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Recap: Image Classification En¥Ls )i

nghua University sensetime

[ C I ass |f| C atl on LO SS SCORES SOFTMAX PROBABILITIES CROSS ENTROPHY ONE HOT
5 90 —= — p=07 —» iy
+ Cross entroPy or MSE: 10 — S(vl)—T:y, — p=02 —Zci-log(pi) —% 0
01 — —% =k =% —s 0

For MSE loss, we have
Lypse; = %(yz — p;)?
= o(Wx +b) R#o(-)= Sigmoid KEX
The grad for MSE loss is: 3Lmse;¢/3W = (yi - pi)Pi(l - pi)i

«  Wx+b could be very large/small in the first few iterations;
since parameters are randomly initialized.

» Gradient vanishing!

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 3



Recap: Image Classification En¥Ls )i

nghua University sensetime

° Classification LOSS SCORES SOFTMAX PROBABILITIES CROSS ENTROPHY ONE HOT
5 20 — == Pl = = A
« Cross entropy or MSE? o W-ﬁ s e Yl || e
01 — =% PRk =¢ ~w €
For Cross entropy loss, we have
— log(pi), Yi =
Lees = ~[yilog(p) + (1~ y)log(1 = p)] <) Lot =\ _iog(1—py), 35— 0
Equivalent

The grad for CE loss is:  OL..;/OW = —(y; — pi)x

» Gradient vanishing! resolved

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 4



Recap: Image Classification

Classification Loss

« Cross entropy or MSE?

Multi-classification CE

SCORES SOFTMAX
20 —*
i
i = S =5—3;
zj eVJ
01 —

loss:

M
pik = €exp(qik)/ d.; €xp(gi;)

L= va Lce,i —

Further extension:

- va Zﬁw Yi,j log(pi ;)

From cross entropy loss to Focal loss and Circle loss

What's the relationship?

PROBABILITIES

o p=0.7
_, p=0.2

o p=0.1

Chapter 2 Section 8
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CROSS ENTROPHY

ONE HOT

=) ci-log®y)

April 14, 2022

Advanced Computer Vision

5



Pseudo-Labelling IEES N )11

sensetime

« Background

« Consistency Regularization

|Pmodel (¥ | Augment(z);0) — Pmodel (v | Augment(z); 0)||3
R TR SR (8 BT 18IS TR —3

« Entropy Minimization

* Minimizes the entropy of pogei(V]x; 0)
BR D KNI Tina i AN H B R RIS R

 Traditional Regularization
IA—EEETI , EEEEELICEIGER |, BARZHEK

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 6



Pseudo-Labelling GixL: P Em

«  Mixup. Beyond Empirical Risk Minimization &5y ; i)|Eissvite?)
« A simple and data-agnostic data augmentation method
T = Az; + (1 — Az, where xz;, x; are raw input vectors
= Ay; + (1 — N)y;, where y;, y, are one-hot label encodings
# yl, y2 should be one-hot vectors ERM mixup
for (x1, yl), (x2, y2) in zip(loaderl, loader2): PPRETE Y
lam = numpy.random.beta (alpha, alpha) & "."
X = Variable(lam » x1 + (1. - lam) *» x2) : :
y = Variable(lam » yl1 + (1. - lam) * y2) ;‘. : ‘,:
optimizer.zero_grad/() Yereoge

loss (net (x), y) .backward() (b) Effect of mixup (@ = 1) on a

optimizer.step () toy problem. Green: Class 0. Or-
ange: Class 1. Blue shading indicates
(a) One epoch of mixup training in PyTorch. p(y = 1|z).

Zhang H, Cisse M, Dauphin YN, Lopez-Paz D. mixup: Beyond empirical risk minimization. arXiv preprint arXiv:1710.09412. 2017 Oct 25.

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision



Pseudo-Labelling W ELZ )i

Tsinghua University sensetime

« mixup: Beyond Empirical Risk Minimization
« Why use beta distribution?
« Similar to label smooth?

« Why mixup works? (Generalization gap between training data and real data)

https://www.zhihu.com/question/67472285

ANl iF4tmixup: BEYOND EMPIRICAL RISK MINIMIZATION? @ Wiz ©

X paper2ICLR2018kI18FS, EiEFraw dataFl label interpolation, TERZHIEE FEET REEY] (Deep Learning) FEFRTHRETEE
SoTA, arxiv.org/pdf/1710.0941...

[ / SEE ] [ o HEEE | W @EEs @ FIIEE 7HE - I 77 NERTzEE
MixupiBF IR, BMEE— TR, ZE(18paper:

20 PEE BRAHEE <
KER arxiv.org/abs/1812.0118...

A;g MIT #8853 [ INFIF} S _
456 ABATIXEE “mEET 2018-12-07

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 8


https://www.zhihu.com/question/67472285

Pseudo-Labelling IEES i i

sensetime

« mixup: Beyond Empirical Risk Minimization

Further reading
« MixMatch
« ReMixMatch
 FixMatch

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 9
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« MixMatch: A Holistic Approach to Semi-Supervised Learning
« Stochastic data augmentation is applied to an unlabeled image K times

« The average of these K predictions is “sharpened” by adjusting the
distribution’ s temperature

/‘—’[Classify]\( ~ (A D
_______ : | |
. K augmentations ... _D.,:’g'ﬁ_: ------- > HEH DH — ;... I v !

-
e o
-
-
-

Jnlabeled\ ‘ [ Classify ] I_‘ / LR (GheRE)

Berthelot D, Carlini N, Goodfellow I, Papernot N, Oliver A, Raffel C. Mixmatch: A holistic approach to semi-supervised learning. arXiv preprint arXiv:1905.02249. 2019 May 6.

