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Person Re-identification

Matching, Tracking

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

Camera Network
Understanding
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Person Re-identification: Challenges

2 Some Main Variations

Ps



Recent Development & Question

0 Pose-guided, Local, Attention-based, GAN-based, ......
[a ppt: https://share.welyun.com/5VPtcZa]

2 What should we do? | would guess we will soon have
99% matching rate this year or early next year on
benchmarks

-—

Market-1501  Harmonious Attention Network 91.2 5.7 Single query
for Person Re-ldentification

93.8 82.8 Multiple

queries 0 The state-of-the-art performance (Rank-1):
DukeMTMC  Learning Discriminative Features 88.7 78.4
with Multiple Granularities for
Hiefson Rexidefcanon CVPR 2018  82.3(65.8)  80.2 93.2

O Have we already solved it?

Do


https://share.weiyun.com/5VPtcZa

My Today’s Focus

2 Tell less about performance

2 Aim to tell something of my understanding
about Re-ID
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1. Unsupervised Person Re-id?
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Unsupervised Re-ID

m Existing works mainly focus on supervised models

m  Scalability of supervised models
+ Require guantities of labelled data across views
+ Manually labelling not very reliable
+ Prohibitive time and money cost

* ...

m Unsupervised Re-ID to help solve this problem

+ Feature Representation Learning
« Hand-crafted
« Sparse/dictionary learning

 CCA
* transfer
N T —TE T —
L H ow tO p e rfo rm Market-1501  Harmonious Attention Network 91.2 17557 Single query
How to explicitly effective deep for Person Re-dentiicaton 938 88  Muliple
5 0 . queries
quan tl fy Cross-view learning for DukeMTMC  Leaming Discriminative Features 887 784
matching? unsupervised re- Person Ro-centfcaton

id?
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Deep Unsupervised Person Re-id

2 Unsupervised Deep Learning

o DEep Clustering-based Asymmetric MEtric Learnmg
(DECAMEL)

Camera -1 Camera-2

: . : Oy A A
] : | : 1
| Il vlr{ ] , wll
| i ’J | 7N s i
(1% SO 4 ri = (a) Feature representation distribution
bias 1
————p———p—=—-
et chee Probe Ranking list Probe Ranking list L veut
1 1 1 O View2
|- SiSl=s=ais s = =in ol | Pguey | T Wrongmath  Correct maten IQ uery 1 I Correctmatch  Wrong matc h 1
L & 05
| Viewpoint | Profile | Back | i
|
I Mumination! Bright 1 park | ®:==® | Rank-2 "
b Gecusion wes 1 o m ’{i ,"I ( " of A
| Occlusion | es | o Rank-3 J _Jl J hl ;.. I, £
_____________

floss = f-intra + )\fconsistency + "chonstra.int

15 A 05 0 05 1 15

K
1 : sing symmetric metric
:NZZHUB;X:;_C};HQ—F)\E U, — U, |7 (b Using symmetrie met
k:leCk w,w \
v

+4 > USBUN- I3

v=1

Cross-view consistency
Asymmetric metric clustering regularization

Hong-Xing Yu, Ancong Wu, Wei-Shi Zheng(PIl)*. Unsupervised Person Re-
identification by Asymmetric Metric Embedding. In IEEE IEEE Transactions 4
on Pattern Analysis and Machine Intelligence (TPAMI), 2019.

-1 05 0 05 1

(c) Using asymmetric metric
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Camera-1

Asymmetric Metric Learning

N\
(el b o —|U”\‘Uﬂ e

= UP U’q
min f fcross + ﬂfmtra |“J§<%(

o opt EEA
foross = Z Z DY WU - U ‘sz

p=lg=p+li=l j=I
N nf n?

fom= Y. Y WP UPTR! —UPTR .

p=li=1 j=I

Captured Images Extracted Features

Learning universal Learning view-specific

feature transformation feature transformation

Yingcong Chen, Xiatian Zhu, Wei-Shi Zheng*, and Jian-Huang Lai. Person Re-Identification by Camera

Correlation Aware Feature Augmentation. IEEE Trans. on Pattern Analysis and Machine Intelligence (PAMI),
2017.

Science in China 2018
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Asymmetric Metric for Re-1D

d(xi, x;) = /(i — ;) TM (23 — ;)

T T
= ||U" xi — U x|,
transformation for different

camera views ‘

Learn different feature

{ma,p} {zd,q}) = ||U"" a?
U? + U?

Non-negativity Symmetry d({z?,p}, {=,q})

Triangle Inequality

HUrT
T
U™ 2y, —

Coincidence

b‘{fﬂzp

UqT l|i'||2 {
Uzl + [[U7Ta? -

DW\T;I:‘T

U 1.

UPT gp

lwr-u9z |

UqTa:?Hg

d({z?,p},{z%,q}) = 0

[UPTa? — U,
||U‘?T:c" UPT;L*PHQ
d({=?,q}, {27, p}),

Ut 4
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Deep Unsupervised Person Re-id

0 Deep Asymmetric Clustering

o DEep Clustering-based Asymmetric MEtric Learnmg
(DECAMEL)

Camera -1 Camera-2

: II'I vlr{ ?E E?
’|‘ 'L[’J | I :\_ 4

jm————r——- ey bias — bias <+ 1
Cdme) a-1 Cdmera 2| Probe Ranking list Probe Ranking list
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|- | | 1 @ =@ | Rank-1 Q\\ ery Wrol gm( ch  Correct match Query Correct match ~ Wrong mat h
I Mumination! Bright 1 Dark

| Viewpoint | Profile | Back | :- 05
| S : : ! k : ©®:==® | Rank-2 i ilv 1,1 i (3 '/

3 S 1 1 | i
1 Occlusion I Yes I No Rank-3 f _!“ J hl y A2 I‘_ 0

[ S g ——————
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(a) Feature representation distribution

floss = f-intra + )\fconsistency + "chonstra.int

15 A 05 0 05 1 15

K
1 : sing symmetric metric
:NZZHUB;X:;_C};HQ—F)\E U, — U, |7 (b Using symmetrie met
k:leCk w,w \
v

