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Human Identification & Activity

m Background

Face
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nition



Human ldentification & Activity

m A Standard Processing
+ Detect what is happening
+ Who is the suspect?
+ Track him/her across camera views
¢ Search him/her in large dataset
+ Recognise him/her




About Hashing based Search

= K Near Neighbour Search

¢+ Find the nearest point for the query (green point)

Database
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results




About Hashing based Search

m Problems traditional NN search faced
+ Large data size, e.g., millions or billions;
+ High dimension
+ Exhaust time search
¢+ Large storage space

Database H H
or Billions + dimension
Exact iz

results




About Hashing based Search

m A solution using Hashing

h (x) =sgn(f (w, x+b,))

x —data point w, —projection vector 5, —threshold

Source L _
points Projection Matrix Threslll old B

® O
® O ¥ Traimsferred > Binary hash bits
® points T
O

Projecltion
Function f

Different choices of W and f(.) lead to different hashing approaches.




About Hashing based Search

hy(x) =sgn(w'x+b )




Learning Hashing Codes Online
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Long-Kai Huang, Qiang Yang, Wei-Shi Zheng*. Online Hashing. IEEE
Transactions on Neural Networks and Learning Systems, 2017 (DOI:
10.1109/TNNLS.2017.2689242)



Online Hashing

m Update a hashing model online to process
sequential pairwise data

= We assume a pairwise data comes at a time
+ It can be easily generalised

m Label: similar or non-similar

. 1, ¢/ x; and x; are similar
~ | —1, <f x;and x; are not similar



Background

m The Hash Function:

1, f Wix+ b > 0,
hi (%) = sgn(wi x + bg) = .
—1, otherwise,

= Online Learning History for Hashing
¢ Online Kernel Hashing (IJCAI 2013)
+ Sketching Hashing (CVPR 2015)
¢ LEGO-LSH (NIPS, 2008)




Online Hashing (OH)

m The hashing model we address

h(x) = sgn(W7x)

N

T~xsT
h= argmax f" W~ x
fe{—1,1}"

Goodness: we can directly learn W more easily by getting rid of sgn



Quantifying the Loss

Hamming distance

P

R(]ht £\ max{O,Dh(hit,hjt) — a}, v f gt — 1,
,8°) = t 1.1 p ot
maa:{O,,Br—Dh(hi ah_] )}a if 8= —1,

gt L if x;" and x;’ are similar,
—1, if x;* and x;* are not similar.



The Processing

Xt = [xita xjt]

Y

R(ht,st) =0

————> | No update

R(h?, st) >0

Update the previous model

Find zero- loss hash code pair gt = [gita gjt]
R(gl,s") =0

Obtain an updated hash projection matrix witl
AW = max Ht(wt“,f)—Gt(wt“)ﬂ/R(ht,st)l
\ J
f

fe{—1,1}rx2

predicts similar hash code pair towards
the zero-loss hash code pair




Online Kernel Hashing (OKH)

m Criterion to optimise

t+1 _ 1 Cwrt2
W —argrr‘%’nZHW W'|F + C¢
st. LL(W)<¢ and €>0,

W)= max  HY(WLH)-GH (W +/R(1t, st)

fe{—1,1}rx2

T T
HY (W, f) = Wixi" + £ Wiy




Bounds

Lemma 1. Let (x',s'),---,(x!, s!) be a sequence of pairwise
examples, each with a similarity label s € {1,—1}. The data
pair xt € R%*? js mapped to a r-bit hash code pair ht € R™*?
through the hash projection matrix Wt € R2*". Let U be an
arbitrary matrix in RO¥". If t is defined as that in Eq. (10),

we then have
o0

t oot (xxrt tyty t t\NT |12 t 1,2
D T REW) —7|Ix (g - ") ||F - 20p) < |[U - W%,
t=1
where W1 is the initialized hash projection matrix that con-
sists of non-zero vectors.




Bounds

Theorem 2. Let (x!,s'),---,(x%, st) be a sequence of pair-
wise examples, each with a similarity label s* € {1, —1} for all
t. The data pair <t € R**? is mapped to a r-bit hash code pair
ht € R™*? through the hash projection matrix Wt € R¥X"_ If
Ixt(g® — h®)?||% is upper bounded by F? and the margin
parameter C' is set as the upper bound of \/R;El;’st), then the

cumulative similarity loss (Eq. (3)) is bounded for any matrix
U c R, je.

