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Outline

Brief Introduction of ML for Biometrics

ML for Person Re-identification
# Distance Metric Learning

#» View Change Invariant Features

» Partial Re-1d

» Low Resolution

¢ Video-based Re-1d

# Cross Scenario Transfer

#» Open-world Modelling

#» Depth Re-1dentification

Summary
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A BRIEF INTRODUCTION ON
MACHINE LEARNING FOR
PERSON IDENTIFICATION



Biometrics
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Why Machine Learning is Needed
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Preprocessing

m Propose a two-step framework
= Propose a weakly supervised penalty: guide the learning

¥ = ‘IIS Wy = Z "H_:Ii{i_i weakly supervised penalty
i=1 Ir
Wx = arg min { WT'I';{M(E}'I'SM,:E}W—E[‘I'%T}‘)T'I'SMWw—|—}u-F{w)}
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. 5 anX — 41X g — .
st . qw¥=1 and wX* >0, i=1,...,5

Pre-image of P, (X) Principal Component Subspace
000 — Pi()
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; 0
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Data Space x

Decomposition Reconstruction

Kernel Feature Space 31
O Positive Sample O Negative Sample

-J. T. Kwok and I. W. Tsang, “The pre-image problem in kernel methods,” IEEE Trans. Neural Netw.,
vol. 15, no. 6, pp. 1517-1525, Nov. 2004.

- Wei-Shi Zheng, JianHuang Lai, and Pong C. Yuen, "Penalized Pre-image Learning in Kernel
Principal Component Analysis," IEEE Trans. on Neural Networks, vol. 21, no. 4, pp. 551-570, 2010.
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Super-resolution

Sparse Coding

X" = argin [|SHX — Y3 + ¢l X — Xol3

Jianchao Yang et al. Image Super-Resolution Via Sparse Representation. IEEE Trans. on
Image Processing, 2010.
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Super-resolution

- Deep Processing

fa x f3 neighbouring

n no patches
f] X ..f] rm— i > ey

O O .
o) o) !

| QIOIOIONO

. b . =) (e][e][e]le]

O e D B 2 B " FE®

- = : Ololololo

®) ®) | ololololo
o ol |
| b .

T
| | | )
Patch extraction Non-linear Reconstruction

and representation  mapping

Patch Extraction and Representation Fi(Y)=max(0,W;*Y + By),
Non—-Linear Mapping Fh(Y) = max(0, W5 * Fi(Y) + Bs).

Reconstruction F(Y)= Wj* F5(Y) + Bs.

Chao Dong, Chen Change Loy, Kaiming He, Xiaoou Tang. Image Super-Resolution Using
Deep Convolutional Networks, IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2015.
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Alignment
- PCA Alignment
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Statc-of-
the-art
methods

i e'(x) = I'(W(x;p")) — ﬂ(X)+ia§¢j(x)

min > {I (W(x;p)) — lu(X) + i ajcbj(X)] } -

Weihong Deng, Jiani Hu, Jiwen Lu, Jun Guo. Transform-
Invariant PCA: A Unified Approach to Fully Automatic
FaceAlignment, Representation, and Recognition. IEEE
TPAMI, 2014.
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Feature Extraction

- Subspace Learning
@ Class 1

 §
g‘é)@. “‘ @ Class?2

W o ma trace(WTS,W) i
opt — C ax . 7 —
vt = AN racewis,w) () S, 5, W = WA

Between-class
covariance matrix

m” 5 = Nk(uk —u)(ug — u)T (Db(Dg.

X
N 4

L

L
— 1

Within-class w i
covariance matrix N =

Ni
Z X; — ug)(x —w)’ (DwCDz{,,
i=1

P.N. Belhumeur, J. Hespanha, D.J. Kriegman, Eigenfaces vs. Fisherfaces: recognition using
class specific linear projection, IEEE Trans. Pattern Anal. Mach. Intell. 19 (7) (1997) 711-720.
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Feature Extraction

1or ---FDA

i PP

—LFDA

Distribution of pedestrian features is
multi-modal.

—w ]. e — () 1 A
s = 5 2 A (@ - xy) (@i —ay) T, A :{ |

ij—1 o 0 it yi # yj,
mn .
1 Z —(®) - — () Aij(l/n—1/n.) ifyi=y;=c
= — A (g —xj) (g — ;) A--={
oJ J t J ? i.7 . s
21_?3_21 1/n if yi # y;.

S. Pedagadi, J. Orwell, S. Velastin and B. Boghossian, Local Fisher Discriminant Analysis
for Pedestrian Re-identification, 2013 IEEE Conference on Computer Vision and Pattern
Recognition, 2013, pp. 3318-3325.
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Feature Extraction

- Subspace Learning

- A trace(WT S W)
Yot = A aXx A
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Using Geometric Information 2
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Dgij ; II= JJE III reshape [4] OO OOee < e
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[9 ] —
Two-dimensional Approach Traditional Approach

Wei-Shi Zheng, JianHuang Lai, and Stan Z. Li, "1D-LDA versus 2D-LDA: When Is
Vector-based Linear Discriminant Analysis Better than Matrix-based?" Pattern
Recognition, vol. 41, no. 7, pp. 2156-2172, 2008.
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Feature Extraction

Non-negativity Matrix Factorization
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D.D. Lee, H.S. Seung. Learning the parts of objects by non-negative matrix factorization, Nature, 1999.
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Feature Extraction

Pixel Dispersion Penalty

) )
min H Ix;—Wh; 12+ = trace(W'E,W), A > 0.
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Wei-Shi Zheng, JianHuang Lai, Shengcai Liao, and Ran He, "Extracting Non-negative Basis Images
Using Pixel Dispersion Penalty,” Pattern Recognition, vol. 45, no. 8, pp. 2912-2926, 2012.
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Feature Extraction

- Binary Coding
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Jiwen Lu et al., Learning Compact Binary Face Descriptor for Face Recognition. IEEE TPAMI, 2015.
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Feature Selection

Ensemble of localized features

Color histograms Textures

Ensemble of localized features exploit color histograms and textures.

D. Gray, H. Tao. Viewpoint Invariant Pedestrian Recognition with an Ensemble of Localized Features. European
Conference on Computer Vision (ECCV), 2008
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Feature Selection

- Floatboost

(Conditional Exclusion)

(1) b’ = arg minpepy,, e(Hy — h);

(2) If e(Har — b') < €80 | then
(a) Hp—1 = Hp — 1

gun =e(Hy—h)y;M=M -1,

(b) Hm = Eh.E'HM h;
(c) goto 3.(1);

(3) else
(a) if M = Mmax or J(Ham) < J*, then goto 4;
(b) w™ — expl—y;Har(z:)]; goto 2.(1);

Error Rates
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Stan Li et al. FloatBoost Learning and Statistical Face Detection. IEEE TPAMI, 2004.
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Dimension Reduction

- Subspace Learning

original data space

component space
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Turk, Matthew A and Pentland, Alex P. Face
recognition using eigenfaces. IEEE CVPR, 1991.




Classification

- Sparse Representation-based Classifier

SRC : J. Wright et al.
min|| 3], st y=XB,

Non-negativity : He et al.

n

Jopsg = mﬁxz g(y]- — Z x”-ﬁl) - A Z B st 3 >0.
j=1 i=1

i=1

- J. Wright, A.Y. Yang, A. Ganesh, S.S. Sastry, and Y. Ma, “Robust Face Recognition via Sparse
Representation,” IEEE Trans. Pattern Analysis and Machine Intelligence, vol. 31, no. 2, pp. 210-227, Feb. 2009.

- Ran He, Wei-Shi Zheng, and BaoGang Hu. Maximum Correntropy Criterion for Robust Face Recognition.
IEEE Trans. on Pattern Analysis and Machine Intelligence, vol. 33, no. 8, pp. 1561 - 1576, 2011.
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Classification

[ J [ J
- Distance Metric Learning
BEFORE | local neighborhood ‘ AFTER
} h \ O Class 1 \,' mm'gm
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Pushing negative pairs by
enlarging inter-class distances

P 21

Pulling positive pairs by
minimizing intra-class distances
Weinberger, Kilian Q., and Lawrence K. Saul. "Distance metric learning for large margin nearest

neighbor classification.” Journal of Machine Learning Research, 2009



Online Learning

Incremental Learning

class 1 class 2 class3 sas ass

Real World S
Data Stream

v

Samples obtained
in @ chunk way

Initialize — Update . TN ey Update
Model/Classifier Model/Classifier Model/Classifier
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Online Learning

- One-pass Learning

A

: 2

Wi, W1, Ugpy = arg mins [l w—w |l
WU, U

1k
+§Z I —uj 12+ Cés.t. A%w,uy, . u X,y ) < & E=0
i=1

]

0 Ve fXe) > 1
lol . =
W, U, L W (X, V) = { 1-y, - f(X;) otherwise

- - - O Prototypes

Positive Sample

- = Negative Sample

Zhaoze Zhou, Wei-Shi Zheng, et al. One-pass online learning: A local approach. Pattern
Recognition, 2016.
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Online Learning

- One-pass Learning

A

: 2
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Zhaoze Zhou, Wei-Shi Zheng, et al. One-pass online learning: A local approach. Pattern
Recognition, 2016.
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Online Learning

- One-pass Learning

A

: 2

Wi, W1, Ugpy = arg mins [l w—w |l
WU, U
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Zhaoze Zhou, Wei-Shi Zheng, et al. One-pass online learning: A local approach. Pattern
Recognition, 2016.
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Deep Learning

- DeeplD

Convolutional SUlﬁ-mﬂﬂ
layer 1 Convalutional ayer
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»

Yi Sun et al. Deep learning face representation from predicting 10,000 classes. In CVPR, 2014
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Deep Feature

Deep Re-id

W
T |I|| W N
-, e
r';mfﬁ‘l “_eT %
i T @
B O
H g sy .
- . " A
“ - |/ 9
H [TTT] iy .
| ] I - T d | T
Convolution and Height Maxout Convolution (with
Maxpooling Factoring Grouping  shared weights) Fully Connected Softmax
and Maxpooling

The filter pairing neural network (FPNN) jointly handles
misalignment, photometric and geometric transforms, occlusions
and background clutter.

W. Li, R. Zhao, T. Xiao and X. Wang, "DeepRelD: Deep Filter Pairing Neural Network for Person Re-
identification," IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014
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Deep Feature

Deep Learning with Domain Guided Dropout

Domains Jointlearning Fine-tuning with Domain Guided Dropout
A:iLIDS
B: CUHKO1

C: CUHKO03
— - mm
D: VIPeR
E: PRID
F: 3DPeS

_______1.____

—
|
|
|
|
|
|
|
|
|
|
1
1

=4
L

Specific to domain A

2 ‘

Learning deep feature representations from multiple domains with
Convolutional Neural Networks (CNNSs).

T. Xiao, H. Li, W. Ouyang and X. Wang. Learning Deep Feature Representations with Domain Guided Dropout for
Person Re-identification. IEEE International Conference on Computer Vision, 2016
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Deep Learning

- Deep RE-ID+Mirr0r Cross-view metric, |JCAl 2015

[ Camera-1 ]
[224,224,3]  [55,55 9] <
F | 27,27, 556 [13,03,384] 13,13, 284] ||_4""'""F TR q’b{\ Projected by U
P i > %
7 7 Py # 113,13,256] |1,409] B " % f\
# { B, ¢ g 4
E § — rd E “ﬂwll ) % ] .
P i amera-Z . . _g 1 . .
Original Image L o ‘ »' i o g_. 8 ,._‘ .
Hesize and S ovsiliion L [1,8064] : L N j
Random ¢ op | _‘ A S
| 1, 4096 I T :_- o e Projected by U;
m I I ) Captured Images Extracted Features Projected Features
RN - -
Dhivided it 11 S Rank 1 5

Harirontal Stripes IRl — mnm ave] Our Model 51.06 81.01

Pt tudfer Layer Deep Feature Learning[6] 40.50 60.80

ELE16 Feamise Comgatenation of Hisograms LOMO+XQDA [18] 4000 6740

. . Mirror KMFA(R, 2) [3] 4297 | 75.82

Figure 2: Fusion Feature Net (FFN) for ELF16 feature and CNN feature. mFilter+LADF [30] 4330 | 73.04

mFilter [30] 20.11 | 52.10

, ) ) SalMatch [28] 30.16 | 52.31

Shan_gxuan Wu, Ylng-Co_ng Chen, Xiang Li, An-Cong Wu, LEDA [23] 18 | 5085
Jin-Jie You, and Wei-Shi Zheng*. LADF [17] 2034 | 61.04
An Enhanced Deep Feature Representation for Person Re-identification. WACV, RDC [33] 15.66 | 3842
2016 KISSME [12] 2475 | 53.48
LMNN-R [5] 19.28 | 48.71

) L. . ) PCCA [21] 1028 | 4889
Yingcong Chen, Wei-Shi Zheng*, and Jian-Huang Lai T.a — niorm 1080 | 2237
"Mirror Representation for Modeling View-specific Transform in Person Re- L1 —norm 12.15 | 26.01

identification," [JCAI, 2015.
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Cross Modality Learning

