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What 1s CVS
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Typical processing paradigm
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Challenge 1: large data # big data
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Challenge 2: Huge Volume vs Low Value
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Where is the problem? Data in unstructured
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Computer Vision System = VCC

[1 Scope of VCC(Visual Computing and Cognitive)
B Concept

Sensor/Sensor net

Feature/Feature net

Modeling

Classification

Identification

Object Recognition

Understanding




VCC vs HVS

[1 Engineering VCC system [J Human Vision System
B [mage caption by camera B Eye(Sensor) modeling
Feature extraction Visual coding/path by NN
Pattern recognition Object recognition by NN

O

O

B Scene understanding Scene understanding by
] attention/context/...
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Evolution of Eyes

NONDIRECTIONAL DIRECTIONAL LOW-RESOLUTION HIGH-RESOLUTION
PHOTORECEPTION PHOTORECEPTION VISION VISION

Simple » Complex
Sea urchin larva Rotifer Flatworm Human
Sea star larva Nematode Garden snail Octopus
Earthworm Box jellyfish larva Adult box jellyfish Mantis shrimp

Cupped eye

Focusing

Opflc lens

nerve

Pigment

Compound eye



Compound Eye

lenses

crystalline

cells cones

retinula cells

rhabdom

secondary pigment

cells
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E ar I y Compound eyes evolved rapidly during the Cambrian
period, more than 500 million years ago.A_fossiIized

C d arthropod eye from Australia with 3,000 lenses (right)
O m p O u n i would have been able to see even in dir ,
| amazing how little has happened si ;

Dan-Eric Nilsson. A modern flesh fly (Sar
W gy crassipalpis, below) also sees with th

COMPOSITE OF 30 STACKED IMAGES; PHOTOGRAPHED AT SC
CENTRE, SOUTH AUSTRALIAN MUSEUM, ADELAIDE, AUSTRALIA
GRAPHIC SOURCE: DAN-ERIC NILSSON




Near Modern Compound Eye

1 A 160-million-year-old
thylacocephalan arthropod
had about 18,000 lenses on
each eye, which is surpassed
only by modern dragonflies.

Zeayean Vannier, Brigitte Schoenemann, Thomas Gillot, Sylvain Charbonnier, Euan Clarkson. Exceptional preservation of eye structure
{7A)7In arthropod visual predators from the Middle Jurassic. Nature Communications, Nature Publishing Group, 2016, 7, pp.10320.
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Fish eye

L1 Fish eyes are similar with
terrestrial vertebrates, like
birds and mammals, but have
a more spherical lens.
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Bird eye

The main structures of the bird eye are similar to
those of other vertebrates
The eye of a bird most close to the reptiles

retina

choroid

sclera

fovea

pecten

optic nerve




Vertebrate eye evolution
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Biological Vision System

The part of the central nervous
system which gives organisms
the ability to process visual
detail

B Eyes

B Pathways

B Visual field of the brain

Most important sense part in
the body
B Enemy

® Food
]
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How We See?

» Cone 5~-6M « 1.2M
* Rod 120~140M
« Ganglion 1M

LGN
* 1.5Mx2

CMOS Sensor
* product 10M
e inlab 140M




Where Is the Image/Picture?

L11t is believed the clear image on the
outside world is reconstructed in the first
50ms after the optical stimulus

W Oms: photoreceptors output

20ms: Retina

30ms: LGN

40ms: V1 (orientation-selective response)

50ms: V1 (temporary memory)

80-100ms: IT (Face-selective response)
160-220ms: objects recognition(animal,
food,...in category)

[1More and more details known on what
happens in the retina and primary visual
system, but a whole picture and model IS Maunsell and Gibson 1992; Raiguel et al.

absent (what happens?) 1989; Nowak et al. 1995; Schmolesky et
al. 1998; Thorpe, Fize& Marlot 1996

Spinal cord
225 ms

Finger muscle
250 ms

23
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Retina: a high resolution sensory system

Pigmented epithelium—_7f

O #R M R&EZE#(Retina Structure)

Outer limiting membrane.
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Retina: also feature extraction

Cell

Cellular and Circuit Mechanisms Shaping the
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Pathway: feature compression
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Rethinking: current CVS Is weak In feature
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What we learn from human-like vision?

