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Visual Survelillance




Visual Survelillance

m A Typical System
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Our Research

Object Recognition: Feature Extraction:

Classifier Modelling Representation
DistanceLearning Dimension Reduction

Image
Recognition =
and e
Understanding

Face Image
Computing -

Collective/Group
Activity
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Large Scale Person Identification

Large in Understanding Group Activity

Large in Tracking Group and People Across
Disjoint Camera View

Large in Making the Identification Efficiently
Deployed in Many Scenarios

Large in Processing Data and Exploring Share
Information Across Different Types of Data




Relation to Human Identification

m Concern the person who is joining an
activity
m Tracking him/her across camera-views

m Identifying him/her when we can capture
him/her face very well

Recognising/Searching face images in a
Large Dataset

Face Image
Computing




Outline

m Group Activity & Recognition

m Cross View Tracking: Person Re-identification
+ Robust Metric
+ View Change Invariant Features
+ Cross Scenario Transfer
+ Open-world Modelling

m Online Classification for Identification




Group Activity: Interaction Modelling

Xiaobin Chang (student), Wei-Shi Zheng*, and Jianguo Zhang. Learning Person-Person
Interaction in Collective Activity Recognition. IEEE Transactions on Image Processing,
vol. 24, no. 6, pp. 1905-1918, 2015.




Introduction to Group Activity
m Why Learning Interaction Activity

gl T [ W We are interacting
M A - R 3£ . with others everyday




Introduction to Group Activity

Terrorist Attack in Kunming




Introduction to Group Activity
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Introduction to Group Activity
= The Challenges

Talking?? Queuing??

Local does not

Individual Action mean global

Collective
Activity

Talking!!



Learning Person—Person Interaction

Related Work: Spatial Temporal Model

Choi et al 09°’ICCVW

1.Capturing the Spatial
Distribution of Collective
Activity.

2.Capturing the Temporal
Variation of the Spatial
Distribution .




Learning Person—Person Interaction

Related Work: Spatial Temporal Model
Time ——~

(b)

Choi et al 11’ CVPR

Capturing the Spatial Temporal Information and finding out the most
Discriminative ones for Collective Activity Recognition as well.




Learning Person—Person Interaction
m Related Work: Hierarchical Model

() (b) (c) (d)
Lan et al 12’ TPAMI

1.Collective Activity is based on the action of each person.

2.The connections among people can be inferred as latent variables.




Learning Person—Person Interaction
m Related Work: Hlerarchlcal Model

~ Temporal AOG
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Learning Person—Person Interaction

Related Work: Interactive Phrase

Action representation

Attribute detection Interaction recognition

_____________________
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1.Describing the person-person interaction by capturing the interaction
patterns by exploiting motion relationships between body parts.

2. The interaction is inexplicitly captured by the model.



Learning Person—Person Interaction

Related Work: Interactive Descriptor

Discovery Extract LGA Form BoW
interacting groups descriptor representation

SVM
Classification

Tran et al 14’ Pattern Recognition Letters

A Descriptor called LGA is used to capture the interactions among people
for Collective Activity Recognition.




Learning Person—Person Interaction
Related Work: Combine Model

Collective Activity (C)
“gathering”

Interaction (1) 5

Interaction (1)
“approaching”

Choi et al 14 TPAMI

1. This model combines Different Tasks together:
Collective Activity Recognition, Interaction Recognition, Individual Action
Recognition, as well as Multi-people Tracking.

2. It believes different tasks can benefit from each others during learning
procedure.

3.Hard to be optimised & Require many manual labels.