O O
> _R(M',s) < FA(I|U - WHE +2C) L),
t=1 t=1
where C is the margin parameter defined in Criterion (7).



Bounds
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Fig. 5. Cumulative similarity loss of OH with C ranging from 0.00001 to
10. (Best viewed in color.)



Bounds

= When retaining more than one model as candidates?
mg = arg ming, Ry (hi,, s?)

Theorem 3. Let (x!,s!),---,(xt st) be a sequence of pair-
wise examples, each with a similarity label st € {1, —1} for all
t. The data pair <t € R?*? is mapped to a r-bit hash code pair
ht € R"*? through the hash projection matrix Wt € RI¥T",
Suppose ||xt(gl, —h%)?||% is upper bounded by F?, and the
margin parameter C is set as the upper bound of \/R:ng};g”’st)
for all m, where R}, (Ihi,,s") is an auxiliary function defined
as:

R* (Iht sty — { R, (Ihfn, s%),  if the m*" model is selected for update at step t,

0, otherwise.
(28)

Then for any matrix U € R2*", the cumulative similarity loss
(Eq. (3)) is bounded, i.e.,

o0 T oo
> Rin(bh, sH) < TF?(|JU - WH|E +2CD  ¢),

where C' is the margin parameter defined in Criterion (7).



Evaluation

m Datasets
¢ Photo Tourism: 100K, 512D Gist Features
o LabelMe: 22K, 512D Gist Features
¢ Gist1M: 1M, 960-D Gist Features
¢ CIFAR-10 and Tiny Image 80M: 80M, 2048-D deep
features
m Compared Methods
¢ ITQ, KLSH, SDH
¢ LEGO-LSH, MLH, SSBC, OSH and AdaptHash.

= Measurement
+ MAP: Mean Average Precision
¢ Time cost



Evaluation

m Comparison with related online methods
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Evaluation

0 Comoarlson with related offllne models
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Evaluation
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Evaluation
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Evaluation

o0 o0
S RM', s < FA(JU - W[5 +20) " 4)

t=1 t=1
0.9 : . ; ; 0.4 ; ; ;
—1E-5 —1E-4 —1E-3 —1E-2 —1E-1 —1E-5 —1E-4 —1E-3 —1E-2 —1E-1 I
035+ e
. WS
& /\N\
03+ /
£ ,
0.25F S ——
. : : : : 0.2 : ' '
0 1 2 3 4 5 0 3000 6000 9000 12000
Number of Rounds x10* Number of Rounds
(a) Photo Tourism (b) 22K LabelMe
0.45 : : : : 0.7 : : : : :
|[—1E-5 —1E-4 —1E-3 —1E-2 —1E-1 |—1E-5 —1E-4—1E-3 — 1E-2—1E-1]
V'V \
0.6 e
< <
0.5 1
£ £
r/
0.4/ S ————
0.3 : ' : : 0.3 : ' : : :
0 0.5 1 1.5 2 2.5 0 0.5 1 1.5 2 25 3
Number of Rounds x10° Number of Rounds x10%

(c) CGISTIM (A CTFAR-10



Evaluation

m Training time
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(a) Training time comparison among different algorithms when
the number of samples increases.



Evaluation

m Training time
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Learning Hashing with Multiple
Features

Chenghao Zhang, and Wei-Shi Zheng. Semi-supervised Multi-view Discrete
Hashing for Fast Image Search. IEEE Transactions on Image Processing,
vol. 26, no. 6, pp. 2604-2617, 2017.




Semi-supervised Multi-Modality Hashing &

1
min _L:p_“YL_CTBdP

K
v 1
+21IB =3 Wig(XO)|
1=1

K
+ % > 2 IWi Coviy W2

i=1 j#i

K K
+8-trace() ) WLy W) +6]|C]

i=1 j=1
st. Y=C"By, Be{-1,1}'"".



