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What is CVS

 A computer vision system in cloud, connected with 

a camera network system



Typical processing paradigm
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监视摄像头

远程监视

监视摄像头

视频
编码器

视频
编码器 网络

视频
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部分路

云服务器云服务器

压缩视频流

 视频存储、分析与识别均在云上完

成

 分析识别的视频路数与云服务器的

算力成正比



Challenge 1: large data ≠ big data
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数据量－压缩率鸿沟
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Challenge 2: Huge Volume vs Low Value
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内容保留度
(Recall)

价
值
密
度

(P
recision

)

普通监控图像/视频：
价值密度极低

重点目标/异常事件：
价值密度高

正常视频：各种日常场景，涉及对
象外观、姿态、尺度、视点、复杂
背景、光照条件、行为等变化

敏感视频：特殊场景或行为，涉
及暴恐、突发热点、群体事件等

大量正常视频低价值密度

少量敏感视频高价值密度



Where is the problem? Data in unstructured
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监视摄像头
人工监视

监视摄像头

视频
编码器

视频
编码器 网络

视频
编码器

监视摄像头

部分路

云服务器云服务器

压缩视频流

原始信号表示

𝐗

压缩信号表示

෩𝐗 = Enc(𝐗)

重建信号表示

෡𝐗 = Dec(෩𝐗) ≈ 𝐗

特征表示

𝐅 = Feat(෩𝐗) ≈ Feat(𝐗)

编码压缩失真

压缩导致的特征失真

编码压缩码率节省

𝑶(෩𝐗) ≪ 𝑶(𝐗)

机器分析

矛盾



Computer Vision System = VCC

 Scope of VCC(Visual Computing and Cognitive)

 Concept

 Sensor/Sensor net

 Feature/Feature net

 Modeling

 Classification

 Identification

 Object Recognition

 Understanding

 …



VCC vs HVS

 Engineering VCC system

 Image caption by camera

 Feature extraction

 Pattern recognition

 Scene understanding

 …

 Human Vision System

 Eye(Sensor) modeling

 Visual coding/path by NN

 Object recognition by NN

 Scene understanding by 

attention/context/…
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Evolution of Eyes



Compound Eye



Early

Compound

Eye

Ed Yong. Seeing the Light. National Geographic. Februray, 2016



Near Modern Compound Eye

 A 160-million-year-old 

thylacocephalan arthropod 

had about 18,000 lenses on 

each eye, which is surpassed 

only by modern dragonflies.

Jean Vannier, Brigitte Schoenemann, Thomas Gillot, Sylvain Charbonnier, Euan Clarkson. Exceptional preservation of eye structure 

in arthropod visual predators from the Middle Jurassic. Nature Communications, Nature Publishing Group, 2016, 7, pp.10320.



Fish eye

 Fish eyes are similar with 

terrestrial vertebrates, like

birds and mammals, but have 

a more spherical lens.



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



Vertebrate eye evolution

Lamb T, Collin SP, Pugh EN (2007) Evolution of the vertebrate eye: opsins, photoreceptors, retina and eye cup. 

Nature Rev Neurosci 8(12): 960-976

1 （无眼古生物）

2 Lancelet（文昌鱼）：
光感蛋白

3 Sea-squirts(喷射类)：
Ocellus（眼点）

4 Hagfish

视网膜两层神经元

5 Lampreys（八目鳗）
视网膜三层神经元
眼睛基本进化完成

6 有颌脊椎动物到人



脊椎动物视觉系统进化简史
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Biological Vision System

 The part of the central nervous 

system which gives organisms 

the ability to process visual 

detail

 Eyes

 Pathways

 Visual field of the brain

 Most important sense part in 

the body

 Enemy

 Food

 …



顶叶

枕叶

外纹状皮层

外纹状皮层

纹状皮层

颞叶

How the Retina Codes the Image?
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How We See?

