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{ '¹êç (Precise Object Search)

o �«有Wè¾�$¦�Ø^MOæ�(�ÒÊ�»�ê
ç}J('¹
n Search as Similarity Ranking (SaS): NOT for visually similar object

n Search as Recognition (SaR): BUT for exactly the same object

Detection and classification
Precise object search

Gallery
Query

ID=1

ID=2

ID=3

… …
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o TwinɌɘ7
n ßƚÛȋ�4Ųċȋ�)ǘnɌɘ

n ɌGŘł�yǿȀǹǽƬQéȒ2Õ¬əǱ�¬Â©ƥȢȦ3

Different Same
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o "ǫZȖ8ĎŨȋ\Ĝ4Õ@Ǭ�ȢƐǆ
n @Ǭ½ÎÌŅƗäƧĹľbÑ!"§ē

n ÚƢȢȦ§ǫÓƐ�ĶƐ�ȷƐģŉƐ

Face Image Retrieval Scenario [Li, ICCV2015]

àPseudo-proposition?

How to search given these pictures?

ü No front face image is available

ü With some facial makeups

ü Don’t know he is who ID Face 

Database

Surveillance 

Face Database
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Car Monitoring 2

Car Monitoring 3
Car Monitoring N

Tollgate

Ùô有êç!%��µR`j

Car Registry 

Database

Peugeot 206
Honda accord

©ÁI

Search 

Engine
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o OǛǿȀĽǑ7ƩƥŐī�ǿȀǹǽƬQƥéȒ2
visually similar objects3
n In most cases, the returned objects that are visually similar (e.g., 

within the same (sub-)category, having the same attributes such 

as color) are treated as correct

n Recent development: Fine-grain search

o {Î'¹êç�SaS + SaR

Query Returned List

...



Q'¹F´µ(Re-ID)(§R

o Re-ID: The task of assigning the same identifier to all the instances of 

the same object or, more specifically, of the same person, by means 

of the visual aspects that have been captured and extracted from an 

image or a video [Vezzani et al. 2013]

n -ǼɅɘ7ǵ@pŨȋ�Person Re-ID�

n -ǼŲÂ7re-identification as matching (RaM) 

n Generalization is the key challenge

Query Returned List
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Ranking 
problem

Large
database

Identify
object

Index 
structure

Evaluation 
Metrics 

Visual search mAP

Object Re-id top-k 
matching rate 

Precise 
object search Both
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Precise person search Precise vehicle search



PART I�Precise person search



]/Re-ID>h(ñ�Óû

o ŘƧƲňƄ7Ʒǁ-ƇàŅķZȖĚɟ4ǟ1§ĩòĚ
n ɎǼ,ź(ľbÑ、ɍƥŅķŨƅȇǖŅķ

n ŨƅōɎǼǨƱyȨŢǭ"¬ľbÑƥ@Ő¯,¬:@4ɐþɌ

n ƗŘǵ@Re-IDŅķɍȴþȤì4ŖÎǵ@IDŅ"ȚȬ1000
2éŻ7@ǬLFWŘ5749(@ƥǬ4ŖŇǙťŐ½8M(@ƥ@ǬŅ
ķĄɕȇǖ3

o ŉƧƲňƄ7ĚǫŒȶȤö
n ƁŘ"¬ľbÑɆŨƅƥ�ȼǵ@¼bé4ƗŘŲÂĒɌÞēÕVX

ē½éȒǹǽŘőǴ¤�ƥĝr!§`ÇŨȋƥƑđ

½�Îũ¹ƧĹǠǚ)425(
ľbÑɎǼŨƅ 300 ǗľbÑ
é0Ɇƥǵ@Re-ID Ņķ0
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o Ȟ¿œǵ@ǹđɅɘƥɌƍ
n Ɲ8dƏ�ȁĆǆ¤�4¬:ǵ@½"¬ǿȁ!Ëǽö…Î