T 2
R ZHU% 2 U\ 1p, Cross-view consistency

v=1 . . . i i
Asymmetric metric clustering regularization

Hong-Xing Yu, Ancong Wu, Wei-Shi Zheng(PIl)*. Unsupervised Person Re-
identification by Asymmetric Metric Embedding. In IEEE IEEE Transactions e
on Pattern Ana'ySIS and MaChIne |nte||lgenCe (TPAMI), 2019 (c) Using asymmetric metric
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Deep Unsupervised Person Re-id

2 Unsupervised Deep Learning
o Challenge: How to optimize unsupervised deep model?

————————————————————————————————————————————————————————————— Algorithm 1: DECAMEL

Input : The training images M. the deep feature extractor f(-; @)

M, feature network X4 metric layer A® A training/testing Training:

U [ ] 2 Merric initializarion:

/
I I
| I
| . A ' - U
I i A A X, U‘ll-xl A » UTX | 3 Extract feature representations using f to obtain tl}s initial feature set X'
[ ﬁ 11 | Conduct k-means clustering in X" to obtain {cg }_, and to initialize H
1 ) A A I according to Eq. (12) and (13).
I
; |
I I
| I
I I
| I
1

P

5 Fix H and solve the eigen-decomposition problem described by Eq. (23) and
(24) to construct U

L2 distance

Camera 2 M
Z (as below)

T T 6 t < 1 where ¢ denotes each step in the following loop.
UZXZ.A L A UZXZ 7 while {f.fbj} not converged do
U2 o Alternate fixing I and H while optimizing the other.

\ e t+ t+1.

PR ===y e e e e e e T T T T L L TS s end
! traini \' 9 Decompose U to obtain {UT_.},‘le.
! L armng I 10 Initialize the deep framework g(-, -; @, {Uy}Y_,) using © and {Un}Y_,.
: A.A A A " 11 End-to-end joint learning:
| 0.0 more compact [ ] I 12 Update {cg}/_, from H according to Eq. (12) and (13).
, A A L) % ) 13 while maximum iteration not reached do
: cluster with : v _ ) -

A - . e Update ® and {U,},;_, by performing SGD using the gradients in

1 A oA A ® asymmetric metric ! Eq. (25). (26) and i
I i I
I .A [ ] .A optimize fi,ss * L P A d(xq,X;) = ||fo1 - U£x2||2 I o Update {cx}/, while fixing © and {U, }}_,.
I | 14 end
: .A o A A I 15 Testing:
\ / 16 Given two testing images {M;, v; } and {M, v; }. the distance/dissimilarity is

T - - - - = - = - - - = - - - computed by [|g(M;, vi) — g(M, v;)]]2.

(1) Metric initialization by the (2) End-to-end joint feature-metric
linear Clustering-based Asymmetric learning by any gradient based method
Metric Learning (CAMEL) e.g. SGD

p17



Deep Unsupervised Person Re-id

0 CAMEL: Metric initialization
o Clustering-based Asymmetric MEtric Learning Z“*
(CAMEL) 1 el
\ Projected by U: E (a) Original Feature Distribution
i ? Il THAN | B
Camera 1 ‘ yﬁ;{ ﬂ : :. 3 * A ! . A 05
* * ' Aj;

Clustering f
/ : 'jj’lp -3
U , WA
/ l’ !l x Projected by U- R

Camera-2 Original Space Shared Space

(b) Middle Stage of CAMEL

K
. 1
TR For = =37 S [UTTRE — exl® + 2D IUT - Ul

k=11i€Cy, P#q
s.t. UPTEPUP =1 @: 13 sV)s

Hong-Xing Yu, Ancong Wu, Wei-Shi Zheng*. Cross-view Asymmetric Metric
Learning for Unsupervised Person Re-identification. In IEEE Conf. on Computer
Vision (ICCV), 2017.

(c) Convergence Stage of CAMEL
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Deep Unsuperviseo

2 Theoretical insight

Bound the
Cross-view consistency |:> Coincidence
regularization B anc

' y

Person Re-id

Remark 1: Cross-view Consistency Regularization for
the Metric. We note that although asymmetric metric learn-
ing has been successfully applied in supervised Re-ID [3],
[28], it 1s a pseudo metric rather than a strict metric [28],
because it may not meet the coincidence property: given
two identical feature vectors x; and x; (X; = X;) from
different camera views v; and v;, the asymmetric metric may
not guarantee d(x;.x;) = 0. In this aspect, the cross-view
consistency regularization plays a role to control an upper
bound of coincidence discrepancy. In fact, according to the
Cauchy Inequality, we have

T T T T
d(xi.x;j) = Uy, xi — U, X2 = || Uy, xi — U, Xi|2

(8)
< [xill2 - |Us; — Uy, ||r.

The cross-view consistency regularization controls ||U,,, —
U,,||r which is a scaled upper bound of the coincidence
discrepancy. Thus, it makes the learned asymmetric metric
more mathematically principled and rigorous.

Share know-
—> ledge for the

End-to-end learning with
the asymmetric metric

feature learning

Remark 2: Explanation for Deep Metric Embedding. We
can see from Eq. (25), (26) and (27) that, the sample gradient
flows over the whole network, while the metric gradient only
flows to the metric. However, the metric is actually embedded
into the sample gradient: according to the chain rule, the
sample gradient for the feature extractor parameter @ is

Oftoss  Ofioss Of(M:©®)  Ofposs Of(M: ©)
00  Of(M;©) 00 9x R}
_ Dfioss UL x Of(M: ©) (28)
 OUTx  ox 7lC)
0f(M; ©)
= 20U x — Ul L)
(U, x — ci)U, 70

Thus, the metric U@T is back-propagated to the whole
network. As we will see in Sec. 4.2, the jointly learned
feature bears resemblance to the metric. Furthermore, we
will also see in Sec. 5.4.3 that this improves the cross-view
discriminability of the feature. These observations seem like
the metric is being “embedded™ into the feature, and thus we
refer to it as the “deep metric embedding™.