Retina
• Cone  5~6M

• Rod   120~140M

• Ganglion 1M

CMOS Sensor
• product 10M

• in lab  140M

Visual Fiber
• 1.2M

LGN
• 1.5M×2

22

Sparse 

SpikeTrain



Where is the Image/Picture?

It is believed the clear image on the 

outside world is reconstructed in the first 

50ms after the optical stimulus 

 0ms: 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)

More and more details known on what 

happens in the retina and primary visual 

system, but a whole picture and model is 

absent (what happens?)

23

Maunsell and Gibson 1992; Raiguel et al. 

1989; Nowak et al. 1995; Schmolesky et 

al. 1998; Thorpe, Fize& Marlot 1996 



Retina: a high resolution sensory system
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 视网膜结构(Retina Structure)
 感光细胞(126M photoreceptor cell)

 锥状细胞Cone Cell，600多万个（RGB各1/3）

 杆状细胞Rod Cell，1.2亿个

 双极细胞
 Bipolar cell

 神经节细胞
 Ganglion cell



Retina: also feature extraction
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视网膜外周具有
高的时间分辨率
，可捕捉快速运
动信息，可提取
并编码场景或物
体的特征，如纹
理、轮廓等

Sinha,et.al., Cell, 2017

视网膜外周

中央凹

视网膜中央凹具有高的空
间分辨率，可捕捉细节

现有数字成像系统仅模拟了中央凹的功能



Maunsell and Gibson 1992; Raiguel et al. 1989; Nowak et al. 1995; 
Schmolesky et al. 1998; Thorpe, Fize& Marlot 1996 

 视网膜，由1.26亿个（126M）光感细胞构成
 锥状Cone细胞：600多万个（RGB各1/3）
 杆状Rod细胞：1.2亿个
 视神经网络：100万条神经

 大脑，1300g
 860亿（约1011）神经元（neurons），140亿个神经细胞

 二者连接：100万突触

Pathway: feature compression

26

1M

126M 140亿

眼睛到大脑之间，编码压缩了多少？

Compress Ratio, 126：1



Rethinking: current CVS is weak in feature
27

不同用途智能摄像头

网络

云计算中心

Mode 2：recognition result only

类比 癫痫症：带来推理 泛化缺陷
弱视症：带来认知平衡缺陷

人脸抓拍机

车辆电子警察

如何改进？

类“视网膜-大脑”的工作方式——分工协调

监控摄像头

网络

云计算中心

Mode 1：video compression only

类比 自闭症：不能有效过滤掉无关的感觉
刺激信号的输入,以至于被过多的无
关刺激信息所淹没,干扰大脑对有用
信息的加工,导致了选择注意、认知
及信息处理异常等各种相关症状

工程学缺陷：成本高、浪费能源 工程学缺陷：系统适应性差、升级困难



What we learn from human-like vision? 

 Biological system

 Three key parts

 Eye(Retina), 

image and feature 

coding

 Pathways, 

transmission

 Brain(visual field),  

object recognition

 Artificial system
 Three key parts
Digital 

Retina(image and 

feature coding)

Networking

Cloud Computing
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数字视网膜：仿生物视网膜的视觉计算架构
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观点与争鸣

数字视网膜: 智慧城市系统演进的关键环节

高文1, 田永鸿1*, 王坚2

1.北京大学信息科学技术学院,北京 100871

2.阿里巴巴集团,杭州 311121
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国家重点研发计划 “云计算与大数据”重点专项 (批准号: 2017Y F B 1002400)、国家重点基础研究发展计划 (973) (批准号:

