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Imagining Open-World Embodied Intelligence

Learn to perform complex tasks alongside people, adapt to diverse environments, objects, attributes, and skills
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Reimagining Open-World Embodied Intelligence
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A Day in the Life of Al in 2025

« Remarkable progress in capabilities of Al to generate and reason about language, images, tasks, and videos

* Primary contributors:

« Vast amounts of suitable training data such that open-world reasoning becomes in-distribution

« Very large models that can digest this data

» Primarily behavior cloning for training
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Robot Learning Data Pyramid

Demonstration
Interface Data

(24 Hours / Interface / Day)

Robot Data
(24 Hours / Robot / Day)

Simulation &
Synthetic Data

(Gigabytes / GPU / Day)

11111

Exocentric &
Egocentric Video Data

(Exabytes / Day)

UniverSitét'freiburg Abhinav Valada | Robot Learning Lab | 24. November 2025



Quick Poll g

Which lever matters the most for real-world
generalization?

Architectures
Data Algorithms

4

|

I —
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Physical Embodiment of Robots Breaks Assumptions

Curated data —> Fixed representations —> Frozen policy
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How do W8 enable ﬁgfner, lizable long-horizon autonomy in the
pen wor 'Snipenworld. S .



Towards Open-World Embodied Autonomy

Continuous data

Semantic structure +
Language

Adaptive policy
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Open-World Robotic Perception

Label Efficient Panoptic Segmentation Open-Set & Out-of-Distribution Segmentation

[Hindel et al., IROS 2025, Vodisch et al., RA-L 2025] [Mohan et al., IROS 2025, RA-L 2024]

Open-Vocabulary Dynamic 3D Scene Graphs
: u Environment

B Roads &

intersections

Static objects
m Dynamic objects

G Pose graph &
point clouds

[Stienke et al., IROS 2025]

“The Oxford Radar RobotCar Dataset”, D. Barnes et al., ICRA, 2020
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Rethinking Lifelong SLAM

* Lifelong SLAM
Zurich, CH ' Karlsruhe DE Oxford, U

» A single environment that changes over time “
* Domain adaptation

Domain %
Adaptation &
e

Continual SLAM - Online Adaptation

Directed knowledge transfer from domain A to

Domain
Adaptation

Lifelong SLAM

domain B
* Continual SLAM

Undirected transfer between multiple domains
Represents deploying a robot in the open world

* Online adaptation mitigating catastrophic
forgetting
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CL-SLAM: Online Continual SLAM

Continual learning setup:
1. Pretrain model on large, diverse dataset
2. Deploy robot in the open world

3. Robot adapts online and memorizes experience
samples

Applied strategies:
» Data rehearsal via a replay buffer

» Dual-network architecture consisting of a
generalizer and an expert

universitatfreiburg

Generalizer Expert
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[Vodisch et al., ISRR 2022, CVPR 2023]
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CL-SLAM Results: Memory Retention

Current Frame i, CpGtnd Hith
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[Vodisch et al., ISRR 2022, CVPR 2023]

» Deploy on a new scene from a previously seen environment
Cityscapes — KITTI — RobotCar — KITTI

« CL-SLAM improves performance on past scenes while adapting online
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Online Continual Learning of Panoptic Depth Estimation

« Experiment: Cityscapes (source training) i i

— KITTI-360 (continual learning)

» Better performance than using fixed
weights (only source) - Domain gap

» Successful mitigation of catastrophic

forgetting

T T T T T T
0 500 1000 1500 0 500 1000 1500 0 500 1000 1500
Number of frames Number of frames Number of frames

[Vodisch et al., RSS 2023]
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Articulation Estimation from Casual Observations

[Heppert et al., CVPR 2023, Buchanan et al., ICRA 2024] [Werby et al., CoRL 2025]
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ArtiPoint: Articulated Object Estimation in the Wild

camera
trajectory

drawer

In-the-wild @ Hand prior Deep Articulated
egocentric — keyframe —P point —>» object
articulations @ detection tracking estimation

[Werby et al., CoRL 2025]
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Arti4D Dataset

[Werby et al., CoRL 2025]
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Scene-Level Articulated Object Estimation on Arti4D
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Policy Learning via Action Diffusion

