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Person Re-identification
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Person Re-identification:

a Some Main Varlatlons
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Person Re-ID vs. Cross-Modality

J View Bias
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Captured Images Extracted Features
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Person Re-ID vs. Cross-Modality

2 Matching between Heterogeneous Images
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How to alleviate view bias across
camera views?
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Our Approach

Camera-1
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Asymmetric Metric
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Asymmetric Metric for RE-ID

0 RE-ID Reformulation by Augmentation
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View-specific (a
"4 transformation Fig.
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(the Coincidence
s T va __ (Xx T spact
WTXg=W*TXxe M- . =
T wb 70\ T wvb by the solid red line. The two dashed lines imply feature projection
w XZP T (W ) X7 operation. Note that the probability density axis is not plotted in (b) for

demonstration simplicity.

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. . 13



Asymmetric Metric for RE-ID

0 Adaptive feature augmentation
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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.
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Asymmetric Metric for RE-ID

0 Learning:
Camera coRrelation Aware Feature augmenTation (CRAFT)

W = arg rréIi,n fobj(WTXcraft) + )\tr(WTCW)

Generalize any symmetric metric learning models to asymmetric

ones: e.g. MFA
T 2 T l—+ "hidgs
mlnz A||H (z;, —z;)||5s + Mr(H H)
~ _HWc i#]
sty AVJH (@ — i)|); =1
— (W iz =4
i#) o
— (1 + Tgge) (W T CW). | -ﬂ.um
A — 1 ifz'ENgl(j) oerN,jl(i)
v 0 otherwise, stion
a suicuy convex iuncuon o~ k- — R

AP — L if (7'7.7) € Pk2(yz) or (7’7.7) € Pkg(y]) U?r — Uq)
! 0 otherwise, 5
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D15



Asymmetric Metric for RE-ID

2 A framework

Training data Quantifying camera Camera coRrelation Aware Supervised model learning
.ﬁg % correlation Feature augmenTation (MFA, XQDA, KISSME, LDA ...)
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Asymmetric Metric for RE-ID

0 Evaluation: augmentation or not augmentation?

Dataset VIPeR [30] I CUHKOI [31] | CUHKO3 [26] [ Market-1501 [33] QMUL GRID [32]
Rank (%) T [ 5 [ 102 ] 1T [ 5 [10]2 | I ] 5 [10]2 ] T ][5 [10]2] 15 10]2
OriFeat 433 [ 727 | 841 | 934 [ 643 | 85.1 | 90.6 | 94.6 | 634 | 88.0 | 93.0 | 96.1 | 654 | 84.0 | 893 | 03.1 | 21.0 | 429 | 530 | 62.7
+ Kernelization | 47.0 | 754 | 86.8 | 944 | 69.5 | 89.3 | 93.5 | 96.5 | 78.6 | 94.9 | 96.8 | 98.4 | 66.0 | 844 | 89.3 | 932 | 19.0 | 422 | 51.9 | 61.4
ZeroPad [71] | 37.5 | 69.9 | 82.8 | 92.1 | 664 | 858 | 90.5 | 94.7 | 76.0 | 919 | 948 | 953 | 382 | 625 | 717 | 80.0 | 72 | 260 | 403 | 55.8
+ Kemelization | 40.0 | 72.8 | 850 | 934 | 71.8 | 89.6 | 93.8 | 96.5 | 80.0 | 92.7 | 944 | 953 | 49.5 | 72.4 | 80.0 | 858 | 6.1 | 21.8 | 363 | 51.4
BascFeatAug [69] | 45.5 | 76.1 | 874 | 95.1 | 59.0 | 811 | 87.0 | 924 | 783 | 946 | 97.3 | 080 | 653 | 83.6 | 88.8 | 92.6 | 20.1 | 47.6 | 58.8 | 70.0
+ Kemelization | 47.3 | 77.8 | 89.0 | 952 | 63.0 | 83.5 | 89.0 | 93.6 | 834 | 97.0 | 98.1 [ 99.1 | 653 | 83.6 | 88.8 | 92.6 | 20.1 | 47.6 | 58.8 | 70.0
CRAFT 478 | 771 | 878 | 951 | 70.0 | 874 | 92.0 | 955 | 785 | 94.7 | 97.5 [ 989 | 679 | 85.1 [ 90.0 | 934 | 254 | 502 | 618 | 742
+ Kemelization | 50.3 | 80.0 | 89.6 | 955 | 74.5 | 912 | 94.8 | 97.1 | 843 | 97.1 | 983 | 99.1 | 68.7 | 87.1 | 90.8 | 94.0 | 224 | 499 | 61.8 | 717

0 Evaluation: augmentation vs. domain adaptation

Comparison between CRAFT and domain adaptation.