2015C B 351800) 和国家自然科学基金大数据科学中心项目 (批准号:U 1611461) 资助

摘要 本文阐述了作者对智慧城市建设和发展的主要观点: (1)如何实时聚合各类城市大数据,特

别是来自视频监控网络的图像视频数据,并通过构建基于云计算的 “城市大脑”来分析和挖掘大数

据价值并服务于城市运营与管理,是智慧城市发展中亟待解决的一个关键问题.(2)现阶段智慧城市

建设的现状是 “有眼、有脑”,但作为 “眼睛”的摄像头功能过于单一使得 “脑强眼弱”,其根源在于

传统监控摄像机网络所采用的技术体系是为存储而不是分析设计的.尽管近期有些智能摄像头具有

车牌或人脸识别功能,但是这种单纯强调 “边缘计算”的方案仍然无法解决 “眼脑合一”的问题.(3)

为了解决目前阻碍智慧城市系统功能快速演进的难题,我们应借鉴人类进化了数十万年的视觉系统

之 “人类视网膜同时具有影像编码与特征编码功能”这一特性,研究与设计数字视网膜,使之具有统

一时间戳和精确地理位置,能同时进行高效视频编码和紧凑特征表达的联合优化,并有效支持云端

大规模监控视频分析与快速视觉搜索等功能. (4)为利用数字视网膜来构筑智慧城市的 “慧眼”,应

积极布局与推进相关标准制定、芯片与硬件实现、支撑软件开发与软硬件开源社区,并开展大规模

测 试与应用.

关键词 智慧城市,城市大脑,数字视网膜

1 现有智慧城市系统存在的问题

智慧城市是把云计算、大数据和人工智能等信息技术应用在城市管理系统中,通过对各类城市大

数据的有效聚合、分析与挖掘,实现信息化、智能化与城镇化深度融合,从而有助于缓解 “大城市病”,

实现城市的精细化运营和动态管理.因此,如何集合各类城市大数据,充分分析和挖掘大数据价值,是

智慧城市发展中亟待解决的一个关键问题.

引用格式:高文,田永鸿,王坚. 数字视网膜: 智慧城市系统演进的关键环节. 中国科学:信息科学, 2018, 48: 1076–1082, doi: 10.

1360/N 112018-00025

G ao W , T ian Y H , W an g J. D igital retina: revolu tion izing cam era system s for the sm art city (in C hinese). Sci Sin

Inform , 2018, 48: 1076–1082, doi: 10.1360/N 112018-00025

Downloaded to IP: 115.27.218.6 On: 2018-09-24 20:22:15 http://engine.scichina.com/doi/10.1360/N112018-00025

数字视网膜（Digital Retina）



Definition of a Digital Retina

 A digital retina, should be satisfied as at least 

below items,

1. Unified time stamp

2. The geographical location

3. High efficient video coding

4. High efficient feature coding

5. Joint optimization between video coding and feature 

coding

6. High efficient model updating

7. Top-down attention

8. Software defined function X
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Feature group 1: item 1 & 2
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 特征1：全局统一的时空ID，包括
 使用全网统一的时间

 提供精确地理位置，如GPS, Baidou

 (可扩展)提供摄像机视角、参数等信息

从摄像图像视频中场景、对象：可定位、可标识



Definition of a Digital Retina

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

features,

1. Unified time stamp

2. The exact geographical location

3. High efficient video coding

4. High efficient feature coding

5. Joint optimization between video coding and feature 

coding

6. High efficient model updating

7. Top-down attention

8. Software defined function X



Feature group 2: item 3 & 4 & 5
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 特征2：多层次视网膜表示: 视频编码 + 特征编码 + 联合优化
 视频编码：为了存储和离线观看的影像重构

 特征编码：为了模式识别和场景理解的紧凑特征表示

 (可扩展)联合优化：模拟生物视网膜，支持视频码流与特征码流联合编
码优化

视网膜

仿视网膜的多层视觉信息表示

特征编码

视频
编码



Definition of a Digital Retina

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

features,

1. Unified time stamp

2. The exact geographical location

3. High efficient video coding

4. High efficient feature coding

5. Joint optimization between video coding and feature 

coding

6. High efficient model updating

7. Top-down attention

8. Software defined function X



Feature group 3: item 6 & 7 & 8
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 特征3：模型可更新 + 注意可调节 + 软件可定义
 模型可更新：支持端/边深度学习模型的自适应迁移、压缩、更新与转

