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Abstract

This thesis explores the development of a self-supervised robotic framework for replicating
human pouring tasks. The framework was implemented using CLIP-DINOiser [82] for
object segmentation and minimal enclosing cylinders for geometric abstraction. The
framework combines these methods with insights from a comprehensive literature review
to enable a robot to learn and execute pouring motions with precision.

The improved framework was designed to capture and replicate demonstration trajec-
tories, employing connected components analysis and advanced alignment techniques
to ensure accurate motion replication. A human demonstration was used to validate the
system’s ability to pour materials, successfully showcasing the transfer of objects between
containers.

This work contributes to the field of robotic learning by demonstrating a novel integration
of vision—based and geometric techniques for dynamic task execution.




Zusammenfassung

Diese Arbeit untersucht die Entwicklung eines selbstiiberwachten robotischen Frameworks
zur Nachbildung menschlicher Eingieaufgaben. Das Framework wurde unter Verwen-
dung von CLIP-DINOiser [82] fiir die Objekterkennung und minimalen einschlief3enden
Zylindern fiir die geometrische Abstraktion implementiert. Es kombiniert diese Methoden
mit Erkenntnissen aus einer umfassenden Literaturrecherche, um einem Roboter praizises
Lernen und die Ausfiihrung von Eingielbewegungen zu ermoglichen.

Das verbesserte Framework wurde entwickelt, um Demonstrationsbewegungen zu er-
fassen und nachzubilden, wobei eine Analyse zusammenhadngender Komponenten und
fortgeschrittene Ausrichtungstechniken angewandt wurden, um eine exakte Bewegungs-
wiedergabe sicherzustellen. Eine menschliche Demonstration wurde genutzt, um die
Fahigkeit des Systems zur Materialiibertragung zu validieren, und zeigte dabei erfolgreich
das Einschiitten von Objekten zwischen Behdltern.

Diese Arbeit leistet einen Beitrag zum Bereich des robotischen Lernens, indem sie eine
neuartige Integration von visuellen und geometrischen Techniken fiir die Ausfiithrung
dynamischer Aufgaben demonstriert.




Contents
1 Introduction 2
2 Motivation 3
3 Literature Review 4
3.1 Liquid . . . . . e e 5
3.2 Motion Planning . . . . . . ... ... e 9
3.3 Metrics . . . . . o e e e e e e e e 13
4 Theoretical Foundations 16
4.1 Connected Components Labeling . . ... ... ... ............ 17
4.2 Machine Learning Methods . . . . . . ... ... ... ... ........ 20
4.3 K-Means . . . . . . . . o e e e e e e 21
4.4 PCA . 22
4.5 Projection and Back-Projection in Camera Models . . . . . . ... ... .. 23
4.6 DINO . . . . . e e e e e e e e 25
4.7 DINOBOt . . . . . it i e e e e e e e e e e e e e e e e e e 25
4.8 CLIP . . . .t e e e e e e e 27
4.9 Minimal Enclosing Cylinder . . . .. ... ... ... ... ........ 30
5 Baseline Implementation: Using DINOBot 32
5.1 SemanticRetrieval . . . . ... ... .. ... ... e 32
5.2 Spatial Alignment . . . . . . . . . ... e e e e e e e 32
5.3 TrajectoryReplay . . . . . . . . . . e e 33
6 Improved Robotic Framework: Using CLIP-DINOiser and Geometric Abstraction 34
6.1 EXtraction . . . . . . . . . it i e e e e e e e 34
6.2 Alignment . . . . . . ..o e e e e 37

6.3 EXeCution . . . . . . . o v v i i e e e e e e e e 37




7 Experimental Results 39
8 Discussion 42

9 Outlook 43




1 Introduction

Pouring is a fundamental but challenging task with applications in cooking, industrial
automation, and healthcare. The goal of this thesis is to better understand what the current
state—of-the—art algorithms for robot pouring do and to further explore self-supervised
learning from video demonstrations as a novel approach to teach robots how to pour
autonomously.

The aim is to enable robots not only to replicate pouring motions but also to understand
the underlying physics, allowing them to adapt to varying conditions such as container
shapes, liquid viscosities, and environmental factors.




2 Motivation

The field of robotics is rapidly evolving, with a growing emphasis on developing systems
that can operate autonomously in diverse and dynamic environments. One critical chal-
lenge lies in enabling robots to perform complex tasks with minimal human intervention
or explicit programming. Traditional approaches often rely heavily on detailed models
of the task environment, which are not only time-consuming and resource—intensive to
develop but also limit the robot’s ability to adapt to new situations.

Self-supervised learning presents a compelling alternative. By allowing robots to learn
directly from their interactions with the environment, this paradigm leverages inherent
feedback mechanisms to build abstract representations of tasks. These representations
enable robots to achieve a higher degree of generalization, making them capable of
performing a wide range of activities beyond the initial scope of their training. For
instance, in the context of robotic pouring, a self-supervised system can autonomously
learn the nuances of liquid dynamics, container alignment, and flow control without
requiring explicit models or predefined labels.

The ability to generalize self-supervised learning techniques to other tasks is equally
transformative. A system trained for pouring can adapt its learned abstractions to related
tasks, such as transferring, mixing, or distributing materials, showcasing the versatility of
the approach. Moreover, eliminating the need for precise task modeling not only reduces
development complexity but also makes robotic solutions more scalable and accessible
across various domains.

