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Seminar

Objectives

 Learn to read and understand scientific literature.

* Familiarize with the State-of-the-Art (SOTA) in the field.

» Discover limitations, propose improvements and

potential future work.

» Build knowledge from related work, prior and follow-ups.

* Improve presentation skills.

* Develop abilities for synthesis (diagram drawing,

summarizing main ideas, ...).
TL;DR:

Show us that you have a solid grasp of your topic.
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Ziigen der gemaB ist. Stimmt es bei
einem nenartigen Experiment oder bei Verfeine-
rung der MeBtechnik nicht mehr, so ist nicht ge-
sagt, dag man icht freut. Denn im Grunde
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fir den historischen AnpassungsprozeB an die
fortschreitende Erfahrung. Vielleicht liegt der
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Enroliment Procedure

Select 3 papers in Register for the Students selected Students assigned

decreasing order of seminar in based on papers based on
preference. HISinOne. HISInONE Priority. their preferences

Fill in our Google Form

By 22.04.2023

Please check the course website for more information:

https://rl.uni-freiburg.de/teaching/ss24/seminar-limited-supervision
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https://docs.google.com/forms/d/e/1FAIpQLScfiEyq2Ctdc0uFm6sailepGoYmzlWsHVnGRK5IN5drBdE2Sw/viewform
https://rl.uni-freiburg.de/teaching/ss24/seminar-limited-supervision

Important Dates

Event Date Time
Lecture 1: Introduction * 17.04.2024 10:00
HISinOne registration + Paper Selection 22.04.2024

Place allocation 26.04.2024

Paper assignment 30.04.2024

Supervisor Meeting 06.2024

Lecture 2: How to do a good presentation ™| 21.06.2024 10:00
Lecture 3: Block Seminar Presentations * 19.07.2024 9:00-17:00
Paper Summary submission 02.08.2024 < 23:59

* Mandatory in-person attendance

universitatfreiburg
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Evaluation Criteria

Evaluation
Seminar Presentation 19.07.2024
Paper Summary 02.08.2024

* Presentation: at most 20 min.
 Summary: at most 7 pages excluding bibliography and figures.
* Final grade:

e Presentation (slides & delivery) + Summary + Seminar Participation.
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1.
Robot Learning Lab

Our research interests and publications
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Robot Learning Lab
Autonomous Robotics

World
Model

mma Sense gmga Perceive gmg ma Planning gag Control gmgd Action g

- AN J
Y

~

Deep Learning Reinforcement Learning

Can we learn certain parts of this pipeline?
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Robot Learning Lab
Robot Learning

Learning ...
e ... models of robots, tasks or environments

* ... deep hierarchies/representations from sensor and motor representations to task representations

e ... plans and control policies
* ... methods for probabilistic inference from multi-modal data

e ... structured spatio-temporal representations, e.g. low-dim. embeddings of Movements

How can we ensure autonomous operation of embodied Al systems

with limited supervision ?

universitét-freiburg José Arce | Robot Learning Lab | 17. April 2024
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Robot Learning Lab
Research Areas

Perception

* Recognition

* Depth Estimation
* Motion Estimation

* Whole-Body Motion
* Long-Horizon Reasoning
 Planning for Sensing

State Estimation

* Tracking & Prediction Scalable

’ SLA_M , Autonomy for e Socially-Compliant Behavior

* Registration -  Human-Robot Collaboration
MOb“'ty and « Behavior Adaptation &

_ _ | Manipulation Safety

» Hierarchical Learning

» Reinforcement Learning

* Learning from o

demonstration @ e Socially-Supervised
Learning

Responsible Robotics - Continual & Interactive

e Fairness Learning

* Explainability & Privacy - Multimodal & Multitask

* Practical Ethics Learning

universitét‘freiburg José Arce | Robot Learning Lab | 17. April 2024 11



Robot Learning Lab
Many Seminal Works

3 o e
Cityscapes Dataset 33 b9l ; :
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@ Detected Loop @ Current Pose

To test the robustness of our approach, we evaluate LIO-SAM integreted with LCDNet by adding
random noise to the odometry measurements