P19




Deep Unsupervised Person Re-id

O Superiority of asymmetric metric

15 1 1 a5
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A (2\0 0 Dy
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Deep Unsupervised Person Re-id

a Superiority of asymmetric metric: Comparison
to the state of the art

Comparison with related unsupervised models: single-shot ("single”) and multi-shot (“multi”) rank-1 matching rate and MAP in percentage. In each
column, the best is indicated in red and the second in blue.

Dataset VIPeR CUHKO1I CUHKO1 CUHKO03 CUHKO3 SYSU SYSU Market ExMarket MSMT17
Measure single single multi single multi single multi multifMAP)  multitMAP)  multitMAP)
DIC [48] 29.94 49.31 52.85 27.38 36.51 21.28 28.56  50.21(22.68) 52.18(21.19)  22.81(7.01)
ISR [46] 27.53 53.17 55.66 31.13 38.50 23.16  33.77  40.32(14.27)  42.99(15.74)  21.50(6.10)
RKSL [47] 25.76 45.41 50.13 25.79 34.75 17.64  23.01  33.97(11.03)  34.86(10.40) 15.41(4.30)
SAE [83] 20.70 45.33 49.94 21.18 30.51 18.02 2415  42.40(16.23)  43.97(15.10) 19.29(5.50)
ISTL [32] 25.73 46.26 50.61 24.66 33.15 19.92 2559  44.69(18.36) 46.41(16.68)  21.24(6.05)
AML [54] 23.10 46.78 51.14 22.19 31.41 20.88 26,39 44.71(18.36)  46.20016.22)  21.16(6.08)
UsNCA [55] | 24.27 47.01 51.70 19.76 29.59 21.07 27.18  45.22(18.91)  47.03(16.91)  22.01(6.53)
DECAMEL 34.15 65.81 69.00 38.27 45.82 36.14 4390 60.24(32.44) 62.98(33.28)  30.34(11.13)

2 Superiority of asymmetric metric: Comparison
to the symmetric model

Dataset CUHKO1 CUHKO0O3 SYSU  Market ExMarket MSMTI17
Measure single single single multtMAP) multat(MAP)  mulu(MAP)
DECMEL 35.95 27.86 25.38  49.94(23.15) 53.00026.53) 23.88(8.01)
DECAMEL 65.81 38.27 36.14 60.24(32.44) 62.98(33.28) 30.34(11.13)



Deep Unsupervised Person Re-id

2 Challenge for asymmetric learning

o Generalization to unseen views

o Computation grows quickly with more views
2 View Clustering (VC)

Algorithm 2: DECAMEL with View Clustering

L

Input: The training images M. the deep feature extractor f(-; ®)
Training:
Compute the view representations {‘U\.q_.}}:,’:l by Eq. (30).
Conduct k-means clustering in {wt,}:f’:l to obtain the cluster separation
B; = {v|w, € j-th cluster}.
For each image M in the training set. reassign a view label v; < j where
v; € Bj toit. So we now have 1 < v; < J (the number of view clusters).
Feed M’ = {I\/I1 v} } to Algorithm 1 to train a deep framework

9(- O, {U;}_,).
Use the learned te iture extractor g(+; @) to compute view prototypes/centroids
{b;}7_,

Testing for an unseen view wu:

Extract the view representation w,, using the learned feature extractor g(-; ).

Ass?gn this view to a view prototype j where j = arg min; lww. — bjl2.
Assign a view label j to all testing images from this view.
Follow the testing procedure in Algorithm 1.

View distance

—t

dy (View,, View,)?* = =(|my, —m, |3+ |low —o.][3)

I.\..J

J_L View representation

T]T

T
w, = [m,,o,

J_L View clustering

J
: 1 2
min foe = T E E |lwo — bj|3,
i=1veB,

{b;}I_,

D22



Deep Unsupervised Person Re-id

2 View-extendable setting for Re-ID

TABLE 10 p ET—————
Comparative results in the view-extendable setting. The performances
of Rank-1 accuracy (MAP) are only of all the unseen views (see the
text in Sec. 5.5). i
Method AML Dic DECAMELv 7l G DECANEL (e xionaabi ssing]
Market-1501  41.57(15.01)  43.82(18.19)  56.50(29.99) —PrenMEcanenions R ectine)
MSMT17 19.77(5.87)  21.04(6.00) 26.42(8.75)

raining views for DECAMEL,
Fig. 10. Performances of DECAMELy  in the view-extendable setting
in the MSMT17 dataset. We fix J = 10.

0 Computation-efficient and also effective

Complexity of metric initialization: L saatd
w/o VC: O((Vd)"3), V the # views
w/ VC: O((Jd)*3), J user-defined

.Q.DECAMELWC

(i.e. constant) —pecaue
Method Dic [43] ISR [46] DECAMEL Figure S 1. DECAMEL Initialized with View Clustering (DECAMEL )
Training/Testing Time 35.2h/0.02s -/98.0s 5.6h/0.02s affecting the performance in the MSMT17 dataset. .J denotes the num-
ber of view clusters.
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2. How to match heterogeneous
person images across camera views?