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision
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Pseudo-Labelling IEES N o)1

singhua University sensetime

« MixMatch: A Holistic Approach to Semi-Supervised Learning

1: Input: Batch of labeled examples and their one-hot labels X = ((xb, p);b € (1,... ,B)), batch of

unlabeled examples U = (ub; be(1,...,B )) , sharpening temperature 7', number of augmentations K,
Beta distribution parameter o for MixUp.
forb =1to Bdo

Ty = Augment(xzs) // Apply data augmentation to xy

for k =1to K do

ok, = Augment(up) // Apply k" round of data augmentation to uy,
end for
@b = % 2 Pmodel(y | Giv,x;0) // Compute average predictions across all augmentations of
= Sharpen(q,T) / / Apply temperature sharpening to the average prediction (see eq. (EI) )
end for
v = ((Zs,p0);0 € (1,...,B)) // Augmented labeled examples and their labels

11: U = ((Go,k,qv);0€ (1,...,B),k€(1,...,K)) // Augmented unlabeled examples, guessed labels
12: W = Shufﬂe(Concat(é? U )) // Combine and shuffle labeled and unlabeled data

13: X' = (MixUp(é&-, W)ie(1,..., |z\?|)) // Apply MixUp to labeled data and entries from VW

14: U' = (MixUp(L?i, Wizt €(1,..., |LAI|)) // Apply MixUp to unlabeled data and the rest of VW
15: return X', U’

[E—
=l e B ol

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 11



Pseudo-Labelling )

sensetime

« ReMixMatch: Semi-Supervised Learning with Distribution Matching and
Augmentation Anchoring

« Improved version of MixMatch

« Distribution Alignment (left) and Augmentation Anchor (right)

Ground-truth labels

S L
Qo] =

.-ll-- X : ] -I sl

L I o
abel guess ] I:IL_TJD Model predictions
o o l.---l

Berthelot D, Carlini N, et al. Remixmatch: Semi-supervised learning with distribution alignment and augmentation anchoring. arXiv preprint arXiv:1911.09785. 2019 Nov 21.

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision
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Pseudo-Labelling 1EES =

ghua University sensetime

» FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence

« Combination of Consistency regularization and pseudo-labeling.

Weakly-
S Prediction Pseudo-label
Unlabeled = = _ e | ., . | _F----- S
example Model |—> --I- 5 I
[~ [ = e e B o =

Strongly-
augmented

l
Prediction H ( P, q )
Model ]_' .lll-l /'[ ]

Sohn K, Berthelot D, et al. Fixmatch: Simplifying semi-supervised learning with consistency and confidence. arXiv preprint arXiv:2001.07685. 2020 Jan 21.

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 13



Pseudo-Labelling X142 o Eim

 FixMatch: Simplifying Semi-Supervised Learning with Consistency and Confidence
« FixMatch consists of two loss terms: a supervised loss ¢; and an unsupervised loss ¢,

« £, is the standard cross-entropy loss

b= 5 > (s, puly | aa1)
b=1

« Convert the prediction on the weakly-augmented image to a one-hot pseudo-label

« £, is the cross-entropy loss against the model’ s output for the strongly-augmented
Image
uB

bu=—=Y 1(max(gs) > 7) H(Gs, pm(y | A(us)))

b=1

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 14



Recap: Image Detection

4 Tsinghua University sensetime

« Two stage vs One-stage pipeline

* Anchor placement: large anchors should be put in the low-level
layers or high-level layers?

P ' AP
Roloutput _ "% = o | Cls. y |5 >
(fixed size) / Reg. 7
@ Detection

pipeline
- Person

Features of Features of detected!
Anchors rpy Proposals

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 15



Recap: Image Detection CIEES 155 i

ghua University sensetime

« Two stage vs One-stage pipeline

* Loss of Rol pooling

oL g o
B_xi =Z:zj:[z—z (r,9)] i ()]

In words, for each mini-batch Rol r and for each pooling
output unit y,;, the partial derivative 0L/0y,; is accumu-
lated if ¢ is the argmax selected for y,; by max pooling.

| Rol
/ / \ In back-propagation, the partial derivatives 0L /0y, ; are al-
P, i ﬁ ready computed by the backwards function of the layer

Rol output on top of the Rol pooling layer.

(fixed size) Rol layerf9BPitEL,
#IFast RCNN paper.

Features of | Features of Rol pooling BULEEL , LEERMTEEFHE
Anchors gpy Proposals EARNOEIRIERBIN | BEs=E
B/ NI,

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 16



Recap: Image Detection %42 P B

Tsinghua University sensetime

« Two stage vs One-stage pipeline

* Loss of Rol pooling

1 Figure 3. RolAlign: The dashed grid rep-
. ——7—— resents a feature map, the solid lines an Rol
| | 7< © - (with 2X2 bins in this example), and the dots
/ R— / 1N e, N . 1 the 4 sampling points in each bin. RoIAlign

.~ computes the value of each sampling point

P, it o R 1 e i s 7 by bilinear interpolation from the nearby grid
ﬁ Rol output | e e - points on the feature map. No quantization is
(fixed size) . ———— | performed on any coordinates involved in the

@ T __________ . Rol, its bins, or the sampling points.

Features of Features of

Anchors rpy Proposals

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 17



Recap: Image Detection "M/é SO i

« Two stage vs One-stage pipeline

 No RPN, No Rol-pooling

I B What's the output feature map in this (c) example?
O i B EEE T
i - Answer: 4 x 4 x (4 * 4 + p)
AETR" Yioc: A(ez, cy, w, h)
conf : (c1,¢2, -+, ¢p)

Within each grid cell:
* Regress from each for the B base boxes (aka

Fig. 1: SSD framework. (a) SSD only needs an input image and ground truth boxes for anchors) to a final box with (dx, dy, dh, dw)
each object during training. In a convolutional fashion, we evaluate a small set (e.g. 4) .

of defalflt boxes ogf differe%lt aspect ratios at each location in several feature maps %vith * Predict scores for each of p Classes

different scales (e.g. 8 X 8 and 4 x 4 in (b) and (c)). For each default box, we predict

both the shape offsets and the confidences for all object categories ((c1,c2, - ,¢p)).