By focusing on self-supervised robotic pouring, this research aims to demonstrate the
power of self-supervised tasks in fostering abstraction, adaptability, and scalability in
robotic systems. This approach paves the way for a new generation of robots capable of
performing intricate tasks with greater autonomy and efficiency, contributing significantly
to the advancement of intelligent robotics.




3 Literature Review
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This literature review explores the ad-
vancements and challenges in robotic
pouring systems, synthesizing the find-
ings of 39 scholarly articles published
between 2003 and 2024. The reviewed
papers were sourced from reputable
databases including Google Scholar,
arXiv, and IEEE Xplore, using the search
phrase "robot pouring". The body of
work spans over two decades, reflecting
the evolution of robotic pouring tech-
niques, algorithms, and applications in
various domains.

In this literature review, only papers
published in prominent robotics and au-
tomation conferences, namely TRO, RAL,
ICRA, IROS, Humanoids, HRI, and CDC,
were considered to ensure a comprehen-
sive and high-quality analysis of relevant
research.

The reviewed papers can be broadly cate-
gorized into three main groups: liquids,
focusing on the detection and analysis of
liquids in robotic pouring tasks; motion,
addressing the generation of motion for

Figure 3.1: A higher intensity of the text panels pouring; and metrics, examining the
provides an indication of a higher evaluation criteria and metrics utilized
number of reviewed papers address- in the reviewed studies.

ing the given topics.




3.1 Liquid

Liquid modeling and liquid detection, while both centered on the analysis and under-
standing of liquids, serve distinct purposes: liquid modeling involves the theoretical or
computational representation of liquid properties and behaviors, whereas liquid detection
focuses on identifying the presence of a liquid. The reviewed papers were categorized
into these distinct subcategories to better understand the scope and focus of the existing
research.

3.1.1 Liquid/Fluid/Partical Modeling

In the article from Tuomainen, Blanco-Mulero, and Kyrki [76], they suggest modeling the
dynamics of the material’s interaction with rigid bodies that manipulate it using a graph—
based representation. They represent the particle interactions through message—passing
using a graph neural network (GNN). They suggest minimizing the Wasserstein distance
between a predicted granular particle distribution and their intended configuration to
plan manipulation routes. They show that in both simulated and real-world situations,
the suggested technique can flow granular materials into the required configuration.
The work of Matl et al. [49] describes a framework that uses real-world depth images of
granular formations to deduce material properties, automatically calibrating a fast physics
simulator to properly model granular materials. Using likelihood—free Bayesian inference,
coefficients of sliding friction, rolling friction, and restitution of grains are computed using
grain formation summary data.

In the work from Pan and Manocha [60], they introduce a new motion planning method
for pouring a liquid body from a source to a target container. They employ a neural
network to infer a set of important liquid-related characteristics from the observation of
the current liquid configuration in order to handle liquid dynamics without the need for
fluid simulations. They use stochastic optimization in a problem—specific search space to
create a dataset of successful pouring samples in order to train the neural network.

In the letter from Wu and Chirikjian [80], they suggest a new way for robots to use
physical simulations to "imagine" the open containability affordance of an item that hasn’t
been seen before. The robot uses an RGB-D camera to scan the object on its own. In
order to quantify the open containability affordance, the scanned 3D model is utilized
to physically simulate the dropping of particles onto an item and count the number of
particles that are held in it.

Recurrent neural networks (RNNs) are used in the study of Chen, Huang, and Sun [11]




to predict water dynamics, allowing MPC to be used for pouring control.

The study by Dong et al. [20] proposes two approaches for controlling the motion of
a service robot in pouring liquid from an unknown container into another unknown
container without external tools. One of the approaches calculates the volume using the
relation between the container’s angle and volume.

PourNet from Babaians et al. [3] uses an Position Based Dynamics framework, to simulate
the fluid [47].

The paper written by Matl, Matthew, and Bajcsy [48] proposes a method for robotic
liquid pouring using haptic sensing. The robot moves a container through tilting motions,
observing the shifting center of mass. This data is then analyzed using a physics—based
model to estimate the liquid’s mass and volume.

Do, Gordillo, and Burgard [18] use PreonLab to simulate fluids, a state—of-the-art fluid
simulator developed by FIFTY2 [1].

The paper by Lopez-Guevara et al. [46] models liquid behavior by capturing real-world
liquid flow data and training deep neural networks, specifically using Long Short-Term
Memory (LSTM) units, to predict the dynamics of liquid drops on solid surfaces.

In the paper of Yamaguchi and Atkeson [86], 3D liquid flow is reconstructed from a stereo
camera to learn dynamical models of liquid flow.

3.1.2 Liquid Detection

The authors Hanson et al. [27] describe a sensing method in their article that allows
robots to identify the type of liquid present in an unfamiliar container. To accomplish
this, they include Visible to Near Infrared (VNIR) reflectance spectroscopy into the end
effector of a robot. They present a hierarchical model that uses spectral observations from
two integrated spectrometers to infer the material classes of both containers and inside
contents.

Liang et al. [43] address the difficult perception issue in robotic pouring. In order to
forecast the liquid height from the audio fragment during the robotic pouring task, they
suggest using audio vibration detecting and creating a deep neural network called Pour-
ingNet.

In the paper written by Kennedy et al. [37], a technique is being described to automatically
dispense a precise volume of fluid without the use of precision pouring tools by utilizing
solely visual feedback. The authors demonstrate a methodical technique with a hybrid
control scheme that can withstand irregular flow and the starting volume of fluid in the
pouring container.