n Ɲ8Ƿřǆ¸ǐ4"¬@Ē§ǫNŘƬQƥËǽ

n ǵ@ǹđǼž7éǿȁ¤�ɠű4é"¬ǵ@ɟ�yĚ4ĺ
ăĚÔ

o óĚ�Visual Attributes�
n :ƻ)ñǹȪ4ȴþmŘȎ/4—%Ɲ@õǭ÷ã/

n Mƍ7éǿȁɠű�
ǂɆțÎ4~�țĎ
óĚŲÂ§i>

n ǟƍ7ɎǼ@õŨƅ



óĚǂɆĩò7DȎ/Ũƅ�ɋĚóĚ

o ɋĚóĚ�Latent Attributes�

n ɋĚóĚ4¬ŪŐ:ƻƩŨƥ)ñǹȪňċ4śǺã/ģǥŉ
ƄǺőċã/

n ɋĚóĚ§Gý�ɕã/óĚXēóĚmŘŕÔƥ�yĚ

n ɋĚóĚ§GŕÔ¾ý�ŨƅóĚƥÞ4



Ȏ/Ũƅ³ɋĚóĚƥǦ«Þ4

o ɕã/³ɋĚóĚƥǦ«Þ4ŭŦ

ÞB.�
1. ɕã/óĚ³ɋĚóĚ
2. ɋĚóĚȯ:ŷ{yġmŘ�yĚƥɋĚ
óĚ (D-LA) ³ǪœɋĚóĚ (B-LA)0
2.D-LA ƛŢ”Ų¼b)mŘ�yĚƥ¼b
\Ĝ4éǵ@Re-ID Řý�0
3.B-LA ƛŢ”ŲǪœǆµɒ\Ĝ4ɇŴȮ
;\ĜéŘƛóĚƥÞ4=ƚĀĪ0

Ę.Þ�
ɕã/óĚ³'ƻɋĚóĚ”Ų½¬:(ÛǂɆȿ4ĦGȮ�ƻóĚ§G\Ĝ9Ǹ4éą
¾4
UDAC: Fǹ#ɕã8óĚƬjƥÛǂɆ4àƥ”Ų£�ɕã/óĚŨƅƥǓš0
D-LA7FǹmŘ�yĚƥɋĚóĚƥÛǂɆ4à½Þ4)£�ȇǖŪŜǌ�\ĜƥǓš0
B-LA7Fǹµɒ4½Þ4Ȭƿ)ƁŘǓš0
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o ɕã/³ɋĚóĚƥǦ«Þ4ŲÂ

2 2

2 2 2 2 2 22
, 22 2 2

, 1

, , , arg min

. . 1, 1, 1,  .1,

u d b u u d d u u d d b b

F F

n
u d d u d b

i j i j i i i iF
i j

D D D W Y D X D X Y D X D X D X

X WA m x x s t d d d wβ α
=

⎡ ⎤ = − − + − − −⎣ ⎦

+ − + − ≤ ≤ ≤≤∑

ÜnÛǂɆyȂ:
Ø UDAC (Du): ³ɕã/óĚƬj0

Ø D-LA (Dd):FǹmŘ�yĚƥɋĚó
ĚƥÛǂɆ0

Ø B-LA (Db):FǹǪœǆµɒ\Ĝ0

ɉů�ƥɀţȏöɔ:
Øǅ:ɔƥƩƥŐȆUDAC³D-LAï§ǫƥɀţȇǖɍƥ�ÖƑđY0
Øǅ7ɔƥƩƥŐ,6Ȇ B-LA �ɀţUDAC³ D-LA ŉƄȂ。ƥȺy4�Ÿ
öȺy0
Ø'ɔǦ«Ƭď8Æ�6 UDAC³ D-LA ƥM�Šɀ4�[ȊÎÌŅƥ¼b\
Ĝ§GǺUDAC³D-LA”Ų0