At training time, we first match these default boxes to the ground truth boxes. For

example, we have matched two default boxes with the cat and one with the dog, which

are treated as positives and the rest as negatives. The model loss is a weighted sum

between localization loss (e.g. Smooth L1 [6]) and confidence loss (e.g. Softmax).

(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 18



Recap: Image Detection "M/é SO i

https://arxiv.org/pdf/1506.01497 .pdf

« Detection loss
L({p:},{ti}) = ﬁ Zchs(pi,P:)

1 * *
. :__E___________E__.n_ ) +A Nreg ; p; L reg (tia ti )
T HIHE p* and t* are the ground truth for
e P M e /.. st Kl classification and localization/regression
I T 'q===a-
el Yioc: A(ez, cy, w, h) _ _
RN conf ; (c1,¢2,-- -} ¢p) * Note that regression loss is only for
(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map positive Samples.
Fig. 1: SSD framework. (a) SSD only needs an input image and ground truth boxes for L ( £ ) - R ( £ t*)
each object during training. In a convolutional fashion, we evaluate a small set (e.g. 4) TegN\TL i ) T ¢ 1
of default boxes of different aspect ratios at each location in several feature maps with :
different scales (e.g. 8 X 8 and 4 x 4 in (b) and (c)). For each default box, we predict R'is the smoothed L1 loss
both the shape offsets and the confidences for all object categories ((c1,c2, - ,¢p)).

At training time, we first match these default boxes to the ground truth boxes. For

are treated as positives and the rest as negatlves The model loss is a welghted sum
between localization loss (e.g. Smooth L1 [6]) and confidence loss (e.g. Softmax).

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision
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Recap: Image Detection "M/é SO i

https://arxiv.org/pdf/1506.01497 .pdf

« Detection loss

L({p:}, {t:}) = cls (Pi> P )
o +A— Zp Lyeg(tis t7)-
T EHIE N p* and t* are the ground truth for
B M T classification and localization/regression
HEERE Vioc: A(ez, cy, w, h) _ i
i Nl conf ; (c1,¢2,- -+, ¢p) * Note that regression loss is only for
(a) Image with GT boxes (b) 8 x 8 feature map (c) 4 x 4 feature map positive samples.

Lyeg(ti, tY) = R(t; — t7)
R is the smoothed L1 loss
tx = (T — xa)/wa, ty = (¥ — va)/ha,
A bounding-box regression from  tw =log(w/wa), th =log(h/ha),
an anchor box to anearby & = (2" —z.)/wa, ;= (Y —va)/ha,
ground-truth box. ¢, =log(w*/wa), t; = log(h*/ha),

0.5z2 if |[z] <1
|z| — 0.5 otherwise,

smoothy, (z) = {

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 20
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Recap: Image Detection 1EES 155 i

Tsinghua University sensetime

Extra Feature Layers

« YOLO vs SSD - —— , * \

i S Classifier : Conv: 3x3x(4x(Classes+4))
N <
X N AN Classifier : Conv: 3x3x(6x(Classes+4))
\ \
Y . . \
00 |
I
I
I
I
I
I
I
I
I
I
I

:

I

| |
SSD: kage i 8 i 19 19
® Sma”el’ |nput SIZG E Conwa_3 E (crcav)u ::‘oé\;/: 10 5 Conv: 3x3x(4x(Classes+4)) @
« Faster FPS \ \ " 16 ) O . ok

\ | 10 Com11_2
\\J 512 _} \ 1024 1024 51 E

SSD - e ~ “Conv: 3x3x1024 Conv: 1x1x1024 Conv: 1x1x256  Conv: 1x1x128  Conv: 1x1x128  Conv: 1x1x128
. Conv: 3x3x512-82 Conv: 3x3x256-s2 Conv: 3x3x256-81 Conv: 3x3x256-s1

* More

templates/anchors from \
various depth in the

network
* Higher mAP

74.3mAP
59FPS

ls2
7
N

| Detections:8732 per Class |
| Non-Maximum Suppression |

|

YOLO
§
-I//
Detections: 98 per class
| Non-Maximum Suppression |

YOLO Customized Architecture

7
J

63.4mAP
45FPS

4438

1024

le
|A

Fully Connected Fully Connected

I

Fig.2: A comparison between two single shot detection models: SSD and YOLO [5].
Our SSD model adds several feature layers to the end of a base network, which predict
the offsets to default boxes of different scales and aspect ratios and their associated
confidences. SSD with a 300 x 300 input size significantly outperforms its 448 x 448

YOLO counterpart in accuracy on VOC2007 test while also improving the speed. Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 21



Recap: Image Detection lEESE® o117

sensetime

« One-stage detector: open-sourced repos

SSD Demo

https://github.com/hli2020/0object detection#testing-ssd

Or

(ipython notebookfjll=)
https://github.com/amdegroot/ssd.pytorch/blob/master/demo/demo.ipynb

How to implement a YOLO (v3) object detector from scratch in PyTorch
https://blog.paperspace.com/how-to-implement-a-yolo-object-detector-in-pytorch/

SSD , YOLOXEET T iE#B R one-stage detector.
2BRPNZEE , BEIRERIENER.

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 22


https://github.com/hli2020/object_detection
https://github.com/amdegroot/ssd.pytorch/blob/master/demo/demo.ipynb
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Recap: Image Detection

« NMS

) Original ) After NMS

1442 i

—fipost-processing 1.
FERrBIwNRFEE.

