on the handle was used for determining a
pixel on the object which could be forwarded to a pixel-based grasp pipeline. The interac-
tive preparation and inspection steps therefore add a useful interface between the operator’s
task knowledge and the model’s prototype representation. At the same time, the quantitative
analysis of this interaction is still limited. The experiments mainly show that the interfaces
can support the intended workflow, but they do not yet provide a systematic measurement
of how interaction quality, selected parts, or user decisions influence the final detection per-
formance. Furthermore, the evaluation focuses on tool categories. This is suitable for the
intended robotic retrieval scenario and provides an initial application-oriented validation, but
only one object domain is examined quantitatively. Additional experiments with other tools
and further robotic-related objects are required to assess the significance and generality of the
observed improvements.
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6.2 Results in Research Applications

This section shows a selection of research applications where the proposed architectures and
methods were integrated. Note that it does not represent a thorough evaluation, but rather
presents qualitative results that give an informative view of different scenarios where the ar-
chitectures and methods have proven useful.

6.2.1 ROBDEKON

In the ROBDEKON" project the main focus was on decontamination scenarios with robots to
reduce risks for humans. Multiple institutes and companies were part of it. Two of the work
packages were relevant for this work. The first application was an emergency retrieval use
case for potentially hazardous objects. For the object categories only a few images existed and
the preparation time was assumed to be limited. A robot team collaborated to search for the
target objects in the field, locate them, and store them safely (Fig. 6.18). Here, the instance-
based data augmentation pipeline combined with the fine-tuning procedure from Section 4.2
was applied to quickly train the object detection model for the task at hand. Note that the
optional depth fusion was not active during the search phase since the scenario did not require
it. However, if there were multiple visually similar containers of hazardous objects of the same
type but with different sizes and contents, the hybrid inference with depth fusion would allow
the operator to quickly define rules based on the corresponding geometric dimensions. If the
model suffered from too many false positives in a new mission environment, this was quickly
resolved by adding images similar to the environment to the augmentation pipeline as hard
backgrounds, so that they were included more frequently in the updated augmented dataset
for the next fine-tuning. As can be seen in Fig. 6.19, together with the strategy of masking the
robot itself, the detection model successfully detected a mock-up hazardous item on its 360°
wide-angle camera without any false positives in a cluttered scene.

Figure 6.18: The mission environment is shown on the left. On the right, an image of the two mobile robots par-
ticipating in the mission is displayed, along with the mock container for hazardous objects (bottom
right). Image taken from [P8], licensed under CC BY 4.0.

! https://robdekon.de
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Figure 6.19: Qualitative example of the detection of a hazardous container on a wide-angle camera of the mobile
robot Husky. Although the environment is cluttered and contains many metal, cylindrical objects
there are no false positives. Image taken from [P8], licensed under CC BY 4.0.

In another use case a recycling demonstrator was developed where the augmentation and
depth fusion methods presented in Section 4.2 helped to create a robust battery sorting appli-
cation. This demonstrator was also used as the evaluation scenario for some of the experiments
presented in Section 6.1.2. More results and information about the ROBDEKON project can
be found in [P7].
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Figure 6.20: The battery sorting demonstrator used for evaluating the approach described in Section 4.2. On the
right, the full demonstrator is depicted consisting of a sensor bridge (covered by a black box), the
table with the integrated conveyor belt, the sorting boxes in the front and at the end of the conveyor
belt, and the robot arm with a magnetic gripper. On the left a closer view of the conveyor belt and
the robot arm is shown. The photo in the middle shows the sensor bridge with the industrial line
scanner (top) and the high-speed RGB camera (bottom). Images from [P7].
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6.2.2 ENRICH 2025

The ENRICH' hackathon is a competition at a nuclear plant in Austria that was never in op-
eration. The goal is to solve various tasks ranging from rescuing persons to closing valves,
either in autonomous or teleoperation mode. In the 2025 edition, the pipeline presented in
Section 4.2 for fine-tuning pretrained models in time-critical missions was applied for rapid
model preparation to detect orange hazard identification panels.
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Figure 6.21: Screenshot of the browser-based user interface developed for the i-SAMLR project. The depicted
panel allows the operator to see which categories are similar at the object level (left column), and
after selecting the top pair (glue gun vs. heat gun) the part-level similarities are listed as well,
together with example crops of the corresponding parts. A lower similarity increases robustness
by avoiding confusions. Note that there are several more panels, e.g., for assisted annotation of
objects and parts, or a scene overview where tasks for the robot can be commanded via speech.

