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(a quick partial/biased overview of CV pillars for AD)



Semantics Geometry | Motion

Object detection Semantic Segmentation
s o N U STy F

> g

(Chen et al., ECCV 2020)

1 color = 1 semantic class



Semantics Geometry | Motion

AmodalSegmentation (2016)

(Kirillov et al., CVPR 2019)

1 color = 1 instance
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KINS (Qietal., CVPR 19) Segmentation of class and instance at once

Segmentation of visible and invisible pixels



Semantics |Geometry| Motion

Reconstruction

(Bhat et al., CVPR 21) (Cao and de Charette, ICCV 23)



Semantics |Geometry| Motion

Semantic Scene Completion

(Cao and de Charette, CVPR 22)



Semantics | Geometry [Motion

Object tracking

Pixel tracking

(Wang et al., ICCV 23)

CAMO-MOT. (Wang et al., 22)



Semantics | Geometry [Motion

Forecasting

(Liu et al., CVPR 21)

And many more..
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Data p_roficiencyp(n )
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(Torralba andEfros CVPR 11)

Cost World is longtall

For 1 annotator 8h/365d
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Amount of data
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Data prof|C|encyF(n )

(Torralba andEfros CVPR 11)

Cost World is longtall

For 1 annotator 8h/365d

Amount of data

[ Supervised learning is doomed to Out Of Distribution] 12




Multi-Task Learning

CrossModal Learning
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Promptdriven Learning

13



Knowledge Distillation

Multi-Task Learning

CrossModal Learning
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Promptdriven Learning
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Knowledge Distillation

Multi-Task Learning
(Lopes et al., WACV 2023)

CrossModal Learning
(Jaritz et al., TPAMI 2022)
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Promptdriven Learning
(Faheset al., ICCV 2023)

13



N

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

Semantic
Segm.

TRANSFER LEARNING
Taskonomy [Zamiretalh #6023 p Y Y

Autoencoding
Object Class. (1000)
S > Class

Curvature
Denoisin, B NN M
2D Edges

Egomoti
Cam. Pose (fix)
2D Keypoint . HEHEE HEENEEE EEEEEEEEEEEEE
ypoint L
Cam. Pose (nonfix)
Matching
Reshading
Z-Depth
Distance
Normas IHEEE"HE EEEEE "EEE
Layout
2.5D Segm.
2D Segm.
Semantic Segm.
Vanishing Pts
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Inference

S: semantic segmentation
d: depth estimation

n: surface normal prediction
k: key point detection,

= task model e: edge detection

Total Loss = 0.457
S n k

o s

Total Loss = 0.436 | Total Loss = 0.451 | Total Loss = 0.444 | Total Loss = 0.499

MULTI-TASK LEARNING
Which tasks to learn together in MTL [Standleyet alh
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PADNet [Xuetalh #602686p Y CTRLUDA [Sahaetalh #6026 c¢cp Y

Predictions Cross-Task Relation Layer

Entropy map | Entropy
generator map (E)
Shared

Input .
o . feature
image ()

map

Ny Ni A
> Surface Normal Surface Normal
Calculation Calculation

—
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Decodér D, » a : : ] Segmentation ér‘
H =
!I.L

Virtual Sample Image

Encoder | =

|
|
|
!
|
1
|
L

Pose

i I} Encoder | -1 ity ImageNet
Encoder f;

Synthesis Loss

Survey: Yandenhendest al., TPAMI 2020]
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FLeLal

valeo.ai

DenseMTL
Multitask Learning for UDA

l. Lopes, H. Vu, R. de Charett®¢/ACV 2023

29


https://github.com/astra-vision/DenseMTL

multi-Task
Exchange Block

3 set of tasks: -5 Q 3D-b &Q{ED-Ned {Q

206



multi-Task Exchange BlockhTEB

mTEB = multi-task Exchange Block

fusion

21



Guide feature inclusion from tagko taski and viceversa

(e, hg,wq)

L T
C.? —1 spatial

up-
sample

(hw, howg)

l,32 PV 1% (¢, hw)

spatial

ywn- | project
down Ff

project

extract sample

C mask @ channel

concat
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What taskg andi have in common, to help task?