Simultaneous Localization and Mapping

Door Opening Demonstrations

Motion Planning

Learning from Demonstrations

université.t‘freiburg José Arce | Robot Learning Lab | 17. April 2024
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Robot Learning Lab
Robotic Perception — Mobility

Qualitative Results Segmented Output
SemanticKITTI — PandaSet

-{No Domain Adaptation i ._
’._“ p-

Optical Flow QOptical Fiow with EFS

UNI
1

FREIBURG

Unsupervised LiDAR Domain Adaptation Semantic Motion Segmentation
Besic, Gosala, Cattaneo, Valada Vertens, Valada, Burgard
RA-L ‘22 ICRA 17

université_t-freiburg José Arce | Robot Learning Lab | 17. April 2024 13



Robot Learning Lab
Robotic Perception — Manipulation

Learning scale-invariant compact
representations for mobile manipulation

Single-Shot Reconstruction

£ = ‘ )

Category and Joint Agnostic Reconstruction of Bayesian Scene Keypoints for Deep Policy
ARTiculated Objects Learning in Robotic Manipulation

Heppert, et al von Hartz, et al

CVPR ‘23 RA-L 23
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Robot Learning Lab
Mapping and Localization

Adaptation: Cityscapes - KITTI

Current Frame “ == Ground truth

. TGS
N el

E 40

Predicted Deih ICL-SLAM)
St bea s st Ly dee s M et i Continual Depth Estimation and Segmentation
., Védisch, Petek, Burgard, Valada
Continual SLAM RSS 23
Vaodisch, Cattaneo, Burgard, Valada
ISSR 22
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1.
Topics

Seminar Papers

universitatfreiburg
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Supervisor: José Arce

WayFASTER: a Self-Supervised
Traversability Prediction for Increased

Navigation Awareness
https://arxiv.org/pdf/2402.00683.pdf

~

* Predicts terrain traversability from itgaied robiot

RGB-D + GNSS inputs in a BEV map.

Cam observation e |-“.‘a:

e Sl I
oo Cam extrinsics =~ =—t—p—p FBE — |:||:|H|:|_. . .‘
I
- Cam intrinsics ~ =——t—T—> '

1
1
1 map
1
1

» Uses a Receding Horizon Estimator (RHE)

to estimate the poses and label the data.

» The traversability index depends on

Output action <

whether the actual motion follows the

Robot’s
model 7
Optimization

» Reference path

Robot’s state

control sent.
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https://arxiv.org/pdf/2402.00683.pdf

Supervisor: José Arce

NeSLAM: Neural Implicit Mapping and
Self-Supervised Feature Tracking With

Depth Completion and Denoising
https://arxiv.org/pdf/2403.20034.pdf

* Predicts the ego-motion, denoises the
input depth and generates a NeRF map
from RGB-D inputs.

» SS in the form of comparing rendered
images from the NeRF with the input and

tracking keypoints.

universitatfreiburg

Tnput Stream

Sparse and Noisy

Depth Tmages

José Arce | Robot Learning Lab | 17. April 2024
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https://arxiv.org/pdf/2403.20034.pdf

Supervisor: José Arce

Category-Level 6D Object Pose and
Size Estimation using Self-Supervised
Deep Prior Deformation Networks

https://arxiv.orq/pdf/2207.05444 .pdf

e Estimates rigid transformation (R, t, s) for an

object from an RGB-D scan.

e Takes a shape prior as input in the form of

an object’s point cloud.

e Combines a supervised loss on a small set

of synthetic data and a self-supervised 0SS omomme S

terms.

universitatfreiburg
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Deep Prior Deformation Network

Feature
Space
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https://arxiv.org/pdf/2207.05444.pdf

Supervisor: José Arce
Self-Supervised Monocular Depth

Estimation From Thermal Images via

Adversarial Multi-Spectral Adaptation -"'- -
OpenAccess --

 Thermal images have low contrast and poor

features. RGB Domain

* Unsupervised Domain Adaptation from RGB to

‘ - 2, Q — :f:;

f wab Drgb Prgb
Shared

I
<>|fthr K/
. - Bm&ﬂzirf

thr thr
| D P

Thermal.