换

 注意可调节：模拟视觉注意机制，在端设备、感知网络等层面实现动态
注意调节

 软件可定义：支持端边云协同计算与推理，实现特征实时汇聚与视频按
需调取

数字视网膜

压缩复合流
(视频+特征)

网络
视频
编码器

特征提取
&

编码

模型和参数更新



Enable Tech 1: video coding

 Our key contribution: 

 Background Modeling, best for Surveillance Video Coding



Standards in video coding

视频编码领域的摩尔定律：每十年编码效率提高一倍！

HD: 20 Mbps

SD:5Mbps

HD: 10Mbps

SD: 2.5Mbps

1991 1994 2003 2019 2020

150

50

Compression

Ratio

AVS+

AVC/H.264

MPEG-1

AVS2

HEVC/H.265

MPEG-2

2013

8K: 120Mbps

4K: 36Mbps

HD: 5Mbps

300

AVS3

VVC/H.266
600

8K: 60Mbps

4K: 18Mbps

HD: 2.5Mbps



t

t+1

Video Coding: Fundamentals

 Key Issue: Redundancy Removal
 Utilize signal processing tools on pixels or blocks

 Based on Shannon Information Theory

Temporal 
Redundancy

Spatial 
Redundancy

Perceptual
Redundancy

DCT

31
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Entropy
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Inv Transform
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Motion

Data

Intra/Inter

Coder

Control

Motion
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Input

Video
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Split into

Macroblocks

16x16 pixels

Intra-frame 

Prediction

De-blocking

Filter

Output

Video

Signal

Transform coding

Prediction coding

Entropy 

coding

Hybrid Video Coding



Modeling Background for Video 

Compression

 The background redundency – A new kind of redundency that 

can be captured by the background model more or less 

 Generating a virtual picture based on background model and 

embedding into the code stream

Foreground video
Modeling

Real-time 
scene video

Background model
(G-picture)

Training video

Encoding

Code Stream for 
Scene Video

(BMAP)



Background-Modeling based 

Surveillance Video Coding

Entropy 

Coding

Inverse 
Transform & 
Quantization

Background-

based Motion 

Compensation

Control Data

Quantified

Coefficients

Motion 

Data

Intra/Inter

Encoding Control

Motion

Estimation

Transform &

Quantization-

Loop Filter

Intra 

prediction

General Frame Background Frame

Input Video

Background 

Modeling & 

Updating



 HEVC HM12.0 vs. BHO

40% gain in coding efficiency using our 

model up to HEVC

Surveillance
Videos

BEO vs. HM 12.0

BD Rate (Y,U,V) 
Time 
Saving

Crossroad-cif -18.39% -46.41% -43.20% 32.28%

Overbridge-cif -30.60% -79.59% -51.80% 26.03%

Snowgate-cif -55.88% -77.13% -74.02% 44.22%

Snowroad-cif -53.18% -66.21% -66.40% 60.06%

Bank-sd -48.88% -72.46% -73.78% 60.79%

Crossroad-sd -29.24% -71.06% -67.37% 37.73%

Office-sd -16.17% -54.70% -50.88% 27.28%

Overbridge-sd -46.91% -71.84% -70.48% 56.05%

Intersection-hd -21.45% -33.74% -31.28% 26.28%

Mainroad-hd -70.15% -83.13% -75.49% 65.59%

Average -39.09% -65.63% -60.47% 43.63%

Conference 
Videos

BEO vs. HM

BD Rate (Y,U,V) 
Time 
Saving

FourPeople-
720p

-8.02% -15.86% -14.41% 37.31%

Johnny-720p 1.82% -15.91% -14.53% 48.33%

Kristen&Sar
a-720p

-9.06% -19.28% -18.70% 41.18%

Vidyo1-720p -5.99% -11.15% -13.02% 38.14%

Vidyo3-720p -10.10% -16.53% -33.67% 56.90%

Vidyo4-720p -0.26% -13.37% -15.18% 40.19%

Average -5.27% -15.35% -18.25% 43.68%

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. 
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AVS2 with B model, published in 2016
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Original
Video

