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Outline

* (Brief and narrow) introduction to computer vision

e Basic deep learning blocks for computer vision
o Convolutional neural nets
o Visual transformers

* Applications:
o 2D Recognition
o 3D Perception for autonomous driving
o 2D Generation

* Practical problems:
o Insufficient (labeled) data
o Domain shifts




Recap:
Machine learning and deep learning
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Machine learning recap

Learning from Data

/ \

Algorithm, model Evaluation, loss Training data




Example: coin classifier

Training data B)

weight

size

Machine

learning
algorithms

» Learned models

weight

& patterns

size

[Figure credit: Y. Abu-Mostafa, M. Magdon-Ismail, H-T Lin. Learning from data.]

Test data



Deep learning recap

M Label: 1, 5, 10, 25, ...
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A sequence of “learnable” computation!



Example: image classification
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A sequence of “learnable” computation!

[Gif credits: Gradient descent 3BluelBrown series S3 E2]



Outline

* (Brief and narrow) introduction to computer vision




Computer vision

* When the data are about
images, videos, or signals
captured by 3D sensors ...

[Source: Detectron2] [Source: Graham Murdoch/Popular Science]



Computer vision: data

RGB image (s): Three matrices
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Computer vision: data

Red layer (8 bits)
™
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Computer vision: data

RGBD image (s): Four matrices

Entry value
= depth
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Computer vision: data

Dragging Mode
Number of selected points:1529

Point cloud

A collection of 3D (or 4D) points

X coordinate

y coordinate

z coordinate

reflectance

N points = 3-by-N or 4-by-N matrix
(should not be processed by
convolutional neural nets directly!)
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Computer vision: data

Image ahgned W|th point cIoud
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Optical rotary
enceder -

i—> Objects
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ancoder
Laser source
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Questions?
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Computer vision: representative tasks

P 0.6 sheep
P 0.3 dog
P 0.1 cat
P 0.0 horse

Imaae Recoanition
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Computer vision: representative tasks

(a) Query 2: Product

Retrieval, image-to-image search
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Computer vision: representative tasks

ol

Depth estimation and 3D reconstruction
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representative tasks

Computer vision




Computer vision: representative tasks

Zebras T Horses Summer _ Winter

Style transfer

horse — zebra

----------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Photograph Monet Van Gogh Cezanne

[Figure credit: CycleGAN, ICCV 2017]
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Computer vision: representative tasks

Q1: Where is the ball?

N The little boy.
3 @
N
K[ .] / - In the air.
O O
Image + Question Answe-r In the basket.
Embedding O Embedding
The player.
fo(1,Q) g (A) play

o @
The woman.
[
\ The man in the

i . .
white uniform.

Q2: Who is holding the bat? ; _
Joint Embedding Space

Vision & language; e.g., visual question answering
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Outline

e Basic deep learning blocks for computer vision
o Convolutional neural nets




Object-centric vs. scene-centric images

Object-centric images:

e contain a single class of objects
* The object size is usually large
* The background is simple

Scene-centric images:

e contain multiple classes of objects
* The object sizes can vary

 The background is challenging

e Objects may be occluded
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Classification on object-centric images

mmm) elephant

* Single object class (not multi-label cases)

* Properties to capture:
> Translation invariant
> Scale invariant
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The progress of deep learning for classification

ImageNet-1K (ILSVRC)

1,000 object classes

1,000 training images/class
Each image contains just one
class of object!

Metric: Top-k accuracy

For each image, return a list of
top-k possible classes

If the true class is within the list,
the classification is correct
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The progress of deep learning for classification

Top-5 error rate
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General formulation for all these variants

Prediction = argmax w’ fy(x)
C

Image (pixels)
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Convolution

A special computation between layers
* A current node is not directly affected by “all nodes in the previous layer”

* The network “weights” on the edges can be “re-used”
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Convolution

Inner product
Element-wise multiplication and sum

olo|lo|o
~|lo|lo|o \
~|l— | O|O
=== |0
Y

Feature map (nodes) at layer t

001
011
1111

/ “Filter” weights

(3-by-3)

Feature map at layer t+1
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Convolution

Inner product

OO0 0|0
Llo|lo|o
HH\Q\O
SIS AN S
HHHH\

Feature map (nodes) at layer t

001
011
1111

/ “Filter” weights

(3-by-3)

Feature map at layer t+1
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Convolution

Inner product

O O | O |0
= O |10 |0
R |l— | OO
~ele o
= e H\ =

Feature map (nodes) at layer t

001
011
1111

! “Filter” weights
(3-by-3)

Zero-padding:
Set the missing
values to be 0

N
N
A Y

Feature map at layer t+1
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Convolution

Inner product .-~

= O O | O
= = OO
= |-\ = | O
= H\ Ll

OO0 O |0

Feature map (nodes) at layer t

10|01
1011
11711

“Filter” weights
(3-by-3-by-“2")

Feature map at layer t+1
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Convolution

Inner product

0[{0]|0|0|1
0 0111
0 1]1|1]|1
11111

10101
1011
11711

“Filter” weights
(3-by-3-by-“2")

11]1]1
1o|o]o
Ual1]1|

-~
-~
-

-~
-~
-

I”

One filter for one output “channe
to capture a different “pattern”
(e.g., edges, circles, eyes, etc.)

Feature map at layer t+1 23



Convolution: properties

* Process nearby pixels together
* Translation invariant: “local patterns” can show up at different pixel locations
e Can process arbitrary-size images

Top-left, Top right: has ears
Middle: has eyes
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Convolutional neural networks (CNN)

Convolution Pooling Convolution Pooling Fully Fully Output
+RelU +RelU Connected Connected perdictions

________________________________________

dog (0.01)

Cat (0.01)
Boat (0.94)
Bird (0.94)

-
-
o

-
.
- -
-
= U S
-
- - -

Vectorization + FC layers

- -

@ Max pooling + down-sampling
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e aXa\
SO Oy
\é NN N

N\ Vi\'%
N i4

2>

i 04 e
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/////
1T l12l100] 25 | 12
Convolution filter =i /////‘ il ¢ Remove redundancy
(Sobel Gx) | //// . . .
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. | — . .
Shared weights = ::// * Enlarge receptive filed
1
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Receptive field

AN ,.,, f ,/ N
RN NN N
.,,, N __ /, f ,,,.w

f f/,/,/

N AV L

Exponential receptive field
(with pooling + down-sampling)

Linear receptive field
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Layers of feature maps (representations)

-~
~---0

First Layer Representation Second Layer Representation Third Layer Representation
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Representative CNN networks

* AlexNet
[Krizhevsky et al., 2012]

* VGGnet

[Simonyan et al., 2015]