UDACƥǓšňċ:
Ø”ǃ UDAC ƥǏŅ Xu #ɕã/óĚƥŨƅƵɈ A 0Ɇ
ƥǕĚǓšjǏ W0
Øɕã/óĚŜȡ3§GƯ_Ő:(ÛǂɆ4Rɕã/ó
ĚŢƌ8@,ã/4¸Ŷ"Ȳ«ƫĸW,ÜnÛǂɆƥÅ0
Ø¸Ŷ、ƛǕĚjǏ”Ųɕã/óĚǂɆ³ÜnÛǂɆ0
ɆƥjǏ0

D-LAƥǓšňċ
Ø�ƛ Graph Laplacian ɔǓš D-LA ƥ
ǏŅ0m",$ = 1FǹŪŜ i ³ŪŜ j ,¬

:(@0 0m",$ = 0
ØƩƥ½8¬:(@ƥ"¬¼b įŘƬ
QƥD-LA0

ɚËȐŎ
Ø½ƁŘɕã/óĚŨƅA 
ō4ŜňƄZƎŘł0
Ø½Ȯƻĝr!4ȍňƄ
¦ÞD-LA ³ B-LA0



Ȏ/Ũƅ³ɋĚóĚƥǦ«Þ4

o ŲÂžȂęȟ

n ŲÂ)ŘÎɁƥśƴɁ, �İ(),(*,(+,,, -), -*³-+ 4¸
ŶŉƄƫĸžȂ0

n ]ēƅĞƥŐ4�ŲÂƥƩŨxŅɐȓ4Ŭķ�Ř!Ɵƥ�ȑ
ȳtŅ|ĕŁń-Ȯ:ãƙ4§GȴȬźųžðȺŖMȰFž
Ȃ0

n �ǤÜnÞ4ƥŨsǊƄ4źųºãlEśƴɔ4¦ŕŇ:(
śƴɁ0

2 2

2 2 2 2 2 22
, 22 2 2

, 1

, , , arg min

. . 1, 1, 1,  .1,

u d b u u d d u u d d b b

F F

n
u d d u d b

i j i j i i i iF
i j

D D D W Y D X D X Y D X D X D X

X WA m x x s t d d d wβ α
=

⎡ ⎤ = − − + − − −⎣ ⎦

+ − + − ≤ ≤ ≤≤∑



�ƛȎ/Ũƅ³ɋĚóĚǹđǵ@

ƈȌŪŜƥƑđ®Ɂ y

( )2 2 2 2

2 2 2 2
, , argminu d b u u d d b b u d bx x x y D x D x D x x x xγ⎡ ⎤ = − − − + + +⎣ ⎦

Ünǝƶ

2 2

22
argmin ua x Wa aγ= − +

Ŭķ .)ȯǵ
Ȏ/óĚȣ�

Ȏ/óĚ®Ɂ a

D-LA ®Ɂ.)
B-LA ®Ɂ.+

第三章 基于预定义属性和隐性属性的行人身份再标识

其中

x̃ =

26666664

xu

xd

xb

37777775
, D̃ =

⇥
Du,Dd,Db

⇤
.

对(3.25)求导，并令其导数为0：

D̃0D̃x̃ + 2� x̃ � D̃0 ỹ = 0. (3.26)

因此，x̃的解为：

x̃ =
�
D̃0D̃ + 2�I

�
D̃0 ỹ. (3.27)

在求得xu之后，利用 UDAC和预定义属性的线性约束可以得到测试样本 y关于预定义

属性的编码向量 a：

a = arg min kxu � Wak2
2 + � kak2

2 . (3.28)

与(3.26)类似，从(3.28)中可以得到 a 的解析解 a = (W 0W + 2�I)W 0xu。移除噪音信息

xb，每一个测试样本 y 都可以通过它基于预定义属性的编码向量 a和基于 D-LA的编
码向量 xd来表示。在此基础上，行人 Re-ID问题可以通过首先分别计算两个样本基于
预定义属性和 D-LA 的编码向量的 cosine 距离，然后进行 score-level 的融合这一策略
来解决。