6.2.3 i-SAMLR

The i-SAMLR project, financed by the Baden-Wiirttemberg Stiftung?, made the development
of large parts of the architectures presented in Sections 4.3 and 4.4 possible. The targeted
scenario was autonomous robots that assist outside of controlled environments with simple
retrieve-and-bring tasks, e.g., on construction sites. To ensure flexibility, it must be possible to
add objects to the perception system spontaneously during operation. The known categories
can then be referenced within these assistive tasks. Thus, the goal was to create methods
that enable training new objects online and on-site, and that are suitable for operators even

! https://enrich.european-robotics.eu
? https://www.bwstiftung.de
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6.2 Results in Research Applications

without any machine learning expertise. The final perception system is based on the DE-fine-
ViT model (Section 4.4), which enables adding generic categories quickly using only a few
samples, but also provides interfaces to guide the model towards characteristic features for a
more fine-grained differentiation of similar categories. With this, common tool categories can
be taught, such as power drill or screwdriver, but also fine-grained subcategories, e.g., only
toolboxes with a certain company sticker. To reduce the complexity of using the model, a
browser-based user interface (UI) was designed and connected with the application’s ROS 2
stack. In Fig. 6.21 a screenshot of the UI's panel for model analysis is depicted, where the
similarities of category and part prototypes are visualized.

121



6 Evaluation

6.3 Discussion

This section discusses the findings of the combined evaluation, mainly presented in Section 6.1,
with respect to the methods described in Chapters 4 and 5. The discussion relates the experi-
mental results to the three research questions introduced in Section 1.2 and assesses to what
extent the proposed approaches support robotic perception under constrained resources. It
also outlines the conditions under which these approaches are useful and where their limi-
tations remain.

It is common practice to pre-train perception models and then fine-tune them on a smaller,
task-specific dataset. The distinctive aspect of this work is the application of this principle
to robotic perception together with adaptations that either avoid changing the pretrained
backbone or restrict task-specific learning to lightweight components. For a more in-depth
methodological analysis, see the conclusions of the respective evaluation sections.

Regarding the first research question RQ1, the experimental results show that vision models
pretrained on general datasets can be adapted to specific object-related perception tasks using
different strategies. In some cases, these tasks differed significantly from those addressed dur-
ing pretraining. Across the evaluated architectures, preparation effort is reduced mainly by
avoiding extensive task-specific datasets. This is achieved explicitly through data augmenta-
tion methods and implicitly by exploiting depth information or the part-aware representations
already present in the backbones. These choices also reduce preparation time, since the de-
veloped architectures require only short fine-tuning phases and in some cases no fine-tuning
at all. They also lower the demand for hardware such as VRAM (video random access mem-
ory). VRAM becomes especially important when all parameters of large models are optimized
with gradient-based methods. In this work, however, usually only a few layers are optimized,
and some preparation steps require only forward passes through the models. These forward
passes typically need the same amount of VRAM as later inference. Fewer preparation steps
also tend to reduce the amount of machine learning experience required from the operator. A
precise quantification of user expertise was, however, not part of this work. Data and hard-
ware requirements are therefore reduced directly, while time and expertise are addressed only
indirectly.

An important observation is that the internal features of pretrained models are usually mean-
ingful enough to generalize to previously unseen object categories, even in domain-specific
scenarios such as waste or tool recognition. This supports the assumption that large-scale pre-
training, even without supervision, can produce transferable visual embeddings that remain
useful with only minor architectural additions. The evaluations also show, however, that this
benefit depends on whether the task-relevant differences are represented in these embeddings.

This dependency is central to the second research question RQ2. The evaluated architectures
covered both tasks with high intra-class variability and tasks with high inter-class similarity.
For high intra-class variability, the proposed approaches mainly relied on broad generalization
followed by mechanisms for reducing false positives, either through known false categories
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or through geometric shape analysis. This worked in the examined settings, but it should not
be interpreted as a general solution for all highly variable object categories. Many robotic
applications involve forms of variability for which neither expected distractor categories nor
simple geometric verification are available.