- Generalized-Similarity-based Feature Learning
@ Concate @ Slice

20x3%180%130; 5%5 Cony 2003263021 - |
ReLU : ' o — L_.“'.f‘lf?{]' .
: 4 3%3 MaxPool : : e FC :
v =3 Max L}t'i._ : . 22[]x_4[:'|[:'| ' f‘lf?{}—}
: j —= LEfi(x)
: 33 Conv + : :

; g1(x)

ReLU + | : g E

3%3 MaxPool FC FC ; d"fi(x) |

; @ ’ > | _*6 207801 ;
200x3%180x130 ! ; :

] 3 gxy) | 220x32x9x6 : ‘ '* Lif(y)
y : ‘H 5 220%400 B ==> E

+5x5 Conv . 200x400 TC —1 Ltf(y)
+RelU : .
+3x3 MaxPool 50x32x30x21 : 1> eTfiy)
________________________________________________________________________________________________ 200801
Domain-specific sub-network Shared sub-network Similarity sub-network
Learning deep feature representations for two A C d] [x

modalities with domain-specific and shared sub-  S(x,y) = [x" ¥’ 1] Cs: BT el |y
networks and a generalized similarity measure. d” e f][1

L. Lin; G. Wang; W. Zuo; F. Xiangchu; L. Zhang, "Cross-Domain Visual Matching via Generalized Similarity
Measure and Feature Learning,” in IEEE Transactions on Pattern Analysis and Machine Intelligence , 2016
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Cross Modality Learning

Existing
VIS based __,,,..-1(21
face ! 7, ! Labelled
recognitio Lo Training | pair-
| I .
n system |,. B : | | wise
A ' 1 VIS-NIR
i , ! VIS :(1) training
) L oetp y samples
: I : i A
., I I
1
captured ! ! !
p NIR I
unlabelle €< 1 _ —5b—or— _ L I
d NIR _ , |
images Fig.1. lllustration of VIS-NIR face matching

(1) Assume a set of VIS-NIR pairs of training people is available
(2) Guide the learned VIS-NIR matching upon training to facilitate the matching for target
ones.

Jun-Yong Zhu (student), Wei-Shi Zheng*, Jian-Huang Lai, Stan Z. Li. Matching NIR Face to VIS Face
using Transduction. IEEE Transactions on Information Forensics and Security, vol. 9, no. 3, pp. 501-514,
2014.

D 31



TOO A LOT

Manifold Learning
Subspace: ICA, CCA
Dictionary Learning

Semi-supervised Learning

Other Classifiers:

~» Bayes, Adaboost, Random Forest
Active Learning

Unsupervised Discriminant Learning
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MACHINE LEARNING FOR
PERSON RE-IDENTIFICATION



Outline

Brief Introduction of ML for Biometrics

ML for Person Re-identification
# Distance Metric Learning

#» View Change Invariant Features

» Partial Re-1d

» Low Resolution

¢ Video-based Re-1d

# Cross Scenario Transfer

#» Open-world Modelling

#» Depth Re-1dentification

Summary
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Background: Visual Surveillance
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Person Re-identification

Matching, Tracking

What is
he

Detecting target objects
(Cars, pedestrian, bags etc.)

doing?

Camera Network
Understanding

D 36



Person Re-identification

Concern the person who is joining an activity

m  Tracking him/her across camera-views

®  Identifying him/her when we can capture his/her
face very well

m  Recognising/Searching face images in a Large
Dataset

Face Image
Computing

Activity
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Person Re-identification

A key component to track people across d|SJO|nt views
REY R | B e T~

mﬁmmmm

Suspect, Terrorist Attack, Kunming, China ( 2014 )
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Person Re-identification
Kidnapping

VS BT
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Person Re-identification

E;’l-l{-?hfj) = (X; _fj) My~ _ff)
' Distance -

Learning

Feature
Extraction
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Person Re-identification: Challenges

Main Variations
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How to measure the differences
between two person images

Wei-Shi Zheng et al. Re-identification by Relative Distance Comparison. IEEE Trans.
on Pattern Analysis and Machine Intelligence (PAMI). 2013.



Triple based Learning: Bipartite Ranking

Our ldea

positive

difference



Triple based Learning: Bipartite Ranking

A Relative Distance Comparison Model

positive .hegative T
OBJECT e _
e |difference f{l'{?}' < f(x]")difference | /(X)) =x Mx, M =0
— vector vector . /_
M= AAAT = WWT, W =AA? /
1%2?11 r(W,0), s.t. W?Wj =0, Vi #j soft margin

measure

r(W,0) = log(1 4+ exp {|[WTP|]2 — W7}
Q;

Reduce the sensitivity for comparison
Enhance the performance (1 20~30%,i-LIDS, VIPeR)

Wei-Shi Zheng et al. Re-identification by Relative Distance Comparison.
IEEE Trans. on Pattern Analysis and Machine Intelligence (PAMI). 2013.
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Triple based Learning: Bipartite Ranking

Entry-wise Absolute Difference Vector

x =d(z.2') = ‘Z - Zf|, x(k) = ‘Z(k) - Zf(k)‘

T T 2
f(|xij]) = |2i — 25" M|z; — zj| = |[|W" [x45] ||
[Ixas] = xaje ||| < ||xi5 — x50

) < HPPET(HWT(X@ — xi57)||)

T
-u-p-per(HW (|xi5] = |xi571)

Relative Distance Learning can be more robust
in the absolute distance space
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Triple based Learning: Bipartite Ranking

Learn the projection vectors each by each

=
L

. £+1
wyy = argminry (w, Q" )
W

where

e+l (W: ﬁf—i_l)

=) log (1+af exp {||wF < = w7

f=1
ﬂ}}t’

I
an2 g2
1 = em{z||w3-"x;’~-*|| wtx] }

§=0

s a1 - -~ T s -1

w1 = wo_1/||[we_1|

0 -
x,” =x{, s €{p,n}, and Wy = 0
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Triple based Learning: Bipartite Ranking

Convergence

Theorem 1. The learned vectors wy, £ = 1,..., L, are orthogonal
to each other.

Theorem 2. r(W'™ @) < (W', @), where W' = (w1,...,
wy), £ = 1. That is, the algorithm iteratively decreases the
objective function value.



Triple based Learning: Bipartite Ranking

Entry-wise Absolute Difference Vector

x =d(z.2') = ‘z - zf|, x(k) = ‘Z(k‘) — Zr(k)‘

T T 2
f(|xij]) = |2i — 25" M|z; — zj| = |[|W" [x45] ||
[Ixas] = xaje ||| < ||xi5 — x50

upper(||[W (|xij] = g [)|]) < upper([|W7 (xij = xi50)||)

Relative Distance Learning can be more robust
in the absolute distance space
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Triple based Learning: Bipartite Ranking

Ensemble Metric Learning

Ensemble RDC: Motivation

- RDC: Large space complexity
Olq-(( = £2) N>+ (£ —1)-N?)) ﬂo(q.((%ﬁ_%).Nﬁ(%_b?).m))
- RDC: Trapped in locally optimal solution

Ensemble RDC: Modelling

- Randomly dividing the set into small groups

- Learning a set of weak RDC models
- Boosting them




Matching Rate (%)

Matching Rate (%)

Triple based Learning: Bipartite Ranking

Re-identification (i-LIDS&VIPeR)
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XQDA

Local Maximal Occurrence Representation (CVPR2015)

Size: 10*10
Step: 5 Feature
.

extraction

Maximum I !
-

accurrence & . .

B o
-l
=N

AH@® =

Image Patches Histogram

Original Image

An effective handcrafted feature and a distance metric are proposed.

Shengcai Liao, Yang Hu, Xiangyu Zhu, and Stan Z. Li. Person Re-identification by Local Maximal
Occurrence Representation and Metric Learning. CVPR, 2015.
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Deep Distance

Improved Deep Learning Architecture (CVPR2014)

Z ()28
TS 20325 =
) 4
500
Sx5x3-320 1125 Across Patch
s 5 1K K B2, Features SoftMax
=
= 5
]
=
Cross-Input 5
I Neighborhood
Image : v
Palr Differences i E
o] )]
- 5
l Tied Conv. E !
i K' .f.-' | AREN)
Max Pooling 515[25325 3‘3125:2‘5’
i 25 Patch
{9:}i2, Summary
- Features Fully
= Connected
’ o Tied Conwv.
L Max Pooling

A network for simultaneously learning features and a corresponding
similarity metric for person re-identification.

E. Ahmed, M. Jones and T. K. Marks, "An improved deep learning architecture for person re-
identification," IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014
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Deep Distance

[ bAoA

_ Feature Feature e A
il Extraction Mapping N D( ®> D v‘“‘ i - - -
Y 'S ‘ .
Ld L8 3
PCA

D(ii) Dcii)

Negative pairs

.

Large Margin

Optimization

Nonlinear Local Metric Learning for
Person Re-identification

By Siyuan Huang, Jiwen Lu, et al.

@ Distances of positive pairs \

Distances of negative pairs 3
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Deep Feature

Deep Learning with Domain Guided Dropout (CVPR2016)

Domains Jointlearning Fine-tuning with Domain Guided Dropout
A:iLIDS
B: CUHKO1
C: CUHKO3
D: VIPeR
E: PRID
F: 3DPeS

_______1.___

Learning deep feature representations from multiple domains with
Convolutional Neural Networks (CNNs).

T. Xiao, H. Li, W. Ouyang and X. Wang, "Learning Deep Feature Representations with Domain Guided
Dropout for Person Re-identification,” IEEE International Conference on Computer Vision (CVPR), 2016
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Learning-based Mid-level Feature

- Deep Attribute Learning (ECCV2016)

Stage 1: Fully-supervised dCNN training 4 FeT: ™ &
dCNN 4096 nodes 2]
o Fed: =
Independent dataset Dol TR, K nodes —
with attribute labels - 2 2
D B =
Ot 5 3
=
o a
2
Stage 2: Fine-tuning using attributes triplet loss FcS:%rmdcs
Dataset with person ID labels  Predicted attributes Q j,.:n

Anchor Positive Negative

i . ‘ Anchor Paositive Negative
+

Attributes Triplet
Loss

ot

Stage 3:Final fine-tuning on the combined dataset FeT
4096 nodes

Fes:
. K nodes

Dataset with refined attributes

Independent dataset
N aE -

Sigmoid Cross Entropy
Loss

g
\

Chi Su, Shiliang Zhang, Junliang Xing, Wen Gao, Qi Tian, "Deep Attributes Driven Multi-Camera
Person Re-identification®“, European Conference on Computer Vision (ECCV), 2016.
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Learning-based Mid-level Feature

Salience Learning for Re-ID (CVPR2013)

Small salient regions are exploited to match persons.

R. Zhao, W. Ouyang and X. Wang, "Unsupervised Salience Learning for Person
Re-identification,"” Computer Vision and Pattern Recognition (CVPR), 2013
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Unsupervised Learning

Person Re-ldentification by Unsupervised L1 Graph
Learning

1
D%I}Y§\\X — DY/ % + A1 YAw|[1 + }\2||W|QF

st |di2 <1 WlIl=1 W, >0.

The unsupervised Re-ID problem is formulated by graph
regularized dictionary learning method.

E. Kodirov, T. Xiang, Z. Fu, S. Gong, “Person Re-ldentification by
Unsupervised L1 Graph Learning”, ECCV, 2016




Post-rank Search

Re-ranking Re-ID (ICCV2013)

(a) Negative selection (b) Visual expansi-:-n (c) Graph construction

1

g

]
=

init

Initial r:mkmg with f

----------------------------- ‘

'-",par'-,e I +/ True match  x'™¢ |

Rzmkmg le.l egam es, I *‘ ? Weak negative {xw }:
JLX1 _}} 0 0 0 ¢ Strong negative {xs }:

0’ 0 £0 0o L 4 Synthesised probe o |

o) o o instance {x¥} :

| O Unlabelled gallery "

| P“"l -rank 0 images I

J e e e /

Strong negatives are labeled by human operator in the re-ranking process.

C. Liu, C. C. Loy, S. Gong and G. Wang, "POP: Person Re-identification Post-rank
Optimisation,"” IEEE International Conference on Computer Vision (ICCV), 2013
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What is Wrong with Current Metrics

- The view label Information is not explicitly used

Camera-1

« The distributions of
person images across
camera views are
different

Projected by U4

ojlezlengay Asuedasasig

u
& * ¥
G &
E
3 P 4
B & %
T e
o, R ]
g R 5
A
o . fr;
S R "
L ¥
& -"'I'":_. pEm B

Projected by U2

Captured Images Extracted Features Projected Features

- Existing metrics are learned for each scenario and cannot
generalize very well
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When View Labels are available, how to
model the view transform more
accurately

Yingcong Chen, Wei-Shi Zheng*, and Jian-Huang Lai, "Mirror Representation for
Modeling View-specific Transform in Person Re-identification," International Joint
Conference on Artificial Intelligence (IJCAI), 2015.