* A block: computation
e Edge: nodes/tensors

11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2

3x3 conv, 384

v

3x3 conv, 384

v

3x3 conv, 256, pool/2

fc, 4096

v

fc, 4096

v

fc, 1000

3x3 conv, b4

3x3 conv, 64, pool/2

3x3 conv, 128

3x3 conv, 128, pool/2

it il

3x3 conv, 256

-

3x3 conv, 256

3x3 conv, 256

-«

3x3 conv, 256, pool/2

3x3 conv, 512

2

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512, pool/2

3x3 conv, 512

3x3 conv, 512

3x3 conv, 512

v

3x3 conv, 512, pool/2

fic, 4096

fc, 4096

v

fc, 1000

38



Representative CNN networks

* ResNet >
[He et al, 2016] " 1 CUE e
. ol (B[R] (R (2112
; kbl gyl
2 13| |13 [B] 3] |3

i

7(t=2) 7

* DenseNet

[Huang et al, 2017] Z(t) - Z(t—z) + COHV(Z(t_Z))

Advantages:
* Optimization
e Collect more information

* A block: computation

e Edge: nodes/tensors
39



Representative CNN networks

A general architecture involves

* Multiple layers of convolutions + ReLU (nonlinearity) + pooling + striding

* These result in a (final) feature map -.
o Positions on the map correspond to the image

* The map goes through FC layers (MLP)

e Usually, we keep the network till the feature mabx\
o For feature extraction h
o For dOWﬂ'Stream taSkS Convolution Pooling ConvoI:Jt\'ibn\ Pooling  Fully Fully Output
o For image-to-image search L T e pe




Training a CNN for classification

e Model: argmax w. fg(x)
C
o What to learn: weights of convolution filters 8, and {w_}

e Training data: {(x,,, y,)}N_4

\ > Minimize the empirical risk
Ty { :;‘ : ’ ,.'z,.

N
‘ ‘é 100: elephant _
(i min z ’B(xn; Yns 9; {WC})
n=1

* Objective/loss function: £(x,y; 0,{w_.})

o For example, 1 [argmax wl fo(x) + y], softmax

C 41



The diversity of deep learning models

Graph neural networks Visual transformers

S W
4
v e
! 1
1 1
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= 1
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IR Block ! ' '
e / =] § 1 1 '
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 — — 1 1 A
l‘ﬁ ---------- X \___E!_____,l
Edge block Node block Global block ) . .
(a) Architecture (b) Two Successive Swin Transformer Blocks

[Battaglia et al., 2018] [Liu et al., 2021]

PointNet Neural architecture search

Classification Network

input mlp (64,64) feature mlp (64,128,1024) max mip

:E transform :{#: transform :?}: pool 1024 (512,256 k) Re
: " < D " T
; & Bhicted E 2 Bt mphled global feature Tree
g — ; e i 5
£ 7 7
& " . Index 2
: "’_,,— output scores /V\
; St ) point features i
g Tree Tree
® ; Index 0 Index 1
n|x 1088 shared & shared £ |5 /\ /\
£ & . R . X . .
4 E ht-1 Xt ht-l Xt <Tree Index 0> <Tree Index 1> <Tree Index 2> < Cell Inject > < Cell Indices >
mlp (512,256,128) mlp (128,m) )

Segmentation Network

[Qi et al., 2017] [Zoph et al., 2017] 42



The diversity of deep learning algorithms

0

VL

Meta-learning Adversarial learning Contrastive learning
— meta-learning contrastive loss
---- learning/adaptation ’ A
similarity
VL, . q ko kl kg
"""""" 93 T queue T
,/// \\ Hwardpre backprop {and produced derivatives) ) t
TN o
[Finn et al., 2017] [Ganin et al., 2016] t ‘ :
key key k
Ay Ty Ty Ty ...

[He et al., 2020]
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Outline

e Basic deep learning blocks for computer vision

o Visual transformers




Visual transformer

* A newly emerging way to generate the (final) feature map fy(x)
o Inspired by the transformer blocks in NLP

X fo(x)

Prediction = argmax w’ fy(x)
C

Image (pixels)

‘ Input ’ Hidden

Output
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CNN vs. Visual transformer

CNN Visual transformer
A e
U AT LY
. r"l‘f’f""":{f"’ff .-""f B | |
S PPIsZ4P% B N N
e Ediere N NN R
=8 dpy |
AL | 4 N
.-"'"r‘_,-":,."'! r","f“ ‘\ I ‘i
§e 951 AR
.."'; P -v"";{'J \ 1 :
' Ve

Convolution Transformer

>
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Visual transformer

Z§1) Zg1) Zgl)
[Dosovitskiy et al., An Image is Worth * * *
16x16 Words: Transformers for Image
Recognition at Scale, ICLR 2021] [ 1-layer of Transformer Encoder ]

(2) Vectorize each of them

(0) (0) (0)
+ encode each with a shared MLP
+ “spatial” encoding ‘ 4‘ @ﬁ @ﬁ

-,
. [ Linear Projection of Flattened Patches
;33’;1“151 ;i.f:‘ ,r

(1) Split an image into patches




1-layer of transformer encoder

NORCI %;
/ \

' (0) (0) (0)

Weighted value vectors Ve v 2 vy,

X X X

Relatedness of patch-5 {A 6' t {A

to others (after softmax) 451 g 5 aé 9

Single-head case I I I I I I I I I
. n . k(O) (0) v§°) kEO) (0) (0) kgo) (0) (0)

qds qd9

" Embedded k lue
Patches ‘ " & 4 uet"y, Va. N \ D coe D coe D
~ learnable” matrices

(0) (0) (0) (0) (0) (0)
Zy e Ze e Zg Z, Z: Z,




CNN vs. Visual transformer

CNN Visual transformer
>
pd ,,,.r""ﬁ
. ,/"f'} ] - ,,f*'f | |
AL A R [\ ¥
INdibz4rg B LN LN
--,f:? | J"f,.f P | \\ \\
e f;,:f i\ , j i , ; :
AL T | A7 \\ \ N
A LA | N SN
__."!,.a’ I--_,,---' .‘f"..-""'r \ [y ] [
g \\ \\
' L~

< \I

Convolutions Transformer

* Enable large receptive filed and long-distance relationship

* Enable different local relationships (based on kgo) X qﬁ-o))
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Swin transformer

segmentation

Li l. in Transformer: : . .
[Liu et al., Swin Transforme classification detection ...