Current
Picture

Scene
Picture

T/Q

Intra
Pred

Inter
Pred

Entropy
Coding

Reference
Picture
Buffer

+
Bitstream

...0011010...

IT/IQ
Loop
Filter

-

+
+

•

•

•

•

•

•

Quad Tree Based Partition: CU/PU/TU

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

Encoder

Key

Features

IEEE 1857.4 published in 2019
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Enhanced Scene Video Coding in IEEE 

1857.4

 Define G/GB reference picture for scene video coding

 G picture: the I picture in the original stream used as an background 

picture 

 GB picture: the background picture constructed with background 

modeling

 Achieve significant bitrate saving for scene video

Background picture 

Original 

picture 
Difference picture 



2019年3月发布第一版，AVS3 Baseline

面向8K、VR等视频应用，编码效率比AVS2再提升一倍

智能
滤波、率失真优
化…

Storage & play-
out server

编码&传输块划分 运动预测、变换、滤
波……

传统

AVS3, one year ahead to VVC/H.266

AVS3标准，主要面向8K视频需求，早于H.266完成，第一次实现领跑
第六十四次会议，深圳，2018年03月28日-03月31日

第六十五次会议，合肥，2018年06月21日-06月23日

第六十六次会议，长春，2018年08月29日-09月01日

第六十七次会议，厦门，2018年12月05日-12月08日

第六十八次会议，青岛，2019年03月06日-03月09日，AVS Baseline Profile finished

第六十九次会议，成都，2019年06月12日-06月15日

第七十次会议， 海口，2019年08月28日-08月31日



World first AVS3 Chip

 Announced and Demo on Sept. 13th, 

2019, at IBC2019, Amsterdam

 By HiSilicon

 AVS3/8K/120P



Hi3796CV300



Enable Tech 2: feature coding

 Our key contribution: 

 CDVS, MPEG-7 part 13

 CDVA, MPEG-7 part 15



Compact image descriptor  512B, 1KB, 2KB, 4KB, 8KB, 16KB

The size of JPEG image > 1MB

The size of raw SIFT features  ~ 520KB
(Float, 128-dim, ~1000 interest points)

Why compress visual features?

Raw features are still too large



Feature Compression – multimedia description 

 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).



Standardization of MPEG7 compact descriptor

54

I2V I2I

V2V V2I

Reference

ImageVideo

Query

Image

Video

MPEG7 CDVS

MPEG7 CDVA



MPEG7 P13 - CDVS (Handcrafted)
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 Interest point detection

 Local feature selection

 Local feature descriptor compression

 Local feature descriptor aggregation

 Local feature location compression



MPEG-CDVS (Handcrafted)
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MPEG-CDVS (Handcrafted)
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MPEG-CDVS Standardization

58

 Behind the syntax is high performance techniques



Standardization of MPEG7 compact descriptor
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I2V I2I

V2V V2I

Reference

ImageVideo

Query

Image

Video

MPEG7 CDVS

MPEG7 CDVA



MPEG7 P15 - CDVA (Deep Learning)
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Video AnalysisGenerating Compact Descriptors

Leveraging both handcrafted features (MPEG-CDVS) and 

deep learning features (CNN-NIP)



MPEG-CDVA (Deep Learning)
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MPEG-CDVA (Deep Learning)
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CXM0.2 VGG16 NIP VGG16

NIP+CDVS

Local

VGG16

NIP+CDVS

global

Localization accuracy (16K)

Elegantly leveraging the complementary effects of Handcrafted 

features (MPEG-CDVS) and deep learning features (NIP)



Applications on CDVS
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 Core techniques adopted by Baidu, Tencent, etc.