For high inter-class similarity, the proposed part-based recognition and multi-granular pro-
totype mechanisms showed that fine-grained distinctions are possible when the relevant dif-
ferences are visible to the pretrained backbone. At the same time, these results define an
important limit of the approach. The architectures can only use features that are encoded in
the model representation and can be addressed through the interfaces. These features usually
need to be simple and visually distinctive, such as a characteristic color or a salient object
part. Shape-based differences, e.g., a triangular sticker versus a circular one, are not always
represented distinctly enough by the model to support reliable differentiation. Furthermore,
text-based features such as logos or labels with discriminative text are not yet exploited for
fine-grained recognition, despite their promising potential.

In general, more data is helpful when it covers the variability of the categories more com-
pletely. The proposed approaches should therefore not be seen as replacements for fully
trained models when sufficient data, time, and hardware are available. Their role is to provide
suitable alternatives when data is scarce or when collecting and annotating larger amounts
for a specific robotics application on short notice would be too costly or time-consuming.

The third research question RQ3 addressed whether operator knowledge can improve task
alignment under such constraints. The two architectures that focus on fine-grained vision
tasks show why this is relevant. With limited data, it is often underspecified which features or
parts define the intended category. The VINTER model (Sections 4.3 and 5.1) relies on a part-
oriented inductive bias based on visual matching in its non-interactive mode. To incorporate
context knowledge, it also provides user interfaces for changing the reference prototypes of
each part. Similarly, the interactive interfaces of the DE-fine-ViT architecture (Section 5.2)
offer a way to adjust model behavior when the operator knows or anticipates which visual as-
pects are relevant for the task. This can improve task alignment without collecting additional
samples. The same mechanism also exposes a practical limitation. Images of expected false
positives are often needed to verify them and to counteract them effectively through the in-
terfaces. If such examples are not available, the category-specific generalization of the model
can only be validated roughly. Moreover, the evaluation does not yet quantify the required
user effort or the variability introduced by different operators. The results therefore show the
technical feasibility of interaction, but not yet its full usability or reproducibility in a broader
deployment setting.

Overall, the results support a positive answer to the first research question RQ1: pretrained
models can be integrated into new architectures using lightweight additional modules and
adapted for specific perception tasks. This is backed by evaluations on different robotic ap-
plications. For RQ2, the answer is more conditional. The experiments indicate that few-shot
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methods without extensive fine-tuning are more reliable for tasks with low intra-class variabil-
ity. For fine-grained settings with high inter-class similarity, success depends on the features
that separate the categories. If the pretrained backbone is sensitive to these features, as shown
with the DE-fine-ViT architecture (Section 4.4), fine-grained differentiation can be improved
through part-level prototypes. If the relevant distinction is not reflected strongly enough in
the backbone features, e.g., because it is too small, textual, or shape-based, the current ar-
chitectures cannot reliably compensate for this. For RQ3, the proposed interfaces provide
a technically viable means of integrating operator knowledge into fine-grained perception
tasks. They are less suitable for refining generic categories, since they mainly target part-level
attributes on a less abstract level, such as colors and textures. Overall, the evaluation supports
the use of pretrained backbones, lightweight adaptation, and interaction as complementary
tools for resource-constrained robotic perception, but only under task conditions where the
required visual evidence is present in the model representation and can therefore be inspected
or adjusted interactively with the proposed methods.
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This chapter concludes the research presented in this work. The different methods and ap-
proaches are summarized. The findings and contributions are discussed and assessed. Finally,
future research directions are motivated.

7.1 Summary

The overarching research objective of this work addresses a central challenge in robotic vi-
sual perception: enabling object-centric recognition in scenarios where large labeled datasets
are unavailable and extensive training procedures must be avoided. The developed methods
share the common strategy of leveraging the inherent capabilities of pretrained models with
frozen parameters for the tasks at hand. In addition, lightweight architectural extensions are
proposed for a diverse set of perception tasks, several of which operate with frozen back-
bones and require no fine-tuning. The range of tasks is characterized by different degrees of
intra-class variability and inter-class similarity (Section 3.1.1).