L Biological system O Artificial system

B Three key parts B Three key parts
O Eye(Retina), O Digital
Image and feature Retina(image and
coding feature coding)
O Pathways, O Networking
transmission O Cloud Computing

O Brain(visual field),
object recognition
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Definition of a Digital Retina

A digital retina, should be satisfied as at least
below items,

Unified time stamp

The geographical location

High efficient video coding

High efficient feature coding

Joint optimization between video coding and feature
coding

High efficient model updating

Top-down attention

8. Software defined function X

OB~ ke

~N o




Definition of a Digital Retina

A digital retina, should be satisfied as at least

below items,

Unified time stamp

The geographical location

High efficient video coding

High efficient feature coding

Joint optimization between video coding and feature
coding

High efficient model updating

Top-down attention

8. Software defined function X
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Feature group 1: item 1 & 2
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SIAEN: ®m, HKM, FR. B W 5 R AR OCE . hERE: FEFE, 2018, 48: 1076-1082, doi: 10.
1360/N112018-00025
Gao W, Tian Y H, Wang J. Digital retina: revolutionizing camera systems for the smart city (in Chinese). Sci Sin
Inform, 2018, 48: 1076—1082, doi: 10.1360/N112018-00025
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Definition of a Digital Retina

A digital retina, should be satisfied as at least 8
features,

Unified time stamp

The exact geographical location

High efficient video coding

High efficient feature coding

Joint optimization between video coding and feature
coding

High efficient model updating

Top-down attention

8. Software defined function X
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Feature group 2: item 3 & 4 & 5
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Gao W, Tian Y H, Wang J. Digital retina: revolutionizing camera systems for the smart city (in Chinese). Sci Sin
Inform, 2018, 48: 1076-1082, doi: 10.1360/N112018-00025
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Definition of a Digital Retina

A digital retina, should be satisfied as at least 8
features,

Unified time stamp

The exact geographical location

High efficient video coding

High efficient feature coding

Joint optimization between video coding and feature
coding

High efficient model updating

Top-down attention

8. Software defined function X

OB~ ke

~N o




Feature group 3: item 6 & 7 & 8
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Enable Tech 1: video coding

[1 Our key contribution:
B Background Modeling, best for Surveillance Video Coding




Standards in video coding

Compression 4 ‘ ‘ — —— —— AVS3
Ratio 500 PTG b S0k ) BE /R B s B TR gm L R iR i — 5 ! VVC/H.266
= I 8K: 60Mbps
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T AVS+ I
300L AVC/H.264 y /’ l
HD: 10Mbps I
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Video Coding: Fundamentals

[l Key Issue: Redundancy Removal
B Utilize signal processing tools on pixels or blocks
B Based on Shannon Information Theory

Temporal PP B N NN
Redundancy [ = O\
””” |

7 7 N NO- B t
‘K\
N _
\!/ = t+1
e \f\
Spatial
Redundancy ” DCT
erceptua
edunda
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Hybrid Video Coding

Transform coding

s N

Splitinto
Macroblocks
16x16 pixels

Prediction coding

>/ INSTITUTE OF DIGITAL MEDIA, PEKING UNIVERSITY



Modeling Background for Video
Compression

[0 The background redundency — A new kind of redundency that
can be captured by the background model more or less

[0 Generating a virtual picture based on background model and
embedding into the code stream

B Real-time
& scene video

Foreground video

Code Stream for
Scene Video
(BMAP)

i0g video Background model
) arniusi ve wossnn mens senbGARIGEUTE)




Background-Modeling based
Survelllance Video Coding

Input Video l Encoding Control |

L @* Control Data

'() »| Transform & o : Quantif}ed

) Quaptlzalnon InvIerse : Coefficients
v 3 Transform & |
Background v T ~==* | Quantization :
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Updating \/ | !

| : Entropy |,
! | Coding
“““““ ‘ predictiog ]
| | Loop Filter

based Motion
Compensation

Intra/Inte

Motion
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40% gain In coding efficiency using our
model up to HEVC

[0 HEVC HM12.0 vs. BHO
Surveillance

BEO vs. HM
St ORI

Videos BD Rate (Y,U,V)

Crossroad-cif  -18.39% -46.41% -43.20%  32.28%
Overbridge-cif -30.60% -79.59% -51.80%  26.03% 20p | 027 S15.86%
Snowgate-cif  -55.88% -77.13% -74.02%  44.22%  Johnny-720p 1.82% -15.91% -14.53% 48.33%
Snowroad-cif  -53.18% -66.21% -66.40% 60.06%  Kristen&Sar

Videos | Bp Rate (v,UV)

FourPeople- 14.41%  37.31%

-9.06% -19.28% -18.70%  41.18%

Bank-sd 48.88% -72.46% -73.78%  60.79% a-720p
Crosstoadsd  -20.24% -T1.06% -67.37% 37.73%  Vidyol-720p -5.99% -11.15% -13.02%  38.14%
Officesd  -16.17% -54.70% -50.88% 27-28%  v;q.03 790p -10.10% -16.53% -33.67%  56.90%

e A S S R Vidyod-720p -0.26% -13.37% -15.18%  40.19%
Intersection-hd -21.45% -33.74% -31.28%  26.28% ' Voo (40P TREDM0 mRe0 /0 ma0.0870 A9

Mainroad-hd  -70.15% -83.13% -75.49%  65.59% -5.27% -15.35%]-18.25% | 43.68%

Average [-39.09% |-65.63% |-60.47%

Results: BHO can achieve ~40% bit saving and 43.63% complexity reduction on

surveillance videos, while those are ~6% and 43.68% on conference videos.