Dataset VIPeR [30] CUHKOI [31] [ CUHKO3 [26] Market-1501 [33] [ QMUL GRID [32]
Rank (%) T [ 5 [ 10 [ 2 | T [ 5 [ 10 2 | 1T [ 5 [10[2 | T [ 5 [ 10 ]2 | I [ 35 [10]20
TCA[63] [ 111 | 234 | 31.0 | 385 | 7.0 [ 164 [ 222 [ 30.1 [ 55 [ 162 | 264 | 428 | 89 [ 187 [ 24.1 [ 30.1 [ 9.8 [ 222 | 29.8 | 383
TFLDA [64] | 464 | 758 | 86.7 | 93.9 | 69.6 | 88.7 | 92.8 | 96.2 | 76.7 | 944 | 965 | 98.0 | 625 | 81.3 | 87.0 | 91.6 | 19.5 | 42.5 | 51.6 | 618

CRAFT | 50.3 | 80.0 | 89.6 | 95.5 | 745 | 91.2 | 94.8 | 97.1 | 843 | 97.1 | 98.3 | 99.1 | 68.7 | 87.1 | 90.8 | 940 | 22.4 | 499 | 61.8 | 71.7

0 Evaluation: whether using Camera View Discrepancy

Evaluating the effect of our CVD regularization.

Dataset VIPeR [30] CUHKOI [31] [ CUHKO3 [26] [ Market:1501[33] | QMUL GRID [32]
Rank (%) T [ 5 [ 10 [ 2| I [ 5 [ 102 ] I [ 5 [10[]2 ] T [ 5 [10]2 ] T ][5 [10]2
CRAFT(00 Yowa) | 463 [ 779 | 88.1 | 954 [ 73.8 | 90.6 | 94.2 [ 969 [ 83.9 | 97.0 | 982 [ 99.1 | 66.6 | 859 [ 90.7 [ 93.7 | 15.8 | 450 [ 57.7 | 60.0
CRAFT 50.3 | 80.0 | 89.6 | 955 | 745 | 91.2 | 94.8 | 97.0 | 84.3 | 97.1 | 98.3 | 99.1 | 68.7 | 87.1 | 90.8 | 94.0 | 22.4 | 499 | 618 | 717
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Does the Asymmetric Metric Modelling Work
for other setting: unsupervised, semi-
supervised, .....
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Asymmetric Metric for RE-ID: Unsupervise

2 Unsupervised Learning

o Clustering-based Asymmetric MEtric Learning

(CAMEL)

A
e Projected by U 8§
?ﬂgé} @
im ‘ 7
Camera-1 ' _ ‘ ’ Clustering * A ﬂ
E— (@
! H \/J g ! !: .&l. A
. )7 Projected by U= * A
Camera-2 Original Space Shared Space

R LS S T el A YO - U

k=11i€Cy PF#q
s.t. UrTsPUP =1 (p=1,---,V),

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

(a) Original Feature Distribution

(b) Middle Stage of CAMEL

A%?%Aéf

rﬁbﬁ v@ 3" ©

AL . &8

(c) Convergence Stage of CAMEL
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Asymmetric Metric for RE-ID: Unsupervised{”.

2 Unsupervised Learning

Dataset VIPeR CUHKO1 CUHKO03 SYSU Market  ExMarket
Setting SS SS/MS SS/MS SS/MS MS MS
Dic [12] 32.9 49.1/52.2 23.8/29.2 20.5/26.0 57.5(28.8) 58.4(26.9)
ISR [20] 29.2 45.1/46.3 27.1/35.6 23.0/33.4 25.6(8.8) -
RKSL [29] 27.0 38.6/40.4 20.8/26.9 17.8/22.3 41.4(17.9) -
SAE [14] 25.1 39.2/41.9 19.3/24.4 22.7/27.6 46.8(20.3) 47.5(19.4)
Lo 23.2 40.3/43.1 20.5/26.1 19.9/24.1 47.9(19.9) 49.3(18.6)
AML [33] 23.6 37.6/39.9 18.7/23.6 20.5/24.9 47.9(19.9) 49.3(18.6)
UsNCA 1241 23.6 37.6/39.9 18.8/23.7 20.2/24.1 47.9(19.9) -
CAMEL 33.5 55.8/59.1 30.1/37.9 31.2/37.8 61.2(31.4) 61.1(29.1)