Starting with the repurposing of attention maps of pretrained vision transformers for object
segmentation, it was investigated whether pretrained models can be used directly, without
adjusting any parameters, for tasks they were not trained for: litter segmentation. Another
part of this work targets a comparable challenge with similarly high intra-class variability.
When data scarcity prevents the training samples from accurately capturing the true intra-
class variability, a transfer learning-based approach was proposed that additionally processes
depth data to avoid false positives caused by intended over-generalization, especially when vi-
sual features alone are not sufficient for category differentiation but geometric dimensions are.
Moving on to scenarios with high inter-class similarity, a recently uncovered semantic struc-
tural understanding of self-supervised feature extractors in the DINO family [36] was used in
a part-based object recognition pipeline. Analogously, multi-granularity feature-based pro-
totypes were employed in a few-shot object detection scenario, in which an existing, strong-
performing architecture [88] was extended with lightweight modules to acquire fine-grained
differentiation capabilities. Beyond this, a further chapter addressed the question of whether
interactive learning, also known as human-in-the-loop, is beneficial in such scenarios with
fine-grained tasks and similar categories. User interfaces were integrated into the proposed
architectures and preparation procedures. For instance, the idea of concept banks [51] as
translators between the human and the perception model was adapted. When data is limited
and the model’s inductive biases pick up spurious features, such interfaces facilitate corrective
feedback. Furthermore, a concept of shared responsibility between the model and the robotic
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operator was developed for selecting suitable characteristic features during the preparation
phase of the multi-granular object detection architecture mentioned above.

While the different approaches perform distinct visual tasks, such as segmentation, recogni-
tion, or detection, and target different applications, they provide insights into the challenging
conditions of high intra-class variability, high inter-class similarity, and data scarcity that
are relevant for developing next-generation models. Combining multiple of these specialized
capabilities could allow models to adapt more readily to the varying task demands encoun-
tered during deployment. This is an advantage for robotic applications, where missions can be
spontaneous or time-critical. Alongside the methodological contributions, a curated survey
of perception-related datasets relevant to robotic applications is provided in the appendix, in-
tended as a resource for evaluating few-shot perception methods on less commonly used data.

7.2 Conclusion

This work addressed the challenge of enabling object-centric visual perception for robotic
applications under constrained resources. With respect to the first research question, how
pretrained vision models can be adapted to specific tasks while reducing preparation require-
ments, the results of this dissertation demonstrate that direct reductions in data and compute
hardware, as well as indirect reductions in expertise and time, are achievable. Across multiple
perception tasks, including segmentation, recognition, and detection, pretrained models were
successfully repurposed without requiring extensive training. By leveraging frozen pretrained
models and their corresponding feature representations, the introduced lightweight adapta-
tion strategies, such as modular plain processing pipelines and part-based reasoning, reduce
the need for large-scale dataset creation and computationally demanding parameter optimiza-
tion. This confirms that pretrained models provide transferable visual understanding that can
be effectively exploited in robotic applications. At the same time, the results show that the
success of these approaches depends on the concrete conditions of the target task.

The second research question examined whether few-shot learning architectures can achieve
robust performance across varying levels of task granularity. Existing state-of-the-art few-
shot models are already effective in coarse-grained scenarios, where categories differ signif-
icantly in visual appearance and thus exhibit lower inter-class similarity. In these cases, the
feature embeddings provided by the pretrained models are sufficiently discriminative to enable
reliable recognition with only a few examples. As the level of granularity becomes finer, the
limitations of single-level representations from pretrained models become more evident. To
address this, the proposed methods introduce part-based and multi-granular representations
that enable the systems to focus on low-level and more discriminative features for the task at
hand. These extensions improve performance in fine-grained scenarios without fine-tuning
the underlying backbones. The findings suggest that while few-shot methods can be extended
to finer-grained levels, their effectiveness is bounded by the representational granularity of
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the underlying feature space. Fine-grained distinctions become difficult when concepts that
are distinct to humans are mapped to similar feature representations by the model.

The third research question focused on integrating operator knowledge through interactive
mechanisms to enhance task alignment without requiring additional data. The set of pre-
sented methods demonstrates that human interaction can be a valuable source of information
in data-scarce settings. By comprehensively presenting intermediate model representations
and enabling targeted adjustments, such as emphasizing relevant visual concepts or guiding
attention toward specific object parts, operators can directly influence the inference process.
This allows the system to interactively incorporate contextual user knowledge that cannot be
inferred solely from the limited training samples. The results indicate that such interaction can
lead to improvements, particularly in fine-grained tasks where purely data-driven approaches
suffer from underspecification or shortcut learning, although a systematic quantitative com-
parison against non-interactive baselines remains outstanding. However, the effectiveness
depends heavily on whether the underlying representation captures the visual distinctions re-
quired to separate the categories in the given task. While the proposed interfaces also aim
to minimize the required user expertise, empirical observations indicate that the interactive
preparation procedures are not yet intuitive enough and require operator training. It should
also be noted that the quantitative evaluation of the interactive procedures is limited in scope.
Broader user studies with more participants and tasks would be needed to establish the sta-
tistical significance of the observed benefits. Despite this, integrating operator knowledge is
a promising alternative to purely data-driven adaptation of perception models.