Modeling

m Multi-view Discrete Modeling

K
b =sgn() W ¢i(x")).
=1

\

View-specific transformation

e \

min  L=[B-) W¢(X)|]

=1



Modeling

m Regression on Class Label Vectors

§ =G(b) = [CTb,..,CTb]"

1
min —|[Y — CTBgH2 + 0||C||?
Bg,C ne



Modeling

m Extracting Statistically Uncorrelated View-
specific Features

K K
min Y Y ||[WICovyy W;j||?

E{(x(i),x(j)) | Wi, W;} {W?(x(z) - ]Ex(z))(x(J) — ]Ex(j))TWj}

2 S WID - u®)(x - )W,
r=1

n

1 0 i ] ‘
=W/ {n Z(xg) —uf ))(X7(~‘7) _ u(J))T} W,
r=1

ZW;-FCO’UZ'J'WJ',



Modeling

m Composite local data variation

K K
min trace WTLZ--W- .
i roee (0D WIL,W,
1 n n K . ‘ K K
L =5 3032500 W (0i(xi?) — u(x(?) =3 WIL,;W;
r=1 t=1 i=1 i=1 j=1

K
x (3 W (3ix) — di(xf")"

2 . .
L;; = ﬁﬁbi(x(z))(D — 8)g;(XUNHT

K
]. 7 )
= = > eap(—|lxt) —x{?|I2/203)
1=1



Evaluation

m Datasets

+ WIKI: image (SIFT), text (LDA)

¢ CIFAR-10: Gist, HOG features

+ NUS-WDIE: image (SIFT), text (tag vector)

¢ ILSVRC-150K: 17 &18 layer features of VGG net
m Compared Methods

¢ Unsupervised Multi-view Hash Models

¢ Semi-supervised Hash Models

m Measurement
+ MAP: Mean Average Precision



Evaluation

= Multiple Modality vs. Single

TABLE 1I
EVALUATION ON PROPOSED SSMDH: MAP oON CIFAR-10
SSMDH GIST HOG Naive Fusion
16 bits 0.3919 0.3632 0.3543 0.3575
32 bits 0.4102 0.3801 0.3892 0.3847
48 bits 0.4349 0.3905 0.3902 0.3921
64 bits 0.4479 0.3909 0.3924 0.3930
80 bits 0.4574 0.3980 0.3965 0.3992
TABLE IV TABLE III
EVALUATION ON PROPOSED SSMDH: MAP oN NUS-WIDE EVALUATION ON PROPOSED SSMDH: MAP oN WIKI
SSMDH  IMG(SIFT) TXT  Naive Fusion SSMDH  IMG(SIFT) TXT  Naive Fusion
16 bits 0.4844 0.4334 0.4726 0.4586 8 bits 0.5182 0.2524 04273 0.3075
32 bits 0.5031 0.4547 0.4619 0.4644 16 bits 0.5711 0.2623 0.5054 0.4495
48 bits 0.5271 0.4691 0.4664 0.4749 24 bits 0.5757 0.2618 0.5281 0.4405
64 bits 0.5384 04752 0.4649 04723 32 bits 0.5812 0.2621 0.5317 0.4503
80 bits 0.5393 04710 04683 04772 40 bits 0.5839 0.2629 0.5319 0.4543




WIA

Evaluation

m Comparison to Semi-supervised Models
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Evaluation

m Comparison to Unsupervised Models
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Evaluation

m When deep features are used?