除了行人 Re-ID之外，属性还能被广泛应用到 zero-shot图像分类问题中去。Zero-
shot 图像分类的主要任务是从“已知类别”中的训练样本中学习获得模型，然后对来源
于“未知类别”的样本进行分类识别，其中“已知类别”代表有训练样本的类别，“未知类
别”为没有训练样本的类别。已知类别和未知类别之间通过属性联系在一起。 Zero-
shot图像分类通常有两种模式[82]

： DAP (Directly Attribute Prediction)和 IAP (Indirectly
Attribute Prediction)。在 DAP 中，首先从“已知类别”的训练样本中得到属性模型，然
后利用这一属性去识别“未知类别”里样本的属性信息，通过属性描述确定此样本属于
哪个类别。在IAP中，首先通过相似性建立“未知类别”与“已知类别”之间的联系，然后
根据“已知类别”与属性之间的关系，得到“未知类别”里样本的属性信息，最后通过属
性描述确定此样本的类别。在本章方法中，直接对预定义属性 a利用在 DAP模式，同
时D-LA xd 可以利用到 IAP模式，然后对两种模式的分类结果进行融合，得到最终的

57
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Features

Person ID

User-defined 
attributes

Joint learning

Constraint

Constraint

Dictionary Subspace

User-defined 
attributes

Noises

Latent 
attributes
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,
, 1

2 2

2 2

, arg min

. . 1, 1.

,  α
=

⎡ ⎤ = − + − − + −⎣ ⎦

≤ ≤

∑
n

d b d d d d b b d d
i j i jF F

i j

d b
i i

D D Y D X Y D X D X m x x

s t d d

ÜnÛǂɆyȂ:
Ø D-LA (Dd):FǹmŘ�yĚƥɋĚó

ĚƥÛǂɆ
Ø B-LA (Db):FǹǪœǆµɒ\Ĝ0

ɉů�ƥɀţȏöɔ:
Øǅ:ɔƥƩƥŐȆD-LAï§ǫƥɀţȇǖɍƥ�ÖƑđY0
Øǅ7ɔƥƩƥŐ,6Ȇ B-LA �ɀţD-LA ŉƄȂ。ƥȺy4�ŸöȺy0
Ø'ɔǦ«[ȊÎÌŅƥ¼b\Ĝ§GǺD-LA ”Ų0

D-LAƥǓšňċ
Ø�ƛ Graph Laplacian ɔǓš D-LA ƥǏŅ0/0,1 = 1
FǹŪŜ i ³ŪŜ j ,¬:(@0 0/0,1 = 0
ØƩƥ½8¬:(@ƥ"¬¼b įŘƬQƥD-LA0



ɋĚóĚƥ§ǿ�yŤ

CUBŅķɍ 4ƈȌɍȿ10(ƻǌƥD-LAyú¼0 D
¼ ǹŎ4 ĦÞ�ƥD-LAŘĒŎőƥ�yĚ0

:; D-LA ƥYÛ4ďȎ/óĚŨƅÝ½ō4D-LAĐĐ
§G¡Ɨ:;lEĒɌǺã/ģǥŉƄǺã/ƥǿȀó
Ě0

:; D-LA ƥYÛ4ďƁŘȎ/óĚŨƅ"Ý½ō4D-
LAĐĐ§G¡ƗȎ/óĚ0

ɕã/óĚ D-LA

B-LA

ɕã/óĚ
��D-LA



Ours_L FǹƁŘȎ/óĚŨƅ4¦�ƛÞ�ƥɋĚóĚ�_ǵ@Re-ID0
Ours_All FǹÝ½Ȏ/óĚŨƅ4�ƛȎ/óĚ³ɋĚóĚ:ș_ǵ@Re-ID
2L3FǹOǛƑđ42C3FǹƊĆƑđ0

ǵ@Re-ID

o �Xƛ8ǵ@ Re-ID43ǫȪ�ƗŘňƄƥ�ƃĚǫ
VIPeR PRID Market CUHK03

2M3
CUKH03(

D)