(a) Original Feature Distribution

(b) After Symmetric Metric

(c) After Asymmetric Metric

70 [

Matching Accuracy (%)
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o
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SAE
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Rank
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(f) ExMarket
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Asymmetric Metric for RE-ID: Fast
0 FAST Re-ID

o Learning view-specific hash code for each camera

Probe population (immense search space)

fp(mf) — (I}pr, fg(mg) = mJg'Wg B, = sign(X,W,,) € {—1,1}"»",
B, = sign(X Wy) € {—1,1}"7,

Xiatian Zhu, Botong Wu, Dongcheng Huang, Wei-Shi Zheng*. Fast Open-World Person Re-
Identification. IEEE Transactions on Image Processing, 2017.

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.
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Asymmetric Metric for RE-

0 ldea of the Formulation

(1B, — X, W, |12 + B, — X, W, 12 )4

| - -y
v

Quantisation loss

Cross-view |dentity

Correlation Hashing x

. ) o L@ (folxd)
cosine(£5(@): fo(@D) = 7 @)l fs (@]

P T,..9T
T, Wpr x;

P TPl g T.9T
VEW, Wb T [ W, W 2

ID: Fast

Cross-view ldentity
Verification Regularisation

lie(yia Usz) = HUH%‘ + nmngezfi

i=1

\s.t. Vi upbi-uibity;>1-g & 2/0

View Context Discrepancy
Regularisation

Ry = ||Wp - Wg”%-
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Asymmetric Metric for RE-ID: Fast
0 FAST Re-ID

o Comparison to other related Hashing functions

TABLE III: Comparing state-of-the-art hashing methods. (Metrics: TTR (%) at varying FTRs (%), and mAP (%).)

Dataset CUHKO3 [39] SYSU [36] Market-1501 [40]

Metric Individual Verification mAP Individual Verification mAP Individual Verification mAP
1% 5% 10% 20% 30% (%) 1% 5% 10% 20% 30% (%) 1% 5% 10% 20% 30% (%)

LSH [25] 15.03 34.87 48.12 64.66 75.20 | 1.91 |21.21 43.73 57.42 72.17 81.17 | 548 | 37.00 61.56 73.43 85.12 90.92 | 8.28

SH [27] 11.97 27.8 39.99 54.73 65.35| 1.49 | 17.60 34.21 45.63 60.14 70.27 | 4.18 | 38.54 58.69 6947 80.71 86.75| 9.29
SGH [65] 16.95 37.37 50.71 66.45 76.76 | 2.36 | 27.18 49.21 61.74 75.34 8292 | 8.03 | 37.75 63.16 75.05 86.13 91.76 | 8.69
ITQ [66] 17.31 39.29 53.06 69.12 80.24 | 2.70 | 26.51 49.55 63.18 77.04 84.87 | 7.47 |40.72 67.17 78.67 88.51 93.41 | 10.84

CCA+ITQ [66] | 28.11 51.15 65.05 78.95 86.37 | 4.28 | 50.50 73.75 83.16 91.08 94.67 | 18.12 | 57.75 80.30 87.53 93.47 96.17 | 15.02
KSH [30] 32.29 57.54 69.78 81.73 88.96 | 5.49 |53.23 77.28 85.88 92.62 95.62 |22.29 | 59.03 81.83 89.01 94.26 96.41 |17.34
FH [68] 20.01 40.07 52.32 67.35 77.39 | 1.03 |29.48 50.56 62.42 75.58 83.65| 8.07 | 28.24 48.88 60.59 7392 81.61 | 5.07
SDH [31] 38.80 66.82 78.83 88.15 93.03 | 7.31 |46.09 72.34 82.76 90.75 94.51 | 17.99 | 58.03 81.26 88.22 94.16 96.29 | 15.57

COSDISH [6°] | 13.19 29.18 40.33 56.88 68.23 | 1.55 | 38.04 61.43 72.73 8395 89.38 | 11.51 | 39.29 62.26 73.49 83.68 89.04 | 8.44

