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Waymo Cruise

AD - Level 4
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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

“Things and Stuff”

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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For 1 annotator 8h/365d

~8y

~1y

Biases

12

Data proficiency (    )

(Torralba and Efros, CVPR 11)

Supervised learning is doomed to Out Of Distribution

KITTI, 2012 / Sem.KITTI, 2019
Waymo Open Dataset, 2020

107

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

“driving at night”

V
LM

(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., CVPR’18]
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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., ICML’20]

= task model
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PAD-Net [Xu et al., CVPR’18]

3-Ways [Hoyer et al., CVPR’21]
GUDA [Guizilini et al., ICCV’21]

CTRL-UDA [Saha et al., CVPR’21]

ATRC [Bruggemann et al., ICCV’21]
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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-D’, `S-D-N’, `S-D-N-E’

23



21

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

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

• MTL 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



[23] 3-Ways [Hoyer et al., CVPR’21][8] MTL survey [Vandenhende et al., TPAMI'2021] [135] PAD-Net [Xu et al., CVPR’18]
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[23] 3-Ways [Hoyer et al., CVPR’21][8] MTL survey [Vandenhende et al., TPAMI'2021] [135] PAD-Net [Xu et al., CVPR’18]
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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 “bad” weather and lighting conditions 

…

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.

…



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
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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
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2D 
private

3D 
private

shared

Why does it fail ?

Complete objective:

Single Head
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Disentangled objective
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Single head Dual head
(xMUDA)
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xMUDA / xMUDAPL
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Right-to-left driving Illumination at night Lack of Realism Lidar density changes Weather changes

Main challenges
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[5] MinEnt / Advent. Vu et al. CVPR 19
[7] Dong-Hyun. ICML 13
[14] Yanchao and Soatto. CVPR 20
[20] Deep LogCoral. Yifei et al. ICCV-W 17 

2D+3D = ensembling
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Can fusion benefit from mimicking ?

Vanilla Fusion xMUDA Fusion



Open-vocabulary

56



Clip: (Radford et al., 2021) 

57

Vision Language Model (VLM)



DALL-E 2 (Openai, 2022) 

Clip: (Radford et al., 2021) « Teddy bears mixing sparkling chemicals 
as mad scientists in a steampunk style »

57

Vision Language Model (VLM)



58Fahes, Vu, Bursuc, Pérez, de Charette. ICCV 2023

ICCV 23

github.com/astra-vision/PODA

PØDA
Prompt-driven Zero-shot Domain Adaptation

https://github.com/cv-rits/PODA
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Minimal features stylization
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Adaptive Instance Normalization (AdaIN)
High-level feature statistics captures style

Huang. and Belongie, AdaIN. ICCV 2017

x

y

E

E

content

style

AdaIN D

No learnable parameters

AdaIN simply transfers features statistics from y to x by 
normalizing and rescaling

Y X X→Y
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Adaptive Instance Normalization (AdaIN)
High-level feature statistics captures style

Huang. and Belongie, AdaIN. ICCV 2017

x

y

E

E

content

style

AdaIN D

No learnable parameters

AdaIN simply transfers features statistics from y to x by 
normalizing and rescaling

Y X X→Y

But, we don’t have access to target data !
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Gradient Descent

Prompt-Driven Instance Normalization
(PIN)
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Gradient Descent

Prompt-Driven Instance Normalization
(PIN)
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Gradient Descent

Prompt-Driven Instance Normalization
(PIN)
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Initialization

63



Initialization
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Minimal augmentation



Initialization

0.22

0.26

0 100 200 300

m
Io

U

# of iterations

63

Minimal augmentation



Style bank … … …

64



Style bank … … …

Fast and light

64
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``driving in old movie’’

67



Proxies

[1] Clipstyler, CVPR 2022

Evaluation on ACDC (Sakaridis et al., ICCV’21) and GTA5 (Richter et al., ECCV’16)

[1]  

[1]  

[1]  

[1]  

[1]  
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Comparison to CLIPStyler

Source (CS) Rain Night Snow Game
CLIPStyler optimization: 65sec
PODA optimization: 0.3sec

[1] Clipstyler, CVPR 2022
69



Comparison to CLIPStyler

Source (CS) Rain Night Snow Game
CLIPStyler optimization: 65sec
PODA optimization: 0.3sec