The contributions of this dissertation establish a framework for resource-efficient robotic per-
ception that combines the exploitation of pretrained models, lightweight modular model com-
ponents, and optional interactive refinement. The methods demonstrate that it is possible
to reduce dependence on data-intensive training pipelines, though not without trade-offs and
limitations. A combination of strong pretrained models, shallow task-specific modules, and op-
erator feedback can help meet the challenging constraints of real-world robotic applications,
as illustrated by the integration of the proposed methods into the research projects summa-
rized in Section 6.2. This is particularly relevant for scenarios involving rare objects, limited
onboard hardware capabilities, or time-critical mission preparation. At the same time, less
data and less training always impose trade-offs, as they restrict the degree of task specifica-
tion and model adaptability. The reliance on pretrained models and the representations they
produce introduces dependencies on their generalization capabilities. However, new back-
bones are constantly developed and published, and can substitute the current ones with little
effort across all architectures, potentially leading to direct performance gains.

In conclusion, this work demonstrates that practical visual perception for robotics can be
achieved with reduced resource requirements across diverse scenarios. The presented meth-
ods are intended to provide a starting point for subsequent research in the respective areas. A
detailed technical discussion of the findings is given in Section 6.3.
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7 Conclusion and Future Work

7.3 Perspectives for Further Research

The architectures and findings of this dissertation open promising directions for future re-
search in robotic perception. While the presented methods demonstrate several use cases in
which pretrained models and interactive mechanisms can reduce preparation requirements,
they also reveal limitations that need to be addressed to improve practical usability.

Future work could further investigate the integration of intermediate adaptation strategies,
such as parameter-efficient fine-tuning, that retain the efficiency of the proposed methods
while increasing flexibility and potentially robustness. In particular, approaches that selec-
tively adapt only small subsets of model parameters may provide a suitable compromise. How-
ever, replacing fine-tuning strategies with foundation models that offer broader contextual
knowledge and a stronger intuition for object categories appears more promising.

The integration of human interaction offers significant potential for further exploration. While
this work demonstrates how operator guidance can be beneficial in compensating for limited
data, the design of intuitive and scalable interfaces remains an open challenge. Future research
could aim to reduce the user’s cognitive load, for instance by automatically suggesting charac-
teristic attributes that guide users toward the most impactful interactions. Another promising
direction lies in generative models that iteratively explore the intended decision boundaries
by synthesizing edge-case samples.

A broader direction is to integrate the proposed strategies more tightly into a unified percep-
tion framework. For example, the part-based prototype functionality of the VINTER model
(Sections 4.3 and 5.1) could be used to extend the DE-fine-ViT model (Sections 4.4 and 5.2)
with a concept bank for color- or texture-related adjustments of the category prototypes. This
merging of modular components could be further supported by integrating and testing the
most recent backbone variants, e.g., DINOv3 [137] or the promising Perception Encoder [138].

Future work should also reconsider the region proposal stage used in many two-stage few-
shot detection pipelines. Region Proposal Networks (RPNs) are efficient, but their objectness
estimations are learned from the training distribution and can therefore be weak for novel,
highly specific objects or objects from completely different domains, such as underwater or
aerial scenarios [100]. This limitation is directly relevant for few-shot robotic detection, where
missed or imprecise proposals cannot be recovered by later prototype matching. Recent meth-
ods that combine class-agnostic segmentation with DINO-based feature matching point to an
alternative direction. For instance, the training-free reference-based instance segmentation
approach by Espinosa et al. [139] uses DINOv2 and SAM 2 correspondences to generate in-
stance masks from a small set of reference images. Such proposal mechanisms could be further
investigated as replacements for RPNs when the target objects are highly specific and insuf-
ficiently represented in the RPN’s training distribution. From a critical perspective, however,
segmentation foundation models such as SAM are not immune to distributional bias either.
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7.4 Lessons Learned

Although trained on substantially broader data than typical RPNs, they may equally under-
perform on unusual object categories. Thus, their advantage over RPNs in this regard remains
to be systematically characterized.