PR NRYIEIRE | AATFHIL
ZNESEN , BEXES
MEEERLCRI.

AR LGN R Z RATENES R e ?

Non-maximum suppression (NMS)

e
B I SRS (E(conf. score) WESEIRHERS | (REBES5 Hfbox
BRARIEIEE LRGN Mbox, BB N EIRE T,

LALESSHE,

Chapter 2 Section 8 April 14, 2022

inghua University

sensetime

Advanced Computer Vision
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Recap: Image Detection %1% Cf)isiin

Tsinghua University sensetime

« NMS

1R HRZEHISRMAY.
AEGIF (AR ) |

-4 R RS EHASEHEI4TN B
FE |, BRIEL , 3SHHINIEBRRNE
2, AIEERIR

IBLEHECRES |, IREEZEMIRR ?

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 24



Recap: Image Detection =

sensetime

NMS NMS IR &F— 1 65 1HAY

https://github.com/hli2020/feature inte
rtwiner/blob/master/lib/layers.py#L 664

3, 4 removed!

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 25


https://github.com/hli2020/feature_intertwiner/blob/master/lib/layers.py

%

sensetime

% 4%

Tsinghua University

Outline

Part 1

Part 2

Part 3

Recap: classification loss and detection pipeline

3D Detection and BEV Perception

Image segmentation

26



Bird" s-eye-view Perception "M/é SO i

| eaderboard:
https://www.nuscenes.org/object-
detection?externalData=all&mapData=no&modalities=Camera

Tech blog:
https://zhuanlan.zhihu.com/p/495819042

Multi-Camera Features F, = D f
L T Cmemsva g ]

Cb E ( Add & Norm
I
o é [ Feed Forward
= A
_8 I
= C ) ( Add & Norm
¢ ) ol Cross-Attent
f Spatial Cross-Attention
A
I
u e ( Add & Norm
; I
m ' : ( Temporal Self-Attention
H “ ' ’ s ’ 5 History BEV B,_, BEV Querles Q
i N irr1<I7 ;
' History BEV B, _, BEV Quenes Q \____-______‘----_________--_.r_ :} == (¢ u,- e ﬁ*J’
Multi-view Input at Time ¢ (a) Overall Architecture (c) Temporal Self Attention

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 27


https://www.nuscenes.org/object-detection?externalData=all&mapData=no&modalities=Camera
https://www.nuscenes.org/object-detection?externalData=all&mapData=no&modalities=Camera
https://zhuanlan.zhihu.com/p/495819042

| Smart Summon - Per-camera detection then fusion (nV)

Goal: summon vehicle to the person nearby

Problem: Per-Camera Detection Then Fusion

Traditional method:
- project from image plane to vector space. —>
- assumption ground is horizontal.

Don’t have depth
per pixel

which is not ture

See previous talk at CVPR workshop or earlier

D i
sensetime

Fusion is difficult as objects span differently across images.

28
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sensetime

| Smart Summon - Per-camera detection then fusion (nV)

Goal: summon vehicle to the person nearby

[ HEAD ]

Vector Space Road Edges

Directly predict
vector space

results a. differentiable, e2e
| multiscale features  multi-scale features  multiscale features b. camera pose varies
: BiFPN ] [ BiFPN BiFPN ]
4 : 4 > - 1
a. massive labelling
(coming up)
RegNet RegNet RegNet
Multiple Cameras

See previous talk at XXXX 29



| Caveat1

® Because of the geometry of road, projection
cannot precisely project corresponding
point to BEV. (e.g., 3D ZFEiE%; )

e if some part is occluded, the projection will
be wrong. (B2t 21 7)

l

Need to find relationship
between BEV grid and images
patch.

Approximate Projection Based
On Camera Calibration?

Problem

Projection depends on the road
surface geometry. And if the point
of interest was occluded, you may
want to look elsewhere.

D

=0

sensetime

30



| Solution to Caveat 1: Transformer

——
——

—(~ )~

Vector Space Road Edges

t

Head

Transformer

[ MLP ]

image-to-BEV transform
+multi-camera fusion

S —

{ BiFPN

RegNet

\

J \ J

( BIFPN |

RegNet

BiFPN

RegNet

Main m

piar SR

Repeater m

“Raster” position encoding,
generate a position encoding
vector for every grid on raster.

for location (i,j)
in BEV view

¢ §
AQ,K,V)= softmaa:(QK

Va

14

——
oD i
sensetime
Transformer - Model structure

Output
Probabilities

[ Add & Norm |
Feed
Forward

[ Add & Norm }

[ Add & Norm ] =
AacidliNoTn Multi-Head
Feed Attention
Forward

Add & Norm
[ Add & Norm ]
Add & Norm VEea

Multi-Head Multi-Head
Attention Attention

Positional 6:\
Encoding

Input
Embedding

Inputs Outputs
(shifted right)

Positional
P e Encoding

Multi-head attention 31


https://arxiv.org/pdf/1706.03762.pdf

SO i
sensetime

| Improvement after Transformer and Rectification

Vector Space Edges and Lines Detections: SingleCam -> MultiCam

Single-Cam
Multi-Cam

Before After (nV, Transformer + Rectify)

32
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| Stepping further - Motivation: Lack of memory

1. Impossible To Predict Objects
Despite Occlusions, Velocity/
Acceleration, Blinkers, Moving/
Stopped/Parked Vehicle States, Etc.

How Fast Is This Car Traveling? Is This Car Double Parked? Is There a Pedestrian Behind This Crossing Car?

