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Papers

e We have 498 submissions this year!

® 199 (39.9%) accepted papers
o 33 oral presentation (6.6%)
o 166 posters

2018 .

2023 2022 2021

Submissions 498 504

Acceptance 39.9% 39.0% | 38.2
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| Confarenca on Robot Leaming
Atlanta, Oa | Nov. 6-9

Gn oxqia
| ,,E‘E

https://www.corl2023.org/explore-papers

Largest CoRL to Date!!

o 81% increase in in-person
attendance from 2022
o 912 total in person participants!!

® 78% decrease in virtual
attendance

e 650 workshop attendees

Countries Papers Authors
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Academic
15%

President: Vincent Vanhoucke
Treasurer: Raia Hadsell
Secretary: Jens Kober
Directors: Anca Dragan
Aude Billard
Ken Goldberg
Marc Toussaint
Sergey Levine
Minoru Asada
Danica Kragic




Review Process

83 days

60 area chairs
551 reviewers

1658 reviews
o  79% papers received 4+ reviews
o Each paper received at least 3
reviews

Rebuttal improved paper quality!
o Each paper received on average 6
reviewer respomses
o 203 papers (40.7%) improved score

Weak Reject

Workshops

e 32 workshop proposals

o Strong emphasis on diversity and extra
activities.

o Popular keywords: Foundational
Models, Representation Learning,
Manipulation, Agility

e 11 accepted workshops (34%)
o 9 full-day and 2 half-day workshops
o Combined 225 workshop papers!

650 workshop attendees
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Location: “STATION” Room (near Hubs)
during morning & afternoon breaks The Banquet @ The Georgia Aquarium (today) @

-

Robot Demonstrations

e 14 groups across
diverse topics:

Locomotion

Navigation

Manipulation

Teleop

Language & Robotics

Demo Chair:
e Deepak Pathak (CMU)

® Buses load 5:00-6:00pm in the front of the hotel i:é @ Rk

o White lanyard or ticket is required Alart, GA
e Keynotes on aquatic robotics!
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Workshops
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Neural Representation Learning for Robot Manipulation
Workshop on Robot Learning in athlEtics
Towards Reliable and Deployable Learning-Based Robotic Systems

Bridging the Gap between Cognitive Science and Robot Learning in the Real World:
Progresses and New Directions

Pre-Training for Robot Learning Workshop

Towards Generalist Robots: Learning Paradigms for Scalable Skill Acquisition
Learning Effective Abstractions for Planning (LEAP)

Learning for Soft Robots: Hard Challenges for Soft Systems

2nd Workshop on Language and Robot Learning (LangRob): Language as Grounding

. What Robotics Tasks Should We Focus On?
. Out-of-Distribution Generalization in Robotics: Towards Reliable Learning-Based

Autonomy
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Topics and # of papers

: e
Standardized topics based on author-supplied

evwords
KW Topics + # Papers
Active Learning (4)
Autonomous Driving (15)
Contact-Rich Manipulation (4)
Deformable Objects (8)
Dexterous Manipulation (9)
Diffusion (6)
Dynamics and Control (17)

Generalization and Robustness (10)

Generative Models (3)

Graph Neural Networks (5)
Grasping (6)

Human-Robot Interaction (16)
Imitation Learning (23)
Interpretability (2)

Large Language Models (13)

Learning from Demonstration (29)

Legged Robots (6)
Locomotion (7)
Long-Horizon (6)
Manipulation (76)
Mobile Manipulation (2)
Model Distillation (2)
Model-Based RL (6)
Multi-Agent (12)
Natural Language (25)
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KW Topics + # Papers
_ Navigation (10)

Neural Radiance Fields (4)

~Non-Prehensile Manipulation (2)
m @0bject Representaiion (9)

Offline RL (7)

Online Learning (6)
Optimization (5)

Partial Observability (2)
Perception (22)

Planning (27)

Pose Estimation (4)
Prediction Models (6)
Reinforcement Learning (38)
Representation Learning (19)
Robot Design (4)

Safety (6)

Sensor Fusion (4)

Sim2Real (10)

Simulation (5)

Skill Learning (7)

Soft Robots (3)

. Tactile Sensing (4)

Task and Motion Planning (21)
Temporal Reasoning (2)
Transformers (9)

Vision and Depth (25)
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A. Perception

RoboCook: (4)
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Initial State

B. Dynamics

(5)

RoboCook
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RoboCook: (6)

A. Closed-Loop Control

Large roller

Current

S Circle punch
: “" | Classifer
| Network Knife
n £ :

Target

Circle press

Circle cutter

Hook

Actions

Policy |
*| Network
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Press and roll

Updated

Visual feedback loop
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RoboCook: (7)

B. Self-supervised policy learning
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RoboCook: (10) ’

Initial state  Step 1 Step 2 Ours Outline RoboCraft CEM+GNN CEM+MPM RL+GNN
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RoboCook: (12) Generalizing to different materials

>
We Showcase the Material Initial state Manipulation Steps Final State (K) t
dynamics model’s % ! -
O =24)
capability to 5 e

Flour + water + salt

generalize to
various materials
by shaping a K
without retraining.

Play-Doh

Air Dry Clay

Model Foam
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3D Feature Field
Extract Dense —

Uh

1. Scan Scene 2. Distill Features 3. Language-Guided Manipulation
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Features at Query Points Task Embedding
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Feature Field 6 DOF Gripper Pose

(a) Collect Demonstrations in VR (b) Sample Feature Vectors (c) Average Over n Demos
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Demo

(a) Retrieving Demonstrations (b) Language-Guided Pose Optimization
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(c) Grasp caterpﬂlar (d) Place cup on rack (c) Top 10 Grasps (d) Robot Execution.
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(a) Demonstration (1 of 2) (b) Feature Field of Cluttered Scene (c¢) Robot Execution
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“Baymax”  “blue screwdriver” “bowl” “red screwdriver” “transparent jug’
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