CMSSH [48] | 10.46 32.46 49.80 68.67 80.45| 1.25 |[11.06 33.76 50.51 70.55 82.29| 3.18 | 8.88 29.25 4649 67.02 79.56| 1.55

CVH [47] 2.83 10.09 17.81 31.05 42.51| 0.39 | 5.76 19.67 31.77 49.33 62.21 | 1.30 | 3.51 13.38 22.62 37.31 50.55| 0.53
CMFH [71] 11.85 31.23 46.40 64.63 75.56 | 1.27 |25.73 54.24 68.73 82.09 89.14 | 6.32 | 24.96 5296 67.52 81.62 89.11 | 4.07
SCM [51] 543 17.84 28.77 44.72 58.70 | 0.59 | 14.83 3293 45.22 60.35 70.95| 3.92 |13.41 31.49 43.44 58.75 69.09 | 2.04

SePH [70] 26.98 52.69 65.88 79.29 86.24 | 4.18 | 37.15 64.01 75.75 86.09 91.56 | 13.56 | 41.88 70.39 80.72 88.89 93.09 | 8.80

X-ICE(hinge) | 49.67 79.60 89.50 96.09 98.48 | 11.66 | 61.86 84.10 91.47 96.35 98.26 | 29.93 | 66.52 88.03 93.66 97.15 98.55 | 21.47
X-ICE(reg) 49.96 78.18 88.96 95.88 97.98 | 11.23 | 63.13 84.86 91.52 96.17 98.08 | 29.44 | 64.18 86.98 9291 97.09 98.59 | 20.68

Metric Set Verification mAP Set Verification mAP Set Verification mAP
LSH [25] 4.81 13.97 21.83 35.01 45.88 | 1.91 7.25 18.13 27.35 41.18 5231 | 548 | 17.17 33.22 43.85 57.75 67.36| 8.28
SH [27] 391 12.00 19.93 31.72 4341 | 149 | 7.22 16.36 24.39 36.62 4696 | 4.18 | 21.52 36.77 46.41 58.33 68.00| 9.29
SGH [65] 542 1434 22.87 36.84 48.89 | 2.36 | 10.20 22.06 3191 46.08 56.88 | 8.03 | 16.59 34.04 45.33 59.12 69.60 | 8.69
ITQ [66] 545 149 2396 3795 49.51 | 2.70 | 8.81 2147 31.42 4582 56.73 | 7.47 | 17.39 35.66 47.25 6090 7046 | 10.84

CCA+ITQ [66] | 10.52 23.86 34.05 4995 59.58 | 4.28 |21.08 42.10 53.63 67.05 75.76 | 18.12 | 18.30 45.05 60.16 73.75 81.38 | 15.02
KSH [30] 11.65 27.43 38.19 52.68 63.62 | 5.49 |22.07 43.13 5544 69.26 77.25|22.29|21.74 47.36 61.28 7478 82.22|17.34
FH [68] 7.66 17.92 26.82 40.15 52.08 | 1.03 | 12.82 26.19 35.86 48.86 59.28 | 8.07 | 13.32 27.17 36.78 50.13 60.84 | 5.07
SDH [31] 13.59 31.37 43.59 60.08 70.34 | 7.31 | 15.46 36.48 49.00 63.30 72.79 | 17.99 | 20.95 47.01 61.17 75.19 82.16 | 15.57
COSDISH [6°9] | 5.07 13.37 21.71 34.27 43.74| 1.55 | 16.86 33.10 43.36 57.20 66.38 | 11.51 | 15.80 35.00 46.81 60.49 69.66 | 8.44

CMSSH [48] 232 10.32 19.42 3244 4506 | 1.25 | 2.66 11.13 19.29 33.87 46.11 | 3.18 | 2.20 8.93 1742 31.57 44.29| 1.55

CVH [47] 1.31 5.62 12.06 23.29 3245| 039 | 1.75 7.65 14.44 27.18 38.12| 1.30 | 1.57 6.83 12.83 24.39 35.74| 0.53
CMFH [71] 3.49 1191 20.06 34.46 4535 | 1.27 | 7.25 2142 3299 4897 6098 | 6.32 | 7.95 22.60 33.55 48.81 60.49 | 4.07
SCM [51] 191 7.64 14.74 27.22 37.74| 0.59 | 5.75 15.55 23.82 37.04 48.23 | 3.92 | 5.29 1523 23.20 36.53 47.93 | 2.04