Hierarchical Vision Transformer using

Shifted Windows, ICCV 2021] 1 0
L= 7 /.
= e ey 1 6
* Consider smaller patches and local “transformer” /////// //

* Produce feature maps of different resolutions, like CNNs = /z =
\\\ ; 8><
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ImageNet classification accuracy

1mage throughput|{ImageNet

[Liu et al., 2021] method sizi (imagge }) S) top—% acc.
RegNetY-4G [48] [ 224* 21IM  4.0G 1156.7 80.0
RegNetY-8G [48] [ 224* 39M 8.0G  591.6 81.7
RegNetY-16G [48][ 224° 84M 16.0G  334.7 82.9
EffNet-B3 [58] |300° 12M 1.8G  732.1 81.6
EffNet-B4 [58] [380° 19M 4.2G  349.4 82.9
EffNet-B5 [58] |456% 30M 9.9G  169.1 83.6
EffNet-B6 [58] |528% 43M 19.0G  96.9 84.0
EffNet-B7 [58] |600° 66M 37.0G  55.1 84.3
ViT-B/16 [20] |384* 86M 554G 859 77.9
ViT-L/16 [20] |384° 307M 190.7G  27.3 76.5
DeiT-S [63] |224° 22M  4.6G 9404 79.8
DeiT-B [63] [224% 86M 17.5G 2923 81.8
DeiT-B [63] |384% 86M 554G 859 83.1

#param. FLOPs

Swin-T 2242 20M 4.5G 7552 81.3
Swin-S 2242 50M 8.7G 4369 83.0
Swin-B 224% 88M 154G  278.1 83.5

Swin-B 384% 88M 47.0G  84.7 84.5



Short summary

A general architecture of CNN or visual transformers involves

* Multiple layers of computations + nonlinearity + (pooling + striding)
* These result in a (final) feature map ..

* The map goes through FC layers (MLP)\‘\\
* Usually, we keep the network till the feature\ma\p

~
~
Convolution Pooling Convolution Pooling Fully Fully Output
+RelU fRelU S Connected  Connected perdictions
~

1
|

re——sa.l_ . [y
) ( -

| {
| (

e 52



Outline

* Applications:
o 2D Recognition




Representative 2D recognition tasks

e “Same” input: images

Semantic Segmentation

» “Different” outputs:
a) A C-dim class probability vector

Object Detection Instance Segmentation

b) A set of bounding boxes, each with box location and class probability
c) An W xH x C feature map

d) A combination of b) and c) o

Horse
Sheep

» “Different” labeled training data
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Object- vs. scene centric images

ImageNet [object-centric]: MSCOCO [scene-centric]:
* Image-level class label * Instance-level label
e 1K classes (¥1M images) e 82 classes (~0.3M images)

e 21K classes (¥14M images)
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Object- vs. scene centric images

* Object-centric images usually contain a single class of objects.
* Object frequency and semantic cues in different kinds of images can be different!
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Semantic segmentation
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Semantic segmentation

* Every “pixel” to have a class label

* Properties:
»High-resolution output
» Context

» Localization

» Multi-scale

Road

B Pole

Sidewalk

P Vegetation

Building
B Vehicle

- Fence
B Unlabel
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New architecture?

Convolution Pooling Convolution Pooling Fully Fully Output
+ReLU +RelU , Connected  Connected perdictions

-

.
4.
-
B ‘~-D

Single spatial output!
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Fully-convolutional network (FCN)

dog (0.01)

Cat (0.01)
Boat (0.94)
; Bird (0.94)

-
-
-------

A

Feature map

Matrix multiplication, inner product

Vector after vectorization
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Fully-convolutional network (FCN)

Feature map

Each row = a Conv filter 1
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Fully-convolutional network (FCN)

dog (0.01)

Cat (0.01)
Boat (0.94)
; Bird (0.94)

-
-
-------

™~

290

“tabby cat”

& ak ©.00 o0 | I
2R*22N 500210 P I | |

[Long et al., Fully Convolutional Networks for Semantic Segmentation, CVPR 2015]
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Up-sampling

Interpolation
1D t- i
neighbour Hinear

2D nearest-
neighbour

Bilinear

Bicubic

Deconvolution

Upsampling Via Deconvolution (Blue: Input, Green: Output)
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Fully-convolutional network (FCN)

image

Help
context + semantics

32x upsampled
convl pooll conv2 pool2 conv3 pool3 convd poold convh pool5  convG-7 prediction (FCN-32s)

[Long et al., Fully Convolutional Networks for Semantic Segmentation, CVPR 2015]
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[Ronneberger et al., U-Net:
Convolutional Networks for
U-Net Biomedical Image

Segmentation, MICCAI 2015]

1 64 64

128 64 64 2

input
image
tile

output
segmentation
map

\ 4
\ 4
\

388 x 388 "

390 x 390 '

392 x 392

388 x 388

572 x 572
570 x 570
568 x 568

¥ 10 12 I

256 128
SISHR S L S
[aN] eV o
\{ 256 256 '

512 256

“g[l'kl'kl =» conv 3x3, Rel.U
o o™l [w]

t g 3

512

Help
context + semantics

copy and cro
512 512 1024 Py P

.
o~

(o]

o

¥ max pool 2x2

¥
i

4 up-conv 2x2
=» conv 1x1



U-Net (aka, Hourglass network)

(R.G.E)

224%224%3

y |

L

224%224%064

112*112*128

S6*56%2

28*28%512

TET*4096

T*T“' Cla
?*?*4{]95 E

14* 14*Classes

14% 14*Classes

2E8¥28%Classes

14% 145 Classes j |

28%28*Classes

28*28*Classes

224*229* Classes
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CRF to improve localization

Input Aeroplane Coarse
* Deeplab DCHN -

- Score m
Atrous Convolution r-&

Final Output Fully Connected CRF Bi-linear Interpolation

CRF: similar and
nearby pixels
have the same
class label

[Chen et al., DeeplLab: Semantic Image Segmentation with Deep Convolutional Nets,
Atrous Convolution, and Fully Connected CRFs, PAMI 2017] 67



Atrous Spatial Pyramid Pooling (ASPP)
for multi-scale features

rate 18 rate 24

rate = 6 rate 12

—

—

Atrous Spatial Pyramid Pooling




Example results

road
sidewalk
building

wall

vegetation

sky
person
rider
car
truck
bus

ram

[Zhao et al., Pyramid scene

[Nirkin et al., HyperSeg, 2021] Ground truth parsing network, 2017]




Object detection + instance segmentation

D
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Object detection

* Properties:

SERIES:

YOLO Object Detector
Part 1

» Labels + bounding boxes

T
il

Hmml’ﬂ% = / = /7 48 “\

» Localization

» Multi-scale

» Context
»“Undetermined” numbers

A”/
[class, u-center, v-center, width, height]
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Naive way

* Sliding window
»Time consuming
»What size?