MFA (L) 39.6 20.9 45.7 -

kLFDA (L) 39.9 21.6 51.4 -

XQDA (L) 40.0 - 43.8 52.2 46.3

NFST (L) 42.5 29.8 55.4 58.9 53.7

Ours_L (L) 42.3 25.1 61.1 60.8 58.4

aMTL (L) 42.3 18.0 - - -

Ours_U (L) 28.4 16.3 - - -

Ours_All (L) 45.4 26.8 - - -

DeepReID 20.6 19.9

Improved Deep 34.8 54.7 45.0

FT-JSTL+DGD 38.6 - - 75.3

Zhang et al 43.0 - - 57.0 51.2

Wang et al 35.8 - - 52.2 -

Ours_L (C) 51.8 37.5 65.7 77.5 66.5

äɞyŤ7

Ø ĦÞ�ƥD-LA éǵ@
Re-IDŘý�0

Ø ½Řɕã/óĚÝ½ō4
Ours_U ƥĚǫĒö4Ȯ
ȐŎ¦�ƛɕã/óĚ
ȴþ�yĚ"Í0

Ø Þ�ƥɕã/óĚ\Ĝ
éǵ@Re-IDŘý�4—
%ɕã/óĚ³ɋĚó
Ě0Ɇ\Ĝ9Ǹ0

Ø é"¬ƑđȻŘł4½
ƊĆƑđ ZƎȲƛ0

��
\o

FO
\o

rL
\o



óĚɕƈ#ZSLyǌ

o ATT7éśƴƥ¼bȯǵóĚɕƈ

o Zero-shot ¼byǌ(ZSL)7ŬķóĚȯǵyǌ4ź(ǌ�¦Ř:(
óĚĻȱ4ƁŘȇǖŪŜ0

Method ZSL ATT

AwA CUB AwA CUB

DAP 57.5 - 72.8 61.8

ALE 43.5 18.0 65.7 60.3

UMF 48.6 18.2 - -

CSHAP 45.6 17.5 74.3 68.7

SSE 76.3 30.4 - -

SJE 61.9 40.3 - -

JLSE 80.5 42.1 - -

SC 72.9 54.5

MSS - 56.5

LatEm 76.1 51.7 - -

Ours 82.9 56.9 79.6 78.3

äɞyŤ7
Ø ĦļňƄ"C§GÞ4� D-LA ƛ8

ǵ@ Re-IDK�43ǫǳēŕÔ¾ý
�Þ4ɕã/óĚŲÂ0

P. Peng, Y. Tian, T. Xiang, Y. Wang, and T. Huang, “Joint learning of semantic and latent attributes,” 
in ECCV, 2016. 
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o óĚȫƾÞ4
n ƩŨŅķ7ď�ɎǼâġRe-ID K�ƥƧĹ¿œ)Łɍ�ƥȇ

ǖŅķ4ŉŨƅ\Ĝ0

n ƌÄ7DlEƧĹ¿œ)Łɍ�ƥŘŨƅȇǖŅķ0

n ȫƾƩƥ7DƌŅķ)Þ�éǵ@ Re-ID Řý�ƥ\Ĝ4—%
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第四章 基于跨数据集迁移学习的行人身份再标识

典D 2 RM⇥k。通过这个字典，无论对于哪个数据集哪个视角上的行人样本，它的 M维

特征向量都可以被映射到一个更低维的 k 维子空间上，然后每一个特征向量都可以用

它在该子空间上的 k 维编码系数来表示。在多任务字典学习模型中，字典通常要分为

两部分
[140]
： (1)共享字典，这一部分字典被所有任务共享。在本章方法中，共享字典

代表对行人 Re-ID问题有帮助的属性，具体包括预定义的语义属性和具有区分性的隐
性属性( D-LA)。 (2)任务特有字典，用来建模每个任务/数据集上特有的、无法共享的
信息。与普通的多任务字典学习不同，本章所提方法是非对称的，更加偏向于目标数