Diffusion Policy

denoised
action

universitatfreiburg
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Why Online Fine-Tuning Fails

Diffusion Policy

universitatfreiburg

denoised
action

DPPO Online Fine-Tuning

Diffusion Policy

O+O+~=0

rewards @ 2denoised
update action

Environment

Costly Rollout in Verify &
Physical World Get Rewards
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Sleep on a Problem

universitatfreiburg
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Offline Fine-Tuning in Dreams

Diffusion Policy

— denoised
action

universitatfreiburg

DPPO Online Fine-Tuning

Diffusion Policy

O~O+-~0

rewards @ Qdenoised
update action

Environment

Costly Rollout in Verify &
Physical World Get Rewards

DiWA Offline Fine-Tuning
(Ours)

Diffusion Policy

O+O+++0

rewards @ @denoised

update action
World Model

© <

Free Rollout in Imagined Verify &
Imagined World Outcomes Get Rewards

[Chandra et al., CoRL 2025]
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DIWA: Learn a World Model

universitatfreiburg

State
St—1

1. World Model Training

Encoder -}E @ E-} Decoder

Latent State Transition Model Latent State
Zt—1

[Chandra et al., CoRL 2025]
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DiWA: Pre-Train a Diffusion Policy

universitatfreiburg

2. Diffusion Pollcy Training

Expert Demos Encode State into Latent

— Diffusion Policy
conditioned on Latent —

— 0 Denoised
N(0.T) Action

[Chandra et al., CoRL 2025]
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DiIWA: Latent Reward Estimation

4. Dream Diffusion Markov Decision Process

+ Q /X &S Q /X

Encoder | = —)

Latent State Transition Model Latent State

\ t \

universitatfreiburg

5
— () —— e

Transition Model

3. Reward Estimation

&//X g I s
@ q nn »E » » X
Latent State -}E —) =)
{ State Success Verifier Training

[Chandra et al., CoRL 2025]
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DiWA: Dream Diffusion MDP

1. World Model Training 2. Diffusion Policy Training
»
Encoder [=p =P |Decoder Expert Demos Encode State into Latent
a — Diffusion Policy
S Action State Latent State Transition Model Latent State conditionai o ] /
Robot Play Data ay1 S 1 2 @—’ (%"’O D:z:»il::d
4. Dream Diffusion Markov Decision Process 3. Reward Estimation
% /X % & //X /X ' g I
Encoder »ﬁ ﬁ@ﬁ ﬁ@# »»3* »x
Latent State Transition Model Latent State Transition Model Latent State g =) -Pj-’ e
; State Success Verifier Training
Diffusion MDP Diffusion MDP usion MDP Rewa rd & Update
@ © @ @ () %
OrOrOr = FOC e Or O~ O > dS5~ /X
Latent State Reward
Vg log g ( (10 !\ak, 2o) Vg log s ( a1 llak, z) v@ log 7T0( l|a )

[Chandra et al., CoRL 2025]
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Competence After Dreaming

Initial Policy Offline Fine-tuning Final Policy
Before Dreaming During Dreaming After Dreaming

Real-world play data collection

Online diffusion policy fine-tuning requires

2.4 million interactions to match DiWA
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Learning General Mobile Manipulation Motions

 Defining whole-body motions is highly challenging

» Goal: Learn feasible motions for the mobile base, given an
end-effector goal

» Decompose mobile manipulation into arbitrary end-effector
planner and RL agent controlling the base

» Kinematic feasibility as dense reward

» Generalizes across diverse robotic platforms and unseen tasks

IK Solver

» EE-Planner

Environment

> Base Agent

-

[Honerkamp et al., RA-L 2021, T-RO 2023]
universitatfreiburg
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N2M?2: Neural Navigation for Mobile Manipulation
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Zero-Cost Whole-Body Teleoperation

universitatfreiburg

Multiple
Devices

Mobilized

Pupeteer

r

N

» Operation either cumbersome or expensive

Idea: Infer user intentions and delegate the remaining

actions to our base agent

[Honerkamp et al., RA-L 2025]
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Language-Grounded Mobile Manipulation

ldea: Ground natural language instructions in dynamic scene
graphs for high-level reasoning and mobile manipulation

universitatfreiburg

?

living room

( o
18 ?

cereals
—
ﬁ {
inside

l
-
fa

i

| —
.
Acti
go_to_and open( kitchen , (fridge )

-
.. obtaining milk from the fridge would
allow for a complete breakfast with cereals.