P24



Person Re-ID vs. Cross-Modality

2 Matching between Heterogeneous Images

4\61 RGB camera RGB camera IR camera
“¥*  in the day in the night in the night

P25



RGB-Infrared Re-ID

2 Cross-Modality Learning: RGB-IR Re-ID
o Deep zero-padding

' Domainl-
=> : Domainl specific nodes
___________________ vin
Ir Mix together as one- : : p Ut
\ stream network input , : SharEd I"IDdES
Convertjpn : : ﬂ. E
togra i : ‘ : ZEI’D . -y . T . |
u—'!:m' B il—addmg | bvector U t-n TN\ Tt T\ < Domain2-
zel \ : - Nl o == - -] .
paddirk | : ; ) specific nodes
! i E ! Domain1-
RGB image ! RGB- spe:lfu: IR-: spe:lf‘c 1 IR image 1 S | .
(3 channels) | z(er zer padd : (1 channel) H Zero i-i SPECIflc nUdES
| (2 channels) (2 channels) 1s) ] ! i
| vector

Shared nodes

Domain2-
specific nodes

Figure 6. Deep zerp-padding for RGB and infrared (IR) images. |
' Domain2
' input

Ancong Wu, Wei-Shi Zheng*(Pl), Hong-Xing Yu, Shaogang Gong, Jianhuang Lai. RGB-Infrared
Cross-Modality Person Re-Identification. In IEEE Conf. on Computer Vision (ICCV), 2017.
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RGB-Infrared Re-ID
2 Cross-Modality Learning: RGB-IR Re-ID

h
o

§5 [ ' | ' | ——No zero-padding (strict)
€145 - - - No zero-padding (loose)
E § | —— Deep zero-padding (strict)
= S 10 - = =Deep zero-padding (loose)
2% s L '
CIE. % 0 1 | — |:.‘.‘- = | —

2 4 6 8 10 12 14 16 18

Layer#

Figure 8. Relation between proportion of domain-specific nodes
and layer depth. The x-axis denotes layer depth from bottom to top
of the network, and the y-axis denotes the proportion of domain-

specific nodes. The strict threshold is 7' = 0.01 std(z\") and the
loose threshold is 7" = 0.05 Std(:cf)) (std(:c,?)) is the standard
deviation of the output of the ¢-th node in layer [). Generally, the
proportion of domain-specific nodes using deep zero-padding is
higher than that without zero-padding.
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RGB-Infrared Re-ID

2 Cross-Modality Learning: RGB-IR Re-ID
o SYSU RGB-IR Re-ID Dataset

All-search Indoor-search
Feature Metric Single-shot Multi-shot Single-shot Multi-shot
rl rl0 120 | mAP | rl rl0 20 | mAP rl rl0 20 | mAP | rl rl0 120 | mAP
One-stream network

. Euclidean | 14.80 54.12 71.33 (1595 |19.13 61.40 78.41 |10.89 ||20.58 68.38 85.79 |26.92 |24.43 75.86 91.32 |18.64
(deep zero-padding)

One-stream network Euclidean | 12.04 49.68 66.74 | 13.67 | 16.26 58.14 75.05 | 8.59 || 16.94 63.55 82.10 | 22.95|22.62 71.74 87.82 | 15.04
Asymmetric FC layer network | Euclidean | 9.30 43.26 60.38 | 10.82 | 13.06 52.11 69.52 | 6.68 || 14.59 57.94 78.68 | 20.33 | 20.09 69.37 85.80 | 13.04

Lin’s GSM 5.29 3371 5295| 8.00 | 6.19 37.15 55.66| 438 || 946 4898 72.06|15.57|11.36 5134 73.41 | 9.03
HIPHOP CRAFT | 1.80 14.56 2629 | 3.40 | 1.92 16.00 2831 | 1.77 || 2.86 23.40 4194 | 7.16 | 3.01 2553 44.97| 343
Euclidean | 2.76 1825 3191 | 424 | 3.82 2277 37.63| 2.16 || 322 24.68 4452| 725 | 475 29.06 49.38 | 3.51
KISSME | 2.12 1621 29.13 | 3.53 [ 279 18.23 31.25]| 196 || 3.11 2547 4647 | 743 | 410 2932 50.59 | 3.61
LFDA 233 1858 3338 | 435 | 3.82 2048 3584 | 220 || 244 2413 4550 6.87 | 342 2527 45.11] 3.19
CCA 274 1891 3251 | 428 | 325 21.82 3651 | 2.04 || 438 29.96 5043 | 8.70 | 4.62 3422 5628 | 3.87

HOG CDFE 2.09 16.68 3051 | 3.75 | 247 19.11 3411 | 1.86 || 280 2339 4446 | 691 | 328 2731 48.61 | 3.24
GMA 1.07 1042 2091| 252 | 1.03 1029 20.73| 1.39 || 1.84 1797 36.14 | 564 | 1.80 18.10 35.79 | 2.63
SCM 1.86 15.16 28.27| 3.57 | 240 1745 3122| 1.66 || 330 2582 4623 | 752 | 390 28.84 51.64 | 3.22

CRAFT | 259 1793 3150| 424 | 358 2290 3859 | 2.06 || 3.03 2407 4289 | 7.07 | 416 27.75 47.16| 3.17
Euclidean | 1.75 14.14 26.63 | 348 | 1.96 15.06 27.30| 1.85 || 224 2253 4153| 6.64 | 224 2279 41.80| 3.31
KISSME | 2.23 1895 32.67 | 405 [ 265 2036 3478 | 245 || 3.83 31.09 52.86| 894 | 446 3435 5843 493
LEDA 298 21.11 3536 481 | 3.86 24.01 4054] 261 || 481 3216 5250| 956 | 6.27 3629 58.11 | 5.15

CCA 242 1822 3245|419 | 2.63 19.68 34.82| 2.15 || 411 30.60 5254 | 8.83 | 486 3440 5730 | 447
LOMO CDFE 364 2318 3728 | 453 | 470 2823 43.05| 2.28 || 5775 3435 5490 (10.19 | 736 4038 60.33 | 5.64
GMA 1.04 1045 2081 | 254 | 0.99 10.50 21.06| 1.47 || 1.79 1790 36.01 | 5.63 | 1.71 18.11 36.17 | 2.88
SCM 1.54 1412 2627| 334 | 1.66 15.17 2841 | 1.57 || 286 2434 4453 | 7.06 | 2.89 25.81 4833 | 3.02