Ying-Cong Chen, Wei-Shi Zheng*, Jianhuang Lai, Pong C. Yuen. An Asymmetric Distance
Model for Cross-view Feature Mapping in Person Re-identification. IEEE Transactions on
Circuits and Systems for Video Technology, 2016.




Mirror Representation

Usefulness of View Label Information

lllumination, viewpoint or camera features vary across views,
and distributions of each view are different.

* View-Specific Mappings can be adopted to correct different
distributions of views.
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Mirror Representation

"« Augmenting original feature with zeros

. X% - [X9,0
. XP - [0, X"
« Learning proj

features

y fa(Xa) = UT X%,0] =
. fo(X?) = UT[0,X"] =

Zero-Padding
Augmentation

ection bases with augmented
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Mirror Representation

Illustration of Zero-Padding Augmentation

2.0 2.5
— view a
— viewbh
2.0}
15
% 1.5 lll III \ f’f‘j
£ . \ Ll
E 1.0 n'll ll".l ‘_,-"’/ .
l AR /'(
i ‘“ A o=z
\ 0.5¢ ; // /,,-/ ' \,ﬁ
il . \
%30 2.0 28 030 05 Tl 15 2.0 2.5
Foature Feature of view a
(a) Mismatched Distribution (b) Zero-padding
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Limitation of Zero-Padding

» |n person re-identification, features of
different camera views are often related, thus
U; and U, should also be related.

» By using zero-padding, one loses directly
control of the relation between U; and Us,.
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Reformulation of Zero-Padding

© Xgug =I[1,01X%,X2,, = [0,1]X"
. fa —_ [U1 =+ OUZ]Xa —_ U1Xa
. fb — [0U1 + Uz]Xb — Usz

generalise

o XGug =R MIX% X2, = [M,RIX"
. fa — [RU1 + MUz]Xa
| } ' control the discrepancy
1 1 Offa and fb
. fb —_ [MU1 +RU2]Xb
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A Feature-Level Discrepancy Modeling

1-r

Rl Z=JA-1)2%+ (1+1)2
. M= 0<r<1
Discrepancy of [R, M] and [M, R] is measured by
the principle angles: n
2
2
0 =arccos(57—1) 9
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A Transformation-Level Discrepancy Modeling (&:

Is it Not Optimal?

2 —w

R =

0y
Idxd, M = _Idxd,
w w

Ropt:R—I—VR, Mopt:M—I—VM

fa (X-g:a) = WTXG

cca

=(RT(W*)T+MT (W) T)Xe W R+VR)+ WM + VM)
2T xey ST xe, = (WO YWOR+ (WP VWM
B ) spe;igcity ’ adaptiveness - Wa (M + VM ) + Wb(R ‘|— VR)
fb(XcZ:)ca) - WTXc{.)ca — (Wa' -+ VWG)M + (Wb + VWb)R
— (MT(WG,)T 4 RT(wb)T)xb
= 2w X0 T X
= =
adaptiveness specificity
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A Transformation-Level Discrepancy Modeling (&:

2
We directly impose HU1 — Uz” as a
regularization term, which can be easily
integrated into ridge regularization

4 u I8 &l
1o, -vI* = vmBv,U = 2] B= [, 7]

UTBU + AUTU = UTCU,C = [_fm ‘f’]
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X

A Transformation-Level Discrepancy Modeling (&:

m{}n fUT Xouy) + \UTCU

s.t. gi(UTXMg) 1=1,2.---.c

1
U=PAZH,U'CU =H"H

Mirror Representation

can be solved by traditional metric learning (with ridge regularization)
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Effectiveness of Mirror Representation

Representation Mirror Representation Original Feature Zero-Padding
Rank 1 5 10 20 1 5 10 20 1 5 10 20

KMFA( H_ s ) 42.97 715.82 87.28 94.54 3737 | TL23 8472 | 9345 33.67 | 67.66 | 813l 91.37

o KMFA(x™) 39.62 7136 | 34.18 93.23 3557 | 6734 8l.14 | 91.74 3028 | 6354 | T7.88 89.15

g | KPCCA(K 1) II88 | 6791 al.03 9177 2905 | 6294 | Va6 | BU.6H 2134 | 5244 | 6l35] 19.40

- KPCCA(x") 29.37 6d.11 78.96 90.63 2563 | 5978 | 7627 | 8178 1877 | 51.17 | 66.77 82.31

MErA I35 | o300 | 75.60 | 86.55 076 | 3945 | [iel 85.41 2187 | 5206 | 6655 al.3v

PCCA 3756 | 60.57 75.60 5737 2547 1 5696 | TLOS | B5.25 2253 1 5560 | VL300 | 866

KMFA(R, z) 40.40 | 64.63 75.M4 84.08 3498 | 6016 | 7127 | BL50 | 3353 | 59.00 [ 7020 [ 8024

= KMFA(x") 37.31 61.11 71.36 81.25 3234 | 56.14 | 6752 | T1.73 31.35 | 56.71 67.56 | T8.18

:'If' KPCCA(R 2) | 29.57 56.53 69.21 79.40 2530 | 5240 | o646l 76.76 1784 | 41.53 | 5395 67.33

a KPCCA(x") 2669 | 5440 | 6688 | T7.87 2279 | 4865 | 62.10 | 74.06 1784 | 41.53 | 5395 67.83

MFA 2547 | 48.38 | 58.86 69.19 20.71 4151 | 5242 | 63.21 14.13 3312 | 4310 | 5407

PCCA 19.74 | 4096 | 52.44 65.00 16.79 38.13 | 4929 | 6l1.35 3.89 9.02 12.32 1628

KMFA( K, 2 ) 55.42 79.29 | §7.82 93.87 5276 | T1.56 84.71 91.56 | 46.18 | T4.13 | 8431 92.40

E KMFA(x") 53.42 77.29 | 85.82 921.51 51.02 | 75.29 8280 | 89.47 | 4182 | T71.29 | 81.82 90.04

= KP{:"CA[HXQ ) | 4151 7151 81.42 91.24 4000 | 6876 | 7973 | 90.13 3360 | 6578 | THIR 8X.00

o KPCCA(x") 39.82 68.31 80.22 89.82 3760 | 66.18 | 7849 | BE.A62 28.27 | 58.71 72.40 | 85.60

- MFA J058 | 7756 | 67.47 836.58 3822 | 6342 | TiET | Biod 2106 | 50,00 | 6293 76.34
PCCA 3840 | o840 | 79.51 8831 36.76 | 65.69 | 7622 | 8516 3280 | 6462 | 706.95 8738 |

The best is marked red, and the second best is marked blue.
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Performance

Matching Rate (%)

[~ Mirror-KMFAR :)

L MLF

A == Dause—KMFA
ITHML

= LMNN

- SalMatch
eSDC{KNN)

—¥-TCA

<} TFLDA

——rCCA
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i2 14 16 18

ﬁﬂank
(c) CUHKOI
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> .e.Mir}ar;KMFA{sz}
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,3¢~%| 5 SCNCD(ImgF)
- KISSME
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Deep RE-ID+Mirror

varied |
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pras. Layer
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ELF16 Feamige Congatenation of Hisograns

Figure 2: Fusion Feature Net (FFN) for ELF16 feature and CNN feature,

Shangxuan Wu, Ying-Cong Chen, Xiang Li, An-Cong Wu,
Jin-Jie You, and Wei-Shi Zheng*.

An Enhanced Deep Feature Representation for Person Re-
identification. WACV 2016.

Yingcong Chen (student), Wei-Shi Zheng*, and Jian-Huang Lai

"Mirror Representation for Modeling View-specific Transform in Person

Re-identification," 1JCAI, 2015.

v

Cross—view metric,

[ JCAI

2015

Camera-1

Captured Images

Extracted Features

Projected by Uy

onezie|ngay Aduedaldsig

.
u
v,
w
.
.
B

Projected by U,

Projected Features

|

Rank 1 5
Our Model 51.06 81.01
Deep Feature Learning[6] 40.50 60.80
LOMO+XQDA [18] 40.00 67.40
Mirror KMFA(R, 2) [3] 42.97 75.82
mFilter+ LADF [30] 43.39 73.04
mFilter [30] 20.11 52.10
SalMatch [28] 30.16 52.31
LFDA [23] 24.18 52.85
LADF [17] 29.34 61.04
RDC [33] 15.66 38.42
KISSME [12] 2475 53.48
LMNN-R [5] 19.28 48.71
PCCA [21] 19.28 48.89
Ly — norm 10.89 22.37
L1 — norm 12.15 26.01
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Deep RE-ID+Mirror

Rank 1 5 10 20
Our Model 66.62 86.84 92.84 96.89
Mirror KMFA(R, =) [3] 55.42 79.29 87.82 93.87
Ahmed’s Deep Re-id [1] 34.81 63.72 76.24 81.90

ITML [4] 24.27 47.82 58.67 70.89
LFDA [23] 36.18 61.33 T72.40 82.67
KISSME [12] 36.31 65.11 7542 83.69
LMNN-R [5] 28.98 55.29 67.64 78.36
Ls — norm 11.33 24.50 33.22 43.89
Ly — norm 25.50 25.33 51.73 53.07

Table 4: Top Matching Rank on PRID450s.

(a) VIPeR (c) PRID450s

Rank 1 5 10 20
Rark , 5 o 5 Our Model 5551 | 78.40 | 8368 | 92.39
Our Model 5106 | 8L01 | 91.39 | 96.90 Mirror KMFA(R, 2) [3] 40.40 | 6463 | 7534 | B4.08
Deep Feature Learning[6] 40.50 60.80 70.40 §4.40 Ahmed’s Deep Re-id [1] 47.53 72.10 50.53 88.49
LOMO+XQDA [18] 40.00 67.40 80.51 91.08 mFilter [29] 34.30 55.12 64.91 74.53
Mirror KMFA(R,2) [3] | 4297 | 7582 | 87.28 | 94.84 SalMatch [27] 3845 | 4585 | 5567 | 6703
mFilter+LADF [20 4339 | 7304 | 8487 | 93.70
mFEilter [20 |I ] 3011 | 52.10 | 67.20 | 80.14 DeepRelD [16] 27.87 | 6401 | 8250 | 8736
SalMatch [27] 3016 | 5231 | 6554 | 79.15 ITML [4] 15.98 | 3522 | 4560 | 59.81
LFDA [23] 2418 | 5285 | 67.12 | 78.96 eSDC 28] 19.67 | 3272 | 4029 | 50.58
LADF [17] 29.34 61.04 75.98 88.10 LFDA 23] 22.08 41.56 53.85 64.51
RDC [32] 1566 | 3842 | 5386 | 70.09 KISSME [12] 1402 | 3220 | 4444 | 5661
Eﬁif;‘ERl :;1 'I’;‘g ﬁﬁ Ezj; ggji LMNNR [3] 1345 | 3133 | 4225 | 5411
PCCA [21] 1028 | 4889 | 6401 | 8028 Ly — norm 563 | 1600 | 2289 | 3063
Lo — norm 10.89 2237 32.34 45.19 L‘]_ — Norm 10.80 15.51 37.57 35.57
L1 —norm 12.15 | 2601 | 32.00 | 34.72

Table 3: Top Matching Rank on CUHKOI.
Table 2: Top Matching Rank on VIPeR.
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Partial Re-identification

Ssurveillance operator ’ h
annotates the patch
containing the upper
r-. | body
[

Wha is that

Itv\gw stealing ? ™

Wei-Shi Zheng, Xiang Li, Tao Xiang, Shengcai Liao, JianHuang Lai, Shaogang Gong.
Partial Person Re-identification. In IEEE Conf. on Computer Vision (ICCV), 2015 (oral)




Partial Observation

Surveillance operator

annotates the patch

containing the upper
body

Who is that
guy stealing ?
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Partial Re-ID

Annotating Partial
Part by Operator
or Detecting it
automatically

Wei-Shi Zheng, Xiang Li, Tao Xiang, Shengcai
Liao, JianHuang Lai, Shaogang Gong. Partial
Person Re-identification. ICCV, 2015.

ARG

-
[ BT i IR R

Local-to-local
Matching

Global-to-local
Matching

Matching

Fusion
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Partial Re-ID

Local-to-local Matching
— Ambiguity-Sensitive Matching classifier (AMC)

Constructing patch level descriptors from gallery person images to form a dictionary

D =[Di1,Da.--- D¢l where D.=[de,,de,, - ,de,_]
PR ST _ s S e e — — D BT el W )

|

- 2 Ipat' = [pa’flvp&izr"' :-Pa?:K]T: 1= 1*2~ e :
min|fy; = Dx; |3, N _ !
‘ | where pai; = —Go(D(y;,d;)) ,5=1,2,--- K, 1

(™ ™ = == === -
min||y; — Dxi”g + f:xpa;rxi i=1,---,n, | Ambiguity constraint |
b I e R
B 4

. 2 T . ¢ WY S )
min|ly; — Dx;||5 + apa; x; 4 8||x;||;.|t=1,--- ,n, | Sparsity constraint )
*x; 0 & - %R s B TR T T T e e

)

Classifying a probe partial image Y = [y1, - ,vyn] :

l’i = l n
¢ = argmin re(Y) = — Z |l3vi — Dcéc(xi)llg D77
i=1



Partial Re-ID

Example of AMC used for partial person matching

nIIIIIIIIIIII|IIII IIIIIIIIIIIIIIIIIIIIII
0 5 10 15 0 25 30 5 40
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Reconstruction Residuals
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Gallery Person
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Partial Re-ID

Global-to-local Matching
— Sliding Window Matching (SWM) / A

® Set up a sliding window of the same size as the
probe image.