据。因此所提方法在目标数据上单独设置了一个目标数据集特有的字典，用来建模目

标数据集上独有的 D-LA，从而使得学到的模型能够更加完备地描述目标数据上的行
人样本。基于这些考虑，加上预定义属性和 D-LA 两类属性不同的意义，所提多任务
字典学习方法中的字典可以划分为以下四类：

• Du对应预定义属性相关(User Defined Attribute Correlated, UDAC)字典子空间，这
一字典与预定义属性相关，在不同任务/数据集之间共享。

• Dds 代表可以被任务/数据集共享的 D-LA。
• Ddu 表示从目标数据集本身提出一目标数据独有的 D-LA，是对Du 和 Dds 的进

一步补充，同时使得学到的模型能够更加完备地描述目标数据集上的行人样本。

Ddu的存在也意味着所提的多任务学习模型是非对称的，更加偏向于目标数据。

• Db 代表背景隐性属性(Background Latent Attributes, B-LA)，用来建模训练数据中
无法被上述三类字典编码的残差部分。在源数据集上，它用来表示数据集特有、

无法共享的信息。在目标数据上，它用来建模背景噪音等对行人 Re-ID没有帮助
的信息。

基于这四类字典，本章所提方法可以建模为：

⇥
Du,Dds,Ddu,Db

1 , · · · ,Db
T,W

⇤
= arg min

T�1’
t=1

��Yt � DuXu
t � DdsXds

t

��2
F

+

T�1’
t=1

��Yt � DuXu
t � DdsXds

t � Db
t Xb

t

��2
F
+
��YT � DuXu

T � DdsXds
T � DduXdu

T

��2
F

+
��YT � DuXu

T � DdsXds
T � DduXdu

T � DbXb
T

��2
F
+ ↵

T’
t=1

Nt’
i, j=1

mt,i, j

��xds
t,i � xds

t, j

��2

+ ↵
NT’
i, j=1

mT,i, j

��xdu
T,i � xdu

T, j

��2
+ ↵

NT’
i, j=1

mT,i, j

��xu
T,i � xu

T, j

��2
+ �2

T�1’
t=1

��Xu
t � W At

��2
F
,

s.t.
��du

i

��2
2  1,

��dds
i

��2
2  1,

��ddu
i

��2
2  1,

��db
t,i

��2
2  1, kwik2

2  1, 8i, t.

(4.1)

其中，矩阵Xu
t , Xds

t , Xdu
T 和 Xb

t 分别对应数据集t里的训练数据在字典Du, Dds, Ddu 和
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Ņķɍ VIPeR PRID CAVIAR iLID

SDALF 19.9 16.3 - 29.0

eSDC 26.7 - - 36.8

GTS 25.1 - - 42.4

ISR 27.0 17.0 29.0 39.5

Our_S 26.9 14.1 34.8 45.7

kLFDA_N 15.9 9.1 32.8 36.9

SA_DA 
+kLFDA

15.2 8.7 32.1 35.8

AdaRSVM 10.9 4.9 -

Ours_L 31.5 23.4 41.6 49.3

Ours_ALL 34.6 25.6 43.4 51.1

äɞyŤ7

Ø kLFDA_N ĚǫĒö4ȊŎƗŘƥŘ
ƧƲǵ@ Re-ID ŲÂ¦Ȳƛ8ď�
Ņķɍ0

Ø :ǰƥÄȫƾǊƄ SA_DA "Ȳƛ8

ȞŅķɍȫƾÞ4Ʌɘ4¸,ȞŅ
ķɍȫƾŻÄȫƾɅɘŕɌ0

Ø ¬ǌÂňƄAdaRSVMĚǫȤö4Ȋ
ŎĢHňƄƥMțĚ0

Ours_S�c\oz)�'vc
Ours_L��c\o6?����na�y©A�FOzhp�P
Ours_ALL�~�y�t[V¨�©A�FO
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o ªŲÀȔƔyŤ