CRAFT | 234 1870 3293 | 422 | 3.03 21.70 37.05]| 2.13 || 3.89 2755 48.16 | 837 | 245 2020 38.15| 2.69
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When the Input Is not image?
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Attribute-Image Person Re-1D

0 Match person images with specific attribute

Zhou Yin, Wei-Shi Zheng*(Pl), et al. Adversarial Attribute-Image Person Re-
identification, IJCAI 2018




Attribute-Image Person Re-1D

Method Market Duke PETA

rankl | rank5 | rankl0 | mAP [ rankl | rankS | rankl0 | mAP | rankl | rank5 | rankl0 | mAP
DeepCCAE [Wang et al., 2015] 812 [ 2397 | 3455 | 972 [ 3328 [ 5935 | 67.64 | 1495 [ 1424 [ 2200 | 2994 | 1445
DeepCCA [Andrew et al., 2013] 2094 | 5070 | 58.14 | 1747 | 3671 | 5879 | 6511 | 13.53 | 1444 | 20.77 | 2631 | 11.49
2WayNet [Eisenschtat and Wolf, 2017] | 1129 | 2438 | 3147 | 776 | 2524 | 30.88 | 4592 [ 10.19 | 23.73 | 38.53 | 4193 | 15.38
DeepMAR [Li et al., 2015] 13.15 [ 2487 | 3290 [ 886 | 36.60 | 57.70 | 67.00 | 1434 | 1780 | 2550 | 31.06 | 12.67
CMCE [Li et al., 2017] 3504 | 50.99 | 5647 | 2280 | 39.75 | 5639 | 6279 | 1540 | 31.72 | 39.18 | 4835 | 26.23
ours w/o adv 3383 [ 48.17 [ 5348 [ 17.82 [ 3930 | 55.88 [ 6250 [ 1517 [ 36.34 | 4848 [ 53.03 [ 2535
ours w/o sc 208 | 480 | 480 | 1.00 | 526 | 937 | 1087 | 156 | 343 | 415 | 415 | 580
ours w/o adv+MMD 3415 | 4796 | 5720 | 1890 | 41.77 | 62.32 | 6861 | 1423 | 39.31 | 4828 | 54.88 | 31.54
ours w/o adv+DeepCoral 36.56 | 47.61 | 5592 | 20.08 | 46.09 | 61.02 | 6815 | 17.10 | 3562 | 48.65 | 5375 | 27.58

[ ours [ 4026 | 4921 | 5861 | 20.67 | 46.60 | 59.64 | 69.07 | 15.67 | 39.00 | 53.62 | 6220 | 27.86 |
Our model: Wrong samples
Q Outperforms traditioy\m(ss modality retrieval meMs (DeepCCAE, DeepCCA, 2WayNet,
MANATN
a
Ours . .
0 ibutions
al).
Ours w/o
adv

query attributes

par o e
& = x & (%) [E3)
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When dressing differently?
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Depth Re-1D

0 Something to see

In these cases, appearance cues are not reliable.

Pointcloud

Pointcloud
& skeleton

Segment

Normals
estimation

Pointcloud
& normals

90
&

o o
I\
skeleton 114 .\ \
\| Within-patch Between-patch
Measure | covariance covariance
Iinksofjointsv v v
Skalatalfastire El_ger.\-depth Eigen-depth
within patch between patch
1 |
Fusion W

Combined feature
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Depth Re-1D

biti -

Training » TestingA TestingB walking2
(probe)

Fig. 10. Examples of images in IAS-Lab RGBD-ID. All samples were
captured from multiple views. Compared to “Training”, samples in “TestingA”
changed clothes and some samples in “TestingB” were captured in dark

Fig. 6. Examples of images in “Walking1” and “Walking2” in PAVIS. Most

environment. persons in “Walking2” dressed different clothes from “Walking1™.
TABLE III TABLE IV
PAVIS DATASET: RANK-1 AND RANK-5 ACCURACIES (%), INCLUDING BIWI RGBD-ID DATASET “STILL” AND “WALKING”: RANK-1 AND
RESULTS OF OUR PROPOSED METHODS AND COMPARISONS WITH RANK-5 ACCURACIES (%). INCLUDING RESULTS OF OUR PROPOSED
RGB-BASED APPEARANCE FEATURES AND METHODS AND COMPARISONS WITH RGB-BASED APPEARANCE
DEPTH-BASED FEATURES FEATURES AND DEPTH-BASED FEATURES
Setting Single-shot Multi-shot Probe Sull Walking
Rank 1 | 5 1 [ 5 Setting Single-shot Multi-shot Single-shot Multi-shot
RGB-based appearance features Eaé}néb — 1 |f 15 1[5 1 [ s 1[5
-based appearance features
LOMO [12] 12.05 35.03 19.74 44.36 LOMO [12] 907 | 2821 | 1817 | 3547 | 874 | 2333 [ 1031 | 2539
ELF18 [50] 52.15 77.85 52.62 78.26
- ELF18 [50] 279 | 18.18 | 4.11 [ 19.13 | 1.32 | 16.03 | 1.50 | 16.77
Color Hist [11] 47.90 74.97 48.92 74.82 ;
HOG [13] 45.03 73.49 4533 73.95 Color Hist [11]| 7.02 2547 | 10.61 | 31.92 5.43 19.56 5.86 21.70
: : : : HOG [13] 842 | 2569 | 1235 | 3039 | 638 | 2100 | 694 | 2329
LBP [80] 4292 | 7133 | 4564 | 7236 LBP [80] 737 | 2604 | 1087 | 3357 | 487 | 2004 | 534 | 2331
Depth-based features Depth-based features
RIFTZM [5] 7.13 22.77 8.77 27.69 RIFT2M [5] 404 | 1952 | 434 | 20.78 | 3.25 | 1746 | 3.75 | 18.31
Fehr’s [6] 24.26 | 51.64 | 30.56 58.67 Fehr's [6] 12.08 | 38.17 | 14.06 | 43.78 | 9.33 | 32.39 | 12.09 | 39.60
Skeleton [2] 33.13 67.85 37.33 71.13 Skeleton [2] 21.34 | 53.32 | 26.55 | 62.73 | 14.52 | 42.36 | 16.94 | 47.18
Proposed Proposed
DVCov (depth voxel covariance)| 61.49 81.23 66.00 82.92 DVCov 16.32 | 4593 | 23.07 | 58.89 | 12.58 | 3922 | 17.24 | 45.93
DVCov+SKL 67.64 87.33 71.74 88.46 DVCov+SKL 2349 | 57.06 | 3437 | 72.77 | 16.59 | 46.67 | 21.40 | 54.12
ED (Eigen-depth feature) 44.67 72.10 51.59 76.15 ED 28.98 | 61.85 | 36.22 | 73.11 | 20.90 | 51.98 | 28.71 | 63.85
ED+SKL 55.95 84.77 61.23 87.64 ED+SKL 30.52 | 67.86 | 39.38 | 72.13 | 24.47 | 60.63 | 29.96 | 65.18

