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‘B )Eﬂ'%ﬁ%? (Precise Object Search)

O £5: NREBTHNBEHEERME PRI RNEBEPE
REFERITR
B Search as Similarity Ranking (SaS): NOT for visually similar object
B Search as Recognition (SaR): BUT for exactly the same object

Precise object search
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Face Image Retneval Scenario f“r Iccv2015]
=>Pseudo-proposition?

4

How to search given these pictures?
| v No front face image is available
v With some facial makeups

v' Don’t know he is who ID Face Surveillance
Database  Face Database
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O FEdniER: BB RERIBIRITR (

visually similar objects)

B Inmost 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

B Recent development: Fine-grain search
O fFBRAXREE : Sas +SaR

Query .\ Returned List




‘B3t 5 EHF2(Re- D)X 5

[0 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]

B FE[O@: {TAEFRH (Person Re-ID)
B FEHEA: reidentification as matching (RaM)
B Generalization is the key challenge
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Ranking Large Identify Index Evaluation
problem database object structure Metrics
Visual search v/ \/ X \/ mAP
. . / top-k
Object Re-id V/ >< \/ >< matching rate

Precise

object search V/ V/ V/ V/ Both
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Gallery







= A Re_lnjﬁ ;EE El"] E '1t=- ﬁk Bﬁ

O BREBRAZE: MRER>BERT IS, BRZ01H B4
B EEABNMEGERENTIBIR TG
B ENEERARSIEREBAREBGEPNARET AR —A, EEMH
B BT ARe-IDHIEEBEER ), mAITAIDEAEIT1000
(XFEE: ABELFWHBS749NM ABEE, mFhERE2ESM N AR ARRE
WEETIIZR)

: ——
o 2
= |\l
g < vs ™ | P e
,* 9 ‘ E:Itjc&%?ﬁlméﬁﬂlﬂ, 25/I\
T e B2 A BERRE 300 AR

Xf Z [E]HY1T ARe-ID ##zE.

O ZERZ: MHaEERE
B R BAERGKEFRERMTEIT ARG, NEREREZSIAE
P SEMREUEG EETHURER TR EEFRRBFE
ez

<



| BT RBRRIRE I =1T ARKIEC]@

O EiasiT AR A
 BTRE. AESEN, F—TAERERATHIUESRK
. BTFRBREER, TEARTEESERINAI

B TARERX: WAAZULERS, S(‘J‘T [=1 Am[ %,
[ EaF :

\.‘_;
O B (Visual Attributes)

B —MERE, BEERIEX, HERAATHCE
B e: S(TM%&'%
FEEK, Faltk
BRI AHE
O ﬁk:‘f—i ﬁﬁgAI*T/E



BHESEYRE: M\EXARERaMEM

=R M (Latent Attributes)

B BMERME, FEFE—MEGNTERERN, AMEXHETL
EWREINE X
N @ﬁEﬁTuﬁ%ﬁEXEEEaEﬁﬁﬁEﬂME“ﬁ

iE-

WEEETMEﬂﬂ%%h&EEM%T

|

T
- | Red

Notched



B R R AR A 2 S

O FEXAMERERMERIRE ST SIHES

ffff

FHA?

1. FE B R

2. B RMH— BRI EBX A HRBR
B (D-LA) MEREMERY (B-LA).

2.D-LA FkEEE P EASX MR EIR
{-gl%\, %??ARe'm ﬁﬁl}ﬂho

3.B-LA AIREEREESRFRIES, BHIEX

ser-defined
attributes

Training samples

EAE R ARSI EF i
BAE?

ﬁixéﬁﬁ@ﬂ%ﬂﬁﬂﬁﬁaﬁ—¢%§mz,muﬁEWEﬂmuﬁaﬁw,wm
UDAC: RESFETFRIEAALNTSH, CHRESEHE R MFINAE,

D-LA: REEHRXSMEHEERIENTESE, SESIDIRGRALIEEHLE.
BLA: RERE, F¥IHRPRELR.

TR >
(R)Iez ) Z

"\__‘w L ?



N

B MRS M R M AR A S T

e A B B A 2 SIS R

FHF B SR BB AL B E AR TN

> UDAC (D¥): FIfiiE X Btk > E—TH B RILUDACH D-LARATRER EA)IZREH FIE4HEY .

> D-LA (DY):ftREEX M aLE ;%%ﬁﬂ@ﬁﬂ@%ﬂq?it B-LA XEHUDACH D-LA JoAMRREMERSY, B
i \: o nB o

e a—— T T . DA LR, RIREASRIBEERE

BRI UDACHI D-LA 1.