® Scarch for the most similar image region within
each gallery image.

® Use L1-norm to measure the distance.

Fusion Matching
— AMC-SWM

|
Sdist = ’]f (1 —v)Ldist [—> SMM distance |

_______ J

|
| AMC distance

|
——————— =4
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Partial Re-ID
A New Partial REID dataset

(new collection, released now: http://isee.sysu.edu.cn/resource):

® 600 images of 60 people

® 5 full-body images and 5 partial images per person

Fig. Examples of partial person images (first row), and the input partial part annotated by an operator for
recognition (second row) and the corresponding full-body images (third row).
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Partial Re-ID
Two Simulated datasets: P-iLIDs and P-CAVIAR

® Based on i-LIDS (476 images of 119 people) & CAVIAR (1220 images of 72 people).

® Randomly selected half of all the images of each person and replaced them with the partial images.

Fig. Examples of partial person images (firstrow) and the corresponding full images (second row).
From left to right, columns 1-3 are from P-i-LIDS, and columns 4-6 from P-CAVIAR.
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Matching Rate (3)

Partial Re-ID
Results on Partial REID dataset

® The test sets were randomly selected using 70% of the individuals.

® Both single-shot and multi-shot experiments were conducted.

Partial-REID Parial-REID Partial-REID

100 100

a0
80

70

Matching Rate (3%)
Matching Rate (3)

&0 = 53.14% AMC-3WM — G2.43% AMC-SWM — T3.62% AMC-SWM
— 4 2.00% MTSR —— 50,29% MTSR — 50, 19% MTSR
50 —— 26.76% RDC 50 —— 29.81% ROC —— 33.76% ROC
= 27.0{%: PRSVM = 28,10% PRSVM — A2 E2% PRSVM
40 — 24.14% L1-norm 40 = 27.29% L1-norm — 32.95% L1-nom
24.62% LFD& 28.05% LFDA 31.05% LFDA&
a0 == = 24.95% KISSME an = = = 27.90% KISSME = = = 30 48% KISSME
= = = 26.38% LADF == =29.67% LADF == =33 86% LADF
. . 24.90% SRC : ; : 29.29% SRC : : 34.71% SRC
21:|1 5 10 15 20 25 30 2”1 5 10 15 20 25 an 1 5 10 15 20 25 an
Rank Score Rank Score Rank Score
(a) N=1,CMC (b) N=2,CMC (c) N=5,CMC
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Partial Re-ID

Results on two simulated datasets

P-CAVIAR P_CaVIAR
100 100
=11 a0
=0 a0
& vo Z 7o
EI =11] E &0
= 47 6490 AMC—SWIM = B4.18%: ARMC—SWk
= 40, 12%% MTSR = 52.32% MTSR
= S0 27.84% RDGC g &0 —_— 34,525 RDC
2E.7E6% PRSWVM 34.56% PRSWM
A0 18.12% L1 —morm A0 21.92%= L1 —morm
27.36%: LFDA A2.68% LFDA
30 - = = 27.44% KISSME 30 = = = 31.88% HKISSME
- = — 27.52% LADF = = = 33.12% LADF
o0 26.12% SRC 34.08% SAC
1 5 10 15 20 25 30 201 5 10 15 20 25 30
Rank Scora Rank Score
(a) N=1,CMC (b)) WN=2.CMC
P_CAVIAR PoiLIDS
100 _ a0
80+
TOr
= =
a &0
£ =
g —_— ARG —SWI = sol A7.33% AMG_SW
EE] —_— G088 MTSR s — 2A.ET%% MTSA
= — 42 20% RDC = — 22.00% RDC
—_— a1 56% PRSYM A0 — 22 a3% PRASVM
= ZR.28% L1 —norm —_— 25 33% L1—narm
38.20% LFDA 19.47% LFDOW
- = — 36.858% KISSME 30 - = — 20.27% KISSME
- = = 40.76% LADF = = = 23.07% LADF
41 .28% SAC 25.33% SRAC

20
201

5 10 15 20 25 30 1 5 10 15 20 25 30
Rank Scaore Rank Score
(c) N=5,CMC (a) N=1,CMC
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Partial Re-ID

Evaluation of the two matching components

N=1 N=2 N:S
Methods 1 —sr=Tor = Tr =SF = 10 = TF =5[r =10
AMC-SWM]53.14[76.43| 85.29 62.4383.62| 89.57 [73.62/89.43|93.29 [Partial REID
AMC  |45.19[70.29] 81.00 |53.48(77.43| 87.19 |63.86|86.57|91.48
SWM  |47.24[71.05/80.57 56.0077.67| 86.10 |65.24/85.10{90.91
AMC-SWM47.64/71.52/79.80 |64.16/83.44| 89.92 [82.08/94.40|97.24 | P-CAVIAR
AMC  |44.72[67.52 78.32 |59.48(82.00| 88.68 [78.84|92.20|95.56
SWM  |44.16[65.08 74.72 |58.88|78.12| 85.96 [76.92|91.28|95.32
AMC-SWM[37.3359.0770.13| - | - | - | - | - | - | P4LIDS
AMC [31.87)52.80159.60| - | - | - | - | - | -
SWM P5.7354.536587| - | - | - | - | - | -

Parameter Evaluation

Partial REID

Parital REID
91 -~ . .

AUC(%)

L 1 1 1 i 1 1 H 88 L L L L 1 1 1 1 L 1
860 001 0.05 01 05 1 5 10 100 0 01 02 03 04 05 06 07 08 09 1
o Y
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Partial Re-ID

Illustratlon of Matching Examples on Partial REID dataset
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Low Resolution

Our Proposed Multi-scale Learning Model

- ?- 1 :~ | . - . norn:al scale 'ﬁ
4l Kkl
!'-I:- = l

) |- r
= ol & -

small scale

W

g i

4 J

gallery set

probe

JUDEA : joint multi-scale discriminant component analysis

Xiang Li, Wei-Shi Zheng*, Xiaojuan Wang, Tao Xiang, Shaogang Gong. Multi-
scale Learning for Low-resolution Person Re-identification. IEEE Conf. on
Computer Vision (ICCV), 2015.
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Low Resolution

Or Proposed Multi-scale Learning Model

- " HCMD(W;,, W,)~!
tr(W;I 8 Wy,)
max 4

| tr(W,I Ssh W,,.,} !
! I Wh, 1W& tr { W}QT' g }
\__. /

gallery set

normal scale

R
Rabely

fraining images

tr{WTSB W)

r}rlnnSHCMD(Wh, CZHW}T u - sTU:Hg

L} _ LI I & - i W W
p Cross-scale Image

small scale Domain Alignment

¥

o tr(W,, St Wi, + WS SiWo)
Wh)Ws tI‘(WESh’ Wh, _l_ WTSS Ws) _|_ OJHCMD(W,&, Ws)
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Matching Rate (%)

Low Resolution

Biid TER

(a) CAVIAR (b) LR-VIPeR (c) LR-3DPES

LR-3DPES
QOO premmm o

QO beeeem e

BO[ -~

sol- f. A e

22.12% JUDEA
14.56% LFDA
11.56% L1—-norm

— 34.04% JUDEA
31.75% LFDA

24.28% L1-norm
31.47% KISSME

maicning Kate (%)

25.16% JUDEA
20.25% LFDA
6.33% L1—norm

Matching Rate (%)

40}

30 16.72% KISSME 20.03% KISSME :
: 11.12% LADF 10.98% LADF 15.54% LADF
20 | = = = 15.56% PRSVM = = = 10.88% PRSVM ; (| — — —30.02% PRSVM
10 : === 15.12% RDC - - -3 256% RDC 10 i i - = = 28.27% RDC
1 5 10 15 20 1 5 10 15 20 1 5 10 15 20
Rank Score

Rank Score Rank Score

CMC - CMC: LR-VIPeR CMC: LR-3DPES
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Video-based Re-identification

Image Frame Image Frame

Person Video Person Video

g Video: Occlusion alleviated by video cues Q

Jinjie You, Ancong Wu, Xiang Li, Wei-Shi Zheng*. Top-push Video-based Person Re-
identification. In IEEE Conf. on Computer Vision and Pattern Recognition (CVPR), 2016.




The goal isto learn a
Mahalanobis metric:

! | Person Video Person Video
I Video: Occlusion alleviated by video cues Q

A triplet hinge
loss function: @

- largest intra-class distance D, / the smallest inter-class distance Dy

I){;f«,-;,;fj] + [ < min D{.‘fgﬂ_"k] Ui =1

VEFY: | |

iLIDS-VID
2.5 I I I I I I I I I -im.';lge I
I video

Jinjie You, Ancong Wu, Xiang Li, 2 i
Wei-Shi Zheng*. Top-push Video-
based Person Re-identification. 18 il
IEEE Conf. on Computer Vision and i i
Pattern Recognition (CVPR), 2016.

0'50 2 4 6 8 10 12 14 16 18 20
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Positive Samples

Top-push Distance Metric Model

f(D) =0 —a) Z D(&:, ;)

VT Yi =Y

+a Z max{D (Z;,;) — min D(Z;, T%) + p, 0}

Yk FYi

-

(a) Before TDL

1T T W T -~
->l Top-push constraint |
___________ J
LE!
. AT »
. o1 : »
» L s
. 10s
. -
..' . -u.T =' L
T 1 = 3 & = e T oz o0& 0k

by After TDL
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TOP-PUSH Distance Metric Learning

PRID 2011
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TOP-PUSH Distance Metric Learning

ILlDS-VlD (Extracted from the i-LIDS dataset )
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Matching Rate (%)

TOP-PUSH Distance Metric Learning

Sattiiing ‘ e PRID 2011 iLIDS-VID
& sink Rank-1 | Rank-5 | Rank-10 | Rank-20 Rank-1 | Rank-5 | Rank-10 | Rank-20
PRID 2011 iLIDS-VID
100 100 .
80 s - 80
P 3 L S
£ | === L1-norm 3 === | 1-norm |
== | FDA © _| =9=LFDA
60, e K |SS ME o 60 wfe KISSME ||
wil=ADF [ g’ ={i= LADF
: RDC = RDC
40b =4#=PRSVM || S d= PRSVM g
y == TopRank 1] mfe= T opRank
3 | DA = | DA
: === _MNN == | MNN
204 =0m= SR =Q= |SR
==—10L == T1DL
1 5 10 15 20 1 5 10 15 20
Rank Score Rank Score
(a) PRID 2011 (b) iLIDS-VID
1.1 70 [JJ LUt JOo.Ur uF. v OL. </ 1. 20 Zd Y 2.0V o IS V. )
LMNN [34] ‘ 14.38 ‘ 38.09 ‘ 50.22 ‘ 67.19 ‘ 447 ‘ 13.20 ‘ 21.60 ‘ 35.47 ‘

Table 2. Comparison with related methods on PRID 2011 and iLIDS-VID datasets. The matching rate (%) at Rank ¢ means the accuracy

of the matching within the top ¢ gallery classes.

P 95



Video-based Re-ID

Discriminative Video fragments selection and Ranking (ECCV2014)

(d)

% : . : w P/. |
+ positive instance O 3 selecting and ranking
- negative instance converge

The video-based model automatically selects the most discriminative
video fragments and learns a ranking function simultaneously.

T. Wang, S. Gong, X. Zhu and S. Wang, "Person Re-ldentication by Video Ranking,* European
Conference on Computer Vision (ECCV), 2014
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Video RE-ID

Ident. Cost Siamese Cost Ident. Cost

1 1“[ t

Seq. Feature Seq. Feature

1 1
Temporal Pooling Temporal Pooling
1 t 1 1 t 1
RNN — RNN — RNN RNN —{ RNN — RNN
t 1 t * t 1
CNN CNN CNN CNN CNN CNN

JE-, e 4 -, e 4 |,

Niall McLaughlin, Jesus Martinez del Rincon, Paul Miller. Recurrent
Convolutional Network for Video-based Person Re-ldentification.
CVPR 2016
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Person Re-identification: Labelling




abe

orohi

ing images is costly and even
bitive in some scenarios




s it possible to use collected images in
other scenarios to boost the learning in the
target scenario?

2

Cross-scenario Transfer Person Re-identification

Xiaojuan Wang, Wei-Shi Zheng*, Xiang Li, and Jianguo Zhang. Cross-scenario
Transfer Person Re-identification. IEEE Transactions on Circuits and Systems for
Video Technology, DOI: 10.1109/TCSVT.2015.2450331, 2015.