Xianguo Zhang, Yonghong Tian, Tiejun Huang, Siwei Dong, Wen Gao, Optimizing the Hierarchical Prediction and Coding in HEVC for
Surveillance and Conference Videos with Background Modeling, IEEE Transactions on Image Processing, 23(10), Oct. 2014. 4511-4526. 35
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AVS2 with B model, published in 2016
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High efficiency coding of audio and video—Part 1: Video
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|IEEE 1857.4 published in 2019

B
| L .
Original | | Gl " Entropy Bitstream
S " Picture ’@"’ e *Coding oo
[ > Intra
Scene 4 Pred —>o

Picture Reference
Picture O_’@
Cpmmmer | BUfer Jinter |,
& PrP:d
’ Loop s .
Filter * @‘“ e

* Quad Tree Based Partition: CU/PU/TU
S * Directional Intra Prediction and Flexible Inter Prediction

* Transform: Secondary Transform

* Entropy Coding: CBAC

* In-loop Filter: Deblocking Filter + SAO + ALF

- Scene Video Coding : Background picture prediction coding
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Enhanced Scene Video Coding in IEEE
1857.4

[0 Define G/GB reference picture for scene video coding
[0 G picture: the | picture in the original stream used as an background
picture
[0 GB picture: the background picture constructed with background
modeling

[0 Achieve significant bitrate saving for scene video

Raw = .| Entropy
Video '@_’ said >| Coding [3 Original
AR e e rigina
G-Picture : Decoder il : o~
. picture
Initialization | | e : : :
- : a : Difference picture
| Background || :
Modeling | : :
I
' MC/ » Reconstruction i
Intraprediction| Buffer i
1 3 l :
. ' Loop Filter i
{| S-Picture Decision | !
T Background § Reference |
! Reference Selection|i | ME ¢ Memory :
[~ Backgound ] 3 :
|| Difference Prediction] | Background :
O St Memory ;
}




AVS3, one year ahead to VVC/H.266

OAVS3frAE, FEMEESKILINEER, FFH.2665T, F—IRXSLIMEE
OE+HMr<i, R/, 2018503828 H-03H31H
OFER+REXSIN, &8, 2018506821 H-06H23H
O+, K&F, 20185F08H29H-09H501H
O+t x4eil, B, 20185F12H05H-12H08H
OFEA+H/URSi, 55, 20194£03806H-03809H, AVS Baseline Profile finished
OEA+THRSIL, BER, 20199F06H12H-06H15H
O%FEtEt+5x<il, B0, 2019408H28H-08H31H

2019538 A 5E—hR, AVS3 Baseline
EE8K, VREMIINF, mBiERLLAVS2BIRA—Z

&4t o ‘
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YPeeeees
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World first AVS3 Chip

[0  Announced and Demo on Sept. 13t™,
2019, at IBC2019, Amsterdam

By HiSilicon

AVS3/8K/120P

O O




H13796CV300

/
@ HISILICON

Beyond Reality-1: Flagship 8K SoC of Hi3796CV300

9 o =& @ @&

High Performance High Resolution High performance More Intelligence Flexible Solution
B S
|EI Cortex A73 8core - 8KP120 Decoder J ARM G52 MC6 | J AlProcessor d MumpIeDisplay
-0 96-bit DDR bus ’ FD 4KP60 Encoder 0 OpenGLES3.2 d Android NN J HDMI/MIPII/F
Q Audio/Voicein | | O Latest Codecs Q 4K Ul Resolution Compliant J Muiti PCle/SATA/
f ‘D Enhanced PQ U HDRUI A Realtime Process U3
O Security Processor | ‘EI Super Resolution Q Video over GPU 4 Security /0 Rich Voicel/0

Efficient computing, 8K codec, professional PQ/AQ. mainstream solutions present 8K UHD,
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Enable Tech 2: feature coding

[1 Our key contribution:
B CDVS, MPEG-7 part 13
B CDVA, MPEG-7 part 15




Why compress visual features?