/

UDACHIZRF3:

HIZRIE LSRR R W
>HEMBRMAJETUEHE—NTZE, EMEXNR

> BILRA 4 X RE MFE R S RERTREAZ
%R

>3 UDAC HARE X' 5E X EBMHRFRTIER A Z[E

W] = argmin{fF = D" X" —DdXdHi +r-D x —1@
— N ;
2~ 7 L

)
i Hz =1,

‘2
iz_

BN

> ERATEXBHEMREA
B, KFFERAREH.
>EXMERT, &5
HED-LA §1 B-LA.

MRIBETAREX, BT BEEEERFRFEEE.

Rz )

D-LARARAR

>#|H Graph Laplacian II#)3R D-LA B9
gﬁo mi,j = 1{%%&2& i *uﬁzk,] jglﬁ.l
—¢Ao &Zmi,j =0

> BRETFE— AN TEES LHEH
{SABID-LA.




>UF EMBRMHE RIS ES]

O fRESKRR RS

[D*,0", D" W =argmin|[y - D"X* = D'X*| +[y -D*X*~D'X* - D' X[

2 i 2 2 2 2 )
2 u d d u d b
+/3 H)ﬁ —WAHF +0{i E 1mi’j Hxl. —X; H , S.l‘.Hdl. H2 < I,Hdl. Hz < I,Hdl. H2 < l,le.H2 <lI.
l,J:

B RBGEHXENKRIE, BFEDY, D, DO, W, X%, XAFXP ,
it TR B Rk AR

B EEIENE, EEENBEFRRYEFER, RIE “ETTFNREE
ﬁn/rkyﬂzﬁwlﬁuﬁz” X—EIE, ALUREFIKkFRIBRMIERK
q:

m SEFHZINIRNERE, BREEHMAKRTMI, REH -
KHEE.



11BN R EFIRR R

Jm

MRIEITA

AR R B FFAEEIE y

| R

w o d b _ . e pydnd b bl HuH2 Hde HbH2
[x , X ,x] argmmHy D'x" —D%x DxH2+7/(x CFP L L ‘

WRIE X T =
BRI

. " 2 2
a =arg mme —WaxH2 + 7|4,

!

BXBMAE a

F—PRFEEy S5 DU B T e BN
GtG A B afIE T D-LA RIS M Exd RER

D-LA [a]&ExY
B-LA [a]&xP

(D'D +2y1) D'5.




User-defined

Features

Person ID

Constraint
User-defined

attributes
Noises
Joint learning
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VIPeR PRID Market CUHKO03 | CUKHO3(
(M) D) SCEG M
MFA (L) 39.6 20.9 45.7 - > FrESED-LA IHTA
£ 45 | KLFDA (L) 39.9 21.6 51.4 - Re-ID A& Z38],

JTiE | xQDA (1) 40.0 : 438 52.2 163 | > EEWENEMELR,
NFST (L) 425 29.8 55.4 58.9 53.7 0”;5 E(’] HIMRERE, X
Ours L (L) 42.3 25.1 61.1 60.8 58.4 é’é’z‘gfiﬁg){ﬁﬁ

‘EE aMTL (L) 42.3 18.0 - - - > gﬁ/ﬂgﬁf)‘(ﬁﬁfﬁﬁ

7}%; /T 3 Ours_U (L) 28.4 16.3 - - - Xt{TARe-IDH#8), #H

Ours_All (L) 45.4 26.8 i : i i%igﬁ%?< ggf? s 1E/E
H H 7 )

DeepRelD 20.6 19.9 l_ , i

Improved Deep 34.8 54.7 45.0 > f}%gggf%ggﬁ?

/%E FT-JSTL+DGD 38.6 = - 75.3

T3
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

a2 > ) Ows L RETARENEEE, RARSENREEREEMHT AReD.
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[0 Zero-shot BEl{& 73 (ZSL): RF\EMHITHE, BIMLAINRE—

BIEEIR, RABVEGHER.

Method ZSL ATT
AwA CUB  AwA  CUB
DAP 57.5 72.8 61.8
ALE 435 18.0 65.7 60.3 | SCEG 9 HT:
UMF 48.6 18.2 > f/f%’]’iff?\'ﬁz T %‘i‘:?f///g-LA BT
CSHAP 45.6 17.5 74.3 68.7 g;g%%@%ﬁ%ﬁéﬁﬁﬁﬁ HH
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

?As P. Peng, Y. Tian, T. Xiang, Y. Wang, and

T. Huang, “Joint learning of semantic and latent attributes,”
in ECCV, 2016.



SIE RV TR IR A R ?