[1] Clipstyler, CVPR 2022
69



70
“Driving in a game”“Driving in snow”

Source (CS)

CLIPStyler



Prompt design

give me 5 prompts that have the 

same exact meaning as “{prompt}”

give me 5 random prompts of 

length from 3 to 6 words 

describing a random photo

Chat GPT

71



Prompt design

give me 5 prompts that have the 

same exact meaning as “{prompt}”

give me 5 random prompts of 

length from 3 to 6 words 

describing a random photo

Chat GPT

A
lw

ays b
etter

A
lw

ays w
o

rse

71



72

Towards robust object detection. (Fan et al., ICLR 23)
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Towards robust object detection. (Fan et al., ICLR 23)

+9% +2% +0.5% +9% +10%+12%



Source-only-G PODA-G

TrgEmbed

PODA-G + style mixing

TrgEmbed

Source-only

73[1] Fan et al. Towards robust object detection invariant to real-world domain shifts. ICLR 23
[2] Wu et al. Style mixing and patchwise prototypical matching for oneshot unsupervised domain adaptive semantic segmentation. AAAI 22

Inspiration [1] 
Inspiration [2] 



Cityscapes-Foggy. Sakaridis et al., IJCV 2018
Diverse Weather Dataset, Wu et al. ECCV’22 
CUB-200. Wah et al. 2011
CUB-200-Paintings. Wang et al. CVPR’20

[8] DA-Faster. Chen et al. IJCV’21
[15] NP+. Fan et al. ICLR’23
[25] ClipStyler. Kwon and Ye, CVPR’22
[26] CIConv. Lengyel et al. ICCV’21

[42] ViSGA. Rezaeianaran et al. ICCV’21
[49] CLIP The Gap. Vidit et al. CVPR’23
[55] S-DGOD. Wu and Deng, ECCV’22
[56] SM-PPM. Wu et al., AAAI’22

Effect of priors

74

Various backbones



Object Detection

Classification
(Faster-RCNN)

Cityscapes-Foggy. Sakaridis et al., IJCV 2018
Diverse Weather Dataset, Wu et al. ECCV’22 
CUB-200. Wah et al. 2011
CUB-200-Paintings. Wang et al. CVPR’20

[8] DA-Faster. Chen et al. IJCV’21
[15] NP+. Fan et al. ICLR’23
[25] ClipStyler. Kwon and Ye, CVPR’22
[26] CIConv. Lengyel et al. ICCV’21

[42] ViSGA. Rezaeianaran et al. ICCV’21
[49] CLIP The Gap. Vidit et al. CVPR’23
[55] S-DGOD. Wu and Deng, ECCV’22
[56] SM-PPM. Wu et al., AAAI’22 75

“Painting of a bird”

“Blue/Red digits”



Limitations ?

• Global stylization: large structural classes benefit more from it
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Limitations ?

• Global stylization: large structural classes benefit more from it

• Spatial-/Semantic- invariant transformation

77
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Astra-Vision

astra-vision.github.io 

2D/3D Robust Scene Understanding

79

Regular job openings.

Inria Paris

https://astra-vision.github.io/


Any Questions ?

DenseMTL, in WACV 23. Lopes, Vu, de Charette
github.com/astra-vision/DenseMTL

xMUDA, in TPAMI 22 & CVPR 20. Jaritz, Vu, de Charette, Wirbel, Pérez.
https://github.com/valeoai/xmuda_journal

PØDA, in ICCV 23. Fahes, Vu, Bursuc, Pérez, de Charette
github.com/astra-vision/PODA

rdecharette.github.io | raoul.de-charette@inria.fr Group page: astra-vision.github.io 

https://github.com/astra-vision/DenseMTL
https://github.com/valeoai/xmuda_journal
https://github.com/cv-rits/PODA
https://mfahes.github.io/
https://abursuc.github.io/
https://tuanhungvu.github.io/
https://ptrckprz.github.io/
https://team.inria.fr/rits/membres/raoul-de-charette/
https://tuanhungvu.github.io/
https://team.inria.fr/rits/membres/raoul-de-charette/
https://tuanhungvu.github.io/
https://ptrckprz.github.io/
https://team.inria.fr/rits/membres/raoul-de-charette/
https://astra-vision.github.io/
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