As onboard hardware and embedded Graphics Processing Units (GPUs) become increasingly
powerful, performing near-real-time inference with vision-language models (VLMs) locally on
the robot becomes more feasible. Recent open-concept segmentation models, such as SAM 3
proposed by Carion et al. [130], provide improved qualitative results and represent a promis-
ing intermediate solution. By allowing categories to be specified through complex textual de-
scriptions, they enable finer-grained distinctions than open-vocabulary detectors. However,
language alone is often not expressive enough to precisely describe objects or vision tasks to a
model. Instead, textual semantic task descriptions grounded with example images, combined
with a model that comprehends both domains, could lead to a powerful perception system.

7.4 Lessons Learned

A notable challenge during this work was the rapidly evolving landscape of vision models. The
continuous emergence of stronger architectures, particularly vision transformers and foun-
dation models, repeatedly shifted the baseline of what could be achieved without extensive
task-specific training. As a result, earlier design decisions had to be revisited because the un-
derlying capabilities of pretrained models had significantly improved. At the same time, this
is also an advantage of incorporating pretrained models, as newer versions can lead to per-
formance gains without changing any other components of the architectures. It was always
challenging to decide whether to commit to a particular backbone early on and complete first
versions of the architectures, or to directly examine and adapt to newly published models.

Regarding the software stack, while frameworks such as PyTorch' enable a degree of model
abstraction, significant differences nevertheless remained across implementations, evaluation
setups and metrics, as well as data and annotation formats. In addition, the often intri-
cate package dependencies of both pretrained backbones and state-of-the-art few-shot models
posed, at least initially, a recurring maintenance burden during development and evaluation.
Since many few-shot models adapt and build on previous ones, their implementations are of-
ten reused as well, which explains why outdated package dependencies tend to persist for
so long.

! https://pytorch.org
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Glossary

anchor box

attention mechanism

backbone

bounding box
contrastive learning
data augmentation

embedding

episode

few-shot learning

Predefined rectangular template used by some detectors to predict
bounding boxes via refinement offsets.

Neural-network operation that computes each output as an input-
dependent weighted combination of all input elements, enabling
models to capture long-range dependencies. Foundation of the
transformer architecture.

Pretrained feature-extraction network whose output features are
reused as input to task-specific heads.

Axis-aligned rectangle localizing an object in an image, defined by
two corners or by center, width, and height.

Self-supervised objective that pulls representations of related in-
puts together and pushes unrelated ones apart.

Synthetic enlargement of a training set via label-preserving trans-
formations such as cropping or flipping.

Dense numerical vector representing data in a learned feature
space where geometric proximity often reflects semantic simi-
larity.

One simulated few-shot task: a small labeled support set plus a

query set to predict.

Learning paradigm in which a model must generalise to new cat-
egories from very few labeled examples per category.

fine-grained recognition Recognition of categories that differ only in subtle visual details,

fine-tuning

interactive learning

e.g., bird species or product variants.

Further training of a pretrained model on a smaller, task-specific
dataset, typically with a reduced learning rate.

Setup in which a human operator provides feedback during prepa-
ration or inference to correct model behavior.
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Glossary

interpretability

meta-learning

prototype

query set

region proposal

Extent to which a model’s decisions can be understood by humans,
achieved through transparent design or post-hoc explanations.

Learning to learn: training across many small tasks so that the
model is prepared to adapt quickly to a new one.

Representative feature vector for a category or object part, typi-
cally the mean embedding of labeled examples.

class prototype Mean embedding of the support examples of one
category.

part prototype Mean embedding of one local part of objects of
a category.

Unlabeled examples that a model must classify or detect.

Candidate image region that may contain an object, generated in
the first stage of two-stage detectors.

self-supervised learning Learning representations without manual labels by deriving a su-

semantic segmentation

support set

transfer learning

transformer

zero-shot learning
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pervisory signal from the data itself.

Per-pixel category prediction without distinguishing individual
object instances.

Small set of labeled examples available to the model in a few-shot
task.

Reuse of a model’s learned representations on a new task, typically
by fine-tuning a pretrained backbone.

Neural-network architecture built around self-attention layers
that model dependencies across an entire input sequence in
parallel.

Recognition of categories for which no labeled training examples
were provided, often via text or attribute side information.



A Approach Supplements

This chapter provides additional implementation details and experiments that were not added
to the main sections to improve readability. Each architecture has its own section.

A.1 LiViT

This section provides supplements for the LiViT architecture presented in Section 4.1 and
evaluated in Section 6.1.1. The following briefly describes the implementation details for the
ViT-B backbone and the Mask R-CNN.

A.1.1 ViT-B Backbone.