By developing a new probabilistic blood flow detection algorithm and a trajectory gener-
ating technique that directs autonomous suction instruments towards blood pooling, the
authors Richter et al. [68] provide the first automated hemostasis solution.

Weight and eyesight are combined in the work of Kennedy et al. [36] to detect the fluid
in the clear receiving container.

Takahashi and Yonekura [74] present a technique for annotating segmentation masks
with invisible markers for object manipulation is presented.

In their study, the authors Do, Schubert, and Burgard [19] provide a new probabilistic
method for utilizing an RGB-D camera to estimate the fill-level of a liquid in a cup.

In [9], the authors provide a multi-sensory pouring dataset that includes two multi—
sensory networks that estimate pouring rate and pouring average height, as well as human
pouring demonstrations of different granular material.

A new segmentation pipeline that can separate transparent liquids, like water, from an
RGB image is proposed by the authors Narasimhan et al. [53]. They employ a generative
model that, when trained solely on an unpaired dataset of colored and transparent liquid
images, can convert photos of colored liquids into artificially created transparent liquid
images.

The study by Wilson, Sterling, and Lin [78] introduces audio-based and audio—augmented
techniques using multimodal convolutional neural networks (CNNs) to estimate poured
weight, detect overflow, and classify liquid and target containers. The audio-based net-
work uses raw audio from a pouring sequence, while the audio—augmented network uses
video images. This is the first use of audio-visual neural networks.

In the study of Liang et al. [44] a multimodal pouring network (MP-Net) is proposed for
accurate liquid height estimation in pouring tasks for service robots. The network uses
audition and haptics input and is trained on a self-collected dataset. It is robust against
noise and changes to the task and environment, and can estimate the shape of the target
container by combining predicted height and force data.

The study of Dong et al. [20] proposes two approaches for controlling the motion of a ser-
vice robot in pouring liquid from an unknown container into another unknown container
without external tools. One of those methods calculates the poured volume using a model
of the target container and the height of liquid.

The study of Piacenza, Lee, and Isler [63] focuses on the use of service robots for pouring
water, focusing on their ability to perform this task without environmental instrumentation.
The robot uses a simple PID controller, joint torque sensors, and tactile sensors at the
fingertips. The robot can accurately pour within 10 ml of the target on average, while
being robust enough to pour at different locations and with different grasps.

Schenck and Fox [70] propose both a model based and a model free method utilizing
deep learning for estimating the volume of liquid in a container.




Pourlt [45] trains a binary classification model to distinguish the presence of liquid using
image-level labels.




3.2 Motion Planning

This section of the literature review focuses on motion planning in robotic pouring, with
the reviewed papers categorized into three approaches: model free, model based, and
hybrid controllers. Notably, the majority of controllers in this domain appear to adopt a
hybrid approach, combining elements of both model free and model based methods to
achieve effective pouring strategies.

Motion Planning

Model Free (learning) /’\ Model Based

Mixture (hybrid)

Figure 3.2: The reviewed papers were categorized into model free, model based and
hybrid methods.

3.2.1 Model Based

The drop of particles in the target container is physically modeled in the publication of Wu
and Chirikjian [80]. To achieve the ideal pouring position and orientation in the actual
world, the robot uses physical simulations to picture pouring into the object.

In addition to calculating the volumetric flow rate, Kennedy et al. [36] estimate the
maximum containable volume profile for a given angle and the fluid’s time delay out of the
container in their work. The intended volumetric flow rate is prescribed by a trapezoidal
trajectory generation algorithm as a function of the estimation accuracy. Next, volumetric
error decreases using a hybrid control technique, in which the container’s angular velocity
serves as the control output.

Dong et al. [20] offer two analytical methods. The target container is the main focus of
Method 1. The action control makes use of a proportional derivative (PD) controller, which
employs the poured volume as a control variable and the pouring container’s angular
speed as a process variable. The pouring container is the focus of Method 2. With just a
proportional controller (P) that uses the rotation angle of the goal volume as a control
variable and the angular speed of the pouring container as a process variable, Method 2’s
controller is straightforward.




3.2.2 Model Free

A method for creating pouring trajectories by learning from human subjects pouring
motions is proposed by Huang and Sun [33]. The method determines the future pouring
velocity by using force feedback from the cup.

A self-supervised method is used by Sermanet et al. [72] to learn robotic behaviors and
representations solely from unlabeled videos taken from various angles. They use a metric
learning loss to train their representations, which attracts numerous contemporaneous
viewpoints of the same observation in the embedding space while rejecting temporal
neighbors that are frequently functionally different but visually identical.

A neural network architecture is proposed by Urain, Tateo, and Peters [77] to train SVF
on Lie Groups.

Time—Contrastive Networks (TCN) that learn from visual observations are extended by
Dwibedi et al. [22] by jointly embedding multiple frames in the embedding space rather
than a single frame. With just the learned embeddings as input, this self-supervised
reinforcement learning technique uses algorithms such as Proximal Policy Optimization
(PPO) to build continuous control policies.

3.2.3 Hybrid

SQUIRL, a meta—IRL technique for quick and reliable learning of long-horizon tasks, is
introduced in the paper from Wu et al. [79]. SQUIRL picks up knowledge via related tasks,
off-policy robot encounters, and video examples. A useful Q-functioned IRL formulation
is used in the algorithm. It does not require trials during testing; instead, it uses off-policy
robot encounters for training.

