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Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.



Mission

Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

,@ Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

Robust
Models for
Urban
Scenes

[Images from the Bravo Challenge at ECCV 2024]



Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

road
sidewalk
building

wall

vegetation

sky

person
rider

car

Semantic ' gy, b Y il
Segmentation S
and Anomaly otorzae
Detection

bus

Mask2anomaly: Mask transformer for universal open-set segmentation, IEEE T-PAMI 2024

Unmasking Anomalies in Road-Scene Segmentation, IEEE CVPR 2023

Comformer: Continual learning in semantic and panoptic segmentation, IEEE CVPR 2023

Modeling the background for incremental and weakly-supervised semantic segmentation, IEEE T-PAMI 2021 9
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Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

3D Instances

eman 1ci Y _\\,_,%_.{,_. 2/ 8/8
Prior work: Zero-Shot (3D) Text prompts:
Lidar Panoptic Segmentation Lidar Panoptic Segmentation {advertising stand} {car}

[Images fromZero-Shote 4D Lidar Panoptic

' ' i S ion - NVIDIA CVPR 2025
Moving towards the integration of 3D, 4D and language cgmentation paper at ]
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Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

i i EarthLoc: Astronaut Photography Localization by Indexing Earth from Space, IEEE CVPR 2024
Geolocalization from MeshVPR: Citywide Visual Place Recognition Using 3D Meshes, ECCV 2024
2D and 3D data JIST: Joint Image and Sequence Training for Sequential Visual Place Recognition, IEEE RAL 2024 11
EigenPlaces: Training Viewpoint Robust Models for Visual Place Recognition, IEEE ICCV 2023



Mission

Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

,@ Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.
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Meshgpt: Generating triangle meshes with decoder-only transformers, IEEE CVPR 2024 [Images from CVPR-W 2023]
Polydiff: Generating 3d polygonal meshes with diffusion models, ArXiv 2024

3D Semantic Novelty Detection via Large-Scale Pre-Trained Models, IEEE Access 2024 12
3dos: Towards 3d open set learning-benchmarking and understanding semantic novelty detection on point clouds, NeurlPS 2022
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Egocentric Video Understanding

that allow

Focus: solve perception tasks based on visual (2D,
3D) and multimodal (vision, language) information.
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All active/moved objects in this video are represented by neon balls.
Their initial positions are shown at the start of the video

Video Segment 1

HIERO: understanding the hierarchy of human behavior enhances reasoning on egocentric videos,

IEEE ICCV 2025

Amego: Active memory from long egocentric videos, ECCV 2024
A Backpack Full of Skills: Egocentric Video Understanding with Diverse Task Perspectives, IEEE

CVPR 2024

Domain generalization using action sequences for egocentric action recognition, Pattern

Recognition Letters 2025

Spatial Cognition from Egocentric Video: Out of Sight, Not Out of Mind, 3DV 2025 13
An Outlook into the Future of Egocentric Vision, IJCV 2024



Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

@ Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

Multi -modal (Video and Language) SAMWISE in action

| | =~

Prompt: "The carper"

Prompt: "The tall man in grey"

The male child moving leftward

while guiding his bicycle

The bicycle moving back and forth
in the living room

14
SAMWISE: Infusing Wisdom in SAM2 for Text-Driven Video Segmentation ,CVPR 2025



Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

Distributed, Federated Learning Pruning & Model Efficiency Model Safety & Unlearning
__ Fed3R + Personalization with OLL Ol Donselionion. s Rpersa Rukowsyork
N %§ %
as: | * ' ECTE
— \ O
o A s w & T — QEM y these modele?

Interaction-Aware Gaussian Weighting for Clustered Federated Learning, ICML 2025

. Communication-Efficient Heterogeneous Federated Learning with Generalized Heavy-Ball Momentum, TMLR 2025
Theory Side of J J 4

_ _ Beyond Local Sharpness: Communication-Efficient Global Sharpness-aware Minimization for Federated Learning, CVPR 2025
Machine Learnlng Improving Generalization in Federated Learning by Seeking Flat Minima, ECCV 2022

Accelerating Federated Learning via Sequential Training of Grouped Heterogeneous Clients, IEEE Access 2024

Finding Lottery Tickets in Vision Models via Data-driven Spectral Foresight Pruning, CVPR 2024

Efficient Model Editing with Task-Localized Sparse Fine-tuning, ICLR 2025 15



Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

@ Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

Robotics

1

Real data

D3GD testbed
based on task
difficulty

D3G \  What is the relationship

® ® between the objects?
=
=
4 Le

v Wall exploitation

A Modern Take on Visual Relationship Reasoning for Grasp Planning, IEEE RAL 2025

Select2Plan: Training-Free ICL-Based Planning through VQA and Memory Retrieval, ArXiv 2024

PaintNet: Unstructured Multi-Path Learning from 3D Point Clouds for Robotic Spray Painting, IEEE IROS 2023

Domain Randomization for Robust, Affordable and Effective Closed-Loop Control of Soft Robots, IEEE IROS 2023 14
End-to-end learning to grasp via sampling from object point clouds, IEEE RAL 2022



Mission

@ Develop efficient and reliable algorithms  that allow artificial systems to see, understand the
surrounding world and learn autonomously.