The pretrained ViT-B is taken from the timm' library. Several sets of weights are available:

+ augreg2 (current timm default). Pretrain: ImageNet-21k (AugReg, v2). Finetune:
ImageNet-1k. Resolved alias: vit_base_patch16_224.augreg2_in21k_ft_inik.

« augreg?2 (explicit). Pretrain: ImageNet-21k (AugReg, v2). Finetune: ImageNet-1k.
Tag: vit_base_patchl6_224.augreg2_in21k_ft_inilk.

« augreg inlk-only. Pretrain: ImageNet-1k only (AugReg, no in21k). No separate
finetune. Tag: vit_base_patch16_224.augreg_inik.

+ Original Vision Transformer (ViT) paper (Dosovitskiy et al.). Pretrain:
ImageNet-21k. Finetune: ImageNet-1k. Tag: vit_base_patch16_224.orig_in21k_ft_inik.

Unless stated otherwise, the vit_base_patch16_224.augreg_inlk checkpoint is used. Thisis a ViT-
B/16 with a patch size of 16x16 and an input resolution of 224x224, pretrained on ImageNet-1k.
The checkpoint must be pinned explicitly, since the default vit_base_patch16_224 alias in timm
currently resolves to augreg2_in21k_ft_inlk.

The model weights can be obtained with the following Python code snippet:

+ augreg in1k-only:

timm.create_model("vit_base_patchl6_224.augreg_inlk", pretrained=True)

! https://pypi.org/project/timm/1.0.21
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A.1.2 Mask R-CNN

For training the Mask R-CNN [82] the Detectron2' framework was used. The training setup
is described in Table A.1.

Table A.1: Mask R-CNN training configuration using Detectron2.

Parameter Value

Backbone ResNet-50 + FPN

Pretrained weights COCO (mask_rcnn_R_50_FPN_3x.yaml)
Optimizer SGD (momentum 0.9, weight decay 1le—4)
Base learning rate le-3

LR schedule Constant (SOLVER.STEPS = [])

Batch size (IMS_PER_BATCH) 2

ROI head batch size 512

Input size 224x224

A.2 BatterySort

This section provides supplements for the transfer learning method presented in Section 4.2
and evaluated in Section 6.1.2. The following briefly describes the training parameters for the
Mask R-CNN. Details about the hardware and other technical information of the demonstrator
used for evaluation can also be found in [P5].

A.2.1 Mask R-CNN

As in Section A.1, the Mask R-CNN [82] was fine-tuned with the petectron2 framework. The
training setup is described in Table A.2.

Table A.2: Mask R-CNN training hyperparameters

Parameter Value

Base configuration mask_rcnn_R_50_FPN_3x.yaml

Pretrained weights COCoO

Number of classes (foreground) 5

Images per batch 2

Rol proposals per image 256

Base learning rate 2.5x 1074

Maximum iterations 900

Optimiser SGD (default, momentum 0.9, weight decay 10™4)
Train/val short-edge resize 800 px (default)

! https://github.com/facebookresearch/detectron2
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A.3 VINTER

This section provides supplements for the fine-grained few-shot recognition method presented
in Sections 4.3 and 5.1 and evaluated in Section 6.1.3. The following briefly describes the
implementation details for the different backbones.

A.3.1 Backbones

The two default configurations are summarized in Table A.3. Note that in this work BLIP-2
refers to the image encoder only, which is an EVA-CLIP-G/14 [45]. The library used to integrate
this encoder is LAVIS™.

Table A.3: Backbones used for patch-feature extraction.

DINOv2 BLIP-2 visual encoder
Library / hub torch.hub (facebookresearch/dinov2) LAVIS load_model_and_preprocess
Variant dinov2_vitb14 blip2_feature_extractor / pretrain
Patch size P 14 14
Input H X W 560 X 560 224 x 224
Patch grid H, X W, 40X 40 16 X 16
Embedding dim. D 768 1408
# layers 12 39
Heads Njeaqs 12 16
Head dim. dj 64 88

A.3.2 Lightweight Modules

The three trainable modules of the pipeline (Foreground Estimation, Part Separation, Part Sim-
ilarity) and the optional Part Reweighting are each implemented as a single torch.nn.Linear
layer whose parameters are fit offline on the cached patch-feature dataset and then frozen.
Their setup is summarized in Table A.4.