Applications on CDVA

64

 Core techniques adopted by Hisense.



Enable Tech 3: Joint optimization 

 Joint optimization between video coding and feature 

coding, and maybe model coding

 Our key contribution: 

 Joint R-D and R-A Optimization



 Video Coding and Local Feature Descriptors
 Video coding: towards high-efficiency transmission and 

restoration

 Local Feature Descriptor: losing image texture info.

Joint R-D and R-A Optimization

00110011…110 00110011…110

Image/Video

Server

Network

Local Feature 
Descriptors

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

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



 Framework
 Feature coding

 Video coding

Joint R-D and R-A Optimization



 Multiple prediction modes
 Intra-frame prediction

 Search most-similar feature in the current frame

 Inter-frame prediction

 Search most-similar feature in the previous frame

 Using motion vector to speed up the searching process

 Reconstructed-frame prediction

 Fast feature extraction: coding scale, orientation parameters

 How to achieve optimal orientation quantization?

Rate-Distortion Optimization

෪𝑁𝜃 =
−𝜆

𝑎𝑏ln2

Τ1 𝑏

෪𝑁𝜃 = argmin
𝑁𝜃

(𝐷(𝑁𝜃) + 𝜆 ⋅ 𝑅(𝑁𝜃))

)𝑅(𝑁𝜃) = log2(𝑁𝜃 𝐷(𝑁𝜃) = 𝑎𝑁𝜃
𝑏 + 𝑐



 Rate-Accuracy Optimization Model

 Local Feature Descriptors are used for matching and 

retrieval
 Using the matching performance degradation as the 

accuracy estimation

Rate-Accuracy Optimization

Feature Set 𝔽

Original Feature

Compressed Feature

Order1 𝑹𝒐

Order2 𝑹𝒓

Pair-wise matching

Calculate the correlation

min(𝐽𝐴), 𝑤ℎ𝑒𝑟𝑒 𝐽𝐴 = 𝐷𝐴 + 𝜆𝐴𝑅

𝐷𝐴 ≜ 1 − 𝑆𝑅𝑂𝐶𝐶(𝑹𝒐, 𝑹𝒓) =

6෍ 𝑟𝑜
𝑖 − 𝑟𝑟

𝑖 2

)𝐾(𝐾2 − 1



 Experimental Results

Rate-Accuracy Optimized Compression of 

Local Feature Descriptors

Xiang Zhang; Siwei Ma; Shiqi 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*

Signal 

Layer

Stream 1 Stream N

Feature 

Layer

ROI ROI ROI ROI

Representation fidelity Processing task
Cost

Surveillance Video 

Coding 

Compact Feature 

Descriptor 

:Parameters

Solution? On going



Enable Tech 4: model coding 

 Joint optimization between video coding and feature 

coding, and maybe model coding

 Our key contribution: 

 Joint R-D and R-A Optimization



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

Data and Model Interaction in Digital Retina

Cached Data Cached Models

What can
we do ?

Model Reuse to get a better model !

Front End

Edge End

Back End

Front End

Edge End



Multiple Model Reuse

…

…

…

…

…

Reuse

More Domain

Knowledge!