Ņķɍ VIPeR PRID CAVIAR iLID

SSCDL 25.6 - 49.1 -

kLFDA 27.5 14.1 35.7 41.6

kCCA 24.6 5.3 - -

kLFDA_N 18.4 12.4 34.8 38.4

cAMT 16.2 13.5 29.1 33.6

Ours_L 34.1 24.9 47.3 50.2

äɞyŤ7

Ø kLFDA³ kCCA ĚǫĒö4ȊŎƗ
ŘƥŘƧƲǵ@ Re-ID ňƄɎǼȤ
ÌƥŨƅŅķ0

Ø �ƧƲȉǡ!ƥäɞĚǫȻÔ8ŉ
ƧƲȉǡ!ƥäɞĚǫ4ȐŎĢH
ƥňƄ"CǫÝƌŅķǳƦ4ȭǫ
�ƛď�ŅķɍƥŨƅ\Ĝ0

Ø #¬ǌÂňƄcAMTƥŻȤǙť4Ȋ
ŎĢHňƄƥMțĚ0

Ņķɍ VIPeR PRID CAVIAR iLID

ŉɐéƽĚ 27.2 22.3 38.1 46.5

ŉɉůċM� 23.8 18.9 35.7 44.2

âņŲÂ 31.5 24.2 41.6 49.3

ŉƧƲȉǡ!4ª(ŲÀƥȔƔyŤ4ǙťǹŎź:(ȉȄƥŲÀȻ
¡Ĵ6ŵɑWƛ0

P. Peng, T. Xiang, Y. Wang, M. Pontil, S. Gong, T. Huang, Y. Tian, “Unsupervised Cross-Dataset 
Transfer Learning for Person Re-identification,” in CVPR, 2016. 
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o ǊƄĚǫ½ŉƧƲĝr!ȚȬÎȺyŘƧƲŲÂ

Supervised Result of State-of-the-art Methods

Mengyue Geng, Yonghong Tian, et a., Deep Transfer Learning for Person Re-Identification, ICCV 2017, 
submitted. 



PART II: Precise vehicle search
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o NOT an easy task
n The Twin Problem: It is very difficult to distinguish 

two cars from the same model and with the same 

color
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o Is it really possible to distinguish two vehicles of 

the same model and color?
n Yes, if we can find some discriminative features

n Attributes help precise vehicle search

DR|hzxawN
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o Appearance-based coarse filtering:  low-level hand-crafted features 

and high-level semantic attributes

o Plate-based accurate search : a Siamese neural network is trained 

for license plate verification instead of recognizing the characters

o Spatiotemporal relation model :   utilized to re-rank vehicles

Liu, Xinchen, et al. "A Deep Learning-Based Approach to Progressive 
Vehicle Re-identification for Urban Surveillance." ECCV, 2016.



8���eOæ的Ý�1�:§$}ð⼈

o Ǚ«ƊĆƺǘǠǚ#ĆɁÞ4(Triplet Loss)
n Deep feature learning with relative distance comparison for 

person re-identification(Pattern Recognition 2015)

o Ǚ«ȋ�#ũɞƥƊĆƺǘǠǚ (DeepID)
n Deep Learning Face Representation from Predicting 10,000 

Classes (CVPR 2014)

Triplet Loss
DeepID
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o ®]�»¾ o IãF´µK°

o IãëçK°

Gallery Size = 800 images

���K¡IãgHą�Þ��ãIĆ
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Hongye Liu, Yonghong Tian, Yaowei Wang, Lu Pang, Tiejun Huang, Deep Relative Distance Learning: 
Tell the Difference Between Similar Vehicles, CVPR, 2016, 2167-2175 
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(a) (b)

Fig. 19: Comparisons between RDO and RLO for the CDVA
dataset: a) Rate-MAP curves, b) Rate-Distortion curves.