TABLE V TABLE VI
MAP EVALUATION ON CIFAR-10(CNN+HOG+GIST) MAP EVALUATION ON NUS-WIDE(CNN+SIFT+TXT)
Code Length | 16 32 48 64 80 96 Code Length | 16 32 48 64 80 96
SSMDH 1 0.5918 0.6040 0.6351 0.6461 0.6471 0.6483 SSMDH 1 0.6383 0.6671 0.6895 0.6987 0.7073 0.7129
MAH 0.5303 0.5467 0.5820 0.5924 0.5943 0.5961 MAH 0.5845 0.6149 0.6382 0.6502 0.6614 0.6687
MVAGH 0.3421 0.3915 0.3991 0.4038 0.4091 0.4131 MVAGH 0.5649 0.5893 0.5990 0.6032 0.6067 0.6091
CHMIS 0.3044 0.3623 0.3870 0.3896 0.3904 0.3910 CHMIS 0.4458 0.4531 0.4562 0.4580 0.4588 0.4592
SU-MVSH 0.2758 0.2754 0.2743 0.2731 0.2720 0.2727 SU-MVSH 0.4281 0.4366 0.4398 0.4403 0.4389 0.4371
MGH 0.1744 0.1805 0.2141 0.2219 0.2240 0.2255 MGH 0.5431 0.5586 0.5548 0.5560 0.5563 0.5567
SCPH 0.3952 0.3849 0.3753 0.3431 0.2716 0.2701 SCPH 0.5459 0.5340 0.5295 0.5248 0.5224_ 05209
BT-NSPLH 0.2083 0.2157 0.2320 0.2405 0.2423 0.2431 BT-NSPLH 0.5146 0.5263 0.5279 0.5281 C 09 + 00K/
SSH 0.1939 0.2048 0.2257 0.2333 0.2361 0.2380 SSH 04739 0.4752 0.4756 0.4760 G + 0.0K/
MAH-S 03520 0.4097 0.4148 04281 04342 0.4388 MAH-S 0.5714 0.5925 0.6003 0.6041 0.6008 0.6072
CHMIS-S 0.2838 0.2873 0.2893 0.2901 0.2909 0.2915 CHMIS-S 0.4618 0.4780 0.4825 0.4841 0.4862 0.4867




Evaluation

= On more diverse dataset

TABLE VII
MAP EVALUATION ON ILSVRC-150K
Code Length 32 64 96 128 160
SSMDH 0.1120 0.2027 0.2418 0.2460 0.2571
MAH 0.0897 0.1082 0.1124 0.1206 0.1258
MVAGH 0.0734 0.0859 0.0980 0.1064 0.1113
CHMIS 0.0342 0.0358 0.0366 0.0378 0.0375
SU-MVSH 0.0298 0.0303 0.0312 0.0316 0.0321
MGH 0.0699 0.0733 0.0758 0.0772 0.0778
SCPH 0.0645 0.0691 0.0739 0.0765 0.0773
BT-NSPLH 0.0378 0.0407 0.0454 0.0467 0.0479
SSH 0.0143 0.0159 0.0167 0.0171 0.0173
MAH-S 0.0972 0.1211 0.1259 0.1283 0.1301
CHMIS-S 0.0349 0.0368 0.0387 0.0392 0.0397




Evaluation

= When different classes are imbalanced?

TABLE IX
MAP EVALUATION ON IMBALANCED ILSVRC-150K
Code Length 32 64 96 128 160

SSMDH 0.1017 0.1916 0.2439 0.2655 0.2710
MAH 0.0901 0.1357 0.1422 0.1460 0.1473
MVAGH 0.0741 0.0949 0.1018 0.1040 0.1199
CHMIS 0.0287 0.0301 0.0325 0.0379 0.0404
SU-MVSH 0.0254 0.0331 0.0380 0.0392 0.0408
MGH 0.0534 0.0668 0.0722 0.0760 0.0752
SCPH 0.0514 0.0659 0.0723 0.0737 0.0745
BT-NSPLH 0.0328 0.0377 0.0391 0.0403 0.0410
SSH 0.0124 0.0129 0.0134 0.0138 0.0136
MAH-S 0.0954 0.1236 0.1259 0.1301 0.1306
CHMIS-S 0.0299 0.0307 0.0316 0.0331 0.0338




Evaluation

m Are the models transferable?

TABLE XII
MAP EVALUATION ON TRANSFER CASE
Database CIFAR-10 ILSVRC-150K
Code Length 32 64 96 32 64 96

SSMDH 0.7200 0.7214 0.7227 | 0.4065 0.4144 0.4225
MAH 0.6684 0.6732 0.6741 | 0.3253 0.3382 0.3402
MVAGH 0.6706 0.6683 0.6620 | 0.3447 0.3581 0.3639
CHMIS 0.4526 0.4569 0.4611 | 0.1841 0.1878 0.1890
SU-MVSH 0.4024 0.4110 0.4123 | 0.1394 0.1386 0.1381
MGH 0.4418 0.4450 0.4456 | 0.3062 0.3104 0.3149
SCPH 0.5315 0.5247 0.5174 | 0.2859 0.2900 0.2923
BT-NSPLH 0.4727 0.4739 0.4746 | 0.1455 0.1527 0.1540
SSH 0.4312 0.4427 0.4475 | 0.0942 0.0955 0.0959
MAH-S 0.6869 0.6904 0.6918 | 0.3438 0.3511 0.3537
CHMIS-S 0.4635 0.4658 0.4666 | 0.2003 0.2015 0.2019




Evaluation

= Why not use classifiers to generate binary codes?