* Domain-specific encoders (RGB / Thermal).

« Domain-shared decoder.

Ithr
Thermal Domain LT,I : Discriminator

e SS adversarial feature-level discriminator.

« SS self reconstruction loss.
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https://openaccess.thecvf.com/content/WACV2023/papers/Shin_Self-Supervised_Monocular_Depth_Estimation_From_Thermal_Images_via_Adversarial_Multi-Spectral_WACV_2023_paper.pdf

Supervisor: Niclas Vodisch

DINOv2: Learning Robust Visual

Features without Supervision
https://arxiv.org/pdf/2304.07193.pdf

(Birds / Airplanes)

e Unsupervised visual foundation model

generating semantically rich image features.

* Powerful visual transformer (ViT) architecture

trained on an automatically curated dataset.

» Utilized as task-agnostic pretraining strategy for

various downstream applications.

universitét-freiburg José Arce | Robot Learning Lab | 17. April 2024 21


https://arxiv.org/pdf/2304.07193.pdf

Supervisor: Niclas Vodisch

STEGO: Unsupervised Semantic
Segmentation by Distilling Feature

C o rreS po n d e n ces Segmentation Segmentation

Head Head

https://arxiv.orq/pdf/2203.08414.pdf

Frozen Visual
Backbone Backbone

Correspondences [Kii

Image 1 ImageZ o
Product

Correspondence Distillation Loss D

Frozen Visual

Segmentation
Correspondences

Feature

L==YF —-b)OS

* Semantic segmentation without human annotations N
inspired by self-supervised feature learning.

» Exploit descriptive image features from visual foundation
model.

» Correspondence distillation loss for contrastive learning

aligning visual features and image segmentation.

universitatfreiburg

v

Random
Image Corr.

Prediction

"suel] ‘SIA

Training
(> KNN Corr. ’ + ‘ Self Corr. ’ +
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https://arxiv.org/pdf/2203.08414.pdf

Supervisor: Niclas Vodisch (a)Image (b)) G.Truth (c) UniMatch (@) cLIp  (© SemiVL

(Ours)
SemiVL: Semi-Supervised Semantic Sz, PO
Segmentation with Vision-Language @& S Y-

i plane doY

ot.plan

Guidance
https://arxiv.orq/pdf/2311.16241.pdf

» Efficient semantic segmentation aiming to reduce 8
é E Captions —_—— Language Model (LM) ~— ]
the amount of human annotations. 88 /[ e ]
'é < Images  |=>=— Vision Model (VM) —
* Exploit semantically rich features from frozen - wsﬁ;;;;gg:;g:@
Spatial 7
H H O ine-Tunin )
visual-language foundation models (VLMs). C b [VM:] Fine-Tuning | s
. 2 N Language- Y4
o oL Guided :
Dense VLM guidance loss to address label : ; 7 e \J\ P
Q5 Unlabeled A - Consistency
inconsistencies between dataset definitions. 28 | mees | TTULMIN/ Loss
e & Similarity \ @
% “a p[hoto] of —_— *LM— / J\ D(?Sizea\rﬂ;r
a[CLS]” Loss

C+ Class Definitions
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https://arxiv.org/pdf/2311.16241.pdf

Supervisor: Niclas Vodisch

Seal: Segment Any Point Cloud
Sequences by Distilling Vision

Foundation Models
https://arxiv.orq/pdf/2306.09347.pdf

» Exploit semantic predictions from visual
foundation models to annotate LiDAR point

clouds.

 Temporal-spatial contrastive learning between

paired LIDAR and camera features.