Learning Person—Person Interaction
A Complete Learning Approach

.rl_nBJt ____________ | | Preprocessing: | e
| Video Clip : | Detection/Tracking | | Person - Person e |
: : : : : Interaction Model :
i_% 1 | I
g | | {2 ; :
| iE>I | | = G |
| L | | > |
: - - |
| |
| - A fi 0 f B |
Short Video Spatial-Temporal Focus on Modeling
Clips Feature Person-Person Interaction
(~15 frames) Of Each Person’s
Action

Two connected atomic activities in one collective activity are either:
1) quite similar and spatially close to each other to form a meaningful
collective activity (e.g. two people are walking together);
2) not quite similar but are strongly interacting to each other
(e.g. facing each other when two people are talking, or flghtln




Learning Person—Person Interaction

|nference person-person interaction

under the collective activity m

¢

I P
Ng , 1 Person - Person =
— . . I .
Rm,q _ § fz,qu fg,q Interaction Model
A i =1, i#£j : f
|
o I Q 9 Q
Summarising all the I , -
__ person-person — e Ay
interactions 1 P, f} Q fJ P;
|

Inference:

lq — ar'g max Rm)q
me-y

The Interaction Response
should be maximised under
the ground-truth collective activity




Learning Person—Person Interaction

Learning

T

N;
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Matrix | m m m 1. More Effective

Factorisation: j =~ o Rixd 4 < 2. Low-rank Representation

AV
. o] » |B /
min J(L,,) = min —||L,, ||z —=log det(L,, L,,)
Lm L 2 2 - log det regularisation

] . , X Term: Lm is of full rank.
+szax(0 L=y (Z fiikmLy, fi.))"  (Avoid the redundant
=1 problem)

where f >0, C = 0.




Learning Person—Person Interaction
Multi-task Extension

T ] RETS

Rt |

(d)1TE (Walking) (e) 32X (Talking)

Different Collective Activities are Different but Related.

»Class-Specific: Global Interaction is different;

»Shared Aspects: Local Interaction is sometimes similar
Person Actions(standing, walking),
Spatial Distribution, etc.




Learning Person—Person Interaction
Multi-task Extension

Ny
R _ ’ 0 _ a controls the balance between
meq = Z f’f‘f:q mfjaq shared variable and class-
1,7=1, q;;,éj specific variable in Qm

Q,=(1—- a)Qy+ aQ,,, a € [0,1]

ﬂm for modelling Class-Specific Information

ﬂ[r for modelling Shared Information




Learning Person—Person Interaction

Multi-task Extension
min J(L,,) = min %||Lm||?¢ — glng det(L! L,,)
’ ’ T N,
+C Zmax({), 1 —y™( Z fiLmL,, £i.0))
t=1 i,j=1

Q,=1- a)Q,+ aQ,,, a €[0,1]

ﬁm — Z‘m * me; Zm = Rlxd f_lo = E(} K Zb, EO € Rlxa

Vv
_min J(L(}, Lm)
Lo.Lm Gradient Descent &
Interactive Optimization
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k—(} m
7] Loss(Lg, L,,)

+C ZL(]SS(E{),E;”) <4
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Learning Person—Person Interaction

Two Benchmark Datasets

1. Collective Activity Dataset (CAD)
» 44 video sequences; 5 activities (crossing, waiting, queuing, walking, talking);
> Exp. Setting: random splits 1/4 of the dataset for testing and the rest for training.

(a) Crossing (b) Waiing

(e) Talking

2. Choi’s Dataset

» 32 video sequences; 6 activities(gathering, talking, dismissal, walking together,
chasing, and queuing);

> Exp. Setting: the standard experimental protocol of the 3-fold cross validation.




Learning Person—Person Interaction

Visualization of the Learned Q

CAD dataset:
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Learning Person—Person Interaction

Low-Rank Representation

Li*fi L*fi L*fi Ldfi Ls%f Le*fi

For Each Collective activity m,
each individual feature f; € R’
has the corresponding low-rank
representation'

e e el

Ei"]"l

d <=l

1.Class-Specified Feature

2. Learned Individual Representation
for Person-Person Interaction




Learning Person—Person Interaction

Results On Two Benchmark Datasets

CAD: Class |Baseline| [24]| [23]]| [26]| IR |MIR
Crossing| 623 |68.0|65.0|77.0|72.3/659
Waiting | 55.5 |69.0|60.0 | 63.0 |76.3|82.2
Queuing | 98.6 |76.0|96.0|70.0|90.0/91.9
Walking | 66.8 |80.0 | 68.0 |73.0|77.5|81.4
Talking | 91.9 |99.0 | 99.0 | 88.0 {93.3]95.2
Average | 75.0 |78.4 (775 |74.2|81.9|83.3