TABLE XI
MAP EVALUATION ON CLASSIFIER-BASED HASHING
Database Method Code Length  MAP
Classifier+ONE-HOT 4 0.4235
CIFAR-10 Classifier+LSH 64 0.4542
SSMDH 64 0.6461
Classifier+ONE-HOT 4 0.5938
WIKI Classifier+LSH 16 0.5816
SSMDH 16 0.5711
Classifier+ONE-HOT 4 0.6570
NUS-WIDE Classifier+LSH 64 0.6394
SSMDH 64 0.6987
Classifier+ONE-HOT 10 0.0536
ILSVRC-150K Classifier+L.SH 64 0.0482

SSMDH 64 0.2027




Hashing for Cross-Modalities

Images Texts

. Image Text
Hash function Hash function

{4 {

A :> Image codes Text codes <:|
search
! !E E==)| Image query codes Text query codes | ===

Botong Wu, Qiang Yang, Wei-Shi Zheng*, Yizhou Wang, and Jingdong
Wang. Quantized Correlation Hashing for Fast Cross-modal Search. In
International Joint Conference on Artificial Intelligence (IJCAI), 2015.

Xiatian Zhu, Botong Wu, Dongcheng Huang, Wei-Shi Zheng*. Fast Open-
World Person Re-ldentification. Submitted to IEEE Transactions on Image

Processing. (Minor Revision)



Cross-modality Hashing
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Cross-modality Hashing

m How is it related to person re-id
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Evaluation

m Datasets
+ CUHKO3
¢ SYSU
+ Market

m Setting: open-world re-id
+ Re-id with large scale of imposters

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.



Evaluation

m 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 [26] 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| 5.48 | 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 69.47 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 [69] | 13.19 29.18 40.33 56.88 68.23 | 1.55 | 38.04 61.43 72.73 83.95 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 8229 | 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 4522 60.35 7095 | 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) 4996 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] 481 1397 21.83 35.01 45.88| 1.91 | 7.25 18.13 27.35 41.18 52.31 | 5.48 |17.17 33.22 43.85 57.75 67.36| 8.28
SH [27] 391 12.00 19.93 31.72 4341 | 1.49 | 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 14.34 22.87 36.84 48.89 | 2.36 | 10.20 22.06 31.91 46.08 56.88 | 8.03 | 16.59 34.04 4533 59.12 69.60 | 8.69
ITQ [66] 545 149 2396 3795 49.51| 2.70 | 8.81 21.47 3142 4582 56.73 | 7.47 |17.39 35.66 47.25 6090 70.46 | 10.84
CCA+ITQ [66] | 10.52 23.86 34.05 49.95 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 55.44 69.26 77.25(22.29|21.74 4736 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 [69] | 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] 2.32 10.32 1942 3244 4506 | 1.25 | 2.66 11.13 19.29 33.87 46.11 | 3.18 | 220 893 17.42 31.57 4429 | 1.55
CVH [47] 1.31 5.62 12.06 2329 3245| 039 | 1.75 7.65 1444 27.18 38.12| 1.30 | 1.57 6.83 12.83 24.39 35.74| 0.53
CMFH [71] 349 1191 20.06 34.46 45.35| 1.27 | 7.25 2142 3299 4897 6098 | 6.32 | 795 22.60 33.55 48.81 60.49 | 4.07
SCM [51] 191 7.64 14.74 2722 37.74| 0.59 | 575 1555 23.82 37.04 4823 | 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 3040 42.85 57.81 67.73 |13.56|11.78 3298 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




Evaluation

m Comparison to re-id methods

TABLE V: Comparing state-of-the-art non-hashing person re-id methods. (Metrics: TTR (%) at varying FTRs (%), and mAP (%); ST:
Search Time (smaller is better), with unit set as the search time of X-ICE.)