ResNet classifier
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* Objectness proposal
* CNN classifier
* Box refinement

[Girshick et al., Rich feature hierarchies
for accurate object detection and
semantic segmentation, CVPR 2014]
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Selective search for proposal generation

* Step 1:
o Not deep learning
o super-pixel-based segmentation

* Step 2:
o Recursively combine similar
regions into larger ones

Input Image Initial Segmentation

i Step 3: Input Image
o Boxes fitting

[Stanford CS 231b] 74



[Girshick et al., Rich feature hierarchies R-CN N

for accurate object detection and
semantic segmentation, CVPR 2014] [Girshick, CVPR 2019 tutorial]

Per-image computation Per-region computation for each r; € r(I)

Linear
classifier

Box regressor ]

()

/1 | ’[ ConvNet(r;)

Selective search,
Edge Boxes,
MCG, ...

©

5. Refine proposal localization
with bounding-box regression
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* Box regression:
»(du, dv)
»(dw, dh)

By offset = MLP(feature)
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R-CNN

* Problems:
»Slow: every proposal needs to go through a “full” CNN
» Mis-detection: the proposal algorithm is not trained together

77



Fast R-CNN

[Girshick, Fast R-CNN, ICCV 2015] [Girshick, CVPR 2019 tutorial]

Per-image computation Per-region computation for each r; € r(I)

IIIIIIIIII

] B P NS SN N M) RSN CHRC) N |

ooooooooooooooooooooo

7 R N NN PO (1 Y S SR O TS |

| wa
! ead

head N ]

Apply multiple ‘heads’
to make task-specific predictions
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ROI pooling vs. ROI align

Making features extracted from different proposals the same size!

|||||||||||||||||||||||||||||
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ROI Pooling



[Ren et al., Faster r-cnn: Towards real-
time object detection with region
proposal networks, NIPS 2015]

Faster R-CNN

[Girshick, CVPR 2019 tutorial]

Per-image computation

1 1 1 1 1

1 1 1

|
| BN NN NN NN NN N NN B

L 1 1 1 1 1 1 1 1 1

—
|—
—

v

Per-region computation for each r; € r(I)

\

ROI pooling

Softmax clf.

]

[ RolPool

J

Box regresso

1

Learned proposals
Shares computation with whole-image network
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How to develop RPN
(region proposal network)?

[Ren et al., 2015]

2k scores

4k coordinates

cls layer \

t reg layer
256-d

1 intermediate layer

sliding window

conyv feature map

<]

k anchor boxes

!..--
i SR N L

S*8%K*(2+4)

Anchor
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What do we learn from RPN?

* “How to encode your labeled data so that your CNN can learn from them”
is important!

* Inference: predict these “values” and accordingly transfer them to
bounding boxes!

| 2k scores | | 4k coordinates | - k anchor boxes

cls layer \ t reg layer

| 256-d |

intermediate layer

t
NG

sliding window

conv feature map
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Questions?

i
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How to deal with object sizes?

predict

predict

predict

(c) Pyramidal feature hierarchy

predict

predict

predict

predict

predict

(d) Feature Pyramid Network

[Lin et al., Feature Pyramid

Networks for Object

Detection, CVPR 2017]
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Mask R-CNN

[He et al., Mask r-cnn, ICCV 2017] [Girshick, CVPR 2019 tutorial]

Per-image computation Per-region computation for each r; € r(I)

»[ MLP J—>
Box regressor ]—l

Cascaded heads (inference only) I

FCN H Masks }

Training the mask head

Softmax clf. J
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Mask R-CNN: for instance segmentation

Bulldozer: 80%
Bus: 15%
Motorcycle: 5%

Classification . - N

Pwe ™

Dwd(P)

_ \ (pc—)*—\
Regression —» | 2| *" ﬂnhdup)

Pr€

Mask

CNN: convolutional neural network
RPN: region proposal network
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2-stage vs. 1-stage detectors

e Other names: single-shot, single-pass, ... (e.g., YOLO, SSD)
* Difference: no ROI pooling/align

2-stage detector 1- stage detector

Per-image computation Per-region computation for each r; € r(I)

f1 =FCN(I) %

xxxxxxxxxx
||||||||||

Softmax clf. ]

R T i
hl TR T -

[ RolPool | + { MLP

RPN(/7)

Learned proposals
Shares computation with whole-image network

SxSgrid on mput I Final detections

Class probability map 87



Exemplar 1-stage detectors

SSD

YOLO

Extra Feature Layers

[Liu et al., 2016]

Fully Connected

Fully Connected

[Redmon et al., 2016]

VGG-16 f ) \
__’[h_r(lU_gl‘I_COﬁVS__éE]i%F Classifier : Conv: 3x3x(4x(Classes+4)) -
| 0 c
I \\ \\ Classifier : Conv: 3x3x(6x(Classes+4)) o %
: \ S 3 @
— N, e
| ————— ——— [~
300 | | | N 8‘ &
| | | o~ 3
% | I 28 I 19 19 o) w |74.3mAP
-
| | Convd_3 | | Conva Canv7 ° 8 Conv: 3x3x(4x(Classes+4)) | @ =
| | | | (Foe (FCT) Conva_2 N 5 x
300 | | | Canwva_2 e = o
\ I a8 I : E =
N | Nae 19 0 5 Confr10_2 Convil_2 ° =
| | o
= AN | : = =l Z
NN 512 | 1024 1024 512 256 256
Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Conv: 1x1x128 Conv: 1x1x128
Conv: 3x3x512-52 Conv: 3x3x256-52 Conv: 3x3x256-51 Conv: 3x3x256-s1
=
0] o
\ | : % @
YOLO Customized Architecture S 2
L=
s T - g oy
=
9 AN @ M 63.4MAP
O Image * e E
9 N — B , s E| 45FPS
| ! S E
——
228 L 3 S
N | 7 7 = =
\\ | ] =
\ | 1024 30 E
3 N I
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Exemplar 1-stage detectors (Retina Net)

[Lin et al., 2017]

_________________________________

ydwd

subnet

class+box
subnets

class+box
subnets

[ [

| / |

[ [

# ] |

’ I [

I WxH [

l KA

| |

5 | |

| 1 / / / |

class+box " [ / ! 1 |
subnets \ : :
I WxH [

: x4A :

| |

| |

[ [

[ [

box

subnet / /

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)

(0]
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2-stage vs. 1-stage detectors

* Pros for 1-stage:
o Faster!