Framework

An Asymmetric

Multi-task
TR o= o R~ ource task—. i Modelling
E specific specific
1 subspace subspace

B

i

i shared latent joint :
subspace learning i

' E
;

: |
|

i

target task- !

specific '

subspace i

1

;

|

i
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Transfer one source dataset /G

Cross-scenario Transfer Modeling L

ransfer multiple source datasets”

source task-specific subspace: . .ui s

specific st:clﬂc
W dxr / subspace subspace
s €ER

target task-specific subspace: lﬁﬁp
source 1

Wt c Rdw

joint
learning
shared latent subspace:
Wg € RdXT
target task-
specific
subspace
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Transfer one source dataset /G

Cross-scenario Transfer Modeling L

ransfer multiple source datasets”

source task- rce task-
specific specific
subspace subspace

| [ :
: f a source sample X;s
shared latent joint
subspace learning

target task-

specific
subspace
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Transfer one source dataset

Cross-scenario Transfer Modeling L

ransfer multiple source datasets”

Modeling

To maximize lgcal inter-class variances and meanwhile to minimize the local inkra-class variances in both tdsk

A 0<y<1

tr(W1S; W) 5S, W2)
- 1
wnax { W)tr(wgs&wvl’)ﬂésguwg)’ (1)

W, = (1 - B)Wy + W)
W, = (1 — B)Wy + FW,)

l relaxation

- tr((1 —y)W1S; W, +yW,LS!W,) 2)
W, W, tr((l — "}’)W’leuwl + "}’W’QSEUWQ) ’

non-convex
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Transfer one source dataset

Cross-scenario Transfer Modeling L

ransfer multiple source datasets”

Insight

tr(W1S; W)

1 — - 5 5 5 S
=3 2 A D Wil k) (xf = x5)(x) = x5) Wi(:, k)

l o= b — L o
=5 2 AL D [A=BWol, k) (x] = x35) + BW,(:, k)'(x] - x1))?

\ }

adding those measures together gives
us a stronger cue on overall
discriminativeness
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Transfer one source dataset

Cross-scenario Transfer Modeling L

ransfer multiple source datasets”
Optimization

W = [WQ;WS;Wt] c RSdXT

O, =[(1 - ALy, ALy, Ouxd] € R @, = [(1 — B)I4, O, fI4] € RV

A =(1-1)(©,S5;0,)+7(0,S:0,) (3a)
B = (1-7)(0,S;0,) +7(©,S,0,) (3b)
Eqg.(2) is equal to
. tr(W/AW)
W' = argmax s SWBW) (4)
AW = \BW

generalized eignenvalue problem, global solution guaranteed.
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Transfer one source dataset

Cross-scenario Transfer Modeling L

ransfer multiple source datasets”

task-specific projection for each source W
dataset:
by redefining: W = [Wo; Wi, ., Wi, ;W™ W,] € Rim+2dxr

(-); - [(1 _ /B)Ida < :/BId:- sy ded] S Rdx(m—i-Q)d

©; = [(1 — B)L4, Ouxds, - - - , Ouxa, BL4] € R (m+2)d

A=(1=7)( > (0))S;"65) + 1(©,5;0,) (5a)

NE

1
m
1

[

B = (1—7)( (©1)S5'0!) +7(©,S.,0,). (5b)

INgE

1
m

L
[

1

solution could be obtained by Eq. (4)
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Constrained Asymmetric Multi-task Component Analysis

shared latent space
f.f"' jf'_"'a.::-n\_“

e

different classes from different
tasks collapse together

In the shared latent space, different classes from different
tasks could collapse together.

instance i from task kJ
/ N |_instancej from task /
O Task 1
Task 2
<> 3 | CTDD(Wy) = Ntr W)Y (=€)t - W
k#l 1)
— separate data from different
different colors tasks
?1:.:.:: different ‘
* tr(W'AW) + aCTDD(W,)
W = argmax
W tr(WBW)
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Constrained Asymmetric Multi-task Component Analysis

5 I 5
®
|
t *
4 o 4 P
x £
3 3t
+
® x* ’:‘ ®
|
2 2 » *® x
+ ®
1 +* & 1 . *
= o ¢ + = .
0 :_t * oF * .: .‘ * .
.'. 1 #  source class 1 * .' o o +  source class 1
=1F 'Y . * source class 2 =1t S * source class 2 ’
* & * source class 3 m ad source class 3 -
=2f * ®  target class 4 - -2r ®  target class 4 *
+ target class 5 * + target class 5 . *

-3r B target class 6 +* -3r B targetclass 6 3

4 . . . * target class 7 . * . . " . " * target class 7 . )

-5 -4 =3 -2 -1 0 1 2 3 4 5 -4 =3 =2 =1 0 1 2 3 4

x x

(a) Without CTDD (b) With CTDD

Figure 3: Illustration of the effect of CTDD in the transfer from CAVIAR (source) to i-LIDS (target), where three source classes
(in red) and four target classes (in blue) are used for demonstration. Different markers indicate different persons (classes). The
x-axis and y-axis are the first two PCA scores of the samples in the shared latent space. When there is no CTDD, blue circles and
blue hexagrams collapse with red diamonds, blue plus signs collapse with red asterisks. However, after imposing CTDD, data from
different tasks are well separated.
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atasets
Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

urther evaluation of cAMT-DCA

dataset VIPeR | 3DPeS | i-LIDS CAVIAR
number of persons | 632 192 119 72
number of images | 1264 1011 476 1220
location (scenario) | street | campus | airport | shopping mall

Table 1: Summary of datasets used in the experiments.

(d) CAVIAR

%. ..-
-;f’ - I

(a) VIPeR (b) 3DPeS

Figure 4: Tllustration of person images of the four datasets. Images in the same column are from the same person.
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Datasets
Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

VIPeR VIPeR

30k 3DPes Single transfer : 12 cases

: ' Multiple transfer: 16 cases
i-LIDS i-LIDS

CAVIAR CAVIAR

Feature representation: concatenated color (RGB, YCbCr, HS), HoG, LBP features extracted from

sub-blocks of images

Default parameter setting: =0.1, y=0.8, a=1-p
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Datasets
Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

Compared methods: LFDA (Pedagadi et al.), LMNN (Weinberger et al.), KISSME
(Kostinger et al.), LADF (Li et al.), PCCA (Mignon et al.), RDC (Zheng et al.)

using target data only (e.g. LFDA T)

trained in three ways using source data only (e.g. LFDA_S)

using a pooled set of source data and target data (e.g. LFDA-Mix)
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atasets
Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

urther evaluation of cCAMT-DCA

VIPeR—i-LIDYS ADPes—i-LIDS CAVIAR —i-LIDS
r=1 r=>5 r = 10 r = 20 r=1 r=>5 r = 10 r = 20
33.7T9 54.96 67.89 81.38 33.85 57.46 GO.7T9 851.27

Methods
cAMT-DICA

LFDA_T 30.32 . . 9. a0.32 hl.81 G446 TO.8G a0.32 hl.81 G4.46 TO.86
LMNN_T 27.14 . . . 27.14 46.61 .41 T4.00 27.14 46.61 .41 T4.00
KISSME_ T 20.31 R 53.43 k 20.31 40.95 5343 T0.11 20.31 40.95 5343 T0.11
LADF_T 14.20 L 49.60 951 14.20 36.49 49,60 69.59 14.20 36.49 49.60 69.59
POCAT 13.48 . 50,30 . 13.48 34.14 50,30 T1.01 13.48 34.14 50,30 T1.01
RDC.T 30.42 .18 G1.558 ; 30.42 51.19 Gl.88 T7.10 30.42 51.19 Gl.88 T7.10
Met hods VIPeR—CAVIAR ADPeS—CAVIAR i-LIDS—CAVIAR
r= r=2~i r= 10 r = 20 r= r="5 r = 10 r = 20 = =5 = 10 r = 20
cAMT-DICA 34.39 50.84 T2.63 90.67T 33.54 57.T6 T3.61 91.88 35.39 6065 TH.53 92.23
LFDA_T 28.41 49.91 6G3.79 B82.19 2841 449.91 G379 8219 28.41 449.91 G379 B82.19
LMNN_T 24.41 39.71 Ah.TH T9.40 24.41 39.71 hh.TH T9.40 24.41 39.71 hh.TH T9.40
KISSME_T 20.28 35.21 52.32 T7.18 2028 35.21 h2.32 T7.18 2028 35.21 h2.32 T7.18
LADF.T 20.68 46.07 62.23 B1.55 2068 46.07 G2.23 B1.55 2068 46.07 G2.23 B1.55
POCA_T 16.45 ar7.98 h3.81 T6.30 16.45 37.98 hi.s1 TG.30 16.45 37.98 hi.sl T6.30
RDC.T 28.7TH 45.86 H8.55 TH.25 28.TH 45.86 hE.55H TH.25 28.TH 45.86 HE.55 TH.25
Met hods VIPeR—3DPes 1-LIDS—3DPes CAVIAR— 3DPes
r=1 r=2>5 r = 10 r = 20 = r=5 r = 10 r = 20 = r=5 r= 10 r= 20
cAMT-DCA 31.88 53.49 63.94 TH.08 30.19 52.59 63.37 T4.56 29.51 51.03 G2.29 T4.32
LFDA_T 26.57 48.90 61.42 T2.35 26.57 48.90 G1.42 T2.35 26.57 48.90 G1.42 T2.35
LMNN_T 23.68 43.91 55.45 6788 23.68 43.91 hh.45 6788 23.68 43.91 hh.45 6T.88
KISSME_T 13.96 31.90 44.04 HE.GHE 13.96 31.90 44.04 HE.GHE 13.96 31.90 44.04 HE.GHE
LADF.T 15.53 35.48 49.27 6528 15.53 35.48 4027 G528 15.53 35.48 40.27 G528
POCAT ®.56 25.13 37.55 54.12 ®.56 25.13 37.55 54.12 5.506 25.13 37.55 54.12
RDC.T 25.58 44.74 54.59 65.07 25.58 44.74 54.59 65.07 25.58 44.74 54.59 65.07
Methods i-LIDS — VIPeR CAVIAR—VIPeR 3DPes— VIPeR
r=1 r=2~ r= 10 r = 20 r=1 r="0h r = 10 r = 20 r=1 r="0h r= 10 r= 20
cAMT-DCA 23.39 52.7T5 67.12 81.14 22.18 50.44 G4.94 80.32 21.61 50.92 G6.27T 81.36
LFDA_T 20.89 48.39 6:3.96 TH.51 20.89 48.39 G3.96 TE.G51 20,89 48.39 6G3.96 TE.G51
LMNN_T ®.13 21.80 31.52 44 .65 ®.13 21.80 31.52 44 .65 5.13 21.80 31.52 44.65
KISSME_T 20.25 48.01 63.23 TO.E1 2025 48.01 G3.23 TO.81 2025 48.01 G3.23 TO.81
LADF_T 9.72 29.53 44.34 6114 9.72 29.53 44.34 G114 0.72 29.53 44.34 6G1.14
POCA_T 16.65 44.24 61.27 TH. 45 16.65 44.24 G1.27 TH.45 16.65 44 .24 G1.27 TH.45
RDC.T 17.78 40.66 H2.88 67.18 17.78 40.66 h2.88 67.18 17.78 40.66 h2.88 67.18

Table 2: Matching rate(%): ¢cAMT-DCA vs. single-task methods. "_T’ in-
dicates the single-task methods are learned on target datasets only. Two
sample images (p = 2) are used for each target person. 113