Raw features are still too large

The size of JPEG image > 1MB

The size of raw SIFT features ~ 520KB

(Float, 128-dim, ~1000 interest points)

- —

- ~
IMG_1862 1SHEE: 2013/7/5 19:50 S T 17 17 57 1 ( s 319 MB ); =t = BEEHSIER: Apple
IPEG Bl twc: EImEC =1 3264 x 2448 ﬁiﬁ'iﬁiﬂlﬁ@’ =it ErEE EEfEH RS iPhone 45

-~




Feature Compression — multimedia description

[0 Moving Picture Experts Group (MPEG), the formal title “ISO/IEC JTC1 SC29
WG11”, initiated the Compact Descriptors for Visual Search (CDVS)
standard activity at the 91st MPEG meeting (Kyoto, Jan. 2010).

Major progress in computer vision research First visual search applications
f | \

e

Recognition o
SIFT in CV

102
0 ﬂé
1998 2004 2010
publication citation
MPEG-7 core: MPEG-7 MPEG-7
Parts 1-5 Parts 6-12 Visual Signatures
| | | |
| | | |

1998 2000 2002 2004 2006 2008 2010 2012
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snaptell

starts work

on CDVS

Conlpa.ct Descriptors

for Visual Search




Standardization of MPEG7 compact descriptor @

Query
Image

Video

MPEG7 CDVS

Video

v
MPEG7 CDVA
<




MPEG7 P13 - CDVS (Handcrafted)