Choi’s Class |Baseline | [12]] [11]] [4] | IR |MIR
Dataset: Gathering | 64.1 | 50.0 | 43.5 {48.1|55.2|59.9
Talking 96.5 |72.2|82.2|81.3/94.3]97.0
Dismissal | 764 |49.2|77.0 55.3]/91.8|90.5
Walking | 904 |83.2|87.4(89.1|93.4|94.3
Chasing 21.6 1952 |91.9(95.942.2|53.9
Queuing | 78.7 959|934 (96.7|84.3|86.3
Average 713 743 (79.277.7|769 | 80.3




Learning Person—Person Interaction
Parameter Evaluations:

The impacts of aand d on CAD The impacts of aand d on Choi’s Dataset




Learning Person—Person Interaction

Effect of logdet regularization

The impact of B8 on both datasets

. —B— Collective Activity Datasef[1]
peseSggBea— % O Odeetl min J(Lo, L)
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3 7sH -
| 7l _
: I| +CZL053{L{;, L)
< mi . =1
O
¢ »The performances fall obviously
without —logdet regularization( = 0);
60 . ! . . . . »The performances become stable
0 0.3 1 15 235 3 15 4

when 8 =0.3
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Learning Person—Person Interaction
Effect of logdet regularization

The impact of B8 on both datasets

. —B— Collective Activity Datasef[1]
peeelgpBae— |9 Chofs Detaser) min J(Zo, L)
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Learning Person—Person Interaction

Gatherin

Some Wrong Prediction




Learning Person—Person Interaction

Gatherin

Some Wrong Prediction

(a) (b)
Predict: talking Predict: walking
GroundTruth: gathering GroundTruth: chasing




Other Learning Based Methods
® Hierarchical Random Field (ECCV’2014)

i —

m Part-based Learning (ECCV’2014)

+ Learning Latent Constituents for Recognition of Group Activities in
Video




Tracking Across Disjoint Views:

Person Re-identification

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person Re-ldentification by One-Shot Group-based
Verification. IEEE Trans. on Pattern Analysis and Machine Intelligence (PAMI), 2015. (DOI: 10.1109/TPAMI.2015.2453984)

Wei-Shi Zheng et al., “Re-identification by Relative Distance Comparison”, IEEE Trans. on PAMI, 2013

Ying-Cong Chen et al.,”Mirror Representation for Modeling View-specific Transform in Person Re-identification”, [JCAl,
2015

Xiaojuan Wang et al., “Cross-scenario Transfer Person Re-identification”, IEEE Trans. on CSVT, to appear
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Person Re-identification

Matching, Tracking

What is

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

Camera Network
Understanding




Person Re-identification

m A key component to track people across dISjOInt V|ews
S RIID S Py

.




The Main Processing

— Metric <&
Learning

Feature
Extraction




Person Re-identification: Challenges




oetween two

How to measure the ¢

ifferences

nerson |

mages

Wei-Shi Zheng et al., “Re-identification by Relative Distance Comparison”, IEEE Trans. on PAMI, 2013




Triple based Learning: Bipartite Ranking
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Triple based Learning: Bipartite Ranking

ldea from RankSVM

O

.1 2 . T o T 2
min — |[wl| —I—SE max (0,1 —w (:s{. _3{1‘)
w2 ' E
i=1
}{f positive data difference
}:?‘ related negative data difference

 Maximising the margin between difference souces of data

difference
* Quantifying first-order feature vectors

* Sensitive to parameter




Triple based Learning: Bipartite Ranking

= A Relative Distance Comparison Model
| .. .
posmve negatlve T
08 | dgitference f(X}) < f(X}') difference| f(X) =X Mx, M = 0
T vector vector 1-/______
M= AAAT = WWT, W =AA! /

e ol L |
-6 -4 -2 0 2 4 6

: T ) )
min r(W.0), s.it. wj wj =0, Vi # j soft margin

measure

) T
r(W,0) =Y log(l+exp {|[WTx?|]? — [W'x}'||*})
Q;