2. Keeping Track of
Markings & Signs

Lane Markings Street Signs

33



| Video Neural Net Architecture

Velocity of Detected Cars

( Head

20 x 80 x 300 x (sampled)

——> 20x80x256x60
WxHxCxT window size T =60

20x80x256

[ Multi-camera fusion & BEV transform

(_sev ) (o ) [ oeen
- ==
( rety ) [ meaty ) [ mectty

e O il
sense time

34



| feature queue

|
o]

{ J 20x80x300x60
Concat W X HXC xT

Positional Encodings 13{1x40x60

HXC

I ] 20x80x2s6x60
Multi-Cam Features ‘ WxHXxCxT

1X1x4x60

Positional encoding (40): encode (x,y) as does in Transformer paper
Ego kinematics (4): velocity, acc. etc

D

=0

sensetime

35
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| feature queue

Input to video module

e "™~
G I il I I
WxHxCxT i
-

‘ - :
= = = .
o = o §| P => time-based queue
S = 'g:) = e = (e.g. push every 27ms)
) — - 59
- -—IIlIlIlIIIlIIIIL{IIII--
20x80x300x60 > ’ «
Concat WxHxCxT L
HIBIRIBIBIBIR [ 1X1x40x60
Positional Encodings [ | WxHxCxT
] 20x80x256x60
Multi-Cam Features WXxHXCxT
Ego Kinematics m";‘:sxoc T
& by ot |
l Pop Push I

_ =
N ™
— et J

Positional encoding (40): encode (x,y,z) to higher frequency [1]

Ego kinematics (4): velocity, acc. etc
36
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| feature queue

Input to video module
G 0
WxHxCxT

|

=> time-based queue

subsample (e.g. push every 27ms)
20x80x300x60
Concat WxHxCxT
‘ 1X1x40x60
Positional Encodings WxHXxCxT => space-based queue
=LA - (e.g. push every 1 meter)
20x80x256x60
Muiti-Cam Features WxHxCxT
Ego Kinematics oy " o
9 WxHXCxT I Geometry
Lo v LJ - i\ Predictions
l pop bush I aided by

_ -
n Ll
_ . -/

Positional encoding (40): encode (x,y,z) to higher frequency [1]
Ego kinematics (4): velocity, acc. etc
37



| video module

20x80x300

1

20x80x300
W x H X (

( weow ) -[ i T}
A (=]
=

[ 3D CONV J [ Read out Token

A = -

[ 3D CONV J

7\ ,

‘ -

LLLTR L T

20x80x300x12

20x80x300x12

(1] Axial Transformer [1]

oD Ei
sensetime
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T
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| video module

Hidden state h(t-1)

Input x(t)
kinematics ———

features —_—

20 x 80 x 256

Vs

Spatial Feature Grid: h(t)

Each cell is
a RNN

=o (W,
re =o (W, -

hy = tanh (W
hf = (l — Cf)

- [hi—1,4])

[he—1,2¢])
e x he—1, )

* hf,l + zp x i]f

Output h(t)

e
P

D

A9y L] A= 0
i i " e ™ A y 't- .’ ‘v\ -
= =

R4 —% (300/256)
20 x 80 - FA1AVIEAR

=0

sensetime
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| video module

Spatial Feature Grid: h(t)

ze =0 (W, - [hi—1,24])
re =0 (Wy - [he—1,T4])

h; = tanh (W - [re * hy—q, x¢])

hf — (l = Cf) * hf,l —+ z¢ *x i]f

® to save computational cost

D

=0

sensetime
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| video module

Spatial Feature Grid: h(t)

iea’t\“esbq

o

ze =0 (W, - [hi—1,24])
re =0 (Wy - [he—1,T4])

h; = tanh (W - [re * hy—q, x¢])

hf — (l = Cf) * hf,l —+ z¢ *x i]f

® to save computational cost

D

=0

sensetime
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| video module

Spatial RNN - Feature Channel Visualization

oD i
sensetime
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| Object Detection - Improved Robustness to Temporary Occlusion

| Single-Frame
! Video

D i
sensetime
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I Improved Depth & Velocity from Video Architecture

LEGEND
Radar signal (GT)

Single frame (velocity from
differentiable)

Improved Depth & Velocity From Video Architecture

meters / second

Predicted Longitudinal Depth

_—

Predicted Longitudinal Velocity

10 . 15

L1

10 15

D i
sensetime
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LS =

Bird" s-eye-view Perception =

| eaderboard:
https://www.nuscenes.org/object-
detection?externalData=all&mapData=no&modalities=Camera

Tech blog:
https://zhuanlan.zhihu.com/p/495819042

Multi-Camera Features F, A D !
el |  (mensevadiggy wass ] A

i ; Z ( Add 8|L Norm
@ é [ Feed Forward
g ;
: C__ ( P
24 ) s
T Spatial Cross-Attention
A
|
( Add & Norm
I
( Temporal Self-Attention

LS
\
NS
AL
e SN
o ——

N .

/ " History BEV B,_, BEV Quenes Q
History BEV B,_, BEV:Queries G T ;:J_ (21 D E el g
Multi-view Input at Time ¢ (a) Overall Architecture (c) Temporal Seﬁ Attentlon
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Bird" s-eye-view Perception EZSE o)1

Tsinghua Univer: sm sensetime

Table 1: 3D Detection Results on nuScenes test set. x notes that VoVNet-99 (V2-99) [21] was
pre-trained on the depth estimation task with extra data [?1]. “BEVFormer-S” does not leverage
temporal information in the BEV encoder. “L” and “C” indicate LiDAR and Camera, respectively.