Memory : <IMB Memory : 21KB
( , ) ~ Entropy
7 Aggregation Quantization 304~1117Bytes
a .} - Vocabulary ¢? ﬁ @
~~~~~ = 1 ™ O G ' E>i Fisher Kernel Statistics H(C) C, === Scalable compact
o = - 0 Descriptor

Global
Descriptor

1 b +

"\\ O C3 .c4 u.l ’
\ 0 " Side Info —>| Quantization |~100 bits

Interest Point R
; \ ‘ Local
Dete‘ctlon S';T::::fﬂ i \\S\pm Decomposition v
Feature \j ; =l ~» @m “ Quantization — 5128‘ IKB‘

Query

block-wise
Image scale-space r S
>1 MB representation Extraction . _ ) ) 2KB. 4KB,
Raw features ~500KB @ 32~205 bits per local descriptor 3KB. 16KB

L1 Interest point detection

[l Local feature selection

[l Local feature descriptor compression
[1 Local feature descriptor aggregation
[l Local feature location compression

LMD LA W R W LWL L M RS LA, PR WYY Bl 5 5



MPEG-CDVS (Handcrafted)

18000

¥ Global Descriptor

16000
B Local Descriptor
14000 ¥ Location Coordinate
12000
10000
8000
6000
4000
2000 I

512 1024 2048
Operating Point

Size (Bytes)

i

O —

o
.

-""T«_.’
oL —

—

e
\ ! e
[/ — 2.
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MPEG-CDVS (Handcrafted)

=
S
]
z
-------------- ~0— Grap g & 0.6 -----------------{ - Graphics_1a | : -o-Graphics_1a
Paintings 2 —=—Paintings 2 R DT -s—Paintings 2
__________________ ~O-VideoFrames 3 05 1-._____________|-0-VideoFrames 3 | -0-VideoFrames_3
-O-Landmarks 4 N -O-Landmarks_4 D68 s -O-Landmarks_4
-4~ CommonObjects 5§ ~&~CommonObjects § -4~ CommonObjects §
0.4 0.4 0.6
512 1k 2k 4k 8k 16k 512 1k 2k 4k 8k 16k 512 1k 2k lk4k2kd4k 4k 8k 16k
Image descriptor length Image descriptor length Image descriptor length




MPEG-CDVS Standardization

[1 Behind the syntax isﬂ;h performance techniques
N

™ Date Place /ldopted techniques N\ |
TM1.0 Feb. 2012 San Jose, USA Bag-of-words, feature selection, DISTRAT (m22672) [28].
TM2.0 May 2012 | Geneva, Switzerland ff| Local feature aggregation (REVYV, a global descriptor m23578 [537]).
T™M3.0 Tul. 2012 Stockholm, Sweden Scalar qx_;amizer 1o compress local feature descriptors (m25929 [19]), Location coordi-

nate coding (m25883 [40]).

Scalable local feature aggregation (SCFV, a scalable global descriptor, m26726 [52]),
T™M4.0 Oct. 2012 Shanghai, China Multi-Stage Vector Quantization (MSVQ) for local feature descriptor compression
(m26727 [34]), weighted malching (m25795 [41]).
Enhanced SCFV with the addition of accumulated gradient vector with respect to the
TMS.0 Jan. 2013 Geneva, Switzerland variance of the Gaussian functions for higher bit rates, i.e,, 4 KB, 8 KB, and 16 KB
(m28061 [517]).
A block-wise frequency domain LoG filter (BFLoG, m28891 [25]), two-way key point

TM6.0 Apr. 2013 Incheon, Korea feature matching schemes with slightly improved performance (m29359 [68]), MBIT
(a fast indexing structure, m28893 [67]).
T™M7.0 Jul. 2013 Vienna, Ausiria Software maintenance, no technology was adopted

TMS.0 Nov. 2013 | Geneva, Switzerland] | A Low-degree Polynomial extrema detector (ALP, m31369 [23]).

Improved SCFV by increasing the number of Gaussian functions from 128 to 256 and
T™9.0 Jan. 2014 San Jose, USA incorporating the bit selection mechanism for the lowest descriptor length of 512 bytes
(m32261 [53]).

Combination of BFLoG and ALP (The block-wise processing has incorporated LoG
filtering, extrema detection, and orientation assignment of keypoints, m33159 [24]),
TM10.0 | Apr. 2014 Valencia, Spain further improved SCFV by increasing the number of Gaussian functions from 256
to 512, and introducing the standard deviation-based selection method of Gaussian
functions (m33189 [54]).

TMI11.0 | Jul. 2014 Sapporo, Japan Software maintenance, no technology was adopted

TMI2.0 | Oct. 2014 Strasbourg, France Software maintenance, no technology was adopted J

TM13.0 | Feb. 2015 | Geneva, Switzerland \ Software maintenance, no technology was adopted /

TM14.0 | Jun. 2015 Warsaw, Poland 'Ngftware maintenance, no technology was adopted J
N -
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Standardization of MPEG7 compact descriptor @

Query
Image
Video
v
Video
MPEG7 CDVA

<€

MPEG7 CDVS




MPEG7 P15 - CDVA (Deep Learning)

Generating Compact Descriptors

Query Video Shot shot

Color Histogram Computation
Keyframe e ¥
Extraction
( i Handlrafted based
CDVsS
Descriptor @
KeyFrame : Appen CDVA
Feature S i - TimeStam! Descriptor
Extraction i 1 P | Encoding
1,| CNNs Based ! ;
I Descriptor 1 Deepllearning based
{ (To e integrated)

