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(a quick partial/biased overview of CV pillars for AD)
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(Silberman et al., ECCV 2012)

Semantic Segmentation

1 color = 1 semantic class

Object detection

(Chen et al., ECCV 2020)

Semantics | Geometry | Motion
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Amodal Segmentation (2016)

(Li and Malik, ECCV 16)

KINS (Qi et al., CVPR 19)

Panoptic segmentation (2019)

(Kirillov et al., CVPR 2019)

1 color = 1 instance

ά¢ƘƛƴƎǎ ŀƴŘ {ǘǳŦŦέ

Segmentation of visible and invisible pixels

Segmentation of class and instance at once

Semantics | Geometry | Motion
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(Bhat et al., CVPR 21)

Depth prediction

Semantics | Geometry | Motion

Reconstruction

(Cao and de Charette, ICCV 23)
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Semantics | Geometry | Motion

Semantic Scene Completion

(Roldao et al., IJCV 21)

(Cao and de Charette, CVPR 22)
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(Wang et al., ICCV 23)

Pixel tracking

Semantics | Geometry | Motion

Object tracking

CAMO-MOT. (Wang et al., 22)
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Semantics | Geometry | Motion

Forecasting

(Liu et al., CVPR 21)

And many more..



World is long-tail
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(Torralba and Efros, CVPR 11)

Supervised learning is doomed to Out Of Distribution

KITTI, 2012 / Sem.KITTI, 2019
WaymoOpen Dataset, 2020

ρπ

nuScenes, 2019
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Multi -Task Learning Cross-Modal Learning Prompt-driven Learning
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2D

3D

Knowledge Distillation

Multi -Task Learning Cross-Modal Learning Prompt-driven Learning
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2D

3D

Knowledge Distillation

Multi -Task Learning Cross-Modal Learning Prompt-driven Learning

άŘǊƛǾƛƴƎ ŀǘ ƴƛƎƘǘέ
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(Lopes et al., WACV 2023) (Jaritz et al., TPAMI 2022) (Fahes et al., ICCV 2023)



Multi-task Learning
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Semantics conveys geometry cues, and vice versa.



TRANSFER LEARNING

Taskonomy  [Zamir et al.ȟ #602ȭρψɎ

16



s: semantic segmentation
d: depth estimation
n: surface normal prediction 
k: key point detection,
e: edge detection

MULTI-TASK LEARNING

Which tasks to learn together in MTL  [Standley et al.ȟ )#-,ȭςπɎ

= task model
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PAD-Net [Xu et al.ȟ #602ȭρψɎ

3-Ways [Hoyer et al.ȟ #602ȭςρɎ
GUDA [Guizilini et al.ȟ )##6ȭςρɎ

CTRL-UDA [Saha et al.ȟ #602ȭςρɎ

ATRC [Bruggemann et al.ȟ )##6ȭςρɎ
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Survey: [Vandenhende et al., TPAMI 2020]



19I. Lopes, T-H. Vu, R. de Charette, WACV 2023

DenseMTL: 
Multitask Learning for UDA
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github.com/astra-vision/DenseMTL

https://github.com/astra-vision/DenseMTL
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3 set of tasks: `S-5ΩΣ ȫ{-D-bΩΣ ȫ{-D-N-9Ω
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multi-Task Exchange Block (mTEB)
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Guide feature inclusion from task j to task i and vice-versa
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Cross-task attention

Self-attention

What tasks j and i have in common, to help task i ?

What task j can do alone, to help task i ?
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Correlation-guided attention

The intuition: injecting features from j that will contribute 
to better solving task i.

Features from task i 

Features from task j 

We account more for features of j which are highly 
spatially-correlated with features from i
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Self-attention

The intuition: discover private features from j that help task i

We let gradient flow optimize F_f, F_m to discover
relevant features in j for task i

Convolution block

Convolution block
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Fusion
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multi-task Exchange Block (mTEB)

mTEB can be inserted 
at any scale
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multi-task Exchange Block (mTEB)

Scale 1

mTEB can be inserted 
at any scale
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multi-task Exchange Block (mTEB)

Scale 1

mTEB can be inserted 
at any scale



The challenge of MTL metrics

ÅMetrics and scale differ per task: depth (RMSE), semantics (mIoU), etc.

ÅMTL should favor all metrics

29

0 for higher is better, 1 lower is better

MTL
performance

STL 
performance
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Segmentation

Normal

Depth

Edge
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Where should tasks talk ?
VKITTI2
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MTL for Segmentation
{S,D} on Cityscapes

Self-supervised depth can help segmentation

MDE for depth



Cross-Modal Learning
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Dataset Bias or Domain Discrepancy

Cityscapes (CVPR 16)

Mapillary Vistas (ICCV 17)

||| 02.9.2020Dengxin Dai

Realistic Situation

X

 However, in outdoor application,  there is no escape from ñbadò weather and lighting conditions 

Χ

Common train/test Open-world testbed

(slide Tuan-Hung Vu)
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Out of Distribution

Physics-Based Rendering for (..) Rain. (Halder et al., ICCV 19)
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Out of Distribution
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Out of Distribution

(Shetty et al. CVPR 2019)
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Out of Distribution

Complete & Label. (Yi et al. CVPR 2021)
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Train Test

Domain Gap
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Train Test

Sensor setup
Location (city, country)

Scenes (urban, countryside)
Conditions (weather, lighting)

Ethnicity
etc.

Domain Gap
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Wang et al. CVPR 2020

Train Test

Sensor setup
Location (city, country)

Scenes (urban, countryside)
Conditions (weather, lighting)

Ethnicity
etc.

Domain Gap

Buolamwini and Gebru. FAccT 2018
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Wang et al. CVPR 2020

Train Test

Sensor setup
Location (city, country)

Scenes (urban, countryside)
Conditions (weather, lighting)

Ethnicity
etc.

Domain Gap

Buolamwini and Gebru. FAccT 2018

-32 -41 -7 -3
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Domain Generalization

Domain Adaptation
Source: He et al. 2022

Source: Frikha et al. 2022

Test time adaptation
Source: Liang et al. 2023

Model

Foundation 
Model

Knowledge distillation

VLM, DINOs, SAM, etc.

Χ



Source Target

Labeled Unlabeled

Unsupervised Domain Adaptation (UDA)



xMUDA |  Jaritz et al., CVPR 20 & TPAMI 22

CVPR 20 & TPAMI 22

github.com/valeoai/xmuda_journal

xMUDA
Cross-Modal Learning for Domain Adaptation
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2D 3D

github.com/valeoai/xmuda_journal


3D segmentation

sparse 
voxel3D

45



2D-3D 
lifting

2D
dense 
pixel

3D segmentation

sparse 
voxel3D
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2D-3D 
lifting

2D
dense 
pixel

3D segmentation

sparse 
voxel3D

CROSS-MODAL

LEARNING

45
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Complete objective:

Single Head