P 40



Depth Re-1D

a Learning & Transferring Depth

Jointly learn

transfer W, >

Testing

target domain

Training
. W and W,
source domain v
common subspace RGB dataset
t;.llé:sls zEI O - -t i zestlmated \
= = PN AT AN , depth features' \
' 0 /JIJA%:A A;I' :
N iclass 1 ‘[I‘ A ’ 1
,_.---—‘\‘\ AA ,’ “ k:
L7 'o O :’ T —— \ . ’
: . : \\ ’I
O, O, N L !
l .\ s Se__ -~
dassc O O’ r RGB features _\.
W, 4,(-) '

Depth features RGB

atures
w A (-)/

Learning relation between RGB
features and depth features

Dataset | Probe |ED ED+SKL [3D RAM [4] PCM [3] PCM+SKL [3] SKL [3]
PAVIS |Walking2|544  57.0 41.3 - 28.6
IAS-Lab |TestingA[44.0  49.9 48.3 28.6 256 205
RGBD-ID|TestingB [55.5  66.6 63.7 43.7 63.3 555

/visual features CJ AO depth features maA @

Ancong Wu, Wei-Shi Zheng*(PI), and Jian-Huang
Lai. Robust Depth-based Person Re-identification.
IEEE Transactions on Image Processing, 2017



3. Low-resolution
Person Re-identification
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Low-resolution Re-ID

Camera A Camera B
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Low-resolution Re-ID

2 Low-resolution Re-ID
o JUDEA : joint multi-scale discriminant component

analysis
h

normal scale
AR H E]
. gallery
[E‘ ’! ]i] Jomtergl:n't:l-lsgcale - Match - Fusion hfatf:h
training images b i
(G ﬂ i) i -

small scale

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



Low-resolution Re-ID

O Super-resolution and Identity joiNt learninG
(SING)

(d) SR sub-network
Super Resolving SR Feature Extraction Re-1D  ldentity Classification
{Parameter- %arm QOutput {Parameter-Sharing) Feature (Parameter-Sharing)

(/'
(a) LR image E ). ”2 ). I‘ e \;.
1536

el

L
[}
2 l"'..

Jwx dconvy 3=3conv w Avg Pooling

B = O conv ‘-:-:Scnm 5 Sconv
(b) Synthetic LZ‘ /4 , Softmax
' ] 12 |7 56 1 5 L

N \_ I
Down-sampling 3;1[;3]1,, :x'ﬁcom «oo Avg Pooling | ¢
.'
.'
(c) HR image ) | )l
1536 .'
d = 2%

Jiening Jiao, Wei-Shi Zheng*(PIl), Ancong Wu, Xiatian Zhu, and Shaogang Gong. Deep Low-
resolution Person Re-identification. AAAI 2018

|-\_.
=3
(=2

-
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Low-resolution Re-1D 4
O Super-resolution and Identity joiNt learninG (SING)

In The Shopping Center
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Low-resolution Re-ID

J Results

Table 1: Comparing state-of-the-art LR re-id methods (%).

Tha 1 st /‘)nd hacot raciilte ara 1indinatad 1n radlllnha

LR Groundtruth Bilinear Bicubic SRCNN

- J.I4L JO.1 JL.S+ vo.v

SING 33.5 57.0 66.5 76.6
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4. Open-world
Person Re-identification
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One-Shot Open-World Group-based Re-id

2 Motivation

Watch List

Open-world person
re-identification setting

1) Alarge amount of non-target

=, - 19| L imposters captured along
Target  Matching f| Non-target | with the target people on the
Domain Metric 1] (Imposters) | watch list.

i * = ._ |

b 2) Their images will also appear

| in the probe set and some of

them will look visually similar
| ‘ | to the target people
| Target Probe —” |

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person Re-
Identification by One-Shot Group-based Verification. IEEE Transactions on Pattern
Analysis and Machine Intelligence (PAMI), vol. 38, no. 3, pp. 591-606, 2016. D 49



Adversarial Open-World Re-id

a

a

Learn to attack feature extractor on the target people using
GAN to generate very target-like images (imposters

Make the feature extractor learn to tolerate the attack by
discriminative learning so as to realize group-based

verification.
Adversarial Open-World Person Re-Identification

Real Person Generator \A
Images 3 \
\
,- Adversarial Training
e . 5
| R
| _q Source Gsh
I Person § 288
Feature ‘\ : Discriminator E ~~, Non-
% 1 & Human-like = - \
Extractor A : ‘n
P i i AR SR NS S NS RS LSS Sa e L e e
I a I.-\ ~ v
Weight : \ Y B
; 1 S Target | "
ﬂ Sharing " Target g e : )
| |_Discriminator e ~ Y LS LR
Learn to Discriminate between | a Non-Target P4 0
| ¢ >