Reduce the sensitivity for comparison
Enhance the performance ( 'T‘ i-LIDS, VIPeR)

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

Learn the projection vectors each by each

. f+1
Wiyl = arg 11}”111 Ti+1 (W= O )

where

Te41 (W: Gf-l_l)

= Z log (1 + ufH exp {”waf‘EH

£+1
m}t’

P = [lw ).

I
. 2 1.' 2
41— exp{znwjfxw| e x| }
=0

s b _sf-1 - -~ T s f—
X =X T WiaW X,

1! SE{}}SH}ST"= !"'5|@|.'-

w1 = wy_1/||[we_1|

X':‘ﬂ =x{,s€ {p,n}, and Wy = 0




Triple based Learning: Bipartite Ranking

m Convergence

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

Theorem 2. (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]) = |zi — 25" M|z; — zj| = ||W7 [x35] |

¢

145 — 5]

upper(||[W (x5 — bxizr)

| < || — x5,

) < upper(|[W (x45 — x45)|])

Relative Distance Learning can be more robust
in the absolute distance space




Triple based Learning: Bipartite Ranking

Ensemble Metric Learning

Ensemble RDC: Motivation

- RDC: Large space complexity
O(q-((+ - 2) N>+ (£ -1)-N?%) ‘O(q.((%ﬁ_E"E)-N3+(%—b2)-N2))
- 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

Wei-Shi Zheng et al., “Re-identification by Relative Distance Comparison” |EEE Trans. on PAMI, 2013




Matching Rate (%)

Matching Rate (%)

Triple based Learning: Bipartite Ranking

Re-identification (i-LIDS&VIPeR)

i-LIDS
9[' = = === ..: ............. : ............. : ............. : ............. : ............. :
80 j ; ; ; = cx-mig ——
-0 ' ' ' ' —e— RDC
=3 —&— Adaboost |
5 60 ™
= LMNN ;
= 50 MCC g
8 Xing's 5
= 40 ¢ g
L1-Norm ;
30h -~ Bhat. |
) - e —PLS |
20
1 25 30
Rank Score
(a) p=50 (b) p=80
VIPeR
100 =T R e L T PR T .
90 =
80 : i
1 ——rDCc M
70 ) § —=— Adaboost [?
60 & e |TM ;
50 'EE, LMNN
40 £ | ——mcc o
20 L g Xing's
: gL L1-Norm |;
20 1 . :
: ' =M~ Bhat. ;
: - e —PLs :
D " 1 1 1 T |
1 20 40 60 80 100
Rank Score Rank Score

(a) p= 316 (b) p = 532



Other Distance Model for RE-ID
® Subspace: LFDA (CVPR’12)

+ Local Fisher Discriminant Analysis for Pedestrian Re-
Identification

= KISSME (CVPR’12)

+ Large Scale Metric Learning from Equivalence Constraints

joint distributions of (x,y)

® Local Boundary (CVPR’13) TR R SR
: ] . R ‘-* iﬁxh&ﬁ
+ Learning Locally-Adaptive Decision o wgi
. s . S XERE X ]
Functions for Person Verification e SN
> 0 % ox)=c(y)
© o c(x)i=cly)
9>02 | ¥
1% M%’f S
o K}‘“ X %{ 12 N M :‘




Other Distance Model for RE-ID
® Saliency Matching (CVPR’13, ICCV’13)

+ Unsupervised Salience Learning
for Person Re-identification

® Deep Metric (CYVPR’15)

+ An Improved Deep Learning
Architecture for Person Re-ldentification




Other Distance Model for RE-ID

The Integrated Matching Scheme (IMS):(1SBA 2015)

“Towards More Reliable Matching for Person Re-identification”