O B EHES
B EEHIE: NETEESSRRe-ID £ RIS chig & 3 i)l
SRR, TIRTEE.
B MEAMSIESIRE R E B ARG EIE.
B IREH: WEBIEPFEITA Re-ID GREEIMIES, #H
EHEIT R BAREIE L.

BEREIEES
T T
i -
O s
B AR ERERRVCN
B EmnEarmERIEN AR R

B 3E/0 Re-1ID FHIARVE AT

R)ei) s



BHEEBES

O ET#ta?
B EMERSIFHELE, AUHEIERIEERLS.
B FEEENEMMAEE D-LA ERITRIES.
O BE4aE#®?
B UDAC 1 D-LA FZEEHIBEELE,
O iR s 22
B EEIRE L BMATE B-LA,
B BLARBEESMUBE FLFEHEMES.
O nffRIE T (E 2T & ME?
B OIEEREIER, SEERET EAREEE.

2
(v 4
5,\\«

A



SHIEERM T E SIHES

D E"? =S L:E - ~ ERZS

Source 1 with labeled data Source K with labeled data Target dataset with unlabeled data

= = e -

W g | B K

2 !I | Bea A
‘Lt
. X [ oWy

B SRS PEPETEEEE L

Shared dictionary Unique dictionary

Residual dictionary Residual dictionary Residual dictionary
for source 1 for source K for target
3
Joint learning

HEZR D

> REBEHRESEIBEBERRIENMHNZESFRFIRE, 8—1PKES
M—MES

> HEFHBFTIBRIEEHLZANEXREMEM D-LA

> REFHAGIREREE, BTEEEIMRESD L EZHZ/ETT.

> AEREEEETIMEM—MEAFHE, EEFRNKRE RETHREES.

> PEIFHRBIZE—FIFBE, ERENZEBEEEH

\

IR V. 2
Rzt z



A3

F >

l+1
FHE

'EXT MEES

]

o

T-1
[Du’ Dds, Ddu, Di), L

t=1
T-1

+ > |Iv - DX = DX - DY XP|[}. + ||¥r - DXy — DP X — DX

t=1

, D7, W| = arg minz |Y, - D" X — D95 x4

I
[l

T N,
+ ||[¥r - DXy — DEXYS — DX - D’U{?Hi +a Z Z me || - x;fjﬂz
t=1 i,j=1
v s - s 0 > -5t 4 2 Ixe - wal;.
iL,j=1 i,j=1
st [l < 1 < 1l <l < 1wl < 1, Vi
—%i}'ﬁﬁﬂ: R S B PR HERALT R 2147 ARe-IDIT i

> 1,...,T-1 AiRES, TABERES.
> DU RFEEXEMEXBWF=IE.
> D%: K BRHBIEEXEFR D-LA F=[8]
> DU KREHHEE LMER D-LA FZIE.
> D BTREEYERSSIMEE LA T
HENER.

EHFEHEREE LA EEMEX BN, %
_ BERRER
(R ezr

wh

Input: ¥;; =544
Output: D*, D% D% DP D* HIW (t = 1.....T).
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BIEEE.
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E\ u‘\ LY =] K3
KLFDA N 15.9 9.1 32.8 36.9 BRI TR R B R .
> BB EAJaRSVMIMEEERSE, iF
SA DA 15.2 8.7 32.1 35.8 BRI (175 SE RO R
+kLFDA
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
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N L
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

AR ROTER ST 1T
| mES | VIPeR | PRID | CAVIAR | _iLID __

FeAEXTFR I 27.2 223 38.1 46.5
T EE R 23.8 18.9 35.7 442
STEERY 31.5 24.2 41.6 49.3

TEERET, EMMRRITEAT, LEREHF—1 R HIRAE

RE T IEETER.