Experiment

atasets
Transfer setting
Compared methods

single-task methods

multi-task + domain adaptation methods
urther evaluation of cAMT-DCA

VIPeR—i-LIDS

3DPeS—i-LIDS

CAVIAR—i-LIDS

Methods r=1 ] r=5 [ r=10]7=20] r=1 ] r=5 [r=10 ] r=20 | r=1 | r=5 [r=10 [ r=20
cAMT-DCA 33.79 | 54.96 | 67.89 | 81.38 | 33.85 | 57.46 | 69.79 | 81.27
LFDA S 28.42 | 49.25 62.35 7958 | 3150 | 53.99 66.71 78.18
LMNN_S 27.52 | 46.61 60.32 76.38 20.43 | 52.37 | 62.84 76.33
KISSME_S 27.86 | 49.46 65.81 | 81.65 | 3073 | 54.23 65.61 80.80
LADF_S 10.85 | 34.58 52.99 71.75 9.28 33.66 46.35 64.14
PCCAS 23.55 | 46.44 61.45 80.02 19.64 | 43.20 59.31 76.77
Methods T 3DPeS—CAVIAR i-LIDS—CAVIAR
r=1 r="h = 10 r = 20 r=1 r=>55 = 10 r = 20 r=1 r=>5 r = 10 r = 20
cAMT-DCA | 34.30 | 50.84 | 72.63 | 90.67 | 33.54 | 57.76 | 73.61 | 91.88 | 35.30 | 60.68 | 75.53 | 902.23
LFDA_S 32.43 | 51.82 64.73 83.66 | 30.09 | 52.70 67.94 84.80 | 3391 | 53.14 67.02 87.38
LMNN_S 2801 | 48.40 64.56 84.16 27.18 | 47.59 63.04 83.57 28.07 | 48.00 64.04 84.04
KISSME_S 30,19 | 52.45 67.62 84.37 | 30.60 | 52.81 67.86 84.03 | 3069 | 53.58 70.26 88.08
LADF_S 2508 | 50.17 | 65.04 82.02 18.65 | 46.27 | 60.33 83.46 25.48 | 51.52 67.65 84.13
PCCAS 2307 | 41.67 | 57.47 83.27 24.04 | 46.79 61.91 83.51 20.78 | 50.12 69.50 85.64
Methods VIPeR—3DPeS i-LIDS—3DPeS CAVIAR— 3DPeS
r=1 r="h = 10 r = 20 r=1 r=>5 = 10 r = 20 r=1 r=>5 r = 10 r = 20
cAMT-DCA | 31.88 | 53.49 | 63.94 | 75.08 | 30.19 | 52.59 | 63.37 | 74.56 | 20.51 | 51.03 | 62.29 | 74.32
LFDA_S 26.85 | 46.18 55.88 66.36 25.41 | 43.75 53.66 65.30 26.48 | 45.49 54.50 65.32
LMNN_S 2693 | 47.04 56.12 66.72 24.43 | 43.20 52.04 63.00 25.72 | 44.57 | 53.94 64.74
KISSME_S 2764 | 47.48 56.14 67.28 25.74 | 45.60 56.35 68.36 26.91 | 46.33 55.52 66.24
LADF_S 12.23 | 32.28 43.32 57.83 11.85 | 28.90 41.05 56.51 6.49 17.84 27.33 42.63
PCCAS 19.67 | 39.70 51.11 63.93 17.03 | 35.72 47.90 63.00 16.53 | 35.31 46.30 61.86
Methods -LIDS — VIPeR CAVIAR—VIPeR 3DPeS— VIPeR
=1 =5 r = 10 r = 20} r=1 r=>55 = 10 r = 20 r=1 r=>5 r = 1 r = 20
cAMT-DCA 67.12 | 81.14 | 22.18 | 50.44 | 64.94 | 80.32 | 21.61 | 50.92 | 66.2T | 81.36
LFDA_S 33.32 4459 8.23 21.11 30.06 43.26 8.64 22.18 33.61 48.10
LMNN_S 34.59 46.30 7.63 20.82 31.20 44.97 6.46 18.23 27.85 40.38
KISSME_S 31.96 4478 9.87 20.00 29.37 41.65 6.87 20.95 29.43 42.94
LADF_S 17.85 28.35 1.08 4.94 9.91 16.71 3.04 11.11 19.68 31.68
PCCAS 23.26 33.30 5.57 13.29 20.57 31.23 5.54 16.77 | 26.71 39.18

Table 3: Matching rate(%): cAMT-DCA vs. single-task methods. '_S’ in-
dicates the single-task methods are learned on source datasets only. Two
sample images (p = 2) are used for each target person.
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atasets
Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

urther evaluation of cCAMT-DCA

Methods VIPeR—i-LIDS 3DPeS—i-LIDS CAVIARSI-LIDS
r=1 r=nh r= 10 r= 20 r=1 r=a = 10 r= 20
CAMT-DCA 33.70 | 54.06 | 67.80 | 81.38 | 33.85 | 57.46 | 60.79 | 81.27
LFDA-Mix _ 59 | 63.96 _ 30.10 | 51.26 | 63.30 | 78.86 | 30.53 | 49.62 | 6239 | 79.03
LMNN-Mix . . 63.57 0. 27.60 | 47.84 | 60.33 | 75.95 | 20.26 | 49.30 | 6223 | 76.17
KISSME-Mix _ r 67.54 _ 26.87 | 45.22 | 58.38 | 7517 | 27.35 | 4465 | 5727 | 73.60
LADF-Mix _ . 52.00 9. 11.67 | 3872 | 5741 | 7600 | 1455 | 3812 | 5256 | 6s8.60
PCCA-Mix . 39 | 62.06 _ 18.02 | 4451 | 61.40 | 78.02 | 2004 | 4574 | 5078 | 74.04
3DPeS S CAVIAR FLIDS SOAVIAR
Methocls = =5 [r=10[r=20 | r=1 [ r=5 [ r=10 [ r=20

cAMT-DCA | 34.39 | 50.84 | 72.63 | 90.67 33.54 | 57.76 | 73.61 | 91.88 | 35.39 | 60.68 | 75.53 | 92.23
LFDA-Mix 32.32 | 53.39 | 65.44 85.22 31.12 50.99 | 65.60 85.64 33.70 | 5366 | 69.41 87.56
LMNN-Mix 27.80 | 49.62 | 65.00 85.17 27.05 46.87 | 62.15 83.45 2704 | 4720 | 62.07 82.55

KISSME-Mix | 32.11 | 53.30 | 67.96 85.80 27.64 45.61 60.50 81.59 30.76 | 50.89 | 67.51 86.65
LADF-Mix 25.85 | 50.85 | 66.59 84.38 25.85 50.85 | 66.59 84.38 3041 | 56.04 | T70.28 88.67
PCCA-Mix 25.63 | 48.43 | 64.26 85.79 24.72 49.69 | 67.73 87.64 26.38 | 52.26 | 69.20 88.01

Methods VIPeR—30DPeS i=LIDS—3DPeS CAVIAR— 3DPeS
r=1 r==4 =10 r=20 r=1 T=20 r=10 | r=20 r = r =0 r = 10 r = 20
cAMT-DCA 31.88 53.49 63.94 T5.08 30.19 52.50 63.37 T4.56 - 51.03 - T4.32
LFDA-Mix 27.38 48, 48 hE.TO 69,59 26,82 48,85 G0.21 T1.79 i 43.43 Rl G6.57
LMNN-Mix 27.44 47.92 5501 69.42 24.92 45.64 55.59 G7.28 20 45.15 55, G7.7TH
KISSME-Mix 28.94 49,82 GGG T1.28 26.31 47.00 59.51 T71.50 . 3081 . 63.26
LADF-Mix 13.13 34.15 47.76 63.35 9.25 27.55 41.86 59.53 20 26.32 a. 54 852
PCCA-Mix 22.39 45.66 hE.18 T1.89 22.36 44.23 56.63 7197 a. . G7.84
i-LIDS — VIPeR CAVIAR—VIPeR
Methods =1 r=5 T = 10 T = 20 r=1 r=5 = 10 r =20
cAMT-DCA 23.39 52.7T5 G7.12 #1.14 22.18 50.44 G4.04 820.32
LFDA-Mix 19.24 45.44 018 TH.25 16.68 40.73 56.61 T2.47 58.23
LMNN-Mix 2.13 21.93 33.45 46.17 T.72 21.17 31.36 46.27 31.30
KISSME-Mix 15.03 35.47 49.34 64.46 9.05 20.66 29.72 39.94 44.15
LADF-Mix 661 21.11 33.58 49.08 G6.30 21.42 33.45 49.15 42 .85

PCCA-Mix 14.34 41.61 56.7T1 T2.37 - - - - 55.60

Table 4: Matching rate(%): ¢cAMT-DCA vs. single-task methods. *-Mix’
indicates the single-task methods are learned on a pooled set of source and
target datasets. Two sample images (p = 2) are used for each target person. 115



Datasets
Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

Two observations:

* Only using source dataset for the chosen metric learning
algorithms often results in better performance than only using
limited target data (except for the case with VIPeR as target

dataset).

* Using the pooled set of source and target data for the chosen
metric learning methods almost performs almost the same as
using only source data and sometimes even worse.
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Datasets

E . t Transfer setting single-task methods
Xpe rl I I Ie n Compared methods
multi-task + domain adaptation methods
Further evaluation of cAMT-DCA

Compared methods: TCA (Pan et al.), TFLDA (Si et al.),
MT-LMNN (Parameswaran et al.), GRLMNN (Yang et al,)

a2 [——TFLOn
L Lo |- a-Tea
- &= MT=LMNN

= = = GPLMNN

T e R e AT - s AL T SN LI S PR OO
: B S SO U SRRSO S 80t
80 - &0
TO0h -
70
Ok om0 B
= = = m .......
% %m RETRRE N T\ S ié
1] ST (SRR ST L Bkl S R R 70 A Il IS - Y
i E?: 50 [ 50
[ =] —+— TFLDA g
£ s0; § g40
£ 40 4
. 2 -a-TCA :
A g m™ i R =
: = &= MT=LMNN = &= MT=LMNN 00 @
30 B o i 1['
- = = GPLMNN - = = GPLMNN
2 i i i i i i -”] i i i i i i
2 4 6 B 10 12 14 16 18 20 2 4 6 B 10 12 14 16 18 20 2
Rank Score Rank Score
(a) VIPeR—i-LIDS (b) 3DPeS—i-LIDS

4 6 B8 W 12 14 16
Rank Score

(c) CAVIAR—-LIDS

20

Figure 5: Matching rates of cAMT-DCA, multi-task methods and domain adaptation methods, with i-LIDS as target dataset. Two

sample images (p = 2) are used for each target person.
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Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

urther evaluation of cCAMT-DCA

With CTDD vs. Without CTDD

Methods VIPeR —i-LIDS 3DPeS—i-LIDS CAVIAR —i-LIDS
r=1 =0 r= 10 r= 20 r= r==5a r =10 r= 20 = r=aua r= 10 r= 20
cAMT-DCA 35.4'?"@ T 72.13 | B4.17 | 33.79 | 5496 67.80 | 81.38 | 33.85 | 57.46 || 69.79 | 81.27
AMT-DCA | 3575 || 57.85 | 70.51 | 84.39 | 3281 | 55.13 | 68.11 | 8053 | 3255 | 53.80 || 66.48 79.80
Methods VIPeR—CAVIAR 3DPeS—CAVIAR -LIDS—CAVIAR
- r=1 ||r=5 r= 10 r= 20 r=1 r==a r =10 r= 2 r=1 r==h r= 10 r= 20
cAMT-DCA | 34.390 || 59.84 | 72.63 | 90.67 | 33.54 | 57.76 | 73.61 | 91.88 | 35.39 | 60.68 | 75.53 | 9223
AMT-DCA | 33.45 || 55.42 | 70.81 89.52 33.14 56.18 | TL.14 91.72 | 33.87 | 5875 | 73.35 | 92.52
Methods VIPeR—3DPeS i-LIDS—3DPeS CAVIAR— 3DPeS
- r=1 r=>5 =10 r= 20 r=1 r==5 =10 r =20 r=1 r=25 = 10 r= 2l
cAMT-DCA | 31.88 | 53.49 | 63.94 | 75.08 | 30.19 | 52.50 | 63.37 | 74.56 | 29.51 | 51.03 ||| 62.20 | 74.32
AMT-DCA | 3048 | 5245 | 62.49 73.72 29,43 51.23 | 62.63 73.66 | 27.59 || 48.26 || 59.16 71.08
Methods i-LIDS—VIPeR CAVIAR—=VIPeR 3DPeS— VIPeR
r=1 =5 =10 r= 20 r=1 rF=n =10 r = 2 r=1 r==5a = 10 r = 2l
cAMT-DCA | 23.30 | 52.75 | 67.12 | 81.14 | 22.18 | 50.44 | 64.94 | 80.32 | 21.61 | 50.92 | 66.27 | 81.36
AMT-DCA | 21.36 | 50.54 | 66.20 81.08 20.35 48.13 | 62.04 77.12 || 20.13 | 49.68 | 65.25 79.11

Table 5: Matching rate(%): With and Without CTDD in cAMT-DCA. The
AMT-DCA is exactly cAMT-DCA without using CTDD. Two sample images
(p = 2) are used for each target person.

D118



Transfer setting single-task methods

EXpe rl m e nt Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

Increase number of target training samples

| p=14 p=4 p=3i
Methods T T T T (71 [ 728 [ =0 720 [ 7=l 7o) [r=W0 =0
CAMT-DCA | 36.63 | 58.72 | 74.12 | 80.04 | 37.00 | 59.00 | 75.32 | 0130 | 30.22 | 61.88 | 76.55 | 80.88
LFDA-Mix | 3273 | 5361 | 6682 | 8478 | 33.72 | 5447 | 6803 | 86.19 | 34.03 | 55.10 | 68.30 | 86.57
LMNN-Mix | 2834 | 4760 | 6225 | 8287 | 2000 | 4798 | 61.53 | 83.05 | 2863 | 4681 | 6157 | 83.21
KISSME-Mix | 3280 | 5858 | 7213 | 8802 | 3397 | 60.62 | 7451 | 92.64 | 3691 | 60.84 | 7492 | 0118
LADF-Mix | 2346 | 5165 | 67.81 | 83.68 | 2076 | 4000 | 67.01 | 87.26 | 26.20 | 56.31 | 72.38 | 88.33
PCCA-Mix | 2768 | 5352 | 68.11 | 87.64 | 2581 | 5486 | 7225 | o015 | 27.03 | 5561 | 71.37 | 80.36
TCA 1910 | 3713 | 5084 | 73.04 | 1968 | 3627 | 4050 | 7796 | 19.05 | 3658 | 5170 | 7440
TFLDA | 1867 | 3343 | 4000 | 7068 | 2005 | 3340 | 4027 | 7094 | 1981 | 3342 | 4876 | 7116
MT-LMNN | 2085 | 52.00 | 6840 | 85.64 | 3092 | 4971 | 6411 | 8455 | 20.00 | 51.05 | 66.22 | 85.90

GPLMNN | 30.04 | 5298 | 6858 | B86.37 | 30.16 | 4951 | 63.63 | 8491 | 2952 | 49.83 | 64.93 | B5.86

Table 6: cAMT-DCA vs. others: matching rate(%) in “VIPeR—CAVIAR”,

with respect to different number p of target training images for each person.
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Transfer Learning

Unsupervised Cross-Dataset Transfer Learning for Person

Re-identification
[DH:D#’:D;!"' 1D§"] = argmin

T—1
> ni{llXe — D Af||% + || Xe — D A — DLAY || 3+

t=1
| Xz — D*A%|[}, + | Xz — D* Ay — DiAS[} +
| X7 — D* Ay — D} A% — DR AL|% +

T 'h"rt ."'\'TT
2
A E E Wt i,j | + A E wT,i,j

t=11i,j=1 i,j=1

st |ldll; < 1, [ldfally < 1, [ldiall; < 1, Vit

i 18 2
|a'T,i — ar; || ;

= =
|ﬁt,i — Q¢ 4

A Dictionary-learning-based model for cross-dataset transfer.