* Cons for 1-stage:
o Too many negative locations; scale

Per-image computation Per-region computation for each r; € r(I)

..........
llllllllll

f; = FCN(I)

Softmax clf. ]

A—
X
=
0
o
L
)
y
13T
v
Y
<
—
0

Box regressor }

Learned proposals
Shares computation with whole-image network

Sx S grid on input

[Redmon et al., 2016]

Final detections

Class probability map 90



Inference: choose few from many

* Non-Maximum Suppression (NMS)

Before non-max suppression After non-max suppression

Non-Max
Suppression

[Pictures from “towards data science” post]

91



Example results

toullet tr

parasail_(sports) 13%

dress 21%

§street_sign 259

" stop_sign 50% elephant 960/0 ‘ N
sweatshlrt 19%

; o
goat 45%al) 40
l w ram_(animal) 19%

giraffe 83% 7; :' :

"-

Fﬁéﬁe62%
e =
i =

[Zhang, et al., 2021]

rhinoceros 26%

»

zzebra

21%
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Outline

* Applications:

o 3D Perception for autonomous driving







/ Action & decision \

T

1L




AUTOMATED/CONNECTED VEHICLE LiDAR points: 3D coordinates

GPS,

wheel encoder

On-Board Unit, emaps
ultrasonic sensors

2D object detectio

v 5
lig ¢ ‘ <
| -
y |
- A | b e
I =
b Bt £ = Z
) L — -
. ] .1 - -
)
d . -

N

Long-standing
computer
vision tasks

[Source: BDD100K
dataset, CVPR 2016]
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AUTOMATED/CONNECTED VEHICLE LiDAR points: 3D coordinates

etecti

How “far” are the
detected objects?

ldentify o locatiors in (X, vy, z), not 2D locations in image pixels!
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LiDAR-based 3D perception

- |
_
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LiDAR-based 3D perception

LiDAR:

> Light Detection and
Ranging sensor

» accurate 3D point clouds
of the environment

e e N e B e T '""gd\'-’_RCE—?Faﬁa;'ﬁ'ﬁ:rﬂochfdépularS;mce >

-~

[Source: Graham Murdoch/Popular Science]
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LiDAR-based 3D perception

You can view the LiDAR point clouds from different angles

Frontal view Bird’s-eye view (BEV)
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Two major ways to process LiDAR point clouds

. . . ’ PointNet
* Point-wise processing l )
o PointNet [Qi et al., 2017] 7 mug B
o PointNet++ [Qi et al., 2017] Ry table? ‘ it
o PointRCNN [Shi et al., 2019] 7 L
o ... car?
Classification Part Segmentation ~ Semantic Segmentation

* Voxel-based processing: turn points into a tensor (e.g., W x D x H x F)
o PointPillars [Lang et al., 2019]
o VoxelNet [Zhou et al., 2017]
o PIXOR [Liang et al., 2018]
O ...

NANAVAFAN

NAVAA
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Voxel-based processing + 3D object detectors

e Occupation (PIXOR): 3D points as a 3D occupation tensor from bird’s-eye-view

Left-rig
A

dey

PIXOR detector

height

[Yang et al., PIXOR: Real-time 3D Object Detection from Point Clouds, 2019]
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Voxel-based processing + 3D object detectors

* VoxelNet (4D tensors with voxel grid feature: W x D x H x F)

Region Proposal Network

Convolutional Middle Layers

-
»

i

Feature Learning Network

Voxel Groubin Random Stacked Voxel Sparse 4D Tensor
Partition Ping Sampling Feature Encoding CxD'xH xW
/ / g =
// // = =] Q
p o ® 1.1 = g § %
/ LAY A\ 0 (1] 1] @
= @ /@' g E. % = ;
More complicated cu LN | |IN] | ORI | ()| IR | :
|| w w Q o
. . //@ // |_>|_ |_>|_ g .ﬂc.; g
4D tensors with 7 paintwise 8| |2 £
Input = |w © o
L] . E =
voxel grid feature: = 0@

Point-wise Point-wise Voxel-wise

W X D X H X F Feature-1 Feature-n Feature

[Zhou et al., VoxelNet: End-to-End Learning for Point Cloud Based 3D Object Detection, 2017] 103



Voxel-based processing + 3D object detectors

* PointPillars (3D tensors with voxel grid feature: W x D x (H x F))

Point cloud Predictions

! ( Pillar Backbone Detection w

LFeature Net (2D CNN) Head (SSD) J
T L S mm e .
/ Point Stacked Learned Pseudo ‘: : _ Conv | Deconv \‘.
! cloud PiIIars Features image ! 2C N2 :
E ﬂ : : Deconv Concat i
- H — 1) —
I L H % 1 2CL&LZ HI2 !
L C . 6C Wiz :
| W : : Deconv :
\ Plllar Index PR H/2 !
hR AN 2C Wiz P

[Lang et al., PointPillars: Fast Encoders for Object Detection from Point Clouds, 2019] 104



Questions?
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Point-wise processing

* PointNet

Fromnx3 to nx 1088

Fromnx3 to nx1024

Classification Network
input mlp (64,64) feature mlp (64,128,1024) _ max mlp
E transform :: - transform > 7 Npool 1024 (512,256 k)
2 |en o <
;" é > — é Shalred \g > > shalred : nx1024 | o T |
= : - | : global feature |«
B i ——"|_I_|—’ ) . < — L ] _.
R et S L e ON output scores
T , _ i _ ..... _ _ _‘Ld::_ i i e -7 point features ....................................
4 \——-— > > %
i LS > > 3‘5
1 1088 | & ! e |3
; nx . shared = shared <
multiply multiply I I I = I &
N S —— T—> s g
' 1p (512,256,128) mlp (128,m)

A neural net to final canonical shape

Segmentation Networ

[Qi et al., PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation, 2017]
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Point-wise processing

' ' i : FromNx3 to N x high-di
* PointNet++ (incorporate local information) rom xS to [ ¥ high-dim

skip link concatenation

--------------------------------------------------------------------------------------------------------------------------------------
]
¥ B e e e e m

[

Hierarchical point set feature learning Segmentation

......

interpolate

Classification

— — e — Q : (10
sampling & = pointnet ~ sampling & pointnet
grouping grouping R e o
N AN J
Y Y
set abstraction set abstraction —
pointnet fully connected layers

[Qi et al., PointNet++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space, 2017] 107



Point-wise 3D object detectors

e

i ’/ -~ Y \\ ,, - b \ l/ - \-\

4 | 2d region 1 point cloud | | segmented | ‘

=] & : ISt ‘ : I
: proposal ‘ | in fru_stum : ! :object Pomts: T-Net o,
o ' g | ! (npoints) ! i (m points) ! : D
) : 2 I : I : center|residual Amodal T
g , 2| ] 3D Instance 2! . : L 3D Box ' E
- S L £ > Segmentation [—>| % [ & L—»l translation [— e —— &
= ! CNN g | ! I . S [ ! Estimation 8
&) ! S| i —|  PointNet g8 ! : L
& : on : I , [ PointNet " o
— 1 I l I a

| _ | K I , | 1

! one-hot class vector,’ v ’ ) J

P N U7 ~ . ’

Frustum Proposal 3D Instance Segmentation Amodal 3D Box Estimation

[Qi et al., Frustum PointNets for 3D Object Detection from RGB-D Data, 2018] 108



Point-wise 3D object detectors

..............................................................................................................................................................................................