A method for directly incorporating such knowledge into measured features is presented by
Nematollahi et al. [54]. They learn a motion encoded by a dynamic system in a Gaussian
Mixture Model (GMM) representation by combining action demonstrations with external
features.

By mapping points from known items to the novel ones, Brandi, Kroemer, and Peters [8]
suggest a way to calculate the geometric parameters of novel things. Using probabilistic
motor primitives (ProMPs) in warped environments, the resulting warped parameters are
then used to learn pouring actions and task restrictions.

By monitoring the fluid height in the receiving container, Kennedy et al. [37] regulate the
flow. They demonstrate a pouring model and a model based algorithm for controlling a
robot arm that regulates the pouring rate using visual feedback.

The aim of Schenck and Fox [70] is visual closed—loop control for liquid pouring. They
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present a real-time pouring control system that combines a PID controller with a model
free approach. A deep neural network for pixel-level liquid detection, a model based
approach to volume determination, a neural network for volume regression, and a ground
truth for liquid detection based on thermal images are some of the main contributions.
Utilizing video demonstrations, Ramachandruni et al. [66] suggest an imitation learning
framework for skill transfer from expert to robot. They employ a multi-level spatial atten-
tion module in conjunction with a visual feature representation network. They created a
reinforcement learning problem for task imitation and used metric learning loss to train
the network.

The manual acquisition of skills by human demonstration, automatic skill selection, and
continuous parameter optimization for these skills are all examined in the work of Yam-
aguchi, Atkeson, and Ogasawara [83]. They used finite state machines to model skills.
Piacenza, Lee, and Isler [63] use a three—state finite state machine. By examining the
first derivative of historical force data, they employ the BioTacs force sensor to identify
the start of pouring during the first state. Next, a PID controller’s smooth trapezoidal
trajectory is produced.

In order to improve policy learning with unknown dynamics, Yamaguchi and Atkeson
[84] take into consideration a temporal decomposition of dynamics. They use differential
dynamic programming (DDP) to get a policy. Their DDP algorithm uses a stochastic
evaluation function and is a first-order gradient descent algorithm.

A method for learning a pouring policy using Deep Deterministic Policy Gradients (DDPG)
is presented by Do, Gordillo, and Burgard [18]. They employ a cutting—edge liquid
simulator that makes it possible to learn about the dynamics of the liquid.

The receding horizon technique is used in [60] to present a feedback motion planning
algorithm that resolves a spacetime optimization problem. A neural network provides
guidance for the objective function. Numerous offline, autonomously produced, successful
pouring trajectories with random configurations are used to train the neural network.
By employing RNN to estimate the water flow mechanism, Chen, Huang, and Sun [11]
make it possible to use Model Predictive Control (MPC) for the task of precise pouring.
For a manipulator used to move liquid from a source to a target container, Pan and
Manocha [61] construct a smooth, collision—free trajectory using an optimization—based
motion planning technique. During the trajectory computation, they consider estimated
(simplified) fluid dynamics constraints.

PourNet is introduced by Babaians et al. [3] as a hybrid planner. They employ deep
reinforcement learning in conjunction with Nonlinear Model Predictive Control for joint
planning and Proximal Policy Optimization (PPO) for end—effector planning. PourNet
randomizes liquid parameters using a curriculum-based pouring scenario.
Reinforcement learning with learned dynamics and explicit planning is used by Yamaguchi
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and Atkeson [85]. They employ stochastic differential dynamic programming (DDP) in
neural networks.

In the work of Chen et al. [12], Visumotor policies are trained using RL frameworks. Then,
given only still images of the task in the target domain, they use transfer learning to
generalize to new task domains.
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3.3 Metrics

The literature review revealed a diverse range of metrics employed for evaluating robotic
pouring tasks. This thesis highlights a subset of these metrics.

Metrics

/’\ Spillage

Poured Amount ) )
Trajectory Distance

Figure 3.3: The metrics used in the reviewed papers can be categorized into the three
categories: Spillage, Poured Amount and Trajectory Distance.

3.3.1 Spillage

The spillage is the amount of material that does not fall into the container while the
pouring is being executed. In [63] and [18] they measured the spillage in ml, whereas
in [60] they state the spillage as the fraction of material that did not land in the target
container.

Spillage measures

/\

Spillage in ml [63] [18] Spillage fraction [60]

Figure 3.4: The graph further shows how the spillage measures were categorized.

3.3.2 Poured Amount

The poured amount itself can be categorized into the four categories: Rate of Successful
Pours, Pouring Deviation, Pouring Curves and Target vs. Reached Amount.
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Poured amount measures

Rate of successful pours Target amount vs. reached amount
Pouring deviation Pouring curves

Figure 3.5: The graph shows which measures were found in the literature for poured
amount measures.

Target Amount vs. Reached amount The target amount vs. reached amount compares
how much the controller was supposed to fill up a container compared to how much the
controller actually filled up the container.

In [18], [61] and [54], this was measured by comparing the reached vs. target percentage
fillage.

In [3] they measured the reached vs. target fillage in grams, whereas in [36] and [70]
they compared the reached vs. target fillage in ml.

Target amount vs. reached amount

Fraction [61] [18] [54] /N In grams [3]

In ml [36][70]

Figure 3.6: The target amount vs. reached amount were categorized into the fraction, ml
and grams.

Pouring Deviation The pouring deviation or volume error measures the difference
between the expected amount of material in the target container compared to how much
material landed in the container.