Video Analysis
DataBase
CDVA
Descriptor .
010101101000... Video |
Retrieval
descriptor
==
‘ [ Video
Bitstream | Matching
Decoding )

Leveraging both handcrafted features (MPEG-CDVS) and
deep learning features (CNN-NIP)

CNN feature (NIP)

mAP | Precisian@R | TPR@FPR=0.01 k"‘:ahz‘““““
: — Ccuracy
\global des::;;;;;r ag‘g‘rega.tion local descip CXMUl 066 0655 0779 0365
e CXMO0.2 0.721 | 0.712 0.836 0.544
CXMT.0 0.721 | 0.712 0.836 0.662
Comobtor el nnmm ™ NIP 0768 | 0730 0.879 0725
Ea NIP+SCFV 0.826 | 0.803 0.886 0.723
Compresse mode WA SO . .
NIP (compressed model) + SCFV | 0.822 | 0.798 0.878 0.722
Binarized NIP 071 | 0.673 0.86 0.713
Binarized NIP+ SCFV 0.799 | 0.775 0.872 0.681
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MPEG-CDVA (Deep Learning)

STATISTICS ON THE MPEG CDVA BENCHMARK DATASETS. [0l: ITEMS OF
INTEREST. Q.V. : QUERY VIDEOS. R.V.. REFERENCE VIDEOS.
dataset [ol #q. V. hours frames | #r. v hours frames

All 796 0074 87 8.6M
Landmarks 489 5224 42 4.2M N i f
Scenes 71 915 35 3aMm | O1FT 42 4aM
Objects 236 3835 10 1.0M
# videos hours frames
Distractors 14537 1029 38M
# video pairs

Matching pairs 4693

Non-matching pairs 46911




MPEG-CDVA (Deep Learning)

0.84
0.82

0.8
0.78
0.76
0.74
0.72

0.7
0.68
0.66

0.89
0.88
0.87
0.86
0.85
0.84
0.83
0.82
0.81

Retrieval mAP Performance (16K)

/ 0.820
.68

0.754

0.721 I

CXMO0.2 VGG16 NIP VGG16 VGG16
NIP+CDVS NIP+CDVS
Local global

TPR @FPR=0.01 Performance (16K)

0.886
0.879
B i I
CXMO0.2 VGG16 NIP VGG16 VGG16
NIP+CDVS NIP+CDVS
Local global

0.82

0.8
0.78
0.76
0.74
0.72

0.7
0.68
0.66

0.61

0.59
0.58
0.57
0.56
0.55
0.54
0.53
0.52
0.51

Precision @R Performance (16K)

/ S
B I I

CXMO0.2 VGG16 NIP VGG16 VGG16
NIP+CDVS NIP+CDVS
Local global

Localization accuracy (16K)

0.597
0.583
0.552
0.544 I
CXMo0.2 VGG16 NIP VGG16 VGG16
NIP+CDVS NIP+CDVS
Local global

Elegantly leveraging the complementary effects of Handcrafted
) features (MPEG-CDVS) and deep learning features (NIP)




Applications on CDVS

[1 Core techniques adopted by Baidu, Tencent, etc.

‘ . "
W L L T T BR | #ESKRE AKTFA  TETe e RdENEUR

FEE NoER!

TUABERIEIREEP

. BIETREKSHEE?
o EERRERIThEERS = 6.5.8 lEas
o HERELERGIS N i0S 6.5.8 Android 6.5.8

W W0E - WEFHRTR DeRnQoKS  EEER

00
.0 ~ b REBSS R e KTE 15332
Baléh'?tﬂm B BARIRSS BRRG= o2 =TV SDKT FBENSHE =3

ARIZ5EIISC “ (D)
1538 INsE(Augmented Reality , BFRAR)IEAR , 8T Sk, =HZE, ':‘ @ ::' '5
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Applications on CDVA

[1 Core techniques adopted by Hisense.
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Enable Tech 3: Joint optimization

[1 Joint optimization between video coding and feature
coding, and maybe model coding

[1 Our key contribution:
B Joint R-D and R-A Optimization




Joint R-D and R-A Optimization

1 Video Coding and Local Feature Descriptors
B Video coding: towards high-efficiency transmission and

restoration
B | ocal Feature Descriptor: losing image texture info.
= \\\
Image/Video 'y Network
D)

p ,
-ﬂ ------------------------- )
Server

Local Feature
Descriptors

1. How to use feature info. to guide video coding?

2. How to use video info. to guide feature coding?
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Joint R-D and R-A Optimization

[0 Framework
B Feature coding
B Video coding

— — ——— — — — — — — —— — — — — — — —————— — — —— — — — — —

01101101...

| wi d Feature-based
l ?0 Affine Prediction
| Coding - [
——————————————— gl linpuinglivguiligaiingliguiiiguiligilivgulipiigilisilivyuiivyall - Video + Feature
____________ - T T T T T T T T T T T T T Stream
| Feature 1 | |
| Coding > Intra .fra;une f— |
| Prediction |
| Block=Partition Guided > Inter=frame |
l Feature Selection Prediction 10110001...
I |
I [
| N Recon-frame - |
I [

Prediction
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Rate-Distortion Optimization

[1 Multiple prediction modes

B Intra-frame prediction
O Search most-similar feature in the current frame

B Inter-frame prediction
O Search most-similar feature in the previous frame
O Using motion vector to speed up the searching process

B Reconstructed-frame prediction
O Fast feature extraction: coding scale, orientation parameters
O How to achieve optimal orientation quantization?

Ny = argmin(D(Ny) + A - R(Np)) —
Ng s00) ¥ chrisbrown
* g dome
R(Ng) = log,(Np) D(Ng) = aNp" + ¢ \F\ T
1/b £ 2
(-2 N
N — A 1500 <
0 (ab1n2> NEEN
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Rate-Accuracy Optimization