Method Modality Backbone]NDST mAPT|mATE¢ mASE| mAOE| mAVE| mAAE|
SSN [54] E - 0.569 0.463 - - - - -
CenterPoint-Voxel [51] L - 0.655 0.580 - - - - -
PointPainting [43] L&C - 0.581 0.464| 0.388 0.271 0.496 0.247 0.111
FCOS3D [45] C R101 ]0.428 0.358| 0.690 0.249 0.452 1.434 0.124
PGD [44] C R101 ]0.448 0.386| 0.626 0.245 0.451 1.509 0.127
BEVFormer-S & R101 [0.462 0.409| 0.650 0.261 0.439 0925 0.147
BEVFormer & R101 [0.535 0.445| 0.631 0.257 0405 0.435 0.143
DD3D [31] C V2-99* 10.477 0.418| 0.572 0.249 0.368 1.014 0.124
DETR3D [47] C V2-99* (0.479 0.412| 0.641 0.255 0.394 0.845 0.133
BEVFormer-S C V2-99* 10.495 0.435| 0.589 0.254 0.402 0.842 0.131
BEVFormer C V2-99* 10.569 0.481| 0.582 0.256 0.375 0.378 0.126 i LS P i il —

Table 2: 3D Detection Results on nuScenes val set. “C” indicates Camera.

Method Modality Backbone [NDST mAP{|mATE| mASE| mAOE| mAVE| mAAE|
FCOS3D [45] G R101 |[0.415 0.343| 0.725 0.263 0422 1.292 0.153
PGD [44] R101 |0.428 0.369 | 0.683 0.260 0439 1.268 0.185

DETR3D [47] R101 |0.425 0346 | 0.773 0.268 0383 0.842 0.216

(&
C .
Figure 7: Comparision of BEVFormer and BEVFormer-S on nuScenes val set. We can observe
BEVFormer-S C R101 0448 0.375| 0.725 0.272 0.391 0 g2 0200 that BEVFormer can detect highly occluded objects, and these objects are missed in the prediction
C

BEVFormer R101 |0.517 0.416 0.673 0.274 0.372 Ek",ﬂl' ({;—199 9 results of BEVFormer-S (in red circle).

Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 47/



%44 =

Tsinghua University sensetime

Bird" s-eye-view Perception
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s-eye-view Perception
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Outline

Part 1

Part 2

Part 3

Recap: classification loss and detection pipeline

3D Detection and BEV Perception

Image segmentation
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Image Segmentation: An Introduction En¥Ls )i

inghua University sensetime

iE W (semantic) or SC{F 2D 2.5D (depth est) and 3D
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Image Segmentation - popular methods

Semantic segmentation

FCN

SegNet

Dilation

DeconvNet

ENet (ERETR)
Deeplab V1 V2 V3
ParseNet

RefineNet

Large Kernel Matters

Instance segmentation

- SDS

-  DeepMask

- SharpMask

- MultiPathNet
- MNC

- Mask-RCNN

Chapter 2 Section 8 April 14, 2022

i
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Prerequisite: convolution operation [ 1

%73 (Convolution)

Class torch.nn.Conv2d(in channels, out channels, kernel size,
stride=1, padding=0, dilation=1, groups=1, bias=True)

https://pytorch.org/docs/stable/nn.html#torch.nn.Conv2
d

i AKNEZ D ?
-7 Output size = 20, 33, 25, 50

T (W - kernel + 2 pad) / stride + 1 [A) FEXER

https://github.com/vdumoulin/conv_arithmetic Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision 53



https://github.com/vdumoulin/conv_arithmetic
https://pytorch.org/docs/stable/nn.html

Prerequisite: convolution operation (%42 E

sensetime

W _out = (W - kernel + 2 pad) / stride + 1

l

= (W_out - 1) * stride - 2pad + kernel

BTN l
W _out = (W_in - 1) * stride - 2pad + kernel

%&F2 (Deconvolution) - upsample

2 X
E(\!
S

No padding, strides Padding, strides
pacding, strides, Padding, strides, transposed ing, Stdes,
transposed transposed (odd)

SRR N feature map (/)N , ZFEANEHED (3K)

Bstride IRANRETRE
5% up-samplelg N((562) , AIG#eafifilter , IEEEFR , BHER
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Prerequisite: convolution operation lEESH@ o)1

Tsinghua University sensetime

%&F2 (Deconvolution) - upsample
W _out = (W_in - 1) * stride - 2pad + kernel

k=3, [a]padding 0
stride2%/ ?

Padding, strides, transposed

Class torch.nn.ConvTranspose2d (in_channels,
out_channels, kernel_size, stride=1, padding=0,
output_padding=0, groups=1, bias=True, dilation=1)
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Prerequisite: convolution operation W ELZ )i

Tsinghua University sensetime

Z=AEFR (Dilated convolution) - IFEHBFfA(downsample)lS—NMETS

o Input: (N, Cin, Hin, Wy,)

e Output: (N, Cpus, Housy Wour) Where %ﬁ]\/k{gl , Epiﬁﬁ d | |ati0n

H = lHi,, + 2 X padding[0] —|dilation[0] |x (kernel_size[0] — 1) — 1 lJ
our = stride[0]
Win + 2 X padding[1] — dilation[1] X (kernel_size[1] — 1) — 1
Wour = l lJ
stride[1]

No padding, no stride, dilation

fwitfilter - I KM EF(receptive field)
IR FRERANE !
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Semantic Segmentation: a naive approach 1EES =

Tsinghua University sensetime

NR—#EEFRR |, (RiFfeature mapHIRIGEIF—2L. (channel=D)
Ra—ESRIchannelNESEBINNEIEIA], (channel=C)

Conv

Conv argmax

e

Y Scores: Predictions:

CxHxW HxW
Convolutions:

DxHxW

(BREXR , iTEEKRX
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Semantic Segmentation: FCN Dd¥LE P iEim

Tsinghua University sensetime

This work is quite like the milestone of RCNN in detection

IZRIE)ER ; SE S

EEER - SIEENNESER , SHFaTHIA

FHEEZR/NEIRR - FIIFA R ERR A _ BRI E]