« Temporal consistency regularization between

point segments at different timestamps.

universitatfreiburg

-3D Correspondence Sensor Data

LiDAR

etese e

o —— A

N

[ Sensor Data ]

(Super Pixel & Point}—{ 2D & 3D Net }—{ Grouping

}

»( Contrastive Objective )
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https://arxiv.org/pdf/2306.09347.pdf

Supervisor: Adrian Rofer
Few-Shot In-Context Imitation

Learning via Implicit Graph

Alignment
https://arxiv.orq/pdf/2310.12238.pdf

» Learn to reproduce relative object trajectories

1-Shot

» Self-supervised learning of feature embedding to

track object points

* Embedding allows Zero-Shot transfer to new

object instances

universitatfreiburg

A few demonstrations of a task with
different sets of objects

D

W 5L S
=

=
o

Novel test objects

&
=

Y

/:Implicit Graph Alignment = . :-"\
’ 'E'
L]

AN g% 9o

Diverse training dataset of task-agnostic
\ alignments /

Immediate task completion by execution
of the found alignment trajectory

Optimisation

Test
Alignment

-
Q
8
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>
(2]
g
™~

«Q

uoneals) ydeio

=
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2
S8
35
=
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=

Edge types:

’ “Same-Object” — sinusoidal positional encoding
C w—“Cross-Object” — sinusoidal positional encoding
s “Directional-Conditional” ~ leamnabie features
D Local Geometry : Graph ,;
gt Embeddings Representation Energy

A\ 2

Intuition: Find a transformation
that would align grasped and
target objects consistent with
the demonstrations by
minimising the energy.

Final Alignment
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https://arxiv.org/pdf/2310.12238.pdf

Supervisor: Adrian Rofer

Offline NUNOCS
Learning I Long-range collision

You Only Demonstrate Once: = ne BEEE S EE )
Category-Level Manipulation from | o —
Mém‘ pv ds?:g motion :trac er vl l

Demonstration Video Parsing ! Online Execution

b
@§

Single Visual Demonstration - i s
9 ey | i % 18 &
https://arxiv.org/pdf/2201.12716.pdf @~ _*¥ - 3 R
) L — S =, — (L
* Full robotic system learning from single demon- T |
stration and reproducing with other instances
» Learning of categorical representation from i e
. L Lt .
synthetic data 1 = . , -’\\‘

 Full 6-DoF tracking of new objects and control for - 3 P
- » BE : Objeu\‘;,-::‘Hund—t grwpper’i“v ;
| | s> - R

v
aclege
k. “_: |

“the last inch”

=..
=
|
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https://arxiv.org/pdf/2201.12716.pdf

Supervisor: Adrian Rofer
Leveraging SE(3) Equivariance for

Self-Supervised Category-Level

Object Pose Estimation
https://arxiv.org/pdf/2111.00190.pdf

» Category-Level estimation of 6D poses of unseen

objects by disentangling pose and shape

» Equivariant-Feature embedding as

disentanglement technique

» Technique is label-free, requiring no CAD models

or GT pose information

universitatfreiburg

Input point cloud

Xe RNX3
SE(3)-
Equivariant equiv.
Point —»| features
Network F=
{f (xi'gj)}

SE3-invariant canonical reconstruction branch

o o —————— = ———— — —————— -

4
[Pointwise MLP

:+ max-pooling

| over {x;, g;}

o o o o

| Pointwise MLP
: + max-pooling
\_ over {x;}

Invariant
global feature
Finv

Equivariant
global features
Fequiv
= {fequiv(gj)}

Rot-wise
MLP

Per-rotation input
reconstructions Y;

(qloAqlo)Z(qloAq]o)

1

Per-rot.
residual
poses P

= {Ag;, At}

SE3-equivariant pose estimation branch

Loss £ = min UnidirCD(X, Y;) + A(||Aq|| — 1)?
j

chair

sofa

bottle
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https://arxiv.org/pdf/2111.00190.pdf

Teacher Network

Supervisor: Adrian Rofer weight Labe Keypoints Lol

USEEK: Unsupervised . —
SE(3)-Equivariant 3D Keypoints =

: Student Network ~
for Generalizable Manipulation Pas - o :
httDS //a erV 0 rq/Ddf/z 2 O 9 - 1 3 864 - Ddf Inpu; Point[ zlloilld ESegmentation i:':;;ctioni Keypojnts Pr([e:l;;;on

» Unsupervised learning of category-level

keypoints for object manipulation

» Teacher-Student networks to disentangle

keypoint detection and equivariance-prediction

« Demonstrate approach’s applicability to robotic

manipulation with multiple pick-and-place tasks

universitét‘freiburg José Arce | Robot Learning Lab | 17. April 2024 28


https://arxiv.org/pdf/2209.13864.pdf

Supervisor: Jan Ole von Hartz

SUGAR: Pre-training 3D Visual

Representations for Robotics
https://arxiv.org/pdf/2404.01491.pdf

« 3D pre-training framework leveraging
 cross-modal knowledge distillation for semantic learning,
« masked point modeling for geometry understanding,
 grasping pose synthesis for object affordance,
« 3D instance segmentation for cluttered scenes.