—————————————— : ” 90+
Regulated by ! : 70}
Confidence , g - 2
PR : 3
____________ —1 @ % 3
i: %’
Matching Matching < o |

Fusion

W AT APy .
1 ) 10
Rank Score Rank Score

Regulated by . 1 (a) VIPeR (b) i-LIDS
Y Se——
Confidence

our method
—l—|IMS-LFDA

==L FDA
—LMNN
———KISSME
==L 1=norm
SRC

The upper-body is superior to other body parts

S0 0 I . oper—body

|
75 I
B (ower—body| |
Cieft-body ||
457 65 I ight-body
(] [ |
3 = 60
< < I
40} 55
|
|
35 45 50 |

ViIPeR i-LIDS 3DPES

AUC




Other Distance Model for RE-ID

m Local Relative Distance Comparison (zheng et
al., TPAMI’15)

+ Towards Open-World Person Re-Identification by One-Shot
Group-based Verification

t-LRDC| t-RDC |t-RankSVM| RDC |RankSVM

Sensitive to PCA X v v N v
Max Memory Cost|~0.7 G[~16.9G| ~169G |[~16.1G| ~16.1G
TABLE III

COST COMPARISON: RELATIVE COMPARISON LEARNING ON VIPER

| —

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.

@) T X &
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What is Wrong with Current Metrics

used

« The distributions of
person images across
camera views are

! - Y
.4“ ’ *“(b“
[} 'y’ \\)\?’
d I e re n t ! & Projected by U,

Captured Images Extracted Features Projected Features

 Existing metrics are learned for each scenario
and cannot generalize very well



When View Labels are available,
now to model the view transform
more accurately

Ying-Cong Chen et al.,”Mirror Representation for Modeling View-specific Transform in Person Re-identification”, IJCAI,
2015




Mirror Representation

Usefulness of View Label Information

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

* View-Specific Mappings can be adopted to correct dlfferent
distributions of views. P




Mirror Representation

m Augmenting original feature with zeros

a a ]
- X% > [X%,0] Zero-Padding
b [0, XP] Augmentation

- Learning projection bases with augmented
teablines B BRE . h =

mm
. f(UTX) - U= [Ul!UZ] " /_\

. Vlew specific projection
. fa(X®) = UT[x%,0] = Ufx® 2B / \
- fp(XP) = UT[0,X"] = U7 X"




Mirror Representation

Illustration of Zero-Padding Augmentation

2.0 2.5
— view a
— view b
2.0}
1.5
i II| ‘_,-F"-FFH-‘}
z | f \ il
= o | 1
ﬁ 1.0 ] 5 | "| /,,-/
E E ||| III ‘,_,-"'-l
i 1.0} | \ ’_,-""/
fired o |'I /H(
0.5 | Wl ;,:;"‘“ \
LY 0.54 : //f/_,,r"" " \
Il 1 !
f ] \l".
”;2_-“_’ Ll \ |
I // i | . \
0. RRES 0. = B —— :
?J.I} I . 2.0 2.5 %-.D 0.5 1.0 1.5 2.0 2.5
Feature Feature of view a

(a) Mismatched Distribution (b) Zero-padding




Limitation of Zero-Padding

 In 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 U,.




Reformulation of Zero-Padding

- Xgug — [[, O]Xangug — [0: J(]Xb
« fo = [U; + 0U,]X* = U X
- fp, = [0U; + U,]XP = U, X"

lgeneralize

X or= [ R XS] R Y2
= fa —_ [RUl + MUz]Xa

L} control the discrepancy
. fy = MUy +Rulxe O fa@ndf)




A Feature-Level Discrepancy Modeling

1-7r

. R=71 Z=J1-1)2+1+1)?
M =271 0<r<1
Discrepancy of [R, M] and [M, R] is measured by
the principle angles: n
2
2
0 = arccos(Z 7 — 1) |




A Transformation-Level Discrepancy Modeling

2
We directly impose “U1 — Uz” as a
regularization term, which can be easily
integrated into ridge regularization

U i~
lU, - U,||* = UTBU,U = ’U;]‘B oy I]