Reasoning

*
..IIIIIIII
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MoMa-LLM Approach

Perception [ Hierarchical Scene Graph Construction ] [High-Level Policy ]

You are currently in the bathroom.
You are standing next to TV, picture ..

. seen the folllowing rooms and objects so far:
bathroom-1: [mirror, shower, sink, toilet]
bedroom: [bed, nightstand, picture, pillow, shelf]

| hallway: [carpet, flower, door]
. Room
- . o ip s Your 5 previous actions were:
! Classification e ) o T
; :
7 . v oot RNy one go_to_and_open (hallway, door) - success
Occupancy Map B Voronoi Graph QV : S‘((H( Ggs %
(Tl"d])h 2 Rooms w/ unexplored space: [bathroom, bedroom]
Rooms with closed doors: [hallway, bathroom]

{ bathroom

Semantics ‘
w0
‘ 8 Manipulation go_to and_open(room, object)
j i E g = ‘ J navigate(room, object)
] — f . g = & p
[ f = —
@| |
= : \ close(room, object)
Localization g . done()
\, = .
[Honerkamp et al., RA-L 2024]
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MoMa-LLM: Mapping and Structure

‘ f Hierarchical Scene Graph Construction ]

Separation at
Doors
> /’* Is
Room @
- Classification b
. R - Y
/ {carpet, door, towel-rack, sink}
Occupancy Map B¢ = Voronoi Graph Gy Pl

[Honerkamp et al., RA-L 2024]

universitét-freiburg Abhinav Valada | Robot Learning Lab | 24. November 2025 35



MoMa-LLM: Task Knowledge

| Perception I

Semantics

Localization

[ Hierarchical Scene Graph Construction ]

Occupancy Map B

Voronoi Graph g{j

Manipulation
] [ ] -
e ‘e | -T0 8

: —

L

[Low-chcl Policics]

Room
Classification

{carpet, door, towel-rack, sink}

Scene
Graph

bathroom

go_to and_open(room, object)

Exploration

navigate(room, object)
xplore(room)
close(room, object)

done()

* .. seen the folllowing rooms and objects so far:
/ bathroom-1: [mirror, shower, sink, toilet]

High-Level Policy

Structured Knowledge
Representation

You are ly in the
You are standing next to TV, picture ..

[bed, nigh d, picture, pillow, shelf]
hallway: [carpet, flower, door]

Your 5 previous actions were:
explore (bathroom) - success
go_to_and_open (hallway, door) - success

Rooms w/ unexplored space: [bathroom, bedroom]
Rooms with closed doors: [hallway, bathroom]

Find a desk.

[Honerkamp et al., RA-L 2024]
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MoMa-LLM: Planning with the LLM

N2M2 Motions
(Honerkamp et al., 2023)

» EE-Planner IK Solver
| Perception | [ Hierarchical Scene Graph [High-L(‘Vol Policy ]
\
Srobot r
9
v > I > Base Agent Environment 1 You are currently in the bathroom
You are standing next to TV, picture
\ seen the folllowing rooms and objects so far
bathroom-1: [mirror, shower, sink, toilet]
R bedroom: [bed, nightstand, picture, pillow, shelf]
4 y « hallway: [carpet, flower, door]
%
P Your 5 previous actions were:
explore (k ) - success
- o_to_and open (hallwa oor) - success
Occupancy Map By L B COLR s (. g : B
(Tl"ll])h W =1 Rooms w/ unexplored space: [bathroom, bedroom]
4 Rooms with closed doors: [hallway, bathroom]
v G ™
Q MR .
| = Navigation go_to_and_open(room, object) |:| ()
| whm = . .

S s oty |
@ | |z explooroom) [ |~

@ .

— close(room, object) I:]

N lioad: B
Localization '3 done()
—\ J \ J

A* Planner

Frontier Exploration

[Honerkamp et al., RA-L 2024]
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3X

Task: | am hungry. Find me something for breakfast.
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MORE: Scaling Across Very Large Environments

universitatfreiburg

Task: "Set the table for cereals.”