ST

>

KLFDA 0 kCCA 14 8ETRZE, HEPRZL
BNBNEEITA Re-ID FEFER
%R HE
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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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FEREMEZINEZG L, FIFFESAIKNN GraphiZESL{AFRFE (
Soft labels) , BLEBLRE RN TF IR KL L EETFHZE

2 Algorithm 1 Soft Label Generation for Unsupervised Deep
Re-ID
Input: Training image set X = {zf,..., 2z, b, ;lff’n,z H

base network ¢, parameter k
Output: Soft label set Y = {yf, ..., y% ¥, ..., Y, }
1: For each y; € Y do:
v =2 b b

: Compute feature set P = {¢(x7),...0(xm, ) }:
: For each z{ € X do:
Compute ¢(z7) ;
yi = {1}
Calculate the k-nearest neighbor set N; of ¢(z7 ) in P;
: For each ¢(z?) € N; do:

b by (i1
yi =y U{ih

CRXIFInh




Io V£ 4T A Re-ID

O BZXMgEREERA TEIXRTrAnERE

CUHKO1
VIPeR PRID (N,=871/485)
SCSP [3] 53.5 - -
LSSCDL [62] 26 - - VIPeR PRID CUHKOI
TMA [34] 43.8 - -
¢1GL[19] 415 301 -/50.1 DLLR [20] 29.6 21.1 -
Siamese LSTM [50] 424 - - CDTL [ 2( ] 31.5 24.2 27.1
Metric Ensemble [37] 45.9 - - : _
DNS [60] 51.1 40.9 -/69.0 (1 GL [ 1= ] 335 250 4]0
IDLA [1] 34.8 - 65.0/47.5 Ours 45.1 36.2 68.8
DGD [54] 38.6 64.0% -/66.6 : .
it 78 20 537 Table 7. Unsupervised transfer learning results
Gated S-CNN [19] 37.8 - -
EDM [41] 40.9 - 86.6/-
Joint Learning [51] 35.8 - 72.5/-
CAN [25] - - 81.0/-

Supervised Result of State-of-the-art Methods

lf/% Mengyue Geng, Yonghong Tian, et a., Deep Transfer Learning for Person Re-Identification, ICCV 2017,
A\ submitted.




ART Il: Precise vehicle search

Vehicle 1 Vehicle 2 Vehicle 3

Gallery
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NOT an easy task

B The Twin Problem: Itis very difficult to distinguish
two cars from the same model and with the same
color

p s ZNE Rl 45 R 2=




ta/EfE =

s it really possible to distinguish two vehicles of
the same model and color?

B Yes, if we canfind some discriminative features

B Attributes help precise vehicle search

KRBT AN FT LB B IR E X 2 (AR
REE. A, RRKES TR BRI MAE AL



FE R

[0 Appearance-based coarse filtering: low-level hand-crafted features
and high-level semantic attributes

[0 Plate-based accurate search : a Siamese neural network is trained
for license plate verification instead of recognizing the characters

[0 Spatiotemporal relation model : utilized to re-rank vehicles

Vehicle images

Database

Query 23
Cam 16
16:17:30

Spatio-temporal
information

.“—qk\ - 1

‘:—A"-A\'

—

|
|
Cam 16 :ﬂ
16:17: 30 |
|

L

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




A EREMNEIERTEI S X THFE?

O FEREMEMESE = S(Triplet Loss)

B Deep feature learning with relative distance comparison for
person re-identification(Pattern Recognition 2015)

O EE 1R SRIEREHLEZ M L% (DeeplD)
B Deep Learning Face Representation from Predicting 10,000
Classes (CVPR 2014)

DeepID

Multiple ConvNets

Triplet Loss

n ~ 10000 n~ 10000

OO +++ OO)|Identityclasses|( OO - . 0

Image Space Feature Space
“ . Deep hidden x S
~ identity features |+ « « )/ 160 e Q-+ Q) 160
— = ‘ (DeeplD) S J
I pull

.o Feature extracting@® . :,
. 0@ -- @ 2 SNCNEQ. - - @ o
| Share parameter W . e Feature extracting e e
- PO 200 -+ © e extr O .- @360

—r J / | R =
. o M= 144000 - . 00 Featu{:y%):tgactmg 00 - .
push

- 001920
s deature extractinb =
392000 -+ © layer 1 O --- O0/5040

o
L} .
‘a — :
— leErES Face patches ﬁ g coe ﬂ ﬂ
F(O? .
. . w(O”) e
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WA ZE R E W B HER T2 S B X S S5 {E?