In [3], [20], [44], [70] and [18] this was measured in ml, whereas in [3] this was given
in grams.
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Pouring deviation

/\

In grams [3] In ml [3] [20] [44] [70] [18]

Figure 3.7: The pouring deviation was further divided into the units gram and ml.

Pouring Curves The pouring curves describe how much liquid is dispensed over time by
the controller. In [63] they measured the poured weight over time. In [83] they measured
the poured ratio over time.

Pouring curved

/\

Poured ratio [83] Poured weight over time [63]

Figure 3.8: The pouring curves were further split up into the poured ratio and the poured
weight over time.

Rate of Successful pours The rate of successful pours measures the rate of pours without
spilling any material for a controller. This was measured in [80].

3.3.3 Function Distances/Trajectory Distances

Trajectory distances measure the distance between a test/validation trajectory and the
outputted trajectory from the controller. In [33] they use dynamic time warping, which
calculates the minimum normalized distance between two trajectories.
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4 Theoretical Foundations

In this section, the key theoretical concepts underpinning this thesis will be explored.
These foundations form the basis of the methodologies and approaches used throughout
the research.
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4.1 Connected Components Labeling

Connected component labeling is a crucial process for machine vision systems and various
image processing applications. Its primary purpose is to identify individual connected
components in a binary image and assign unique labels to them as separate objects [2][7].
The algorithm operates as follows [2]:

1. Input: A binary image with zero borders.

2. Index Variable Definition: Define an index variable (z, y) representing the image
coordinates and the inner indexer.

3. Scanning Process:

a) Perform a scan from left to right and then from top to bottom until an unlabeled
foreground pixel p is encountered.

b) Check the 8—connected neighbors of the pixel p:

* Case 1: If all neighbors are zero pixels, mark p as an object and assign it a
unique label.

* Case 2: If p has only one non-zero neighboring pixel, label p with the
same label as its neighbor. Repeat the search iteratively.

* Case 3: If p has multiple non—zero neighbors, classify it as a branching
pixel. Push its coordinates (x,y) onto a stack. Modify (z,y) to point to
the first non—zero neighbor in a clockwise direction. Repeat the search
iteratively.

¢) If p has no non-zero neighbors:

i. If the stack is empty, the object is fully labeled. Return to the main scanning
process in step 3(a).

ii. If the stack is not empty, pop the last branching pixel’s position from the
stack and adjust (z,y) accordingly. Resume the steps for cases 1, 2, and 3
as described above.

17



Case 1: Isolated Pixel Case 2: One Neighbor Case 3: Branching Pixel

Figure 4.1: The three described cases in the algorithm are further visualized here.

For this thesis we want to be able to separate the connected components which were
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identified as "pouring containers" into a greyscale image. This means that each pixel only
contains one intesity value between 0 (black) and 255 (white).

After that apply binary thresholding to the greyscale image to segment it into fore— and
background regions. The function cv2 . threshold from the python library [55] assigns
new values to pixels following this rule:

) ) 255 if I(x,y) < 127
binary image(z,y) = .
- 0 if I(z,y) > 127

The next step is to use connected component labeling in order to identify and label
contiguous regions in a binary image. The function cv2.connectedComponents from
the python library [55] outputs:

* num_labels: The total number of connected components, including the back-
ground.

* labels: An array with the same dimensions as the input image, where each pixel
is assigned an integer label corresponding to its connected component.

Binary Image Connected Components with Labels

50 50

100 100
150 150
200 200
250 250
300 300

350
0 100 200 300 400 0 100 200 300 400

350

Figure 4.2: Connected components of identified pouring containers using
cv2.threshold [55].
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4.2 Machine Learning Methods

This section provides a concise overview of foundational machine learning algorithm types,
including supervised, unsupervised, and reinforcement learning.

Supervised Learning In supervised learning, the model is trained using a dataset of
labeled examples and is tasked with making predictions for unseen data points [51].

Semi-supervised Learning Semi-supervised learning utilizes a combination of labeled
and unlabeled data. Initially, a portion of the model is trained with manually labeled
examples. The trained model is then employed to generate predictions for the unlabeled
data, creating pseudo-labels. Finally, the complete dataset, comprising both the original
labeled data and the pseudo-labeled data, is used to train the entire system [51].

Unsupervised Learning In unsupervised learning, the model is provided only with unla-
beled training data and is tasked with making predictions for unseen data points. Without
labeled examples, assessing the model’s performance quantitatively can be challenging.
Common applications of unsupervised learning include problems such as clustering and
dimensionality reduction [51].

Self-Supervised Learning (SSL) Self-supervised learning (SSL) represents a novel
approach that does not require manual labeling. SSL tasks are typically categorized into
pretext tasks and downstream tasks. Pretext tasks involve using supervised learning to
extract representations, where labels are automatically derived from the data. Once this
phase is completed, the model utilizes the learned representations to tackle downstream
tasks [67].

20



4.3 K-Means

K-means is an unsupervised clustering algorithm [81].

Each cluster is represented by their centroid, which is typically the mean of the points in
the cluster.

The general process of K-means clustering is [81]:

1. Initialize Random Centroids
2. Assign every point in the data to the closest centroid
3. Update the centroid based on the points in the cluster

Repeat the process until no point changes cluster.

21



4.4 PCA

The goal of a Principal Component Analysis (PCA) is to extract the most meaningful basis
in order to represent a given data set. The new basis will additionally filter out noise.
PCA’s can be used in various applications such as dimensionality reduction and feature
extraction [39].