Focus: solve perception tasks based on visual (2D, 3D) and multimodal (vision, language) information.

Multi -Modal, Adaptive , Efficient and Robust Learning

U  Spatial Intelligence U Robot Learning
A Semantic segmentation A Grasping
A Geo-localization A Painting
A Locomotion
i Anomaly detection A Soft-robotics
u 3D learning u Efficient and Distributed Learning
A Federated Learning
i Video Understanding A Pruning and Distillation

A Ego and exocentric
U Un-learning (remove hias)

17



Structured Robot Learning



KeyEnablerof RecentMachine Learning Successes
Large overparameterized models
Plenty of data

Growing computational capacity

AutonomousDriving DeepReinforcement_earning

23/2/2024 19



Challenges for Resourcenstrained_earning

Large overparameterized models-

J—

Plenty of data -

Growing computational capacity

23/2/2024

Yes,. | thought it over
guite thoroughly.'lt's 42,

Limited orboard memory
Needs swift (rgtraining to adapt
Data scarcity & domain shift
Complex, structured data

Limited onboard computing

m/erbal instructions
of a “teacher”

motion or
i Thisisa | disparity

sprayer!

Robot’s attention:

20



Challenges for Resourcenstrained_earning

Large overparameterized models{

Growing compu

Limited onboard memory
Needs swift (retraining to adapt

-

Key Issues:
A Efficiency
A Structure

Ncarcity & domain shift
X, structured data

| onboard computing

/ /Verbal instructions \

i T % S
- : / 3 _’.,,.‘u;‘
(. ‘ ’/?(

' . Yes, | thought q\t over

of a “teacher”

Thisisa
sprayer!




Robotics A Playground fdefficientand StructuredLearning

A Goals
1. Learn robot models
2. Learn actionable representations of the world
3. Learn to control interaction to solve tasks

ARequirements

A Efficiency
A Limited onrboard resources
A Realtime prediction for seamless interaction
A Data and labeling efficiency enable autonomy
A Structure
A Input/output spaces constrained by physics and geometry
A Ensure safety
A Learning on data streams in time, sequential structure

A Environment dynamics evolves and is influenced by ErgoCuforedits: stituto ltaliano
predictions/actions (e.g., RL) di Tecnologia INAIL)

22



Robotics A Playground fdefficientand StructuredLearning

A Goals
1. Learn robot models
2. Learn actionable representations of the world
3. Learn to control intera(?»" ' '

Aquuirements Applies to most
Efficiency :
A Limited onboard res CyberphySICaI
A Realtime prediction :
A Data and labeling ef and Embodied
A Structure Systems
A Input/output spaces\\
A Ensure safety | B
A Learning on data streams in time, sequential structure RN .y
A Environment dynamics evolves and is influenced by ErgoCulfcredits: Istituto Italiano

predictions/actions (e.g., RL) di Tecnologia. INAIL)



Supervised.earning

Dataset Y {(whn)}

Problent Given'Y find "Qs. t.
QAUw )

"Q shallhavelow error on future data



Supervised.earning

Inputn
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Learning
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Structured Learning

OutputSpaces

+ dset of structured outputs
A Points on a manifold

4 Classification ) A Histograms
A Graphsitrees

A Sequences

A X

Ranking

Structured estimator Original image Ridge regression

-

N

RO

\ (b) Embedding of a tree in B2

\_ T J

Nickel, Maximillian, and Douwe Kiela. "Poincaré embeddings for learning hierarchical representations." Advances in neural information processing systems 30 (2017).
Ciliberto, Carlo, Lorenzo Rosasco, and Alessandro Rudi. "A consistent regularization approach for structured prediction." NeurlPS 2016.
Marconi, Gian, Carlo Ciliberto, and Lorenzo Rosasco. "Hyperbolic manifold regression." AISTATS 2020.



Structured Robot Learning

6 Structured learning _ o S P
Useful approach for constrained learning in e vamod
robotics Learning the demonstration manifold [2]

6 Allows to encode desired properties

of the output space or model
3 Physics priors and environment geometry [1,2]
3 Object geometry

3 Safety constraints [3]

;  Stability [4]

Bimanual object manipulation (credits: Boston Dynamics)

[1] Zeestraten, Martijn JA, et al. "An approach for imitation learning on Riemannian manifolds." IEEE Robotics and Automation Letters 2.3 (2017).

[2] Beik-Mohammadi, Hadi, et al. "Reactive motion generation on learned riemannian manifolds."” The International Journal of Robotics Research (2023).

[3] Liu, P., Tateo, D., Ammar, H. B., & Peters, J. Robot reinforcement learning on the constraint manifold. In Conference on Robot Learning (2022, January). 27
[4] Mazzoleni, Mirko, et al., "A comparison of manifold regularization approaches for kernel-based system identification.” IFAC-PapersOnLine (2019).