Target Images and Imposters

Xiang Li, Ancong Wu, Wei-Shi Zheng*(PI). Adversarial Open-World Person Re-Identification.
In European Conference on Computer Vision (ECCV), 2018. D50



Adversarial Open-World Re-id

a

a

Jointly learns a generator, a person discriminator, a
target discriminator and a feature extractor

The feature extractor and target discriminator share the

same weights

Real Person

Dy (x") or D,y (x%)
Generated Sample

D, (G(2))

saime?d

o o e Y eV — e e — —

Input images contain
both generated data
and real data

makes the feature
extractor learn to tolerate
the attack by imposters

Target Person

D, (x")
Non-Target Person

| | De(x5) or D,(G(2))

LSRI

103 | —

ID Probabilities

Loss LDp

Loss Lp,

Cross-
Entropy
Loss
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Adversarial Open-World Re-id

Source Target

APN Generated

APN
without Target
Discriminator

APN
without Person
Discriminator
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Adversarial Open-World Re-id

J Results

Table 1: Comparison with typical person re-identification: TTR (%) against FTR

Dataset Market-1501 CHUKO1 CUHKO03
FTR 01% 1% 5% 10% 20% 30% |0.1% 1% 5% 10% 20% 30% [0.1% 1% 5% 10% 20% 30%
Evaluation Set Verification
t-LRDC [42] 3.00 18.88 42.06 51.07 65.24 75.54| 5.56 5.56 38.89 50.00 66.67 83.33| 8.87 20.16 32.66 37.90 49.60 58.06
XICE [46] 6.77 21.69 45.17 58.88 73.68 81.80|11.11 33.33 44.44 55.56 72.22 83.33| 3.14 13.03 31.65 44.36 59.70 69.98
GOG+XQDA [22] | 043 215 9.01 17.17 28.76 39.06| 0  5.56 33.33 38.89 66.67 72.22|10.48 16.53 27.02 36.69 53.63 60.48
LOMO+XQDA [22]] 4.72 14.16 35.62 46.35 58.80 65.67| 0 556 38.89 44.44 72.22 88.89/25.81 3831 51.61 61.69 71.77 83.47
hiphop+CRAFT [6]| 2.15 9.44 27.04 38.63 48.07 55.36 | 11.11 22.22 38.89 55.56 77.78 83.33|23.79 33.87 42.74 47.58 55.65 59.68
JSTL-DGD [38] [26.92 61.54 80.00 88.46 92.31 94.61|33.33 33.33 33.33 55.56 55.56 66.67|38.10 59.52 71.43 76.19 88.10 92.86
ResNet-50 [12]  |34.62 80.00 93.85 96.92 98.46 99.23|44.44 55.56 55.56 55.56 77.78 77.78 | 61.90 73.81 90.48 95.24 95.24 95.24
DCGAN+LSRO [43][36.15 78.46 94.62 96.15 99.23 99.23 | 44.44 55.56 55.56 55.56 55.56 77.78|64.29 71.43 88.10 90.48 92.86 95.24
DeepFool [28] 34.62 T78.46 94.63 96.92 96.92 99.23|44.44 55.56 55.56 55.56 66.67 77.78 |64.29 76.19 90.48 95.24 95.24 95.24
APN 43.85 82.31 96.92 98.46 99.23 100 [55.56 55.56 55.56 66.67 T7.78 77.78 |66.67 78.57 92.86 95.24 95.24 95.24
Evaluation Individual Verification
t-LRDC [42] 15.54 39.89 51.44 68.49 78.10 87.63|15.23 32.15 51.82 67.56 73.54 89.13|16.57 37.40 48.98 58.83 70.76 90.17
XICE [46] 34.64 61.58 84.87 90.68 96.86 97.21|33.33 36.11 55.56 55.56 72.22 88.89|18.63 48.94 71.89 81.64 89.71 97.43
GOG+XQDA [22] |10.49 30.60 51.83 62.77 77.29 86.14|25.00 55.56 88.89 91.67 97.22 100 [33.93 45.73 64.93 77.85 87.40 91.99
LOMO+XQDA [22]]25.32 59.10 81.98 86.96 92.96 94.84| 5.56 36.11 80.56 88.89 88.89 88.8940.72 57.79 77.78 86.90 94.44 96.03
hiphop+CRAFT [6] | 31.75 62.59 84.09 91.42 93.55 96.30(50.00 72.22 100 100 100 100 |42.39 63.27 77.38 89.58 95.68 99.18
JSTL-DGD [38] [47.23 63.85 86.92 93.73 93.73 97.53|33.33 48.15 59.26 72.84 72.84 82.72|53.74 78.18 81.67 92.15 92.15 94.87
ResNet-50 [12] | 82.26 95.86 98.54 99.38 99.58 99.58/44.44 50.00 72.22 77.78 83.33 83.33|76.19 91.67 95.24 95.24 95.24 95.24
DCGAN+LSRO [43]{81.71 95.36 98.33 98.96 99.17 99.58|44.44 61.11 72.22 77.78 83.33 88.83|73.81 90.48 95.24 95.24 95.24 95.24
DeepFool [28] 82.26 95.86 95.86 98.96 99.17 99.58|44.44 61.11 72.22 77.78 83.33 83.33|75.61 91.67 95.24 95.24 95.24 95.24
APN 84.00 96.72 98.69 99.58 99.58 99.58|44.44 61.11 77.78 77.78 83.33 88.89|79.54 94.05 95.24 95.24 97.15 97.15
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Hash Re-ID for Fast Search

2 FAST Re-ID on Numbers of Cameras
o Learning view-specific hash code for each camera

. \ s Al : . 5 : -; ‘.-z".;.. b T Matching b
eS| < ‘ 1 By eo e

-"k‘: | :\ g ’ : ) ','_‘ g ’f 3 Ga'llery
B v == - target

\_ Probe population (immense search space) people

fp(mp) = mPWpa fg(m?) = m?Wg B, =sign(X,W,) € {—1,1}"»"¢,
B, =sign(X W,) € {—1,1}"*,

Xiatian Zhu, Botong Wu, Dongcheng Huang, Wei-Shi Zheng*(Pl). Fast Open-World Person
Re-ldentification. IEEE Transactions on Image Processing, 2018.