PCA’s compute principal components, which are a set of new orthogonal variables. These
principal components are retrieved as linear combinations from the original data. PCA
can be also formulated as the linear projection that minimizes the average projection cost
defined as the mean squared distance between the data points and their projections [39].

Figure 4.3: Example of PCA of 19 two dimensional samples [39].
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4.5 Projection and Back—-Projection in Camera Models

In this section we further elaborte the projection and back—projection in camera models.
As foundation for this, we will use Hartley and Zisserman [28].
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Figure 4.4: Visualizations of the camera model [28].

The projective transformation is a function from a point P in a 3D space to a projected
2D point P’ in the image plane Pi’. For this we use the camera matrix mode, which
includes important parameters, that affect how the world point P is mapped to the image
coordinates P’. The translation of the image plane to the digital image is given by c, and
cy. The distance between the image plane and the center of the camera is the focal length
/. The parameters k and [ correspond to the change of units in the two axes of the image
plane. The matrix K is often referred to as the camera matrix.

Now the mapping is:

a 0 cg fk% 0 ey
P=MP=0 8 of[r o]P=] 0 pz ¢|[r o]P=K[r o]P @D
00 1 0 0 1

In case the cameras coordinate system axes are slightly larger or smaller than 90 degrees,
we can also introduce the skewness and distortion. Since most cameras have zero—skew,
this is not further elaborated.
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In order to retrieve the real world coordinates, transform the given equation system to

retrieve P. It hence yields that
' —cpz
r= -
o
/
_Y e

Y=
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4.6 DINO

DINO (self-distillation with no labels) is a self-supervised method, which is a form of
self—distillation without labels [10].
It uses the following key concepts:

Knowledge Distillation A common method to enhance machine learning performance
involves training multiple models on the same dataset and averaging their predictions, but
this approach can be complex and resource-intensive. Knowledge Distillation addresses
this by condensing the knowledge of multiple models into a single, deployable model [31].

Vision Transformer (ViTs) Vision Transformers (ViTs) are transformer—based models for
image classification that bypass the need for convolutional networks by directly processing
sequences of image patches, achieving state—of-the-art results on benchmarks with greater
efficiency when pre-trained on large datasets. [21]

Teacher Network A Teacher Network is dynamically constructed during training using
the student’s past states. The teacher is updated through an exponential moving average
(EMA) of the student’s weights, following a cosine schedule to gradually adjust the influence
of past updates [10].

4.7 DINOBot

DINOBot is an advanced imitation learning framework for robotic manipulation that
utilizes features from Vision Transformers trained with DINO to enhance learning and
generalization. By leveraging image-level and pixel-level similarities to align actions with
novel objects, it achieves effective interaction and improved efficiency in real-world tasks,
such as pouring [59].
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Figure 4.5: Setup uf the DINOBot framework. When encountering a new object, the robot
identifies the most similar demonstrated object by leveraging image—level
(semantic) reasoning and retrieves its image along with the corresponding
trajectory. It then uses pixel-level (spatial) reasoning to align its end-effector
with the retrieved image before executing the trajectory, relying on features
extracted and matched using DINO-ViT [59].
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4.8 CLIP

This section discusses the neural network CLIP (Contrastive Language-Image Pre-Training),
introduced by OpenAl in 2021 [64]. CLIPs original pre—training task is to predict captions
for images [65].

Pre—training The limitation of other Deep Learning approaches like ResNets [29] or
Vision Transformers [21] in Computer Vision is explained by the fact that datasets require
a lot of annotations and only contain a finite set of classes to predict [64]. Pre-training
describes all of those models, which are (pre-)trained on one dataset. Because a lot of
tasks in Computer Vision are similar, those models are then supposed to perform well on
other datasets [90]. As stated before, CLIP’s pre-training task is to predict which caption
is paired with which image. Additionally, CLIP collects information about how to represent
the knowledge we gathered from the data used for training. Then CLIP is able to also
adapt to new tasks, such as geo—localization, optical character recognition and others
[65]. CLIP is pre-trained on the dataset WIT (WebImageText). This dataset contains 400
million publicly available (image, text) pairs. In addition, WIT has a similar total word
count to the dataset used to train GPT-2 [65]. Sadly, this dataset is not openly available.

Zero-shot learning Zero-shot learning deals with problems for which the available
training data does not provide enough examples of desired output classes for the tasks
we want to solve. This is relevant, since it is not possible to collect every (image, text)
pair available. The idea behind zero—shot learning is that unseen objects are learnable,
because of acquired general knowledge on how to represent the seen training classes. An
example can be found in Figure 4.6. The training samples only contain images which can
be classified in three classes, where one class is one number. On the other hand, the test
samples display unseen characters as output classes. Because the zero—shot classification
produced a representation of each number class in the training set, new classes can be
described using the gathered general knowledge [40].
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Figure 4.6: Example zero—shot classification for a character recognition problem [40]

In this example, CLIP is supposed to learn visual concepts from the supervision which is
contained in natural language [64].