Structured Robot Learning

Robot Structure Object Structure

In both cases, leveraging

structure improves
P efficiency and safety -




Structured Inverse Kinematics Learning

A Goal Learn robot inverse kinematics (e.g., for CLIKC)
A Challenge: Moddbased IK fails undenodel misspecification

A Learn on the robot manifold
A Can we learn accurate IK mapping from data?

N

A Yes, via structured prediction

A Allows to use custom loss in Cartesian space

A Flexible nonparametric kernel method Input: Target Cartesian pose
Output: Joint configuration

-6 -4 -2 0 2 -6 -4 -2 0 2
(a) One Class Structured SVM (b) CRiSP-R (c) CRiSP-FK

DAFY al NAF al ND2YyAZ wod [/ & 3 [2N£y72CR/i8H>évbrs§e(KeZnathsI-LBBTn@gWitﬁt)\Oél\%]zz G {
Misspecifiedv2 0 2 0 a2 RSf 4¢é¢3X L999 w! [ HAHM



Inverse Kinematics

03

End-effector

L = [3717 X2, 9:6]

—" @ Target
i Bt Catch the target
IK

Configuration space Task space

Joint angle 1
Joint angle 2

Joint angle 3!

f: Rd X SO(d) — [ll,ul] X ... X [ZJ,UJ]

FK 1K
Goal: go f(x) ~x

NguyenTuong, Duy, and Jan Peters. "Model learning for robot control: a su@egfiitive processint.4 (2011): 31340.

30



Why Data Driven?

Analytical approaches:
Need to be derived from scratch for every model

3 Might be too complicated or unfeasible for some robot
structures

3 Can be very sensitive to errors in the mechanical model
(e.g. nonrigid links, human body)



CRISHKernelbased Structured IK Learning

Structured kernel method for learning
Inverse kinematics from data
5 Output space
o Safety constraints (joint limits)
o Complex nonlinear structure

5 Robust to model misspecification 6 -4 2 0 2 4 6
Example of CRISP dataset

Marconi G. M.*C. R.*Rosasco L., Ciliberto Structured Prediction foCRiSPverse Kinematics Learning with

MisspecifiedRobot Models]EEE Robotics and Automation Lettersi(R& IEEE ICRA 2021
6/10/2023 32



Challenge 1: Structured Output Space

Task space Configuration space

f: R x SO(d) = [li,u1] % ... x [ly,uy]

lj,uj| C|0,2m)

Joint limits

RaffaelloCamoriano 33



Challenge 2: Loss In Joint Space
-

RaffaelloCamoriano

34



Challenge 2: Loss In Joint Space

Predicted
Target

_ 1) 5@ :
f(@ese) = 07,677 A Linear combinations in joint
space are not representative ¢
. . the desired configuration
A0

RaffaelloCamoriano 35



CRISHEK with Forward Kinematics Loss

1) Training: Compute «; : R 5 R

6
o(z) = (K +n)\) 'K,
4
2) Prediction Find minimizingy
5 e.g., EBFGS constrained minimization
— ‘ ) A(g 7~ )
. . f(x) = argminai(z)A((y). §(4:))
Ay, i) = 130(W) = G I* + do(Fo(y), Go(yi))?
-2 ‘ ' ‘ '

—6 —4 —2 0 2 Position Loss Orientation Loss

RaffaelloCamoriano 36



Baseline Comparisons

6 ® Original trajectory ® Original trajectory
@ Predicted trajectory ® Predicted trajectory

4
CRISP w/ Joint 2 CRISPFK
L oss Minimization (Proposed)
0
-2
-6 -4 -2 0 2 -6 -4 -2 0 2
6 @® Original trajectory

@ Predicted trajectory

4
OneClass P
® Original trajectory
Structured 2 _ @ Predicted trajectory Neural Network
SVM



CRiSPased Trajectory Reconstruction on

a /-DoF Panda I\/Ianipulator

38

6/10/2023



Structured Imitation Learning

A Goal:Safely learn trajectories on ndBuclidean surfaces

A Lowdimensional manifoldFewer examples to learn
policy
AV LILIX AOFGA2YyAaY {dzZNFIF OS L2 A

A We propose a kernelized structured prediction method X e Y
for supervised imitation learning (SIL) on manifolds Input space Output space

Figure 2. Schematic illustration of the surrogate approach to
structured prediction.

Surrogate space

1 dzl

Surrogate Structureencoding Loss

o1 > _
Dyi(yn,y) = 5/ (1og ||2: | —Log,, (y)X; 'Log, (¥)

+ Log#(y)E_lLog“(y)) yn dy.

A Duan, BatzianouliE w / I Y2NAIl y2> [ w2al a2 5 tdzOOAZ ! . AfflNR a! {Glggjz()ijdzNi



Experimental Results