P. Peng, T. Xiang et al., “Unsupervised Cross-Dataset Transfer Learning for Person
Re-identification”, CVPR, 2016
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In real world, there are quite a lot of

imposters, and only a few guys are target
to track

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person
Re-ldentification by One-Shot Group-based Verification. IEEE Transactions on

Pattern Analysis and Machine Intelligence (PAMI), vol. 38, no. 3, pp. 591-606,
2016.




One-Shot Open-World Group-based Re-id

Motivation
;;Liu;'t;i u";f;:

Open-world person
re-identification setting

i
i
1) A large amount of non-target
|

: . 4 ! imposters captured along
et fisioiing k actirgst | with th? target people on the

* ' 2) Their images will also appear

L ( i in the probe set and some of

[ \ them will look visually similar

! [ to the target people

I

| N— Target Probe — |

- = = - : e e s
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a2 e

One-Shot Open-World Group-based Re-id (&;

Knowledge to transter
Enrich intra-class variation

Approximate target intra-inter class pair
(magenta line and green line)

non-target
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a2 e

One-Shot Open-World Group-based Re-id (&;

Knowledge to transter

Enrich inter-class variation

Target specific non-target intra-inter class

pair
(magenta line and line)
C
D

target - non-target
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One-Shot Open-World Group-based Re-id ‘

Knowledge to transfer

5 .
: , B
A o

non-target
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One-Shot Open-World Group-based Re-id (&;

Knowledge to transter

target

D

—_—

non-target

Enrich intra-class variation

Approximate target intra-inter class pair
(magenta line and green line)

Enrich inter-class variation

Target specific non-target intra-inter class
pair

(magenta line and line)

Enrich group separation

Group separation intra-inter class pair
(green line and grev line)
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One-Shot Open-World Group-based Re-id

Enrich intra-class variation

Approximate target intra-inter class pair
(magenta line and green line)

Criterion
g /W =4
I =553 Hdlex) < dxexe)

g t=1 Exlj:xF'xf’}Elﬂlglix!-]

N
T %0, 1 #0, (

DS

t=1 (Xa KX JED, I:K:t:l

T SDS

f:l r:x!.,r _x.«:_gt:lE']:['b (xlj

0

E{d{xs._ Xsf) < d(xs.-. xs”))

0(d(x,, %) < d(x,. }:S})).

>

Enrich inter-class variation

Target specific non-target intra-inter class
pair
(magenta line and

line)

Enrich group separation

Group separation intra-inter class pair
(green line and grev line)
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One-Shot Open-World Group-based Re-id

- Criterion

Similar source person image

fiﬂ f(M) O (xe) = {(x¢;,%s,Xe7)]
Q(Xt,xtj) =1, e, = Us, Yt # Yv,
Z > 0(d(xe,,xs) < d(Xe, X)) 1<t < Nr, Nr+1<t;,s<N}
Ve P=1 (e ixs %01 )€ (1) Source intra-| | Target inter-
+ - ( class class
#'ﬂ'ﬂ + #@b Oq (xt) {{XS Xg's Xg)|9(Xt,Xs) = 1, ygr = ys,
” Yeon #ys, Np+1<s,8 5" <N}
Z Z d(xs,xy) < d(x5,X4))
t=1 (35,3 s 3 )EDa(x¢)
Nt Op(xt) ={(x47,Xs)|g(x¢,x5) = 0, r Ys ,
LBY. Y i) < dixex.)) e e My an ety
t=1 (x,r %z )EOp (x¢)
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One-Shot Open-World Group-based Re-id

- Local Relative Distance Comparison

constraining all the relative
distance comparisons

around the neighbourhood of a
difference dataset

i l\. E i —
Y ﬁ,‘ Dy, (x;) or Dy, (xi)

Fig. 3. Illustration of our local relative comparison. Among the six images,
A and B belong to the same person whilst the other four are of four other
people. See text for more details.

@ 1) Dj.(x;) denotes all the intra-class difference vectors related
to x; within class y;, i.e. Dy, (x;) = {(xq —x;) | yg = i }3

dix:. x.; dix: x _ 0 2) Dy, (x;) denotes all the inter-class difference vectors be-
[' . ‘?} < ( b m:] PP = tween x; and any other image out of class y; but still from

when {}gm — Ki} c _;"q,,-'f'[:};i__ P}, (}{j — };:1-} € T one of the target classes, i.e. Dy, (x;) = {(xq — Xi) | yq #
yi & 1<qg< Nr}:
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One-Shot Open-World Group-based Re-id

Local Modelling: Remained Comparison

a— -
i Il .
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One-Shot Open-World Group-based Re-id

Local Modelling: Remained Comparison

a— -
i Il .
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One-Shot Open-World Group-based Re-id

Local Modelling: Removed Comparison

a— -
i Il .
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One-Shot Open-World Group-based Re-id

ETHZ

Database

Individual Verification

Set Verification

FIR

OI%2[ 1% [ 5% [ 10% [ 20%

[30%

0172 1% [ 5% [ 10% 200307

Including E
Including F

43.07162.54(80.04/87.45|93.58
38.66(59.94/80.28|86.76(92.98
The Proposed|45.13|65.62(83.82/89.86(95.20

96.51]33.25
96.87]30.08
97.67|36.63

46.03
42.60
47.90

60.08
57.98

62.81

68.03|76.08(81.61
63.99|76.38|81.98
71.38/80.42/85.43

L !

CAVIAR

Database

Individual Verification

Set Verification

FIR

OT%] 1% | 5% [ 10%] 20%

[30%

0.1%%[ 1% | 5% [10% |20 [30%

Including E
Including F
The Proposed

14.38|25.45|40.85(49.19|6 167
14.23|23.73|41.06(50.19(63.07
15.45|28.13|40.76(50.78|60.80

70.00
7348
69.99

10.14
9.40
11.65

16.29
16.35
16.74

2543
23.80
29.92

34.19
3213
36.72

46.01|56.80
46.18/55.91
47.53|58.04
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One-Shot Open-World Group-based Re-id

A stochastic gradient algorithm

Algorithm 1: Learning Procedure for t-LRDC model

Data: Dataset {(x;, yt}}i 1 Xi € R”, Maximum lteration P, = > 0
hegin

My +— D11 :

n+— 0

while n < P do

Active Set:

by Egs. (21)-(23);
Gradient Descent:
Compute the gradient matrix Apg by Eq. (27);
Mn-l—] — Mn — Nn - &M: Mn = __}__[;
P'rojection:
Project M, 11 onto ot by Eq. (29)
and obtain M, 11:
.f IIM,, — M, 11][% < « then
break;
md

Compute active sets @g{xi,ﬂj., -ﬂi[xg , 1), 'ﬂ'g(xa, nj;

min f(M) + 4

M>0 2(1-1)
J‘\'f

Zr X

g t=1 (chj Xg,X r}E@ (x¢)

s IMIlE

En(d(x;,Xs) < (e, X))

]
S—_—
#0% + #0;
Nt
t=1 (x\q S }E'Dé (JCE)
N"I'

)

t=1 [xi, ,xs}E'ﬂlgtxt}

On(d(xs, X7 ) < d(x5,Xer))

bh(dlxe o) < dlx x,)

The local

né+—n+l1,

end Compute Active Set| neighbourhood sets

end

Output: M = M, 44

are updated at each
step
D134



One-Shot Open-World Group-based Re-id

Individual Verification

Database CAVIAR VIPeR
FlkK W% T | 2% | 100G [2U00% [ Sl U100 A | 9% [ 10 | 205 | Uk
-LRIC 15.45(28.13|40.76(50.78 |60.80(60.99 23 47 (47.27| 75.41 [86.88 | 98.04 (99,17
t-LRDC(Global) |13.7825.85|39.87 (49.01 |63. 187158 19.63 [39.04/69.25(84.13|96. 17 [98.13
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One-Shot Open-World Group-based Re-id

Individual Verification

Database CAVIAR VIPeR
FTK OTA] TH | 5% |10 [20% [ 3R [U.TR] THh | 5% | 105 [ 205 [ 307
-LRIC 15.45(28.13|40.76(50.78 |60.80(60.99| 23,47 (47.27| 75.41 [86.88 | 98.04 (99,17
t-LRDC(Global) [13.78(25.85|39.87149.01 [63.18(71.58|19.63|39.04|69.25(84.13|96.17|98.13
t-RDC 14.08)24.40139.30|49. 13 |63.59(T1.82 (1938 (40.72| T3, 18| B8. 42|97 85|98.71
t-RankSVM | 10.64(20.90)35.67 [45.50)57.83(68.23|22.73[45.95|76.12|89.44|97.56(98.99
-RDC-PCA  |12.45(23.38|36.55(45.43|57.65(66.49| 15.79(24.73|40.03|54.54|7a6.71 |83.61
t-RankSVM-PCA (12,41 20000(33.37|42.23|55.73|63.98| 17.53|21.60{34.38(44. 12 {68.77|7T9.58
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One-Shot Open-World Group-based Re-id

Individual Verification

Database CAVIAR VIPeR
FlkK L% T | 5% | 100G [2U00% [ Sl [U 100 1 | 9% [ 1% | 205 | U
-LRIC 15.45(28.13|40.76(50.78 |60.80( 6099 23,47 (47.27| 75.41 [86.88 | 98.04 (99,17
t-LRDC(Global) |13.7825.85|39.87 (49.01 |63. 187158 19.63 [39.04/69.25(84.13|96. 17 [98.13
t-RDC 14.08)24.40139.30|49.13 |63.59(T1.82 (1938 (40.72| T3, 18| B8. 42|97 85|98.71
t-RankSVM | 10.64|20.90(35.67 [45.50(57.83|68.23|22.73|45.95|76. 12| B9.44 |97 .86 (98.99
-RDC-PCA  |12.45(23.38|36.55(45.43|57.65(66.49| 15.79(24.73|40.03|54.54|76.71 |83.61
t-RankSVM-PCA [12.41|120.00{33.37|42.23(55.73|63.958(17.53|21.60| 3438 [44.12|68.77|T9.58

RDC [50] 14.61|23.40|37 32(47.08|59.40(69.15|19.27(43.98|77.95(88.62 | 96.00|99.59
RankSVM [31] | 6.33 |16.64|31.43|42.04|56.25)64.13(20.27144.97[T7.41|89.16(96.70| 100
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One-Shot Open-World Group-based Re-id

Individual Verification

Database CAVIAR VIPeR
FIK ] 1o | 5% | TG [ 200540 [ a6 (UL 1% U | 2% | 100 [ 20050 [ 3005
-LRIC 15.45(28.13|40.76(50.78 |60.80(60.99| 23,47 (47.27| 75.41 [86.88 | 98.04 (99,17
t-LRDC(Global ) [13.78[25.85|39.87149.01 [63.18(71.58|19.63|39.04|69.25(84.13|96.17|98.13
t-RDC 14.08|24.40139.30|49.13 |63.59(T1.82( 1938 (40.72| T3, 18| B8. 42|97 85| 98.71
t-RankSVM | 10.64(20.90)35.67 [45.50)57.83(68.23|22.73[45.95|76.12|89.44|97.56(98.99
-RDC-PCA  |12.45(23.38|36.55(45.43|57.65(66.49| 15.79(24.73|40.03|54.54|7a6.71 |85.61
t-RankSVM-PCA [12.41{20000{33.37|42.23|55.73|63.98| 17.53|21.60{34.38(44. 12 {68.77|79.58
RDC [50] 14.61|23.40137.32|47.08|39.40(60.15(19.27(43.98| 77.95| 83.62 | 96.(0|99. 59
RankSVM [31] | 6.33 |16.64|31.453|42.04|56.25)64.13(20.27144.97[T7.41|89.16(96.70| 100
OCSVM [33] [ L85 256 (575 |11L.04[22.99(33.12{16.66(16.69)17.1220.68|26.03 | 36.62
EISSME [17] [13.40)23.60)33.96|43.45|34.47|64.25(16.93(29.97 (68.92| 79.80)93.50|98.73
LMNN [42] |13.75(23.01(36.50(43.65(54.69|63.22|17.11|21.98|41.73|35.23(75.51(384.26
LDM [44] 0.48 [17.65|29.86(39.72|533.96(62.74|16.76(18.54|33.18(50.81 |65.42[81.82
LADF [22 6.04 [17.63|138.19(49.72163.46( 7T4.8 |15.59(27.43|68.40(84.37|99.41 | 1040
LFDA [29] | 9.39 [16.15(27.20(36.37 |47.15|56.54| 16.66| 20.54| 28.65 (41 42 (56.89(67.06
Salience [46] [|13.45)24.05|34.99|43.53|52.63(59.45(16.67(16.84] 17.81 ) 19.03| 25.46| 35,32
L1-norm 13.57(24.27|35.95(44.93|53.54|62.83|16.96|21.13|38.11 [46.94|63.45(76.55
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One-Shot Open-World Group-based Re-id