Point cloud representation Point-wise Generate 3D proposal
of input scene feature vector from each foreground point |
,_~ 3 - et g 7 '— 2 ; s - .‘4--:;"f 'ﬂ'.'_‘_. .{,q\'q E
= X o i o e
4 g = Bin-based 3D 4 = : ;i
o . — Box Generation = : 23 3 ‘ :
35||38 —
S8I||o8 [»
-— O -
£cl|lEQ®
8 — o0
o Foreground Point
_.> =
— Segmentation
.............................................................. T L A s T . S T e sl

s, . SRS -
—Foreground Mask — 5, o)

— —

: c——— ] | Semantic Features Merged Features

5 | Bin-based 3D
o

E ' & & 2 ﬂﬁ f - Box Refinement
4 : 35 !
] | MLP 38

£ | £ c

¥ : S l e

b \ | \/ | |Local Spatial Points Canonical Confidence
H : oy & Transformation Prediction

+ | Point Cloud Region Pooling

e s e R s e r RSN e SR S SR S SRS S S S SRS eSS SRS SN e SN e RS e e e SN S S S SR SR NS R SRS S SN S S eSS SN S E S SRS s SRS RS s S E SRS s s s essnsnnssne e

[Shi et al., PointRCNN: 3D Object Proposal Generation and Detection from Point Cloud, 2019] 109



Example results

[Chen et al., CVPR 2017]
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Image-based 3D perception

N
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Affordability and reliability

Images provide no depth LiDAR is expensive (> $10K)

Over-reliance on LiDAR is risky .,



Focal length Baseline

b
Z(u,v) = gléuxv)

O Baseline TO’
B
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Stereo depth estimation

Left |
Disparity Map '
Right 1
Depth =«
l P Disparity

disparity
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Stereo depth estimation

>

Left

Probability

[EEY
[\
W
NN

Disparity
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Stereo depth estimation

>

Probability

[y
W}
w
NN

Disparity
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Pyramid stereo matching network (PSMNet)

Left image Fo======---
'—T ird 1
o <> CNN [» SPPmodule > conv N - -
weight sharing 1 weight sharing :weightsharing — 3DCNN _g —> a —’-I'
Right image v : v I v 5 g
I o
CNN > SPPmodule [ conv -
1
1 4

cost volume final prediction

Spatial Pyramid Pooing Module !' Basic

pooling f—=—————-
—> 64 X 64 Stacked hourglass

I
I
|
I
I
I
: s 32 x 32 —feonvH ’ L
|
I
I
I
|
I
I
|

conv4_3

conv2_16 —p16>(16 =
—» 8x8

A 4

@ 3D conv
3D conv, stride 2
’
ﬁ 3D deconv

[Chang et al., Pyramid stereo matching network, 2018] 117



Continuous Disparity Network

Output disparity

>

Probability

= shifted mode

[Garg et al., Wasserstein Distances for Stereo Disparity Estimation, 2020]

2 3 4
Disparity

H-

118



>A Output disparity : >‘ Output disparity I
= = mode | = = shifted mode
0 I o)
o q0)
5 | H
s+ e

0 1 2 3 4

Without Offset
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LiDAR vs. camera-based depth

120



Camera-based depth estimation

depth: z = Z(u,v),
(u—cpy) X 2

fu ’

(v—rcy) X 2z

fv ’

width: =

height: y =

121



Pseudo-LiDAR representation

Pseudo Lidar
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Pseudo-LiDAR framework

* Pseudo-LiDAR representation: gluing depth estimation + LiDAR-based detection

3D object detection  Predicted 3D boxes

* SOTA ca m%?gtﬁggg@?}ieoﬂtwg%l%ators and LiDAR-batR@Rieijedetgetieatyprsielsn

seamlessly BRANIEY5E18ted! ® PIXOR (CVPR 18)
e MC-CNN (JMLR 16) ® F-PointNet (CVPR 18)

AV Y2\ WA B A\ . \
oV .LI}

—GC-Net : : = —
Yan Wang, Wei-Lun C ao, Divyansh Garg, Bharath Hariharan, Mark Gamppalinem%l‘(\llﬁrt&./y,\l’;glfg?rger,
"Pseudo-LiDAR ﬁéMWﬁk(@ggﬁk@Qimation: Bridging the Gap in 3D Ob'pct Detection for Autonomous Driving,"
. CVPR, 2019 o




Data representation is important!

LiDAR-based: 3D point clouds

Car

Pedestrian -
Cyclist

[Source: VoxelNet, CVPR 2018]
[Source: Mask R-CNN, ICCV 2017]

> '_ : ‘ 4 §
y | < ¢ class i
7
WA 4 S X
4 w .
p ; ,
A ’
: U !
| conv conv’ | &
| . M) {
! y

o Processing depth as an image leads to large distortion!
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Example results

pseudo-LiDAR Depth-map

A"k, - =
Bt | L
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Outline

* Applications:

o 2D Generation

127



Generative models

0
N
i

enerative

'M.vl-) \‘.,Jlua..h.d.lb J..)\...\v-

N aaleras gt

o A . " "orab ‘-.Lﬂ&.¢v .lu.
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Generative models

Easily samplable distribution
z~N(0,1)

image manifold: p(x)

[Credits: Tutorial on Diffusion Models]



What and how to learn?

Real image: x~q(x) Generative model: x'~pg(x")
z~N(0,I)
x'~pg(x'|z) or x' = gg(2)

Objective 1

* pg can explain real images x~q(x)

* Maximize pg(x), where x~q(x)
 Example: variational auto-encoder (VAE)

Objective 2
* x~q(x)and x'~pg(x") are indistinguishable
 Example: generative adversarial net (GAN)
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Generative adversarial net (GAN)

Real image: x
Noise ~ N(0,1)

G(z;6,)
Fake image: x' = G(z)

Iterate between:
 Update D to distinguish between x~q(x)and x' = G(z),z~N(0,1)
 Update G such that D cannot distinguish between x~qg(x)and x’ = G(z),z~N(0,])

[Credits: Mengdi Fan and Xinyu Zhou, CSE 5539 course presentation] 131



Example results (by Style-GAN)

Latent z € Z . Noise
Synthesis network g

[ Const 4x4x512]

Mapping
network f

[A Style-Based Generator Architecture for Generative Adversarial Networks, CVPR 2019] 132



Other generative models

* Denoising Diffusion Probabilistic Models (PPDM)

o Learn to inverse the diffusion process

o Can generate very high-quality images Diffusion by simple Gaussian

—
Diffusion models:. X0 - X1 - Xo . g
Gradually add Gaussian - - - - *-------- o TRE T *-------
noise and then reverse

[Denoising Diffusion Probabilistic Models, NeurlIPS 2020] 133



Other generative models

* Denoising Diffusion Probabilistic Models (PPDM)