Source model m

Source model T

Source model m’

𝑧𝑚1 𝑧𝑚2 𝑧𝑚ℎ

𝑉𝑞
𝑚1 𝑉𝑞

𝑚2

𝑧1 𝑧2 𝑧ℎ

𝑧𝑚
′1 𝑧𝑚

′1 𝑧𝑚
′ℎ

𝑉𝑞
𝑚′1 𝑉𝑞

𝑚′2

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



Multiple Model Reuse

𝜖 Θ𝑇; 𝐱𝒏, 𝑦𝑛 =
1

𝑁𝑙
෍

𝑛=1

𝑁𝑙

𝐿 𝑓𝑇 Θ𝑇; 𝐱𝑛 , 𝑦𝑛 + 𝛾 ෍

𝑛=1

𝑁𝑙+𝑁𝑢

෍

ℎ=1

𝐻′<𝐻

𝑅 𝒵𝒏
ℎ; 𝒵𝑛

𝑚ℎ

𝑅 𝐳𝒏
ℎ; 𝐳𝑛

𝑚ℎ = ෍

𝑚=1

𝑀

𝛼𝑚 𝒵𝑛
𝑚ℎ − 𝒵𝑛

ℎ ×1 𝑉1
mh…×𝑄 𝑉𝑄

𝑚ℎ
𝐹

2

 Input :
 Data 𝑥 | Label 𝑦

 Fixed source Model 𝑚

 Learning Parameter:

 Target Model 𝑊ℎ ( ℎ layers)  

 Transformation 𝑉 𝑄
𝑚ℎ in the ℎ layers         

Target Task

Reuse from Multiple Source Models

Reuse term

 Learning Objective:

 Theoretical Result:

ℛ 𝑓𝑇,𝑁𝑙 ≤ 2𝑀 ෍

𝑚=1

𝑀

𝛼𝑚
2 ℛ 𝑉𝑚𝑓𝑚 Τ𝑟2 𝛾 + 1

The expected risk of the target 

model is guaranteed to be low when 

the source models are well-trained



Learning Details in Multiple Model Reuse

Down-sampling

Reshape

Labeled Images

Ground Truth
Learn from

Source 

Model 1

Source 

Model 𝑘

Target Model

Cached  

Feature 𝑘

Cached  

Feature 1

Transformed Feature 1 (From 

Target model)

Learn from

Transformed Matrix

… …

Learn from

…

…

Un-Labeled Images

Transformed Feature 2 (From 

Target model)
Target Model



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

 Solution: Compress difference of Model for model prediction.

 Stage 1: Compute and encode difference of model.

 Stage 2: Predict model with reconstructed differences

Difference of Model (DoM) Compression

Network

Model V1

Model V2

Stage 1

Difference of

Model (DoM)

Model V2

Model V1

Stage 2

Difference of

Model (DoM)



 We conduct experiments on person ReID in smart city application.

 Variant capture conditions leads to severe domain bias between datasets.

Experiments Setup

Market1501

Why?

MSMT17 Duke CUHK03

Evaluation: mean Average Precision (mAP)

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

CUHK03 28,192/1,467 26,264/1,367 1,928/100

Huge Domain Gap in Person ReID

The model trained on CUHK03 only achieves the 6.62% mAP when tested on Duke



Results of Model Reuse 

The performance of reusing different single models on Duke
train set by varying the percentage of unlabeled data

More training data, more 
performance gain

Model reuse significantly boosts 
baseline

Baseline
Model reuse



30

32

34

36

38

40

42

m
A

P

Performance Comparison on Duke  

Results of Model Reuse 

 Reusing additional models achieves better performance.

 More reused models, better performance.

 State-of-the-art performance.
Reusing Models

Baseline

One 

Model

Two 

Models

Three 
Models

Comparison Methods



 Model Setting:

 model v1/v2/v3: models with different performance

 Dom(v2-v1): Difference between model v2 and v1

Results of DoM Compression

 Lower compression bits, lower performance.

 Using model sharing information improves performance, especially 
for low bits compression.

33

34

35

36

37

38

39

40

41

42

Model-V1 DoM(V1-V0) Model-V2 DoM(V2-V1) Model-V3 DoM(V3-V2)

Performance Comparison with Different Compression Bits

original compression bits=6 compression bits=5

compression bits=4 compression bits=3

0.016

33.64

0.016 0.016

36.48

39.85



 The DoM strategy significantly outperforms the simple 
single model compression.