Individual Verification

Database -LIDS ETHZ
FTR D.1%[ 1% | 5% [10% [200% [ 3006 [0.1%:] 1% | 5% | 1T0% | 20% | 30%
LR 4 5E 3034836 [6 1.6 [T 5TTRT.65]45 1365 62 E3. BI[ 80 Ba 0. Z0197.67
t-LEDC{Global ) [13.45)30.94 |47 356 1.07 [To.66(87.30(42.22|62.72| 79.95| 86.60[92.45 (96.59
t-RDC 1678 S0 0R[45 3T{3T 1Z[TL0T[R1.07 |54 14|Te. 20| B8.07|01.01[96. 02|95 38
t-RankSVM 143127124206 (55 10{70.86| T7.31|50.49|74.70(87.82(92.72 | 96.60|99.09
RDC-PCA - [T0E5[24.409(39. 530949 64 [63. 57 TODI42 536157 [ Te. 2382, /6 [89.54 |9 194
t-RankSVM-PCA| 7.44 [17.06[36.76|46.76|60.31| 70.05|35.13|55.75(74.98(81.72|87.54|91.36
D [50] 15,16 280444 80|57 537089090955 16 /507 |81 30| 916795, 169/ .63
RankSVM [31] |12.09|23.66(40.97 [56.07 [69.26(77.76|47 87|72.40|86.62|91.56|95.96 (98.82
OCSVM [33] [600[ 634 [T1L78|T7. 828593625 056 [ 223 (116218536258, 11]35.11
EISSME [17] [11.77]25.46)36.74|44.92|61.00|67.79(46.49(61.21|76.31|85.33|93.06|96.94
LMNN [42] | 8.61 [20.81(41.43(49.92|58.00|68.85|41.80|58.65(75.43(82.59(90.74|93.43
LDM [44] 8.51 | 18.24(39.08 [45.80(61.65(72.96)|29.76|49. 80| 69.37| T8.05| 86.01 [90.83
LADF [22 1.86 | 20.72(39.88 [53.80(69.29( 79.89)|20.23|533. 14| T6.67| 85.86|93.67 [96.42
LFDA [29] | 7.22 [13.43[24.72|35.47 |50.11)63.74|27 49[43.95(60.96(73.52|54.83|89.23
Salience [46] | 6.00] 6.10 | 8.07 |11.81|20.40|20.48(26.87 [44.76|55.85|63.09|71.80|79.92
L.1-norm 8.42 119.90(43 50(53.22 (60.53{69.29142.39|60.47| 77.45| 84 45|89.52(92.97

P 139



When Clothing Change?
Bad Lighting?




Depth RE-ID

- Depth-based Re-identification pointcloud Point cloud Paint cloud

& skeleton of torso & normals
F - Normals £
estimation

Segment

Within-patch Between-patch
Measure | covariance covariance
links of jointsv v v
Skeletal feature Eigen-depth Eigen-depth
within patch hetween patch
1 |
Fusion Y
In these cases, appearance cues are not reliable. Combined feature

Ancong Wu, Wei-Shi Zheng*, and Jian-Huang Lai. Depth-based Person Re-identification.
Asian Conference on Pattern Recognition, 2015, oral.

Ancong Wu, Wei-Shi Zheng*, and Jian-Huang Lai. Robust Depth-based Person Re-
identification. Submitted to IEEE Transactions on Image Processing, 2016. (Minor Revision)
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Which Body Part is Important

The Integrated Matching Scheme (IMS):(i1sBA 2015)

“Towards More Reliable Matching for Person Re-identification”

- — —1 ——————————— I sl 90
‘ Regulated by TO}-=
——
— Confidence =
= i‘ ® 80 7 70}
- ) B
L __ = & sof i
Whole Body £, g [
! b}
Matching Matching Yl x 50

Fusion 2
33 T PTTTTTITITITIONT Th
1 5 10
Rank Score Rank Score

(a) VIPeR (b) 1-LIDS

Regulated by

Confidence

our method
—e—{iM5-LFDA
== LFDA
—— LMK
———KISSME
L ] I ==L 1=-norm
The upper-body is superior to other body parts : e
50r 75 70 -up-p-er—b-n-d;.f I SRC
lower—body I
_ —llefi-body
o 45 o 65 o B ighi-body ||
- > = 60
= = = |
40f 55 I
|
3 VIPeR 4 —LIDS >0 3DPES I ' 142



Depth RE-ID

Depth-based Re-identification
. Within-patch Covariance

m

Oy= Z(fu—ul (f1i — 1) 7,

m—l

where g 1s the mean ot the feature vectors of R;.

. Between-patch Covariance

m

mn ZZ fri — f25)(fri — fzj) ;

i=1 j=1

+ Eigen-depth feature

x, = [In), 1 In)y 5 ... In),6]"

Eigen-depth feature is rotation invariant.
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Depth RE-ID

Depth-based Re-identification

|2 = dist(Cy,CY)

Theorem

| X2 — X

6
dist(Cy,CY) = J Z In2X(C1,CY)

k=1

Extracting Eigen-depth feature converts covariance matrices on

Riemannian manifold to feature vectors in Euclidean space.
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Depth RE-ID

IAS-LA
AND R/

METHOD!
Fig. 10. Examples
captured from multip)
changed clothes and
environment.

Training

Probe
Setting
Rank
RGB-bas

T.OMO |
PAVIS AND
EX

" Dataset |
PAVIS |
TAS-Lab |
RGBD-ID
*The experimel

DVCov+
ED
ED+SKI

USING DIFFERENT METRICS (%).

3DPES AND CAVIAR4REID: EVALUATION OF THE TRANSFERRED DEPT

Dataset 3DPeS CAVIAR4REID
Rank 1 2 3 4 5 1 2 3 4 5
TED 16.0 | 21.7 | 26.4 | 29.0 | 32.1 | 27.8 | 35.2 | 39.7 | 43.6 | 46.8
D-CCA 6.5 [11.0|15.0|17.8|20.5(24.2(31.9(36.6|40.1|42.9
D-SPA 27 (4516417519057 (9.2 (11.8|14.7|17.9
LFDA metric

ELF18 30.3(40.5(46.4|151.5)|55.3|32.6(42.9(49.6|55.2|59.0
ELF18+TED 34.7 | 45.2 | 51.3 (56.5 | 60.0 | 37.0 | 45.8 | 52.0 | 56.9 | 60.8
ELF18+D-CCA|30.0 (40.5(47.2|52.7|56.7|35.7|44.0|48.9|53.3|56.6
ELF18+D-SPA [30.3|40.5|47.1|51.5|55.6(32.2|41.9|47.6|53.0(57.5
LOMO 41.4(53.4|160.4|164.3|68.0|40.2|50.1|56.7|61.8|65.6
LOMO+TED |[43.8|54.9|61.2|65.7 |68.8 |42.2|51.4|56.9|62.1 | 65.7
LOMO+D-CCA|[41.2|52.859.6 |64.0|67.2(40.9|49.3|54.9|59.5(63.3
LOMO+D-SPA [40.2|51.8|59.2 |63.8|66.9 |38.8|47.9|53.8(59.0(62.7
MLAPG metric

ELF18 355(47.1(54.2|59.1|62.8|34.5[46.4(54.0|60.0]|65.1
ELF18+TED 38.6 | 49.7 | 56.6 | 61.8 | 65.1 | 38.5 | 49.3 | 55.7 | 60.8 | 65.7
ELF18+D-CCA[33.9|459|52.3|57.5|61.6(36.9|46.1|52.1]|56.8|60.3
ELF18+D-SPA [34.5|46.7|53.3|59.1|62.9(34.2|45.0|52.2|58.4(62.5
LOMO 47.1|58.5{64.5(68.5(71.7|40.6|51.8(59.4|65.2|69.4
LOMO+TED |[48.4|58.7|64.6|68.8|72.042.8|52.9|59.8|65.3|69.6
LOMO+D-CCA|43.7|55.2|62.3|66.5|69.7 |41.6|50.0|56.3 | 60.9 | 64.8
LOMO+D-SPA [44.3|55.8|62.3|66.5|69.3(39.0|48.8|55.3|60.9(65.2
KISSME metric

ELF18 32.4142.848.9(53.5(57.0|33.3|42.6|48.7|53.5|57.7
ELF18+TED 35.3|45.4(52.1(56.7 |59.8|36.3|45.6 |50.9 | 55.3|59.5
ELF18+D-CCA [32.6|42.6|49.7 |54.4|57.8(35.9|43.7|48.4|52.8|56.0
ELF18+D-SPA [32.4|42.6|48.5|53.5|57.0(33.1|42.1|47.8|52.4|56.7
LOMO 44.3|54.6 [61.3(65.2(68.7|42.7|52.7|59.4|64.3|69.0
LOMO+TED [45.2|55.3|61.6|65.8|69.5(43.3|53.2|59.9|64.5|69.0
LOMO+D-CCA|[43.3|54.3|61.2|65.3|68.942.4|51.8|58.1|62.9|66.9
LOMO+D-SPA [44.1 |54.5|60.7 |65.2 |68.9 |41.9|51.3|57.8|62.9|67.2

RANK-
JPOSED |
EATURES

-shot
[ 3

[179.90
JNS WITH

n “Walking1”.

L SKL
28.6
22.5

55.5
ts in previous

30.42
79.86
91.21

ilking2” in PAVIS. Most
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Depth (Identification/ Re-identification)

5
e Point dloud Point cloud Point cloud

& skeleton of terso

& normals

Normals

RAM Timestep (t)

¢ Segment estimation
skeleton {ﬁ\
| Within-patch Between-patch
Measure covariance covariance
Attention in the Dark: A Recurrent Attention Model for Person inks of joints v (]
Identification, by Albert Haque Alexandre Alahi Li Fei-Fei @ CVPR 2016 Eigen-depth Eigen-depth
within patch between patch
Input Glimpse Encoder Core RAM Unit Fusionvly J
I Yt v H _I ' I — ! | Combined feature |
! g ;': Action Network ~
4 1 flheby) Y
m—> CNN & LST™M s Depth-based Person Re-
Location Network identification, by Ancong
i ] f(hl,<0€) —> P11 . .
7 k) : Wu , Wei-Shi Zheng* , and
R e T e Jian-Huang Lai, ACPR
b —ni 2015. Journal Version
; '/" ,"' Action Network N Su bm Itted
: K (4 | flhse) [ Yt
5 i 3
N Location Network L oo
. fhig1;6e) "
/// px, @r1) L V |
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Outline

Brief Introduction of ML for Biometrics

ML for Person Re-identification
# Distance Metric Learning

#» View Change Invariant Features

¢ Partial Re-1d

» Low Resolution

¢ Video-based Re-1d

¢ Cross Scenario Transfer

#» Open-world Modelling

#» Depth Re-1dentification

Summary
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Summary

Cross-scenario
RE-ID
(TCSVT 2016)

Relative
Distance
Comparison

(TPAMI 2013,
CVPR2011)

Depth RE-ID
(ACPR2015, TIP Minor)

Multi-scale
Method

(ICCV2015)

RE-ID Specific Distance Metric Learning

i

i

RE-ID

(TPAMI 2016/CVPR
2012)

OPEN-WOLRD

Partial RE-ID‘
(ICCV2015)

0

i

DEEP RE-

ID
(WACV2016

TPAMI Minor)

Video-based
RREID

(CVPR2016/PR2011)
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Summary

Some thoughts of RE-ID

R e a2

Not just a topic about image-image recognition

Not just about a conventional classification problem
Not just about a conventional retrieval problem
Not just a machine learning task

Interaction with operators: Human in the loop
Long-term .........

Unsupervised Learning

How to select the person you want to track?

O Activity/action of our works: ICCV 2013, CVPR 2015, ECCV
2016, TIP 2015 (small group, early prediction, RGB-D)
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MORE INFO.

VISITING MY HOME PAGE

http://lisee.sysu.edu.cn/~zhwshi

_http:llisee.sysu.edu.cn

EMAIL ME: wszheng@ieee. org
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