\Ls Pg Q XTAMJ-_H:

B \NEANN
(¢, hg,wq)

T
LSQ PK K (hw, c) C]—}Z ® TS

spatial
up-

(hw, hiqwg) sample

l«sz Py

spatial
down-
sample

project project

channel
concat

What task can do alone, to help task?
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The intuition: injecting features frongthat will contribute
to better solving task

() = transform(f;)  Features from task

K' = transform(f;)
V = transform(f;) Features from task

C;; = softmax (L\%Q)

Xtaskj%- = Cj_;wi

We account more for features pfvhich are highly
spatiallycorrelated with features from

24



extract

Q (Cr hQ’wQ)

] e @

spatial
up-

(hw, howg) b

1% (¢, hw)
Fy

O- mask @

xTAM o

A1..c

j:r:_)ject

channel
concat
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The intuition: discover private features fronthat help task

F¢(f;)  Convolution block
F,,(fj)  Convolution block

Selfj_yi — Ff(fj) O, O'(Fm(fj))

(hw, hqwg)

(¢, hw)

We let gradientflow optimizeF _f F_mto discover
relevantfeaturesin j for taski

26
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multi-task Exchange Block(TEB

mTEB = multi-task Exchange Block

fusion

mTEBcan be inserted
at any scale

28



multi-task Exchange Block(TEB

mTEB = multi-task Exchange Block

fusion

mTEBcan be inserted
at any scale
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multi-task Exchange Block(TEB

mTEB = multi-task Exchange Block

fusion

mTEBcan be inserted
at any scale

1 s final
Etasks BREl Z;,ES Ztg_‘p wtﬁt + ZtET wtﬁt -



The challenge of MTL metrics

A Metrics and scale differ per task: depth (RMSE), semamtitzslJj, etc.
A MTL should favoall metrics

for higher is better, lower is better

Ar(f) =1/n ) cr(=1)% (mi — b;)/b;

MTL STL
performance performance
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Fully supervised

‘5-D ‘S-D-N’
Methods Semseg T Depth | [| Delta T | Semseg T Depth | ‘L)clta]‘ ‘Normals N D

mloU % RMSE m mloU % RMSE m mkErr. ©

STL [8] 38.70 ow 0.635 s 1 idem idem
MTL [8] 0.638 o 39.90 .. :
PAD-Net [135 3 59 som 36.14 0w

NYUDv2

Ours 38.93 e 0.604 .o 40.28 ...

[8] MTL survey [Vandenhendeet al, TPAMI'2021] [23] 3-Ways [Hoyeretalh  # 6 0 2[B35]@AD-Net[Xuetalh #6028 p Y Y
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Fully supervised

‘S-D° | ‘S-D-N’ ‘S-D-N-E’
Methods Semseg T Depth | [| Delta t || Semseg T Depth | | Delta [ Normals |§f Delta 7 §S T Depth | Normals | || Delta 1 ‘Edges TN Delta ]
Aspn %

mloU % RMSE m To RMSE m Aspn 7 mloU % RMSE m mErr. © F1 % Aspng %o
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Fully supervised

‘S-D | ‘S-D-N’ ‘S-D-1
Methods Semseg T Depth | [| Delta t || Semseg T Depth | | Delta [ Normals |§f Delta 7 §S T Depth| Normals | ' Edges 1§ Delta 1
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Fully supervised

Synthia
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Cityscapes

Methods
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mTEB *S-Dr ‘5-D-N’

Scales |Param. | |Semseg 1 Depth | Delta T |Param. | |Semseg T Depth | Normals || Delta T
4 3 2 1| #Madded | mioU % RMSE m Agp % | #Madded | miloU % RMSE m mErr. ° Agpy %

|":}ﬁ.33 +n.30 3.604 —u.-.u-u.-|2.5.HI —-.u.:-::-:| . |*'_-J?.3H +0.02 3.491 o041 14.50 +o0.57 |3U.51 +0.98
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Where should tasks talk ?
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weights |Semseg T Depth | Normals || Delta 1
Ws wWp W mloU % RMSE m mEm. ® Agpy %
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(a) “S-D’ gridsearch (b) *S-D-N’ gridsearch
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MTL for Segmentation
{S,D} on Cityscapes
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oane 123]197.21 79.38 90.50 47.68 49.68 51.17 49.41 64.65 91.40 93.85 72.41 46.92 92.66 80.17 42.43 66.39
97.62 82.29 92.44 46.52 54.76 59.82 60.94 73.13 92.22 94.55 76.40 58.49 94.26 85.14 49.41 71.70

MDE for depth

mloU %

69.74
74.36
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CrossModal Learning



Dataset Bias or Domain Discrepancy

Mapillary Vistas(CCV 17)

Common train/test Openworld testbed

(slide TuarHung 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

Upernet [23]
(Shetty et al. CVPR 2019)
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Out of Distribution

(a) captured by a 64-beam LiDAR (b) captured by a 32-beam LiDAR

Complete & Label. (Yi et al. CVPR 2021)
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Domain Gap
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Domain Gap

Sensor setup
Location (city, country)
Scenes (urban, countryside)
Conditions (weather, lighting)
Ethnicity

etc.
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Buolamwiniand GebruFAccT2018

Domain Gap

Sensor setup
Location (city, country)
Scenes (urban, countryside)
Conditions (weather, lighting)
Ethnicity

etc.