2y ol

I —pI
UT'BU + AUTU =UTCU ,C = [_BI IB ]




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




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( R 2 ) 42.97 75.82 87.28 94.84 3737 | 71.23 B4.72 | 9345 3367 | 6766 | 8231 91.87

o KMFA(x") 39.62 71.36 | 84.18 93.23 3557 | 67.34 Bl.14 | 91.74 30.28 | 63.54 | T7.88 89.15
g KPCCA(R 2) 88 | 6700 82.03 9177 2905 [ 6294 [ Tsl6 8968 ILEL | 524 | 6737 1940 |

- KPCCA(x™) 29.37 64.11 78.96 90.63 2563 | 5978 | 76.27 87.78 1877 | 5117 | 66.77 82.31

MFA 3348 | o300 | 75.60 | 86.55 006 | 3943 | Tl 85.41 2187 | 5206 | 6658 8139

PCCA 2156 | 0057 75.00 3737 2547 | 3696 [ TLOS 83.25 2253 | 5560 | VTI30 | 3636

KMFA(R, 2) 40.40 | 64.63 75.34 84.08 3498 | 6016 | T1.27 81.50 | 3353 | 59.00 | 70.20 | 80.24

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

'L"If' KPCCA(R, 2) 29.57 56.53 69.21 79.40 2530 | 5240 | 646l 76.76 1784 | 41.53 | 53.95 67.83

a KPCCA(x”) 2669 | 5440 | 66.88 | 77.87 2279 | 4865 | 62.10 | 74.06 1784 | 4153 | 53.95 67.83

MFA 2547 | 48.38 | 58.86 69.19 20.71 41.51 5242 | 63.21 14.13 3312 | 4310 | 5407

PCCA 19.74 | 409 | 52.44 65.00 16.79 38.13 | 4929 | 6l1.35 389 9.02 12.32 16258

KMFA( K, 2 ) 55.42 79.29 | 87.82 93.87 5276 | T77.56 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 B2.80 | 8947 | 4182 | 7129 | 81.82 90.04

= KP{:"{:"A[H:‘:Q} 41.51 71.51 81.42 91.24 4000 [ 6376 | 7993 | 90.13 3360 | 6578 | TilB 85.00

= KPCCA(x") 39.82 68.31 80.22 89.82 3760 | 66.18 | 7349 83.62 28.27 | 53.71 72.40 | 85.60

. MFA 4058 | 7756 | 67.47 836.58 3822 | 6342 | T387 83.64 2116 | 50,00 | 62193 76.534
PCCA 3840 | o840 | 79.51 8831 3676 | 65.69 16.22 85.16 3280 | 6467 | T0.0% 8738 |

The best is marked red, and the second best is marked blue.
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Parameter Analysis
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Labeling images is costly and even
orohibitive in some scenarios

Xiaojuan Wang et al., “Cross-scenario Transfer Person Re-identification”, IEEE Trans. on CSVT, to appear




source scenario




on Re-identification




S

Im

it possible to use collected

ages in other scenarios to boost

the learning in the target scenario?

<

Cross-scenario Transfer Person Re-identification

Xiaojuan Wang et al., “Cross-scenario Transfer Person Re-identification” IEEE Trans. on CSVT, to appear




Framework

source task- ource task-
specific specific
subspace subspace

i

joint
learning

target task-

specific
subspace

Figure 1: Asymmetric Multi-task Person Re-identification system: diagrams
inside the large dash rectangle box indicate the principle of training.