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person Re-
Identification by One-Shot Group-based Verification. IEEE Transactions on Pattern Analysis
and Machine Intelligence (PAMI), vol. 38, no. 3, pp. 591-606, 2016.
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Cross-scenario Re-1D

a Transferring between sets An

_________________________________________________________________________ Asymmetric

source task- ource task-

specific specific M U I tl 't aS k

subspace

Modelling

b

shared latent
subspace

joint
learning

target task-

specific
subspace

Xiaojuan Wang, Wei-Shi Zheng*(Pl), Xiang Li, and Jianguo Zhang. Cross-scenario Transfer Person Re-

identification. IEEE Transactions on Circuits and Systems for Video Technology, vol. 26, no. 8, pp.
1447-1460, 2016.
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Partial Re-ID

Surveillance operator

annotates the patch

containing the upper
body

Matching

Who is that
guy stealing ?

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

Output

Conv4-1,2,3
Conv5-1,2,3

~« 13
o o
o~ [
Z 92
Q €
v 8

(Iffﬁi:
B

Feature
FCN Maps

(d)

Figure 3. Fully convolutional network.

Figure 4. Deep Spatial feature Reconstruction.

Lingxiao He, et al., CVPR 2018.

source domain target domain

Weijian Deng, et al,. CVPR, 2018.

Query Description

The woman is wearing a long,
bright orange gown with a white
belt at her waist. She has her hair
pulled back into a bun or ponytail.

Person Image Database

S.Lietal., CVPR 2017

Input

PSPNet

PTGAN  Cycle-GAN

Longhui Wei, et al,. CVPR, 2018.
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Take Home Message

Person Re-id is far from being solved
Unsupervised Learning....

lllumination, Occlusion, Low-resolution
Cross-modal Searching

Open-world, ....

More?

O O 0 0 0 O
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Y
http://isee.sysu.edu.cn/~zhwshi

EMAIL ME: wszheng@ieee.org
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mailto:wszheng@ieee.org?subject=

Person Re-ID vs. Cross-Modality

J View Bias

Camera-1

Camera-2

Captured Images Extracted Features
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Asymmetric Metric for Re-1D

Camera-1

Captured Images Extracted Features

Learning universal feature Learning view-specific

transformation feature transformation
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Asymmetric Metric for Re-1D

d(xi, x;) = /(i — ;) TM (23 — ;)

T T
= ||U" xi — U x|,
transformation for different

camera views ‘

Learn different feature

{ma,p} {zd,q}) = ||U"" a?
U? + U?

Non-negativity Symmetry d({z?,p}, {=,q})

Triangle Inequality

HUrT
T
U™ 2y, —

Coincidence

b‘{fﬂzp

UqT l|i'||2 {
Uzl + [[U7Ta? -

DW\T;I:‘T

U 1.

UPT gp

lwr-u9z |

UqTa:?Hg

d({z?,p},{z%,q}) = 0

[UPTa? — U,
||U‘?T:c" UPT;L*PHQ
d({=?,q}, {27, p}),

Ut 4
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Asymmetric Metric for Re-1D

d Re-ID Reformulation by Augmentation

~ Iixa ~ Odxa
Xa=| "% xe  Xb=| X"
Oixd Iy
2.5 2.5‘
- . T <’ 2 § 2\ /
W = min fori (W' X)) 2 2

W= (W), (W)

View-specific
"4 transformatio
n

AT wa 17a\ T wa
WTXg = (W)X

"‘;‘A 7T wvb __ "‘;‘Arb T b
XZP T ( ) X7, operation. Note that the probability density axis is not plotted in (b) for
demonstration simplicity.

Coincidence

Yingcong Chen, Xiatian Zhu, Wei-Shi Zheng*, and Jian-Huang Lai. Person Re-ldentification
by Camera Correlation Aware Feature Augmentation. IEEE Trans. on Pattern Analysis and

Machine Intelligence (PAMI), 2017. D 70



Asymmetric Metric for Re-1D

0 Adaptive feature augmentation

~ Id ~ ded
Xz = xe, X} = b &
d {ded] P {Idxd] \
) R a v b M b /
Xcraft — M X ) Xcraft — R X

generalised

~

f( craft) WX craft — (RTWG‘I‘MTWI))TXG control the

[ ] ] discrepancy
Between
1 1 f. and f,

fb(Xg'ﬁt) WTXcraft (MTWG + RTW&)TXI)

Yingcong Chen, Xiatian Zhu, Wei-Shi Zheng*, and Jian-Huang Lai. Person Re-ldentification
by Camera Correlation Aware Feature Augmentation. IEEE Trans. on Pattern Analysis and
Machine Intelligence (PAMI), 2017. . 71



Asymmetric Metric for Re-1D

2 Learning:
Camera coRrelation Aware Feature augmenTation (CRAFT)

W = arg n&ifn fohj(WT)met) 4 )\tr(WTCW)

Generalize any symmetric metric learning models to
asymmetric ones: e.g. MFA

T 9 - L+ Nriggs
- c = wn _—
win )~ AS|[H (& — &)|[; + Me(H H)
v =W 7
PuErT (= a2
— (W S't'ZAinH (@i — )|z = 1,
i#] o
= (1 4 Trigge) (W TCW). | -ﬂ'.ﬂm
Ac 1 ifz'EN;l(j)orjeNgl(g‘) _
K 0 otherwise, ‘tion
d Ssuicuy convex iuncuon o oWt — R

AP = Loif (711.7) € Pkg (yz) or (7’7]) € sz(yj) Ur — Uq)
Y 0 otherwise, 5
| v w) —w w apw-,u-) — UP=U?|E
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