Dataset

CUHKO03 [39]

SYSU [36]

Market-1501 [40]

Metric

Individual Verification

mAP

Individual Verification

mAP

Individual Verification

mAP

1% 5% 10% 20% 30%

(%)

ST

1% 5% 10% 20% 30%

(%)

ST

1% 5% 10% 20% 30%

(%)

ST

X-ICE(hinge)

X-ICE(reg)

49.67 79.60 89.50 96.09 98.48
49.96 78.18 88.96 95.88 97.98

11.66
11.23

61.86 84.10 91.47 96.35 98.26
63.13 84.86 91.52 96.17 98.08

29.93
29.44

66.52 88.03 93.66 97.15 98.55
64.18 86.98 92.91 97.09 98.59

2147
20.68

non-hash

KISSME [27]
CVDCA [36]
XQDA [6]
MLAPG [11]
DNS [12]

33.66 61.67 74.69 86.14 91.29
41.73 68.65 80.63 89.91 94.52
56.96 82.67 91.71 97.04 98.29
53.97 83.05 92.35 97.56 99.02
59.68 84.68 92.25 97.05 98.50

191
8.50
15.93
12.79
17.52

954
367
1775
128
316

33.67 58.30 70.79 83.57 90.08
58.39 81.89 89.75 94.94 97.09
59.93 83.31 91.04 96.32 98.09
55.61 79.55 88.17 94.77 97.54
59.62 82.12 89.52 95.10 97.37

19.31
23.88
34.28
29.13
29.29

2056
436
4311
159
164

59.40 81.55 89.19 94.87 96.84
32.87 52.90 63.15 74.81 81.45
71.40 90.00 94.70 97.98 99.04
66.71 87.93 94.04 97.73 98.95
75.33 91.55 95.83 98.26 99.13

21.64
11.25
28.95
22.30
31.48

1447
456
3185
154
262

Metric

Set Verification

mAP

ST

Set Verification

mAP

ST

Set Verification

mAP

ST

X-ICE(hinge)

X-ICE(reg)

16.41 37.50 50.14 66.56 77.30
16.37 37.36 49.71 65.49 76.03

11.66
11.23

23.32 46.84 60.48 74.20 82.37
25.94 49.94 62.59 75.91 83.30

29.93
29.44

26.81 52.73 66.47 79.66 86.16
22.27 48.12 62.87 71.13 84.55

2147
20.68

non-hash

KISSME [34]
CVDCA [36]
XQDA [6]
MLAPG [!1]
DNS [12]

9.00 23.77 34.78 50.64 62.29
15.27 33.04 44.94 60.61 70.89
15.43 38.83 54.55 71.38 80.87
13.86 38.19 54.15 71.54 82.00
18.91 41.09 54.86 71.88 81.65

191
8.50
15.93
12.79
17.52

954
367
1775
128
316

12.35 25.26 35.66 50.95 62.16
21.55 46.22 59.37 73.29 81.31
23.33 45.07 58.14 73.04 82.23
22.00 43.00 56.29 71.31 80.06
20.42 39.01 50.95 65.82 75.57

19.31
23.88
34.28
29.13
29.29

2056
486
4311
159
164

31.42 50.39 61.30 73.88 81.37
15.55 31.37 41.00 53.67 63.02
34.18 58.71 70.53 82.21 88.50
30.79 55.14 68.69 81.78 88.62
41.34 62.74 73.12 83.63 89.42

21.64
11.25
28.95
22.30
31.48

1447
456
3185
154
262




Evaluation

= 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 19.0014.77 {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)




Evaluation

= Visual Comparison

(2) CUHKO3 [39] (b) SYSU [36] (c) Market-1501 [40]
Fig. 5: Visualising person re-id performance by four top methods X-ICE (1% row), KSH (2™ row), CCA+ITQ (3 row) and
SDH (4™ row). For each dataset, the left-most image is the probe person image, followed by top 10 most matched gallery
images by respective methods with red boxes indicating true matches.
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