[1 Rate-Accuracy Optimization Model
min(]A), WheT'e]A = DA + AAR
[l Local Feature Descriptors are used for matching and

retrieval
B Using the matching performance degradation as the

accuracy estimation
Original Feature > Q

Feature Set F

Orderl R,

v

Order2 R,

v

v

Compressed Feature

~

Pair-wise matching

6 z(rol — r,.i)z

K(K? —1)

Calculate the correlation

Dy 21—SROCC(R,, R,) =
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Rate-Accuracy Optimized Compression of
Local Feature Descriptors

[0 Experimental Results

x10° x10”
E 1 E 1
S S
¥}
w 10f -7 w 10}
. =0
g i £
! . = o
o . ’ 2
" M
= : = al 0 50
E 8 ,o.: E
E .:.:: E 7k 40} 40 ..-"'
a 7 Ny =5 :
S ’ . = ke . 230 £30
e, . . . 6 £ 30} = 300
800 1700 1800 1900 2000 2100 2200 6 7 DB' RAQO o 3 5
SAD in RDO A" X100 = 2~ 20
(a) RDO (random feature set) (b) RAO (random feature set) ol ol 1
i == RAO
e 10’ | | . [===RDO - |==rpO
. * 0 20 40 (1] 80 100 120 (il) 20 30 40 50 60
10 10 A Bitrate (kbps) Bitrate (kbps)
of o ’
(a) QPp = 35 (b) QPp = 45

~J
T

@
T

Top 10 Matching Score
@

Top 10 Matching Score
=]

1%00 1?"00 18‘00 19.00 ZOIDO 21‘00 2200 . a
SAD in RDO D, in RAO x10

(c) RDO (reconstructed feature set) (d) RAO (reconstructed feature set)

Xiang Zhang; Siwei Ma; Shigi Wang; Xinfeng Zhang; Huifang Sun; Wen Gao, A Joint Compression Scheme of
Video Feature.Descriptors.and Visual Content, IEEE Transactions on Image Processing2017, 26(2), 633 - 647,




Joint R-D and R-A optimization

Input: DataV’ Output: Optimal representation S*

SF — arng@S\V@ Or) +

Representation fidelity Processing task

~N

Compact Feature
Descriptor

2l

Surveillance Video
Coding

O, O :Parameters

.

Solution? On going
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Enable Tech 4: model coding

[1 Joint optimization between video coding and feature
coding, and maybe model coding

[1 Our key contribution:
B Joint R-D and R-A Optimization




Data and Model Interaction in Digital Retina

[0 The models are generated at back-end, utilized at edge end and
transmitted to the front end.

Edge End Edge End

Front Ehd

Front End

Back End

£ & &£

Cached Data Cached Models
2 ® ° . What can
W ‘ '\ + :@: % :;» 0 we do ?

Model Reuse to get a better model !
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Multiple Model Reuse

[0 Model Reuse aims to reuse existing models to promote target model
training.

Source model m

Reuse

More Domain
Source model T Knowledge!

Source model m’




Multiple Model Reuse

O Input: 0 Learning Parameter:
M Datax | Label y B Target Model W" ( h layers)
B Fixed source Model m B Transformation V g’h in the h layers

0 Learning Objective:
1 N; Nj+Ny H'<H
€(Or; (K 3n)) = NZZ<L<fT(@T; X)) +y ) > R(ZE {zﬂ}))

n=1 n=1 h=1

Target Task Reuse term

R(zl; {zI)) = Zam”th 20X, VN Lxq VIR

Reuse from Multiple Source Models

[0 Theoretical Result:

The expected risk of the target
R(frn,) < 2M z aZRV™ )% /y +1) model is guaranteed to be low when
m=1 the source models are well-trained



Learning Details in Multiple Model Reuse

Target Model

Source
Model 1

Un-Labeled Images @/@ /ﬂ
/|
B

Target Model

Source
Model k

Labeled Images
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| ==

—)

Learn from

Ground Truth

Cached
Feature 1

Down-sal pllng
Reshape

Learn from ransformed Feature 1 (From
Target model)

Transformed Matrix

ey ransformed Feature 2 (From
. Target model)

.
o*
.
4*°

Learn from

Cached
Feature k



Difference of Model (DoM) Compression

[J Problem: Model redundancy in frequent model updating takes large
transmission cost

[J Solution: Compress difference of Model for model prediction.
B Stage 1: Compute and encode difference of model.
B Stage 2: Predict model with reconstructed differences

LN o,

*Lo® *er®
Stage 1 o W Stage 2 o /fﬁ
Model V1 Model V1
- - O i> D Wy #]: D
:'; Difference of MOdel V2
¢ Model (DoM) 0,
Model V2 Difference of

Model (DoM)
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Experiments Setup

]
[0 We conduct experiments on person RelD in smart city applicatio

Huge Domain Gap in Person RelD

The model trained on CUHKO3 only achieves the 6.62% mAP when tested on Duke

MSMT17 Market1501 Duke CUHKO03

Dataset Images/IDs Train Test
Duke 36,411/1,812 16,522/702 19,919/1,110
Market1501 32,688/1,501 12,936/751 19,752/750
MSMT17 126,441/4,101 32,621/1,041 93,820/3,060
CUHKO3 28,192/1,467 26,264/1,367 1,928/100