Contrastive learning Recent work in contrastive representation learning for images have
found that contrastive objectives can learn better representations than their equivalent
predictive objective [75]. So instead of using the predictive learning objective, which
learns latent representations that predict one view from another, with loss measured in the
output space [75], CLIP uses contrastive learning. The idea behind contrastive learning
is based on recognizing the similarities and differences between objects by grouping
feature embeddings of similar samples closer together and separate feature embeddings
of dissimilar samples [30]. The contrastive objective representations are learned by
contrasting similar and dissimilar views, with loss measured in representation space [75].
A visualization of this concept can be foundin Figure 4.7.
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(b) Contrastive learning

Figure 4.7: Predictive Learning vs Contrastive Learning. The red dotted outlines show
where the loss function is applied [75].
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4.9 Minimal Enclosing Cylinder

The approach to determine the minimal enclosing cylinder is derived from the method
mentioned in Petitjean [62].
Let:

e Points
—— Cylinder axis

(a) Point cloud (b) Minimal enclosing cylinder

Figure 4.8: Side—by-side comparison of point cloud and corresponding minimal enclos-
ing cylinder.

e P={p1,p2,...,pn} be the set a points in R3.
* @ be the unit vector representing the axis direction of the cylinder.
* ¢ be a point on this axis.
The goal is to find:
1. The optimal cylinder axis direction d.
2. A point ¢ on this axis.

3. The minimal radius r such that all points in P lie within or on the surface of the
cylinder.

30



The first step to find the minimal enclosing cylinder is to make an initial guess for the
axis direction dy, which is supposed to give an estimation for the orientation of the points.
One method that can be used for this use case is the Principal Component Analysis (PCA).

The next step is to estimate an initial point &, on the axis as the centroid of P:

1 n
Co = - lez
1=

Next define the initial parameters 6, for the optimization as:

90 = (Ei[), 50) .

The objective function we minimize is:

r = minmax (|7, ) — (7, =) - a) ) .

It consists of the the maximum of the radial distance from each point in P to the axis
defined by (@, ¢). The aim is to minimize this function, as it represents the radius of the
cylinder.

Use the BFGS optimization method [73] to find the optimal radius r, with respect to @
and ¢, with the initial guess 6. The optimization then provides d,p: the optimal vector
for the cylinder’s axis, copt: the optimal point on the axis, and rop: the minimal radius of
the enclosing cylinder. Lastly normalize d,p: to ensure it is a unit vector:

Qopt

C_i = TS
o | Gop|

In summary, the minimal enclosing cylinder is defined by the axis d@op;, point Copt, and
radius rop;.
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5 Baseline Implementation: Using DINOBot

DINOBot [58] introduces a one—shot imitation learning framework for robot manipulation
tasks that uses Vision Transformers (DINO-ViTs) in order to be adaptable to unseen
objects. The framework is structured into three different phases: semantic retrieval,
spatial alignment, and trajectory replay.

5.1 Semantic Retrieval

In this phase, the robot utilizes its wrist-mounted RGB-D camera to capture observations
before the task execution. These observations are used to query a memory buffer containing
previously stored demonstrations. Each demonstration in the memory includes:

1. Wrist-camera images associated with the task.
2. The corresponding end—effector trajectory.

The framework retrieves the most visually similar demonstration based on the DINO-ViT
model’s semantic reasoning capabilities.

5.2 Spatial Alignment

Once the demonstration is retrieved, the robot performs spatial alignment with the target
object. Using the DINO-ViT model’s pixel-level feature extraction, the framework aligns
the robot’s end—effector to the retrieved demonstration image.
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5.3 Trajectory Replay

Following spatial alignment, the robot executes the trajectory associated with the retrieved

demonstration.
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Figure 5.1: DINOBot found keypoints for a remote and maps those into world coordinates.
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6 Improved Robotic Framework: Using
CLIP-DINOiser and Geometric Abstraction

In the next sections we explain how the implementation of the self-supervised pouring
from human demonstration was realized. The improvement compared to the baseline
algorithm is that we can now use a third persons perspective, in order to learn pouring.
The method itself is able to be generalized to other tasks, as well as to other container
types as displayed in the human demonstration.

6.1 Extraction

To analyze human pouring actions in a demonstration video, a systematic approach was
used to extract velocities and rotational changes. The following steps showcase how this
was achieved:

Segmentation of Pouring Containers Each frame of the demo video was processed to
identify the containers involved in the pouring action. This was achieved using CLIP-
DINOiser [82], a segmentation framework capable of leveraging pre-trained visual and
textual embeddings to accurately extract segmentation masks. An example for this can be
found in the Figure 6.1.

Identification of Separate Pouring Containers The pouring containers in the segmenta-
tion mask are separated using connected components labeling. An example for this can
be found in the Figure 6.2.
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Figure 6.1: The segmentation mask was generated using CLIP-DINOiser [82].
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Figure 6.2: Plot of connected Components from identified pouring containers.

Depth Extraction in World Coordinates Depth information of the identified containers
was obtained from depth maps captured by the demonstration setup. Using camera
intrinsics, the depth data was transformed from pixel space into the world coordinate
system. This transformation was crucial for accurately situating the containers in 3D space,
enabling precise computation of their movement.

Geometric Representation Using Minimal Enclosing Cylinders To simplify the spatial
representation of the containers, the identified 3D points were enclosed within minimal
enclosing cylinders. This can be seen in the Figure 6.3.
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Figure 6.3: The minimal enclosing cylinders from the pouring containers in world coordi-
nates.

Velocity and Rotational Change Calculation Linear velocities were derived from the
temporal differences in the cylinder’s centroid position, normalized by the frame duration.
Similarly, rotational changes were calculated by tracking the orientation vectors of the
cylinder’s principal axis and computing the angular displacement between consecutive
frames.
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6.2 Alignment

To replicate the pouring motion demonstrated by a human, an alignment phase was
implemented to initialize the robot’s configuration relative to the target container.