A.3.3 Concept Activation Vectors

This section extends the examination of the concept activation vectors that form the basis for
the interactive interfaces of the architecture presented in Section 5.1 and evaluated in Sec-
tion 6.1.3. Table A.5 provides the complementary texture concept set for the color concept set
already analyzed and presented in Table 6.9.

! https://github.com/salesforce/LAVIS
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Table A.4: Lightweight modules of the VINTER pipeline for fine-grained recognition.

Foreground Part Separation Part Similarity
Output map Mg, M.t M
Deployed as linear layer linear layer linear layer
Training linear SVM K-Means — centers per-part linear SVM
Library sklearn.svm.SVR / SVMIrainer sklearn.cluster.KMeans SVMIrainer
Input fi; € RDF last-block f; ; € RCo fi; € RP or RPF=Co
Output dim. 1 N, b
Optimizer SGD, mom. 0.9 k-means++ init SGD, mom. 0.9
Batch size 64 patches full dataset 64 patches
Epochs 512 (best-loss kept) n_init="auto" 512 (best-loss kept)
Bias by, €R 0 b, € RN»
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A.4 DE-fine-ViT

This section provides supplements for DE-fine-ViT, presented in Sections 4.4 and 5.2 and eval-
uated in Section 6.1.4. The implementation details in Table A.6 cover the default setup of the
underlying DE-ViT detector and the additional DE-fine-ViT parameters.

A.4.1 DE-ViT Configuration

DE-fine-ViT extends the implementation of DE-ViT [127] with the Fine-grained Recognition
Module (FRM). DE-VIiT itself is built on top of the Detectron2 framework. For DE-fine-ViT
the upstream DE-ViT config files [127] were adapted and extended where needed. The de-
fault parameters are listed in Table A.6. Evaluation experiments frequently deviate from these
defaults. The overlapping_mode has been adopted from [127]. However, it was only activated
during operation in robotic applications and disabled for evaluation.

Table A.6: DE-fine-ViT parameters and Detectron2 configuration.

Parameter Default Description

Inference / FRM

threshold 0.45 Teonf ON DE-VIT scores
topk_det 1 top-Kget (cfg.DE. TOPK)

topk_roi 3 top-Kpor

overlapping_mode True NMS + same-class filter
Detector / weights

config_file open-vocabulary/lvis/vitb.yaml DE-ViT / Detectron2 config
rpn_config_file RPN/mask_rcnn_R_50_FPN_1x.yaml offline RPN

model_path vitb_0059999.pth DE-ViT checkpoint

dino_model name dinov2 vitb14 backbone

Detectron2 overrides

cfg.MODEL.MASK_ON  False disables mask head (detection only)
cfg.DE.OUT_INDICES [11] last layer used for ViT features

A.4.2 Incremental Class Addition

Adding a new class does not retrain the detector. The labeled images are integrated into the
support set, and the class and part prototypes are recomputed from the new images with the
same frozen DINOv2 backbone. The remaining support set features and prototypes are cached
on disk. The DE-VIiT checkpoint is unchanged, so only the new prototype tensors need to be
swapped in, which leads to updates on the order of seconds.

A.4.3 Fine-Grained Power Drill Dataset

This dataset was created as part of a supervised thesis [T4] and represents a typical scenario
for assistive robots on a construction site. For instance, the robot’s mission could be to bring
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all drill_2 objects to the truck parked in front of the building. Such robotic scenarios were the
subject of the i-SAMLR project (Section 6.2).

Two versions of annotations exist for this dataset. The recently updated version v2 provides
bounding boxes that exclude corresponding drill cables more strictly. If not mentioned oth-
erwise, vl is used.

annotations v K [ annotations v1
7 771 annotations v2

(a) (b)

Figure A.1: Two samples from the test split of the fine-grained power drill dataset used in Section 6.1.4. In the
top right region of (b), a larger portion of the drill’s cable is included in the bounding box of the
corresponding v1 annotation compared to the v2 counterpart.
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B Datasets for Vision Applications in Robotics

For this work, a range of datasets have been reviewed. The collection has been published as
a public repository on GitHub™.

The list of datasets covers a wide range of domains and applications, and might serve as a
starting point for others when setting up their robot perception, e.g., by retrieving annotated
data for relevant object categories. Rather than reporting all details in depth, it offers a brief
overview so readers can quickly assess whether a dataset might be useful.

In the context of this dissertation, the datasets that could be useful for future few-shot per-
ception research are marked as well.

! https://github.com/philipsgithub/awesome-robot-vision-datasets
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