Gender

$ Female
E Male
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=

Lightelr Male

Domain Gap

Sensor setup
Location (city, country)
Scenes (urban, countryside)
Conditions (weather, lighting)
Ethnicity

etc.

Gender

$ Female
. Male
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Confidence Scores

1.00-

0.75-

0.50-

ﬁ

Ll
Darker Female Darker Male Lighter Female

Buolamwiniand GebruFAccT2018

Lighte'r Male

Domain Gap

Sensor setup

Location (city, country)
Scenes (urban, countryside)
Conditions (weather, lighting)

Ethnicity
etc.

Source\ Target KITTI Argoverse nuScenes Lyft Waymo
Gender KITTI 88.0/825 558/27.7 474/133 81.7/51.8 452/119
B3 Female Argoverse 69.5/339 79.2/578 525/218 869/674 83.8/40.2
B Male nuScenes 49.7/134 73.2/21.8 734/38.1 89.0/38.2 78.8/36.7

Lyft 743/394 77.1/458 635/239 90.2/87.3 87.0/64.7

Waymo 519/13.1 764/426 555/21.6 879/745 90.1/853

Wang et al. CVPR 2020
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Confidence Scores
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Darker Male Lighter Female Lighter Male

Buolamwiniand GebruFAccT2018

Domain Gap

Sensor setup
Location (city, country)

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

Ethnicity
etc.

Source\ Target

Gender KITTI

E Female .»\rgu\ CIrsc

B Male nuScenes
Lyft
Waymo

55.8227.7
79.2/57.8
73.2/21.8
77.1/45.8
76.4/42.6

69.5/339
49.7/13.4
74.3/39.4

J1.9713.1

nuScenes

474133

52.5/21.8
73.4/38.1
63.5/239

55.5/21.6

Lyft
81.77/51.8
86.9/67.4
890.0/38.2
90.2/87.3
879/74.5

Waymo
4527019
83.8/40.2
78.8/36.7
87.0/64.7
90.1/85.3

Wang et al. CVPR 2020
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Before Adaptation After Adaptation

Domain Adaptation
Source: He et al. 2022

VLM, DINOs, SAM, etc.

Foundation
Model

1

/
’

1

Knowledge distillation

> » N
Dr = {x%': .}";'}i.—..rl

D(l) {xsl‘ys.l Nl @

4

,”testing

D;Z) = {x§z'y§z}:v:1 -

X 3
Ds( Ve {xsk- }'sk}

N

Domain Generalization
SourcefFrikhaet al. 2022

pre-trained
model :, test-time r
adaptation | ">
' test data | l

(single mini-batch/ streaming data/ entire dataset) ~prediction

Test time adaptation
Source: Liang et al. 2023
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UnsupervisedDomainAdaptation (UDA

Labeled Unlabeled
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XMUDA
CrossModal Learning for Domain Adaptatior

CVPR 20 & TPAMI 22


github.com/valeoai/xmuda_journal

sparse

voxel

3D segmentation
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2D-3D
lifting
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sparse

voxel

3D segmentation
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sparse

voxel

3D segmentation
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Camera Image
2D Network

dense
pixel

project

sparse
voxel

(N,3) 3D Network H, W image size

N num. points
Lidar Point Cloud F>pip num. feature channels

C  num. classes

Features Probabilities

(N, Fyp) (N,O)

classify
Pp

Psp
classify




Camera Image
2D Network

dense
pixel

project

sparse
voxel

(N,3) 3D Network H, W image size

N num. points
Lidar Point Cloud F>pip num. feature channels

C  num. classes

Features Probabilities

(N, Fyp) (N,O)

classify
Pp

Dx1.(Psp|| Pop) Dx1.(Pop|| Psp)

Psp
classify




Single Head

Complete objective:

Single head 2D
Single head 3D

0.01

a7