- .
Y =
sPas . ,l"‘.'.
‘ - - - .h.‘
— =

...ht--n(!VkY¥¥¥V¥¥¥

[Denoising Diffusion Probabilistic Models, NeurlPS 2020] 134



Other generative models

Diffusion models

[Diffusion Models Beat GANs on Image Synthesis, NeurlPS 2021] 135



Conditional image generation

Replace z~N (0, 1) by
* Real image: image translation from domain A to domain B
e Can learn with “unpaired” data or “paired” data

Monet 7_ Photos ) Zebras {_ Horses ) Summer 7_ Winter

[Zhu et al., 2017] [Wang et al., 2018]
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Conditional image generation

Replace z~N (0, 1) by

* Text: text-conditioned
Image generation

e Usually need to learn
with “paired” data

an espresso machine that makes coffee from human souls, artstation panda mad scientist mixing sparkling chemicals, artstation a corgi’s head depicted as an explosion of a nebula

[Hierarchical Text-Conditional Image Generation with CLIP Latents, arXiv 2022] 137



Outline

* Practical problems:
o Insufficient (labeled) data
o Domain shifts
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“Some” challenges in DL for CV

* Deep neural networks are “labeled” data hungry
* Mismatch between training and test data

product images web images
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Challenge-1: Insufficient (labeled) data

* Example: ImageNet-1K (ILSVRC)

0 1,000 object classes
0 1,000 training images per class

Boe oo SEalEeaNRERuinte i ...  HyFTWT«<H rHeoOoBEom
SEMMIELZOI TR JEMH -C |~ BeMEEH  EBEDEN G L Gl Ean™
BNl O ol =eEES T« UMl NSO v BEOEFO=TIR
SR OeRLGOED) (SHOD RSS2SR N PEI N D EECI RSN «
i g | sl ale Br]- o |eoBSIEIl v« Fiiete] = [ 7| & [@ [ O[S N o [GICH “LETET » F A N1 S Foe] TN |
SAaEPYRE &Il M b @ 7 R e TIN aDY oe i PA T I IN 5 Ip NIl
CEWNERNANlLUwAERTOSENDETs RuNmemnrnQeEHCBaE - wH
BHri s e T T ogllle S OWEGIA T v ] =« ~-EEewwe s -0 -0 w2

ImageNet Large Scale Visual Recognition Challenges

~  ElEme S THOBA s B - xﬁ-mwllaﬁ'mh a LS B g
NeRBJOBI2MW .\ WAV /M T =41 | B e o af19
e . L T N B Har~n--.$n=duuna----a-
JHIIE.I:&JQI-!DH-!aOIE 1 PO [ FR EY (BN 4 ia
AMYow i EHN egDLEE oM - AW UFE G CEIRTNL «Reeugy § ™
e ! GO~ R N S RS R e e e RS O o
ESoEENI e S SR~ oPE AR - e e T = B U
uMn-BIn&.m-nullu-llmI-uﬂlxhaﬁ-m-ilzﬁuunu
i zgBle-~1-__FfEESEMD)'NIOTVEER  TEAN ' s . dR-<2T1Y
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It’s hard to collect labeled data

* Collecting and annotating data is time-consuming and expensive

* Crowdsourcing can be noisy and may not be feasible for certain problems
o e.g., medical images and applications

* For some applications, even “unlabeled” data can be hard to collect
o e.g., fine-grained classes, long-tailed problems, data privacy and protection
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Fine-grained classes

Baltimore
Oriole
(in the

East)

Barn
Swallow

heim Spaniel

ﬂ ‘ < \ / | Black-
, ; . ' - crowned

Night
Heron

Brown-
headed
Cowbird

Benz R class ~ Audi Q3 ~ """ Chevrolet Aveo Mitsubishi Fortis
MPV Suv hatchback sedan

Bullock’s
Oriole
(in the
West)

Foton MP-X E Skoda Superb Volkswagen Golf Variant Dodge Ram
minibus fastback estate pickup

[Credits: Rogerio Feris, ICCV-2019 slides]



Long-tailed distribution

Objects in SUN datasets

o)
o
o

- N W b
o O O O
o O O O

Number of occurrences

0 w ‘\
Window Person

10°}

Number of occurrences

Rope Spoon Locker ...

. — log-log distribution
*. | ===Line fit

10°
Object classes

Coffin ... Ziggurat
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Collecting dense labels is even harder

* Images with detailed instance segmentation labels

[He et al, 2017]

* MSCOCO: ~100 classes from 328K images

* Complex tasks, however, have fewer labeled data ... "



Long-tailed distribution on densely-labeled data
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Self-supervised learning
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Can we learn a neural network from unlabeled data?

e What to learn?

* How to learn?




Traditional paradigms

e Unsupervised learning
o Discover the structure (e.g., clusters, groups, or classes) of the data instances
o Estimate the distribution/density p(x) of the data instances
o Generative models

100 100
o L+ ]

80

. §

40 40

60

* Assumption: “similar” data should be grouped together



Deep self-supervised learning paradigms

* One more purpose.

o Unsupervised feature or neural network learning

Neural net
Encoder

Image-to-image search

Initialize “downstream”
tasks like for long-tailed,
few-shot classification



Deep self-supervised learning paradigms

* Generative:
o AE (auto-encoder), VAE
o Masked or auto-regressive training 55
O ... -
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Deep self-supervised learning paradigms

* Discriminative:
o Contrastive learning
o Similarity learning

o Clustering based learning

O ...

Anchor Negatives

5
Positive /a ]
7 3 P =
2
B

[Khosla et al., 2020]

Encoder
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encoder f encoder f
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[Chen et al., 2020]
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[Caron et al., 2018]

Classification

trmahm

Clustering

-y ¥
e




Contrastive learning

[Google Al blog, Advancing Self-Supervised and Semi-Supervised Learning with SimCLR] 152



Data augmentation

[Chen et al., A Simple Framework for Contrastive Learning of Visual Representations, ICML 2020]
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Results

ImageNet (Self-supervised)

Method Architecture
Top-1 Top-5
Supervised ResNet50 76.5 -
CPC [38] ResNet v2 101 48.7 73.6 Linear evaluation:
InstDisc [12] ResNet50 56.5 - * Freeze the feature extractor
LA [50] ResNet50 60.2 -
MoCo [14] ResNet50 606 ] * Only learn the last FC layer
BigBiGAN [51] ResNet50 (4x) 61.3 81.9 (i.e., linear classifier)
PCL [52] ResNet50 61.5 -
SeLla [53] ResNet50 61.5 84.0 To %)
PIRL [17] ResNet50 63.6 - 7
CPCv2 [38] ResNet50 63.8 85.3 W W1 fo(x)
PCLv2 [52] ResNet50 67.6 - v‘&,
SimCLR [15] ResNet50 69.3 89.0 e
MoCov?2 [47] ResNet50 71.1 -
InfoMin Aug [19] ResNet50 73.0 91.1
SwAV [13] ResNet50 75.3 -

[Jaiswal et al., A Survey on Contrastive Self-supervised Learning, 2021] 154



Unsupervised 3D object detection
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Can we learn a 3D object detector from unlabeled data?