[Mohammadi et al., IROS 2025]

2505.03035v1 [cs.RO] 5 May 2025

arXiv

MORE: Mobile Manipulation Rearrangement Through
Grounded Language Reasoning

Mohammad Mohammadi'-?*, Daniel Honerkamp'*, Martin Biichner'*, Matteo Cassinelli**, Tim Welschehold!,
Fabien Despinoy®, Igor GilitschenskiZ, and Abhinav Valada'

Abstmcl—Alltnnomm long-hnrizon mobi]e mnnipuhlion

a scene
unexplored areas, nnd error recovery. Recent works have
models for level robotic

and planning. However, the performance of these methods
degrades when dealing with a large number of objects and large-
scale environments. To address these hmmtmns, we propose
MORE, a novel for of
language models to solve zero-shot mobile mampnlatmn planning
for rearrangement tasks. MORE leverages scene graphs to r!p-
resent instance

introduces an active filtering scheme that extracts task- relevxnl
subgraphs of object and region instances. These steps yield a
bmmded plnnmng pmbhm, eﬂ‘ectwely mmg,ntmg hallucinations
several en-
hnncemenls that enable planning across both indoor and outdoor
environments. We evaluate MORE on 81 diverse rearrangement
tasks from the BEHAVIOR-1K benchmark, where it becomes

the first to solve a i share of
the ing recent ion model-based
we the of

our approach in several complex real-world tasks, mimicking
everyday activities. We make the code publicly available at
https://more-model.cs.uni-freiburg.de

I. INTRODUCTION

Recent studies have achieved notable advances in the
completion of long-horizon robotic tasks in large-scale envi-
ronments [1]-[4]. This progress was largely fue]ed by recent

in scene
of foundation models. At the same time, eva.luauons are still
limited to known envi {1, (3], i ive search

tasks [2], [5], or a series of hand-crafted tasks in specific real-
world settings that lack reproducibility by the community [1],
[3], [6]-(8].

Previous research conducted within single-room environ-
ments has demonstrated the capability to accomplish a broad
spectrum of tasks [9], [10]. Nonetheless, in the context of
mobile robotic i ion, the scope of envi: can
expand to encompass entire apartments and outdoor areas,
leading to an exponential increase in the number of objects
and possible interactions, leadmg to exploding plannmg
times [11] or hallucinations [1]. Furth ofa
priori known scene layouts and object locations do not account

* Equal contribution.
1 Department of Computer Science, University of Freiburg, Germany.

2 Department of Computer Science, University of Toronto, Canada.

3 Toyota Motor Europe.

‘This work was funded by Toyota Motor Europe, an academic grant from
NVIDIA, and the BrainLinks-BrainTools center of University of Freiburg.

cabinet

chair
toy dice

.. needs a bowl to receive the cereals.

Reasoning

Fig. 1. We present MORE, an efficient model for the task of rearrangement
through mobile manipulation. We utilize 3D scene graphs as a logical scene
representation manifold that is filtered to obtain task-relevant subgraphs.

for environment changes or flexible deployment. These partial
scene observability and unexplored areas complicate planning
by requiring reasoning about the unknown.

In this work, we focus on generalizing rearrangement tasks
with a mobile manipulator in a zero-shot manner, tacklmg
both large-scale and lored
across indoor and outdoor spaces. Building upon previous
work in natural language-based interactive object search [2],
we expand its application to encompass general everyday
activities and introduce the first method capable of solving a
substantial part of the BEHAVIOR-1K benchmark [12]. We
refine the benchmark by providing fully defined 1
task descriptions and implementing computationally efficient
evaluations, thereby facilitating reproducible assessments
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Robots, Al, and Societ
o o s ’ ’ a n o C I e y Al Ethics Battling Stubborn
Myth That Al Is Infallible,
Including That Autonomous
Self-Driving Cars Are Going To

POLITICS TOD/\Y cumcniss = HOUSTOMACHRONICLE Be Unfailing And Error-Free

Lance Eliot tril r
NEWS OPINION INTERVIEW VIDEO ToPICS BOOKS Q OPINION // OUTLOOK Dr B. Eli orid-rencuned exp Artificial I . ) m

TRENDING TOPICS CORONAVIRUS ~XENOPHOBIA

Essay: Can robots inh
bias? Yes. Now, the hé
face.