Results of DoM Compression

The compression ratios between with/without DoM

Higher compression ratio



 Video coding：用于存档和人工监视，存放本地服务器，按需调取到

云端大脑

 Feature coding：实时汇聚到云端大脑，用于大数据分析与检索

 Model coding：在云端大脑训练，针对不同端/边设备迁移与压缩，进

行增量更新

Digital Retina：three coding streams

83

Visual
Sensors

Visual
Sensors Video Stream

人工监视

本地存储

输出

大数据分析

Feature Stream
实时汇聚

实时存储

按需调取

Model Stream

Model

增量更新



First digital retina chip: GV9631

鸿图TM GV9531
数字视网膜技术的完整诠释

• 高效的视频编码，AVS2/H.265

• 高效的特征编码，CDVS/CNN

• 视频与特征联合编码

• 功能/性能（模型和参数）的软

件定义

• 大幅降低视觉智能计算成本

• 符合自主可控要求

编解码性能

支持AVS2，AVS+，H.265，H.264
支持4K@30分辨率的视频编解码双工处
理
支持多标准音频编解码

支持网络适配及信道容错编解码功能，
支持CBR、VBR码率控制，支持低延迟
编码

视频处理

支持数字降噪、图像增强、去雾等预处
理

视频缩放、叠加、镜像等后处理

智能处理

支持底层视觉特征描述及压缩（CDVS）

5Tops CNN算力

支持背景帧提取和ROI提取

支持6路视频运动目标检测和车辆、行人
、人脸识别及结构化分析

处理器内核 国产多核高性能CPU

外设接口

DDR4/3/3L 接口

视音频输入输出接口

SPI Flash，Nand Flash接口

PCI-E接口、SDIO 2.0 接口、USB 2.0 接
口、千兆网口

生产工艺
28nm工艺国内流片，封装大小为
25mmx25mm



GV9531 reference design card

4颗芯片的PCIe标准板卡产品

可支持超高清视频编转码及AI服务器的产品开
发

提供全功能的参考设计给应用开发用户



Eco system for digital retina: system
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业务云

视频信息上云
其他数据上云

大数据与可视化呈现

仿人类视网膜机理，通过算法和计算对视频逐级提取和浓缩，为大数据云计算提供高质量的视频信息数据

采集 感知 认知 决策 驱动

让机器能感知 让云脑能认知 让业务能决策 让驱动更高效

实时解决问题
让人/机器看得清



Eco system for digital retina: cloud
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 PC AI-Cloud1：100P GPU、10PB storage



Eco system for digital retina: open source
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业务云

视频信息上云
其他数据上云

大数据与可视化呈现

软件定义智能：算法调度、算力调度、模型下发、目标下发、控制信令，数字视网膜协议，继承GB28181

双流特征：视频流、视频摘要、可定义算法特征、事件描述，数字视网膜协议，继承GB28181/AVS系统

开源开放
算法训练平台

• 数据样本
• 算力平台
• 任务调度
• 模型输出

算法发布
Market

• 构建生态
• 构建标准
• 快速发布

推理平台

• 数字视网膜，软件定义实现
• 算法应用快速迭代

• 快速迭代算法的能力
• 快速应用算法的能力
• 推广数字视网膜标准
• 与芯片能力紧密结合
• 与实际应用对接，解决具体问题的能力
• 提升数字视网膜整体方案的可用性

与性价比



Summary

 Current CVS is not efficient in many senses

 Digital retina 1.0, 8 items

1. Unified time stamp

2. The exact geographical location

3. High efficient video coding

4. High efficient feature coding

5. Joint optimization between video coding and feature coding

6. High efficient model updating

7. Top-down attention  

8. 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

 Making feedback functions between camera and perceptual system

 Digital retina 2.0?

 Spike coding based VCC system
91



Thanks!

Q&A?
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