3D object detection 3D instance segmentation

g ™, 7
¥ VB,
SR

* We focus on MOBLE traffic participants (e.g., cars, pedestrians, cyclists, etc.)
o How can we discover mobile objects from unlabeled LiDAR data?

« Simple heuristics:
oMobile objects are unlikely to stay persistent at the same location over time.

oWe can easily collect multiple traversal data of repeated routes (many of us
drive through the same routes every day).



- —
\ S
= >
: 14 |
]
{7 <0 X
5 ¢ = \
e = ——
S = A N = ] ~
T
A
! \}
S - > e = 7
~ SF7 A e
s Aa %
s P — ————
e
P '.‘.':.

[Diaz-Ruiz et al., lthaca365: Dataset and Driving Perception under Repeated and Challenging Weather Conditions, CVPR 2022]
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Learning to Detect Mobile Objects Without Labels

Point clouds from past traversals Current point cloud

Persistency Score

Count — 7(q) //—\x\

—
Normalize

Entropy of the histogram quantifies the persistency!

[You et al., Learning to Detect Mobile Objects from LiDAR Scans Without Labels, CVPR 2022]



Learning to Detect Mobile Objects Without Labels

* Weak labels through simple heuristics:
o Clustering low persistent (ephemeral) objects
o Fitting bounding boxes
o Filtering out invalid bounding boxes (e.g., boxes under ground or flying)

 Still not perfect: (1) missing objects (2) incorrect boxes

# /f// »-—‘W .\\‘*\,. : ; : \e. ‘ b 0 !
1. Compute Ephemerality Scores | Ground Truth Boxes

[You et al., Learning to Detect Mobile Objects from LiDAR Scans Without Labels, CVPR 2022]



Learning to Detect Mobile Objects Without Labels

Train a 3D detector and predict Train another 3D detector and predict

Seed Labels

[You et al., Learning to Detect Mobile Objects from LiDAR Scans Without Labels, CVPR 2022]



Domain adaptation
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Challenges-2: Domain Shifts

KITTI Argoverse nuScenes Lyft Waymo
(Germany) (USA) (USA, Singapore) (USA) (USA)

-

162



Domain adaptation

Labeled Domain Unlabeled Domain
(Source) (Target)
Input Image

Images

Labels

[Saenko al., 2019] 163



Domain adversarial training

ooooooooooooooooooo

Source Data

Target Data

++++++++++++++++

> l 5
Source feature : ! :

vector
— > I
|. |
Source T
i CNN ° \"
Target featu .
vector
I 7

Target
CNN

Classifier
Domain Adversarial
Classifier Loss

...................................................

....................................................

Minimize Discrepancy

[Credits: Hoffman 2019 ICCV tutorial]

164



Domain adversarial training

IIHIiIl EdOIn(X37 Xta 0R; HD) 11(}111 Lrep (X31 Xt-, 0D§ HR)
D R

Binary classification:
SD: +1
TD: -1

Op

H( 2 1 ‘ domain
object '

lassifi
slassifier n— [Credits: Hoffman 2019 ICCV tutorial] 165




Domain adversarial training

Igill Lo (XSs X, OR: HD) 1191i11 Erep (XS') Xt 0p; OR)
D R

Binary classification:
SD: +1
TD: -1

classifier

[Credits: Hoffman 2019 ICCV tutorial] 166



Domain adversarial training

Ju, o X Yol E*fﬁm /H‘w}

i & i
i Jj

-
i
®

v
%

object
classifier [Credits: Hoffman 2019 ICCV tutorial] 167




Domain adversarial training

min Edom(XSa Xta QR; HD) Ilelill El‘ep(XS? Xta HD; QR) min ‘Ccls (Xsa Ys; 907 HR)
R

Op OC,9R

O

The devils in the details!
Be aware of trivial solutions
or poor convergence

object
classifier

domain
classifier  [Credits: Hoffman 2019 ICCV tutorial]
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Example results

Target Image Ground Truth Before Adaptation Feature Adaptation Ours

[Tsai et al., CVPR 2018] 169



3D domain adaptation
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Domain adaptation of 3D perception

* Train 3D object detectors on different source datasets and test it on KITTI

3D Moderate Average Precision - Argoverse iScenes
80 (Germany) (USA) (USA, Singapore)

2 30
20
10 I
o B

KITTI Argoverse nuScenes Lyft Waymo

B Before Adaptation

[Wang et al., Train in Germany, Test in The USA: Making 3D Object Detectors Generalize, CVPR 2020]
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Domain adaptation of 3D perception

* Sizes of the cars are different at different geo-locations

3D Bounding Box Width Distribution

3 KITTI
%10 Waymo
on
S
c
g 5
0]
o
0 S H II||I||"| 'l
1.0 1.5 2.0 2.5 3.0

Meters

e Learned 3D object detectors will “memorize” the sizes!

[Wang et al., Train in Germany, Test in The USA: Making 3D Object Detectors Generalize, CVPR 2020] 172



Domain adaptation of 3D perception

3D Moderate Average Precision

60
% 50
S
™~ 40
T
2 30
20
10 I I
0
I i ; . KITTI  Argov us Lyf W
Resize points and labels in the source domain reoverse nuscenes byl Weyme
B Before Adaptation B After Adaptation
+
Re-training

[Wang et al., Train in Germany, Test in The USA: Making 3D Object Detectors Generalize, CVPR 2020] 173



Domain adaptation of 3D perception

3D Moderate Average Precision

% 50
€
N 40
T
2 30
20
10 I I
0

I i 1 . v u f
Resize points and labels in the source domain KITTI - Argoverse nuScenes  Lyft  Waymo

B Before Adaptation B After Adaptation
+

Re-training

[Wang et al., Train in Germany, Test in The USA: Making 3D Object Detectors Generalize, CVPR 2020] 174



Summary

* (Brief and narrow) introduction to computer vision

e Basic deep learning blocks for computer vision
o Convolutional neural nets
o Visual transformers

* Applications:
o 2D Recognition
o 3D Perception for autonomous driving
o 2D Generation

* Practical problems:
o Insufficient (labeled) data
o Domain shifts
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Take home

* Good tutorials online:
o CVPR 2017-2022, ECCV 2018-2020, ICCV 2017-2021 [search tutorial or workshop]
o ICML/NeurlIPS/ICLR 2018-2021 [search tutorial or workshop]

* Good framework: A
o PyTorch: Torchvision Y -3 D t t 2
o PyTorch: Detectron? 0 o e ec ron

* Good source code:
o Papers with code: https://paperswithcode.com/
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Thank youl!
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