FHIERISIRIRE - FFEskip connectiongl &2 EAFIHRS L REFEHE

B wh =

forward /inference

backward /learning

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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Semantic Segmentation: FCN

Tsinghua University sensetime

This work is quite like the milestone of RCNN in detection

Downsampling: Up-sampling:
Pooling, strided convolution Unpooling or strided transpose convolution
IViea-res: IViea-res:

D, x H/4 x W/4 D, x H/4 x W/4

Low-res:
D3 x H/4 x W/4
Input: High-res: High-res: Predictions:
3xHxW D, x H/2 x W/2 D, x H/2 x W/2 HxW

Long, Shelhamer, and Darrell, “Fully Convolutional Networks for Semantic Segmentation”, CVPR 2015
Noh et al, “Learning Deconvolution Network for Semantic Segmentation”, ICCV 2015
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Semantic Segmentation: Deeplab =

nghua University sensetime

V1: ICLR 2015

https://arxiv.org/pdf/1412.7062.pdf

Semantic Image Segmentation with Deep Convolutional Nets and Fully Connected CRFs
Code: https://bitbucket.org/deeplab/deeplab-public/src/master/

V2: arXiv:1606.00915

DeepLab: Semantic Image Segmentation with Deep Convolutional Nets, Atrous Convolution, and Fully
Connected CRFs
Code: https://bitbucket.org/aquariusjay/deeplab-public-ver2/src/master/

V3: Rethinking Atrous Convolution for Semantic Image Segmentation

https://arxiv.org/pdf/1706.05587.pdf

Website: http://liangchiehchen.com/projects/DeeplLab.html

Blog: https://towardsdatascience.com/review-deeplabv3-atrous-convolution-
semantic-segmentation-6d818bfd1d74
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Semantic Segmentation: general pipeline

inghua Um\ er sm sensetlme

imag encoder dilation decodelCRF

e
Scale 1
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Semantic Segmentation: general pipeline

4 Tsinghua University sensetime

imag encoder dilation decodelCRF
€ — lHigh—IeveI global
Scale 1 F-k gl context
Low-level local
context
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Semantic Segmentation: general pipeline %1% SO i

imag encoder dilation decodelCRF
€ — 1High—|eve| global
Scale 1 F-k gl context
Low-level local
context
imag  encoder decodelCRF
e
Scale 2
Scalen ...
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Semantic Segmentation: key issues (%1% 2 D

sensetime

| SA¥E(E)ER SegNet, DeconvNet, SharpMask, RefineNet
a. Encoder-decoder

b. Deconvolution

c. Unpooling

d. Interpolation

2. |[REFHLIRES
a. Skip connect

b. Refine block
c. CRF

3. Receptive field
a. Dilation /hole
b. Global pooling

4, ZBRE Deeplab
a. Multi-scale train/test

b. high/low layer feature fusion
c. Spatial pyramid pooling

U-net/hourglass structure in pose estimation

Deeplab, ParseNet, PSPNet/ICNet
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Instance Segmentation: Mask RCNN

Per-image computation Per-region computation for eachr_i € r(l)

WIgRgEE

v

Linear
classifier

i
(] —

LITT T 1]

[ Box regressor J

. s | masks | 1EBEEMask size
h_new (g_i) st | e TN
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Instance Segmentation: Mask RCNN lEESH@ o)1

Tsinghua University sensetime

Per-image computation Per-region computation for eachr_i € r(l)

it D12
i
e —

— e o = e e .
— o
=

Linear
classifier

v

LITT T 1]

[ Box regressor J

%— h_new o

(g_i_refined)
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Instance Segmentation: Mask RCNN - results Ea¥Ls )i
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Image with training proposal 28x28 mask target Image with training proposal 28x28 mask target
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Instance Segmentation: Mask RCNN - results

: J‘Q.EII'L -~
vy P person1.00 m rpRersoaftO0s - pesson.98
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Image Segmentation: datasets

TABLE 1: Popular large-scale segmentation datasets.

tEEE

Tsinghua University

=

sensetime

Name and Reference Purpose Year | Classes Data Resolution | Sequence | Synthetic/Real | Samples (training) | Samples (validation) | Samples (test)
PASCAL VOC 2012 Segmentation E Generic 2012 21 2D Variable X R 1464 1449 Private
PASCAL-Context Generic 2014 | 540 (59) 2D Variable X R 10103 N/A 9637
PASCAL-Part Generic-Part 2014 20 2D Variable X R 10103 N/A 9637
SBD |3 Generic 2011 21 2D Variable X R 8498 2857 N/A
Microsoft COCO Generic 2014 +80 2D Variable X R 82783 40504 81434
SYNTHIA [32 Urban (Driving) | 2016 11 2D 960 x 720 X S 13407 N/A N/A
Cityscapes (fin€] 33! Urban 2015 30 (8) 2D 2048 x 1024 ' R 2975 500 1525
Cityscapes (coarse) |33’ Urban 2015 | 30(8) 2D 2048 x 1024 v R 22973 500 N/A
Cam\fxd Urban (Driving) | 2009 32 2D 960 x 720 v R 701 N/A N/A
Camde-Sturgess Urban (Driving) | 2009 11 2D 960 x 720 v R 367 100 233
KITTI-Layout t Urban/Driving | 2012 3 2D Variable X R 323 N/A N/A
KITTI-Ros Urban/Driving 2015 11 2D Variable X R 170 N/A 46
KITTI-Zhang Urban/Driving 2015 10 2D/3D 1226 x 370 X R 140 N/A 112
Stanford backgroun Outdoor 2009 8 2D 320 x 240 X R 725 N/A N/A
SnftFlow Outdoor 2011 33 2D 256 x 256 X R 2688 N/A N/A
Youtube—Ob)ects- ain Objects 2014 10 2D 480 x 360 4 R 10167 N/A N/A
Adobe’s Portrait Segmentatio Portrait 2016 2 2D 600 x 800 X R 1500 300 N/A
3 Materials 2015 23 2D Variable X R 7061 2500 5000
Generic 2016 4 2D 4 v R 4219 2023 2180
Indoor 2012 40 2.5D 480 x 640 X R 795 654 N/A
Indoor 2013 - 2.5D 640 x 480 v R 19640 N/A N/A
Indoor 2015 37 2.5D Variable X R 2666 2619 5050
RGB-D Object Dataset @ Household objects | 2011 51 2.5D 640 x 480 4 R 207920 N/A N/A
ShapeNet Part Object/Part 2016 | 16/50 3D N/A X S 31,963 N/A N/A
Stanford 2D-3D- Indoor 2017 13 2D/2.5D/3D | 1080 x 1080 v R 70469 N/A N/A
3D Mesh Object/Part 2009 19 3D N/A X S 380 N/A N/A
Sydney Urban Objects Dataset Urban (Objects) | 2013 26 3D N/A X R 41 N/A N/A
Large-Scale Point Cloud Classification Benchmark "52] Urban/Nature 2016 8 3D N/A X R 15 N/A 15
Pascal, COCO, Cityspace (cars and all),
Chapter 2 Section 8 April 14, 2022 Advanced Computer Vision