» Self-supervised training in simulation.

» Evaluate on zero-shot 3D object recognition, referring

expression grounding, and language-driven manipulation.

universitatfreiburg

— Pre-training

4 mUlti-object scenes Geometry

RGB

Afforda nce

4 Semantic
a blue plastic
water bottle
with a black lid -

— Robotics tasks

pick up the knife and leave it

on the chopping board grasp the red cup and lift it

José Arce | Robot Learning Lab | 17. April 2024
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https://arxiv.org/pdf/2404.01491.pdf

Supervisor: Jan Ole von Hartz
PoCo: Policy Composition from and

for Heterogeneous Robot Learning
https://arxiv.org/pdf/2402.02511.pdf

» Use diffusion models to combine
« multiple modalities (color, depth, tactile, ...),
« domains (simulation, real robots, human).

» Learns generalizable tool-using policies.

universitatfreiburg

Real-World Simulation

Human

Behaviors

Domains

Policy Composition &
Smoothness /\ — ’% j ?
Constraint (\ ) TR - P O e
l\! -X - B =]
R ) ] %_ ; & B
7// \ ’> ‘ [ B [ b ﬁ
e N 7l £ 2 4F
Constraint (\ )‘ A q"v - - .
""""""""""""" A_ ammer] [Spatula] [Knife] [Wrench]
Human Videos Real Robot Simulation Point Cloud Language
&,
p Ig’c’ = [ ... use the
| 3 RS . hammer to hit the
” 3 . > } pin]
4 T Lug
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https://arxiv.org/pdf/2402.02511.pdf

Supervisor: Jan Ole von Hartz
Vid2Robot: End-to-end Video-conditioned Policy Learning with Cross-Attention

Transformers
https://arxiv.orq/pdf/2403.12943.pdf

* Infer robot task from human prompt video.
« Then predict action sequence to solve task.

» Trained on mixed dataset of robot-robot und human-robot video pairs.

RObO:jopseers :uman Prompt Video showing task “Pick up coke can and place on counter”
oing a task. S - T Y .y .

«l

Vid2Robot outputs actions
to complete shown task in
its own environment.
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https://arxiv.org/pdf/2403.12943.pdf

Supervisor: Jan Ole von Hartz
3D Diffusion Policy: Generalizable Visuomotor Policy Learning via Simple 3D

Representations
https://arxiv.ora/pdf/2403.03954.pdf

» Point encoder extracting a compact 3D representation from sparse point clouds.

» Used to learn tasks from just 10 demos.
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https://arxiv.org/pdf/2403.03954.pdf

Supervisor: Jan Ole von Hartz

Hierarchical Policy Blending As Optimal Transport
https://arxiv.org/pdf/2212.01938.pdf

« High-level look-ahead planner that blends a set of
low-level, reactive Riemannian motion policies via

optimal transport.

« Eg. combine goal-reaching (green box) with obstacle

avoidance (red blobs).

« Danger: lots of math ahead!

universitatfreiburg
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https://arxiv.org/pdf/2212.01938.pdf

Questions

universitatfreiburg
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Announcement

Open Positions

« We have open positions for a HiWi, good opportunity to work on practical robotics and get to know the lab.

« We have multiple MSc Project and Thesis topics related to many directions of robot learning.

Please check our website for information on how to apply:

https://rl.uni-freiburg.de/open-positions
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https://rl.uni-freiburg.de/open-positions

Questions or Comments

Jose Arce
Robot Learning Lab

arceyd@cs.uni-freiburg.de
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