SePH [70] 9.64 23.22 33.51 49.79 60.94 | 4.18 | 12.40 30.40 42.85 57.81 67.73 | 13.56 | 11.78 32.98 4691 63.28 73.64 | 8.80

X-ICE(hinge) | 16.41 37.50 50.14 66.56 77.30 | 11.66 | 23.32 46.84 60.48 74.20 82.37 | 29.93 | 26.81 52.73 66.47 79.66 86.16 | 21.47
X-ICE(reg) 16.37 37.36 49.71 65.49 76.03 | 11.23 | 25.94 49.94 62.59 75.91 83.30 | 29.44 | 22.27 48.12 62.87 77.13 84.55 | 20.68
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Asymmetric Metric for RE-ID: Fast
0 FAST Re-ID

o When using more powerful features?

TABLE IX: Evaluating the effect of different visual features.

(Metrics: TTR (%) at FTR = 1%, and mAP (%). IV: Individual Verification,
SV: Set Verification.)

CUHKO3 [39] SYSU [36] Market-1501 [40]

IV SV [mAP| IV SV |mAP| IV SV | mAP

DCNN [74] | Deep [47.87 14.38(13.62|58.77 19.64 (29.69 |78.37 31.58 |33.65
KSH [30] LOMO (32.29 11.65| 5.49 |53.23 22.07|22.29|59.03 21.74|17.34
Deep [51.08 19.00(14.77 {60.38 21.55|31.54 (79.50 34.39 |34.96
LOMO |38.80 13.59| 7.31 |46.09 15.46|17.99|58.03 20.95|15.57
Deep [36.88 15.93| 9.11 {52.93 16.60 |22.23 (71.00 35.61 |26.73

LOMO (49.67 16.41 |11.66|61.86 23.32|29.93|66.52 26.81|21.47
Deep [51.79 18.29(15.33 (63.08 23.35|32.95(80.90 41.5237.34
LOMO (49.96 16.37|11.23|63.13 25.94|29.44|64.18 22.27|20.68
Deep [52.62 17.63(15.21 [64.05 24.57 |33.07 (80.37 41.01 [37.23

Method Feature

SDH [31]

X-ICE(hinge)

X-ICE(reg)
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How to match heterogeneous person
iImages across camera views?
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Asymmetric Metric for RE-ID: RGB-Infrared\
2 Cross-Modality Learning: RGB-IR RE-ID

o Deep zero-padding seopsinginput
»'7 RGB camera RGB camera ( IR camera I?\c::: " I

AFA

Domainl-
specific nodes

in the day in the night in the night “| shared nodes

+ Zero

| vector ' Domain2-

' specific nodes
, i .| Domainl-

' Zero | specific nodes
vector F

: Shared nodes
' Domain2 :

' input Domain2-

; specific nodes

....................

Mix together as one-
stream network input

Convertion i b | i '.v=
e | e
& zero i : -
padding : E
Ancong Wu, Wei-Shi Zheng*, Hongxing Yu, Shaogang Gong, ! i N
Jianhuang Lai. RGB-Infrared Cross-Modality Person Re- RGs image izI:?B-Spfiific IR-specific | R image
Identification. In IEEE Conf. on Computer Vision (ICCV), | (2channels) _(2.channels)

2017. Figure 6. Deep zero-padding for RGB and infrared (IR) images. . 26



Asymmetric Metric for RE-ID: RGB-Infrared\¥?;
2 Cross-Modality Learning: RGB-IR RE-ID

N N

RGB ‘
: ! RGB-specific
B ! channel
conv2 ﬁ
RGB IR-specific
channel

--Iqutcll L b | . @™
convi ﬁ convl ﬁ

Deep zero-padding Single-channel input
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Asymmetric Metric for RE-ID: RGB-Infrared(&;

0 Cross-Modality Learning: RGB-IR RE-ID

'§ e R No zero-padding (strict)
S ‘g,'; 15‘ - ==No zero-paddmg (Ioose)
5 3 0 Deep zero-padd!ng (strict)
.5 S - = =Deep zero-padding (loose)
5% 5 .
S a - L S
Dh- @ 0 I ’l‘»:. — 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(mgl)) (std(mgl)) 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.