Image Segmentation: evaluation metrics E
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RigK+125 , THRMOR k. pij RET | SRATHEARFNA j 5

k
Zpii
PA= =2
Pixel Accuracy(PA) = FIGUIXIHHURENEN/ (RRIKRETE) 5V
=0 =
i < pa
1 f—] Ny .AIPA = —

Mean Pixel Accuracy(MPA)= 283 3ERUERSR k+1 et k
>,
=0

k
Mean loU=58250910U  ar7o0 = = 1 - Y — P"
= ZPU + ZP;: — Pii
1=0
Frequency weighted loU=/I1{5&35AJI10U P i jZ_(j)pfjp.-,-

ST Tha ZPJ+ZPJ- - pii
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LiIDAR Semantic Segmentation En¥Ls )i

Tsinghua University sensetime

http://www.semantic-kitti.org/tasks.html#semseqg

Leaderboard. Following leaderboard contains only published approaches, where we at least can provide an arXiv link. (Last updated: August 24, 2021.)

To avoid confusion between the numbers reported in the paper and post-publication results, we report here the numbers from the paper. Please contact
us if we missed an updated version with different numbers.

Single Scan Multiple Scans

Approach Paper Code mloU Classes (loU) Details
RPVNet B 70.3 in Blin § = [ | C}
AF2S3Net B 69.7 s o= Sinm BuEEmn Q
Cylinder3D B O 678 lsnsnin.lnn.EnlnEnn @
SPVNAS B O 664 | T T T @
JS3C-Net B O 660 | T ™ T T @
AMVNet B 65.3 Huns=in_lni.Enlinnmn Q
Lite-HDSeg B 63.8 | TS T T @
TORNADONet B 63.1 lsnacin.lni.Iulinnnn @
KPRNet ] 63.1 len_=mn_l B.Eulnnmn @

(c) Range-based: physical dimensions distorted
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Cylinder3D IR S - N <
N ,‘..‘HA el ar gsnan ln. er Cylindrical Partition .“«\J’
. f“‘) IR Coordinate Coordinate ~~~”
7 y ‘h'
. . - Point Cloud N\ Cylindrical Features
* Cylindrical Partition s — |§| — |E
- varying-density, imbalanced distribution
- cylinder coordinate ; 5
: : r'd i NN | 4
« Asymmetrical 3D Convolution Network =] \_ T/ BL N
- specific object shape distribution (cubic objects) i / i i L
. . _ “’\® \®/ N
- asymmetrical residual block (match ~)
e Summary —
- outdoor LIDAR point cloud J)j &

- distribution: point cloud & specific object
- cylinder coordinate

(a) Car (b) Motorcycle
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Voxelize | Devoxelize

———— Convolution —————

[ ] ° ‘ ¢
[ ] ° ¢ V
. BB — .
SPVNAS | = =
Sparse Voxel-Based Branch Fuse

Identity ’

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

Multi-Layer

_ R PP PP PP PPRRRR Perceptron — crrrerreeseeeeeesseeieiiiia ~ —_—

° Sparse POInt_Voer Convolutlon .............................. 1.) Omt-BaSCdBlanCh .......................................

- Sparse Convolution cannot always keep high-resolution
- Point-Voxel Convolution does not scale up to large 3D scenes

* 3D Neural Architecture Search
- architecture search framework for 3D scene
- Improves the efficiency and performance of SPVCNN

¢ S u m ma ry ® Evolutionary Search Random Search o1 6 S YNAS Modd e Random Models
. . 55.01 ' pepeeenee 6144 615
- SPVNC: large scenes & high-resolution =/ ., !g” T
- NAS (evolutionary search) i HEHHITHHE IR . S -
g sl 3

61.2 4 61.1
L ] L BN [ ]

[ ]

' H

S o0
1501 8§ hE 60.6 1 o °
o ;'"."’ .blii"'.
L 3 ]

U] L @ :

- lightweight, fast and powerful

mloU

60.4 1

60.2 4 [ ] °
40:0 60.0 °
o 60.0 1 °
37.5 T T T T T T T T T T r r T T T T T T T T
0 2 4 6 8 10 12 14 16 18 20 0 2 4 6 8 10 12 14 16 18 20
Iteration Net Index

(a) Search curves of ES and RS. (b) Comparison with random models.



ﬁ?/»%é %I“Hn

Tsinghua University sensetime

END

Reach me at
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