Capturing the Robot’s Initial Configuration A picture of the robot in its current live
configuration was taken, capturing the source and target container within the workspace.
This image serves as the input for analyzing the spatial arrangement of the robot’s end
effector and its alignment with the target container.

Extracting Minimal Enclosing Cylinders The minimal enclosing cylinder abstraction was
employed, as previously described, to represent both the source and the target container.
Using the segmentation methods CLIP-DINOiser [82], segmentation masks were generated
to isolate these objects. The extracted 3D points from the segmented regions were used
to compute the minimal enclosing cylinders.

Aligning the Source and Target Cylinders The minimal enclosing cylinder representing
the source pouring container’s cylinder was positioned relative to the target container’s
cylinder using the spatial relationship observed in the demonstration’s first frame. This
alignment ensures that the source cylinder’s relative position and orientation to the target
cylinder mimic the setup at the beginning of the pouring demonstration.

6.3 Execution

After the alignment phase, the robot executes the pouring motion by applying the learned
velocities and rotational changes extracted from the demonstration. This phase translates
the human pouring dynamics into the robot’s operational parameters.
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Phase 1: Extraction

For each frame:
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Record velocity and rotation between each frame

Phase 2: Alignment

Retrieve position and
rotation of minimal
enclosing cylinders
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Phase 3: Execution

Apply learned trajectory and rotation

Figure 6.4: Overall visualization of the CLIP-DINQiser implementation.
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7 Experimental Results

In this experiment, we aimed to achieve successful material pours, defined as instances
where the poured materials successfully entered the target containers. To validate this
process, we designed a setup combining precise motion tracking and Computer Vision
technologies to facilitate and evaluate the pouring tasks.

Test Setup The experimental setup involved utilizing OptiTrack [56], a motion capture
system, to track the position of the camera throughout the experiment. The camera
used for this purpose was the RealSense D405 [16], which provided high-resolution
depth sensing critical for accurately capturing the spatial alignment of source and target
containers. The camera gets tracked using Optitrack Markers [56]. The robot used in this
setup is a Franka Kobo [24].

To provide visual context, we included photographs of the test objects used during the
experiment, such as the source and target containers, as well as the materials poured
during the trials.

Figure 7.4: The pouring materials are ping pong balls
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Figure 7.1: Camera with camera stand

Results Overview A single demonstration trajectory was recorded using the designated
camera, utilizing the pouring container (a red cup) as both the source and target con-
tainer to illustrate the ideal pouring action. During this demonstration, we successfully
transferred ping pong balls from one cup to another, effectively showcasing the feasibility
and precision of the pouring task executed by the improved robotics framework using
CLIP-DINOiser and geometric abstraction.
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Figure 7.2: Test Setup with Robot

Figure 7.3: The pouring containers are plastic cups
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8 Discussion

This thesis aimed to develop a robotic pouring framework leveraging advanced segmenta-
tion, geometric abstraction, and motion learning techniques. The research successfully
achieved several milestones, including the implementation of a baseline system and an
improved framework. The improved framework integrated state—of-the-art tools such as
CLIP-DINOiser for object segmentation and minimal enclosing cylinders for geometric
abstraction.

However, a significant limitation arose during the testing phase. A critical component of
the experimental setup, the OptiTrack system responsible for tracking the camera position,
became inoperable due to hardware failure. This issue prevented a thorough evaluation
of the framework’s performance. Without the ability to accurately monitor and validate
the robot’s movements in 3D space, the intended testing and benchmarking against the
baseline could not be fully realized.

In my extensive literature review on robotic pouring, I observed that there is no universally
accepted state—of-the—art metric for evaluating performance in this domain.
Additionally, most approaches identified in the review were hybrid methods, combining
elements of both model based and model free strategies, rather than adhering strictly to
one paradigm.

Despite this setback, the framework design and implementation represent a valuable
contribution to the field, offering a structured approach to robotic pouring.
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9 Outlook

To further validate the proposed robotic pouring framework, future tests will focus on
evaluating the approach using a variety of pouring materials and containers, aiming to
assess its robustness and adaptability in different scenarios. These planned experiments
will provide deeper insights into the performance of the framework under diverse condi-
tions, paving the way for broader applications.

The containers in the Figure 9.1 can be the test source and target containers. The consid-
ered pouring materials can be seen in the Figure 9.2. The tests to evaluate the proposed
robotic pouring framework in this thesis can be found in the Tables 9.3, 9.1, and 9.2.
Future work will also focus on extending the application of the framework to other robotic
tasks beyond pouring, with the goal of evaluating its ability to generalize across different
scenarios.

(a) Bottle (b) Leather cup (c) Plastic cup (d) Plastic cup

Figure 9.1: Pictures of the planned pouring containers for more extensive testing.
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(a) Styrofoam balls (b) Ping pong ball

Figure 9.2: Planned pouring materials to use for more extensive testing.

Table 9.1: Percentage of successful Pours per pouring container, as a metric for more
extensive testing

Target (a) Target (b) Target (c) Target (d)

Source (a) - % - % - % - %
Source (b) -% -% -% -%
Source (c) - % - % - % - %
Source (d) -% -% -% -%

Table 9.2: Percentage of successful pours per pouring material, as a metric for more
extensive testing

Live \Demo Pouring Material (@) Pouring Material (b)
Pouring Material (a) -% - % -%
Pouring Material (b) -% - % -%
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Table 9.3: Percentage of successful Pours per container category, as a metric for more
extensive testing

Target Cups Target Bottles

Source Cups -% -%

Source Bottles -% -%
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