Rashed Haq

Jan. 9, ¢

The Telearaph

. - e

News Ukraine Sport Business Opinion Money Life Style Travel Culture

Support the Guardian
Available for everyone, funded by readers

Show your support —> Negvxile onhle

News Opinion | Sport  Culture | Lifestyle

See all Business

A A ‘ Rise of the racist robots prompts artificial intelligence upgrades
A

Banks targeted as regulators broaden Al Support the Guardian
AnAlrobof with a humanisti face, entitled Alter :Offios

pictured during a photocall to promote the fafthcoming ¢ Available for everyone, funded by readers

"Ak: More than Human’, at the Barbican Cenffe in London By Helen Cahill
—Photo by BE! L/AFP via Geffimages. 6 February 2022 - 6:00am Show your support —>

(‘E’@@@ @ News Opinion | Sport | Culture | Lifestyle

Money » Property Pensions Savings Borrowing Careers

Inequality
Rise of the racist robots - how Al is
learning all our worst impulses

or the fifth year

Artificial Intellig Fashion Food Recipes Travel Health & fitness Women Men Love{

trends of AI” as

Committes, a rultidist) .
ommittee, a multidiscipl Shortcuts Motoring

The racism of technology - and
driverless cars could be the mo|
dangerous example yet

academic and industry ba}

There is a saying in computer science: garbage in, garbage out.
When we feed machines data that reflects our prejudices, they
mimic them - from antisemitic chatbots to racially biased
software. Does a horrifying future await people forced to live at
the mercy of algorithms?

insights gained from data,

Can We Make Our
The index makes use of dd °
reported in the form of mg RObots Less Blased nan
data analysis serve as a re u/e Are?

make informed decisions
benefits mankind. ALl developers are committing to end the injustices
in how their technology is often made and used.

‘Machine vision'is struggling to recognise darker-skinned
pedestrians, and cost pressures could make things worse

10f14

The Al Index also provide Rashed Haq's "Human Trials" series was created using artificial inte
technology can cause due to bias in screening for jobs, mortgage a

Rashed Hag

and quantifiable key perfd
studies and points to the
and reliable for active stal

AL

People may not notice artificial intelligence in

Read: Separa . 5 g
Vs | there. Al is now used to review applications fi

93(@) x 37(H) cm
Um eine Couchgarnitur zu

This year's Al Index, relea resumes to find a small pool of appropriate ¢z

industry between 2020 a are scheduled. Al systems curate content for |

include a variety of theme

Phone calls to the customer-service departme

subjects, covering both thy N . 3
Businesses seeking to cut costs and satis| companies and banks, among other institutio
different sectors like edug] i *
increasingly replacing people with mach

recognition systems based on Al Q Current laws 'largely fail to address discrimination’ when it comes to big data. Photograph: artpartne
. h : o images/Getty Images
Itis worth mentioning tha But regulators are becoming concerned| =
expected to be the subject| work put into making sure consumers ar st o R e x. his “invicihle” AT hawever can make iteal Stephen Buranyi
— Y — in— 0 Crash course ... an autonomous self-driving vehicle spots some pedestrians in Milton Keynes - hopefully Leaming Lab I e SO GTOHS
u n Ive rSI a rel Financial institutions have become the I Photograph: Justin Tallis/AFP/Getty Images g
artificial intelligence after the Bank of Ef f ¥y &

don't restrict lending to ethinic minoriti¢ ﬂ Alex Hern
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Responsible Robot Learning proceedings IEEE

Fairness and Bias in Robot Learning

RIS-Aided Cell-Free Massive MIMO Systems for 6G:
Fundamentals, System Design, and Applications

Toward Resilient Modern Power Systems:
From Single-Domain to Cross-Domain Resilience Enhancement

Fairness
Constraints
Representation bias Evaluation bias
Aggregation bias Algorithmic bias
Measurement bias Robot Learning Developers bias

Sampling bias
Historical bias

Data and
Demonstrations Human-Robot __ _ / Legal and social
Gi% Interaction considerations

Societal bias
Behavioral Bias

Direct Discrimination
Indirect Discrimination

[Londorio et al., P-IEEE 2024]
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