D 28



Asymmetric Metric for RE-ID: RGB-Infrared\

0 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 120 | mAP rl rl0 120 | mAP | rl rl0 120 | mAP
One-stream network

. Euclidean | 14.80 54.12 71.33 |15.95 |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 529 3371 5295| 8.00 | 6.19 37.15 55.66| 438 || 9.46 4898 72.06 | 15.57|11.36 51.34 73.41 | 9.03
HIPHOP CRAFT | 1.80 1456 26.29 | 3.40 | 1.92 16.00 2831 | 1.77 || 2.86 23.40 41.94| 7.16 | 3.01 25.53 4497 | 343
Euclidean | 2.76 18.25 3191 | 424 | 3.82 2277 37.63| 2.16 || 322 24.68 44.52| 725 | 475 29.06 49.38 | 3.51
KISSME | 2.12 1621 29.13 | 3.53 | 279 1823 3125| 196 || 3.11 2547 4647 | 743 | 410 29.32 50.59 | 3.61
LFDA 233 18.58 3338 | 435 | 3.82 2048 3584 | 2.20 || 244 24.13 4550 | 6.87 | 342 2527 45.11] 3.19
CCA 274 1891 3251| 428 | 325 21.82 3651 | 2.04 || 438 2996 5043 | 8.70 | 462 3422 56.28 | 3.87
HOG CDFE 2.09 16.68 30.51 | 3.75 | 2.47 19.11 34.11| 1.86 || 2.80 23.39 44.46| 691 | 3.28 2731 48.61 | 3.24
GMA 1.07 1042 2091| 252 | 1.03 10.29 20.73| 1.39 || 1.84 17.97 36.14 | 5.64 | 1.80 18.10 35.79 | 2.63
SCM 1.86 15.16 28.27 | 3.57 | 240 1745 3122 1.66 || 330 25.82 46.23| 7.52 | 3.90 28.84 51.64 | 3.22
CRAFT | 259 1793 31.50| 424 | 3.58 2290 3859 | 2.06 || 3.03 24.07 42.89| 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 22.53 4153 | 6.64 | 2.24 2279 41.80 | 3.31
KISSME | 2.23 18.95 32.67| 4.05 | 2.65 2036 3478 | 245 || 3.83 31.09 52.86 | 8.94 | 446 3435 5843 | 493
LFDA 298 21.11 3536| 4.81 | 3.86 24.01 4054 | 2.61 || 481 3216 52.50| 9.56 | 6.27 36.29 58.11 | 5.15
CCA 242 1822 3245| 419 | 2.63 19.68 34.82| 2.15 || 411 30.60 52.54 | 8.83 | 4.86 34.40 57.30 | 4.47

LOMO CDFE 3.64 23.18 3728 | 453 | 470 28.23 43.05| 2.28 || 5.75 3435 5490 |10.19 | 7.36 40.38 60.33 | 5.64
GMA 1.04 1045 20.81 | 2.54 | 099 10.50 21.06| 147 [[ 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 18770 3293 | 422 | 3.03 21.70 37.05| 2.13 || 3.89 27.55 48.16 | 837 | 245 2020 38.15| 2.69
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Asymmetric Modeling for
Low-resolution Person Re-identification
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Asymmetric Modeling for RE-ID: Low

Varying Resolutions

Camera A Camera B
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Asymmetric Modeling for RE-ID: Low

2 Low-resolution Re-ID

o JUDEA : joint multi-scale discriminant component
analysis

!

normal scale

R

{Ri ’!‘E} JOlnEehgl::::nsgcale I- Match - Fusion Meatch
SR

“eum B F-1

small scale

1

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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Asymmetric Modeling for RE-ID: Low

2 Super- resolution and Identity joiNt learninG
(SING)

d) SR sub-network

Super Resolving
(Parameter- Shanng)

Feature Extraction Re-ID  Identity Classification
Parameter-Sharin Feature (Paramgter-Sharing)
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Jiening Jiao, Wei-Shi Zheng*, Ancong Wu, Xiatian Zhu, and Shaogang Gong. Deep Low-
resolution Person Re-identification. AAAI 2018
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Asymmetric Modeling for RE-ID: Low

2 Enhance Local Edge Features

LR Groundtruth Bilinear Bicubic SRCNN Ours

D34



Asymmetric Modeling for RE-ID: Low

0 Results

Table 1: Comparing state-of-the-art LR re-1d methods (%).
The 1% /2™ best results are indicated in red/blue.