O REHEMESES
mEERE RS E M RRNBERREE, AR AKXE

BT AR R
B WAZME, FERHEREREINEEMMISEHTECRE
43 W 28
B REARZEAFNZE (B OB AT REES 24 ok (FR BR 2E 43 5 o £
1 X
o L Cp:me(-’Ef)
p ‘mst negative point .. 7’
e s = o ®° o
o R L(W,XP, X™) =
o S dmaz{0,||f (@ — )3 +a - | f(@) - I3}

HireR%: RAWEER/DNTREER
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convolution max pooling convolution max pooling full connection

(a) T LM AT B2 A BE 2 S JR PR RFIEREAT IR PR 702K, B AL RE A ST 1)
VERFEHEAT AN RIREAS 8] (1 2R S L &

Conv4_1 ConvS_1 Fc6_1 Fe7_1
I 4096 1024

v
[
4 Model Classification
L J
L J

Fc8

concatenate

2048 1024

Shared Layers

4096 1024
Conv4_2 Convs 2 Fc6_2 Fc7 2

b)il L — D BAESS TR 22 70 P& [RIIN 27 31 & PR AR5 P9 R RS A




201 AN

100 : ‘ CMC

Match Rate(%)

2R ERER (BE27H%E)

*—* 42.47% GoogleNet(VehicleID model)+)oint Bayes
-¢- ?l:ﬁ 1./_\ % o qA @9 40.29% VGG(VehiclelD model)+joint Bayes
11 - 1 20+ »— 41.43% GoogleNet(compcar model)+Joint Bayes [
1 .‘—L 7JSN 7\ ~ .\—L

> 37.78% GoogleNet(compcar model) Hinge Loss
¢4 41.41% VGG+Triplet Loss

Table 4. MAP of Vehicle Retrieval Task | © @ 43.61% VGG+Coupled Clusters Loss
MAP Small Medium Large 0 . . A—4A 49.03% Mixed Diff VGG+Coupled Clusters Loss
VGG+Triplet Loss[5]  0.444 0391  0.373 0 10 20 Ranlfo 40 50
VGG+CCL(Ours) 0.492 0.448 0.386

Gallery Size =800 images
Mixed Diff+CCL(Ours) 0.546 0.481 0.455

(\\\\

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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Search sub-system
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Coded
Feature Prediction Feature
Structure Selectio

Residual Coding ¥C, ;... S,

Stream

= Fo @ Fy(n) .. . . Entropy

- Optimizati th :

Ob ject Y g fe the RLO Model Coding
et,ectlon Deep Binary

Feature
Extraction

Feature Type
Decision |
Video Frames

v BB 5REE BN Faster-RCNN e ot ot @
‘/ ﬂ]ﬁmgﬁﬁg 8 :154:#{[E Decoding
CNN hash: GoogleNet+Sigmoid

NEHFEdRIZ LR

v I-Feature X FTHE XA RT KX, TEMIHIBEITGCOPKE)
v PFeatureXFT—EREEMNIAIETIL, EERLKRE

v' S-Feature R RE/ NIRRT, ‘Iuﬁﬁﬁu—rllﬁﬁ’ﬁ?fﬁfj-

A sub-group of features / /« 5 | ,‘
(sub-GOF) [ /] "

I-feature {Sn ]T

S-feature

A 4

Sequential Prediction

Structure (SPS) “»" : 3 4 >
/P S S S S
/ ﬁ » ) Adaptive Prediction ,‘"‘ ‘,‘"’ 2 ‘4"“ / ,w"“ ° «"J l / [ ‘ a"v‘ ! / ,“1‘ ’
|I<,' % . ,!] t < J" ’ Structure (APS) S S /P S S 1P S s S S
X n“./ AN ) Representative feature selection

Feature rearrangement for no-delay decoding
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Fig. 19: Comparisons between RDO and RLO for the CDVA
dataset: a) Rate-MAP curves, b) Rate-Distortion curves.
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Fig. 20: Comparisons between RDO and RLO for the VFC-
IM dataset: a) Rate-MAP curves, b) Rate-Distortion curves.

|,/’ Lin Ding, Yonghong Tian, Yaowei Wang, Hongfei Fan, Tiejun Huang, Rate-Performance-Loss
\'_’_ Optimization for Inter-frame Deep Feature Coding from Videos, IEEE TIP, 2017, submitted.



AENREER
B Beyond visual search, and object re-identification

B Search asrecognition (SaR)

B (Traditional) image search = Fine-grained image search—>
Precise object search

Compact descriptors for multi-tasks

*%ﬁﬁﬁh

Effectiveness & Efficiency
B Large-Scale Benchmarking: Billions-scale benchmark dataset
B Multi-task Feature: More discriminative globaland local deep
features, for both fine-grained categorization and search

B Unified Framework: One framework for detection, recognition
and search

(X)) e 7). 2
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