(a) (b)

Fig. 20: Comparisons between RDO and RLO for the VFC-
1M dataset: a) Rate-MAP curves, b) Rate-Distortion curves.

redundancy and save the bit rate.
3) The RLO model verification: We finally compare the

performance between RLO and RDO under different coding
configurations, as illustrated in Fig. 19 and Fig. 20 for the two
datasets respectively. Both MAP and Distortion are employed
to measure the performance. The solid lines represent coding
with RLO and the dash lines represent coding with RDO. The
retrieval performance for the two datasets illustrates that RLO
achieves a better retrieval performance than RDO most of the
time under different configurations at different bit rate points.

Meanwhile, the Rate-Distortion results are also given to
further prove the effectiveness of RLO for retrieval task.
Distortion is measured by Hamming distance and a lower dis-
tortion is always preferred. The Rate-Distortion performance
of RDO is equal to RLO or sometimes even better than RLO,
however RLO achieves a better retrieval performance than
RDO even with a higher distortion. Because the target of
RDO is to minimize distortion within a limited bit rate, while
RLO is more concerned with retrieval performance rather than
distortion.

VI. CONCLUSION

In this paper, we have proposed a high-efficiency deep
feature coding (DFC) framework for deep features extracted
from videos. To reduce temporal redundancy in consecutive
features, we propose three feature types and several efficient
coding methods which significantly reduce the bit rate while
maintaining the retrieval performance. Similar to the RDO
model in video coding, we propose a RLO model to make

a rate-performance-loss trade-off for residual coding by re-
placing the distortion component in RDO with a performance-
loss-related component. Experimental results show that RLO
achieves a better retrieval performance than RDO. In the
future work, we will optimize the RLO model by considering
rate-performance-loss trade-off among consecutive features for
multiple analysis or retrieval tasks.
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(a) (b)

Fig. 19: Comparisons between RDO and RLO for the CDVA
dataset: a) Rate-MAP curves, b) Rate-Distortion curves.

(a) (b)

Fig. 20: Comparisons between RDO and RLO for the VFC-
1M dataset: a) Rate-MAP curves, b) Rate-Distortion curves.

redundancy and save the bit rate.
3) The RLO model verification: We finally compare the

performance between RLO and RDO under different coding
configurations, as illustrated in Fig. 19 and Fig. 20 for the two
datasets respectively. Both MAP and Distortion are employed
to measure the performance. The solid lines represent coding
with RLO and the dash lines represent coding with RDO. The
retrieval performance for the two datasets illustrates that RLO
achieves a better retrieval performance than RDO most of the
time under different configurations at different bit rate points.

Meanwhile, the Rate-Distortion results are also given to
further prove the effectiveness of RLO for retrieval task.
Distortion is measured by Hamming distance and a lower dis-
tortion is always preferred. The Rate-Distortion performance
of RDO is equal to RLO or sometimes even better than RLO,
however RLO achieves a better retrieval performance than
RDO even with a higher distortion. Because the target of
RDO is to minimize distortion within a limited bit rate, while
RLO is more concerned with retrieval performance rather than
distortion.

VI. CONCLUSION

In this paper, we have proposed a high-efficiency deep
feature coding (DFC) framework for deep features extracted
from videos. To reduce temporal redundancy in consecutive
features, we propose three feature types and several efficient
coding methods which significantly reduce the bit rate while
maintaining the retrieval performance. Similar to the RDO
model in video coding, we propose a RLO model to make

a rate-performance-loss trade-off for residual coding by re-
placing the distortion component in RDO with a performance-
loss-related component. Experimental results show that RLO
achieves a better retrieval performance than RDO. In the
future work, we will optimize the RLO model by considering
rate-performance-loss trade-off among consecutive features for
multiple analysis or retrieval tasks.
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n Beyond visual search, and object re-identification

n Search as recognition (SaR)

n (Traditional) image search à Fine-grained image searchà
Precise object search

n Compact descriptors for multi-tasks

o śŢƷǁň®
n Effectiveness & Efficiency

n Large-Scale Benchmarking: Billions-scale benchmark dataset

n Multi-task Feature: More discriminative global and local deep 

features, for both fine-grained categorization and search

n Unified Framework: One framework for detection, recognition 

and search
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