CAVIAR r=1 =5 =10 r=20
Table 2: C JUDEA 22.0 60.1 30.8 98.1 (%).
Super-Resolution Re-ID SLD2L 18.4 44.8 61.2 83.6 MLR-VIPeR

Method Method ’ ’ ’ ’ [ =5 [ =10 [ r=20

SDF 14.3 37.5 62.5 95.2
Bicubic XQDA . : : 31660 | 789 | 893
SRCNN XQDA MLR-CUHKO3 =1 =5 =10 =20 5 651 | 789 | 89.8
Bilinear NFST JUDEA 26.2 58.0 734 87.0 71 684 T 81.0 | 90.4
Bicubic NFST SLD?L _ _ _ _ 2| 679 [ 80.3 | 90.7
SRCNN NEST SDF 29 43.0 64.0 20.0 51 67.1 | 795 | 90.1
Bilinear DGD ’ ’ ’ ) [ [ 4590 | 566 | 67.7
Bicubic DGD SING 67.7 20.7 4.7 974 )| 513 ] 592 | 693
SRCNN DGD MLR-SYSU r=1 r=5 =10 r=20 3 484 1 573 | 665
SING JUDEA 18.3 41.9 54.5 68.0 51570 ] 665 [ 76.6

SLD?L 20.3 34.8 434 55.4

SDF 13.3 26.7 429 66.7

SING 50.7 75.4 83.1 88.1

MLR-VIPeR r=1 =5 =10 r=20

JUDEA 26.0 55.1 69.2 82.3

SLD?L 20.3 44.0 62.0 78.2

SDF 9.52 38.1 52.4 68.0

SING 33.5 57.0 66.5 76.6

D35



Asymmetric Modeling for
Transfer Person Re-identification
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Person Re-identification: Labelling

Labelling images across camera views is costly
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Asymmetric Metric for RE-ID: Transfer

2 Transfer Re-ID

source task- source task-
specific specific
subspace subspace

shared latent
subspace

joint
learning

target task-
specific
subspace

An
Asymmetric
Multi-task
Modelling

]

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, vol. 26, no. 8, pp.

1447-1460, 2016.
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Asymmetric Metric for RE-ID: Transfer
source task-specific subspace: @ o
W, R

target task-specific subspace: lﬁﬁ‘
W RdX?‘ The projectjef of a solirce|jsample X,
shared latent joint
subspace learning _
¢ /
2, = (1= F|Wy [ fW ) x,

shared latent subspace:

WO c Rer

The projection of a target sample X;

2= (1= BIWo - BW)'x,

target task-
specific
subspace

(1= ) WISEW, + WSS W)
W1, W, tr((1 —y)W|iS$ Wi +yW5LSE W)
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Asymmetric Metric for RE-ID: Transfer

Compared methods: TCA (Pan et al.), TFLDA (Si et al.),
MT-LMINN (Parameswaran et al.), GPLMNN (Yang et al,)
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o ~»—TFLDA e ~»— TFLDA o - ~b— TFLDA
£5 £ £ 4 et
L L 40 L q . .f'
s -4-TCA s - 4= TCA 2 f P -4-TCA i

40 \ o
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2 A 'S 'S s s 'S 10 L s ' 'S 1 A 'S 1 A A A 1
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(a) VIPeR—i-LIDS (b) 3DPeS—i-LIDS (c) CAVIAR—-i-LIDS

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.

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.
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Asymmetrical RE-ID: More

Partial RE-ID: local vs. global Open-world RE-ID: target vs. source

- Watch List
Surveillance operator .
annotates the patch
containing the upper
‘?_ body

= %g

L

$
Target Matching : Non -target
Domain Metric . (Imposters) !
. _n

L Target Probe

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

Depth RE ID RGB to Depth

Wei-Shi Zheng, Shaogang Gong, and Tao
Xiang. Towards Open-World Person Re-
Identification by One-Shot Group-based
Verification. IEEE TPAMI, 2016.

Ancong Wu, Wei-Shi Zheng*, and Jian-Huang
Lai. Robust Depth-based Person Re-
identification. IEEE TIP, 2017
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Summary

Modelling with Multiple Modalities:
Machine Learning for Cross-Modality
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