Evaluation: mean Average Precision (mAP)
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Results of Model Reuse

0.5

0.45

0.4

0.35

0.3

mAP

0.25

0.2

More training data, more
performance gain

Model reuse

Baseline

0.15 —#— baseline

=+t reuse-msmti7
reuse-cuhk03

0.05 reuse-market1501 | | | | |

10% 20% 30% 40% 50% 60% 70% 80%  90%
unlabeled sample percentage

0.1

Model reuse significantly boosts
baseline

The performance of reusing different single models on Duke

train set by varying the percentage of unlabeled data
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Results of Model Reuse

[J Reusing additional models achieves better performance.
[0 More reused models, better performance.

[] State-of-the-art performance. Three
. Models
Reusing ModEY¥0
one | Models —

42 Comparison Methods | vw|dei | |

| |
40 | | |
38 | -
o
< 36 - 1
£ Baseli
34 _ aseline _
. | / .
o = B B B = S =
. N § S cﬁé & o ox o

\Q}‘ CJQ) & A8 %’ %’ &S \&
A P N I S & I & &
L Q@ S X X X X KX X X
3 & ¢ & &
S
>

Performance Comparison on Duke
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Results of DoM Compression

e er EaTpression bits, Tower performance.
[0 @singnvsdellghdying mfolehsatidh oifperoaes pefforneenee, especially
Br |porh|te coriEssience between model v2 and vl

Performance Comparison with Different Compression Bits

42

41 - > _ >
e

40 1 | ! 39.85>

39
36.48 >

v

38
37
36
3B | - | : : :

33

Model-V1 DoM(V1-V Model-V2 DoM(V2-V1)[_Model-V3 DoM(V3-V2

original W compression bits=6 ® compression bits=5
W compression bits=4 m compression bits=3
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Results of DoM Compression

[l The DoM strategy significantly outperforms the simple
single model compression.

20 : :
DoM(V1-VO0)

Model-V1-without-DoM
=8 DoM(V2-V1)
= # = Model-V2-without-DoM
=@ DoM(V3-V2)
= # = Model-V3-without-DoM

18

16

—
s

=y
N

N . .
Higher compression ratio

compression ratio
©® o

5 55 6 65 7 75 8 85 9 95 10
Quantization Parameter (g-bits)

The compression ratios between with/without DoM

FAAL W AR WE MWL R N R RN WYY BATDAL )



Digital Retina: three coding streams

[0 Video coding: ATFERMALEN, FRAtRSSE, 2HEHNE
i A B

[1 Feature coding: scEBCEBRmimAR, ATABIBESSHRE

[0 Model coding: #Z=wmARKINZG, $HAERDIRETHSELE, #

TR BB e

isual
Sensors \ \

|
|
! gk
|
|
|
-l

Video Stream I
SRS :

EN: e
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First digital retina chip: GV9631

3 ™ GV9531

BT L R AR 1 58 B B

o BRI, AVS2/H. 265
o EREFEYRES, CDVS/CNN
o IS RHIERL S R iD

- Dpie/tERe (EALRIZHO 1AL |

s
¢ KIEMAC LS R S R
. A EETREER
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RAFADIERE

YHAVS2, AVS+, H.265, H.264
RFAK @307 HE R LA i A X T Ak
H

RF 2 AR UE S YR R

SR S I AR 18 R I RS T e
Y FFCBR. VBREGZRIEH], SLERHMIKIER
Ymhd

S'Z%%;f%”ﬁ‘%\ Bl IGe8 ., 225 & Tkt

MIRGL . BN BAR 555 b3

BacbE

XFRRE I RHE R R S R4 (CDVS)
5Tops CNNH 7

SCRES SR URIROIH B
XCRFOREAIE B H bk il 4255 AT A
v NIRR G e g5 Ak o3 p

SLIEERZ

[ 7 % #% = PERECPU

HMzIEC

DDR4/3/3L #11
A2 A N\ i H 2
SPI Flash, Nand Flash##% [

PCI-E#:11., SDIO 2.0 #11. USB2.0
M. TIMH

28nm TEE WL F, BN

25mmx25mm




GV?531 reference design card

RUELENSERHAENAFLZRAP, AF S B BIPCletRE IR+ 7= &
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Eco system for digital retina: system

MAXAMENIE, BIEEMITES IR RIRIFIRYE, ARBEZ T ERESRENMNIE SRR
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WEIRENE SR
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Eco system for digital retina: cloud
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Eco system for digital retina: open source
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Summary

O

O
1.
2.
3.
4,
S.
6.
7.
8.

O

O
O
O
O

Ad Wb W MWLM

Current CVS is not efficient in many senses
Digital retina 1.0, 8 items

Unified time stamp

The exact geographical location

High efficient video coding

High efficient feature coding

Joint optimization between video coding and feature coding
High efficient model updating

Top-down attention

Software defined function X

Standards for Digital retina 1.1, mostly ready
Future work of Digital Retina?

Implementation of Digital retina 1.1, off-line, GPU, and ASIC
Further effort on Digital retina 1.1
O Making feedback functions between camera and perceptual system

Digital retina 2.07?
O Spike coding based VCC system
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