Transfer one source dataset

Cross-scenario Transfer Modeling {
e Transfer multiple source datasets

Modeling
shared latent subspace: W, € R*”
source task-specific subspace: W, € RIx"

target task-specific subspace:
g p p Wt c RdX?‘

The projection of a target sample x: z; = ((1 — 8)Wy + BW;)'x;
joint
I learning
zs = ((1 - B)Wo + W

The projection of a source sample Xs ) X




Transfer one source dataset

Cross-scenario Transfer Modeling {
— Transfer multiple source datasets

Modeling
To maximizeflocal inter-class varianced and meanwhile to minimize theflocal intra-class varianceslin
both tasks
0<~y<1
tr(W,S; W /tf(W’ S!W
max (1 — ) TWiSIWy) _—Ar(WoSiWs) (1)
W, W, tr(W/SsaW1) ' tr(W,SEW,)

W, = (1 - B)Wy + W)
Wy = (1 — B)Wq + SW,)

l relaxation

- tr((1 —v)W/{SiW; + yWELSIW)) (2)
Wi, W, tr((l — ’y)WiSfUWl + "}’W’QSEUWQ) ’

Non-convex




Transfer one source dataset

Cross-scenario Transfer Modeling {
— Transfer multiple source datasets

Insight

tr(W1S; W)

] i — - 5 = = H
=5 D ALY Wi k) (5 = X)) (x = x}) Wi, b)
1,7=1 k=1

= 3 AL [ = AWl k) (x5 = x5) + WL (i, k) (x5 = x3)]
ij=1 k=1

adding those measures together gives
us a stronger cue on overall
discriminativeness




Transfer one source dataset

Cross-scenario Transfer Modeling {
e — Transfer multiple source datasets

Optimization

W = [Wy; W,; W] € R34
O, = [(1 - ALy, Als, Ouxd) € R @, = [(1 — B)Iz, Oga, fI4] € R34
A = (1-7)(©,8;0,) +(©,5;6,) (3a)
B =(1-7)(0,8;0,)++(0,8,0,) (3b)

Eqg.(2) is equal to

tr(W’/AW)
W* = 4
WEIW" tr(W/BW) (4)

AW = \ABW




Transfer one source dataset

Cross-scenario Transfer Modeling {
— Transfer multiple source datasets

task-specific projection for each source dataset: w:

by redefining: W = [Wo; Wl .. ;Wi ;W W] € R +2)dxr
(-); - [(1 _ )8)]:(13 <. a/BId:- coey ded] € Rdx(m—i—Q)d

O; = [(1 — )14, Ouxa, - - -, Oaxa, BIg] € REx(m+2)d

NE

(©)'8;"'0)) +7(©,8{6,) (5a)

1
™m

A= (1)

1

[

(©1)'S%'@%) +~(©,S!,©,). (5b)

INgE

1
m

B = (1-7)(

|
=

1

solution could be obtained by Eqg. (4)




Constrained Asymmetric Multi-task Component Analysis

| shared latent space |

s ™
O 11

[] Task2

<> Task 3
~

different colors

instance j from task k

different classes from different

tasks collapse together

Figure 2: A schematic illustration of the motivation behind CTDD. Different
shapes represent data from different tasks, and different colors represent dif-
ferent classes. In the shared latent space, different classes from different tasks

could collapse together.

indicate different
lasses

-
| —

= (TDD(W;)=

1

instance j from task /

%)) - )W) @

k#l i)

W* = arg max
w

separate data from
different tasks

{(W'AW) + oCTDD(W,) .

tt(WBW)
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Constrained Asymmetric Multi-task Component Analysis

5 " 5
®
|
» *
4 ® 4 »®
x o
3 3r
+
x x* ’:‘ ®
m
2 2 » »* »
+ ®
1 +* ¢ 1 . *
> o * * = .
0 :_Q * o ¢ L* g’ *t .
.. 1 * source class 1 * .' PO * source class 1
=1t e * source class 2 =1r * * source class 2 ’.
& *Q ” source class 3 m u " source class 3 -
=2r * ®  target class 4 - =2r ®  target class 4 * »
+ target class 5 * + target class 5 * *

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

" . . . * 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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Datasets

E - t Transfer setting
Xpe ” I I le n Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

single-task methods

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.

(a) VIPeR (b) 3DPeS (c) i-LIDS (d) CAVIAR

Figure 4: Illustration 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

3DPes 3DPe5 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-f




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 source data only (e.g. LFDA _T)

trained in three ways using target data only (e.g. LFDA _S)

using a pooled set of source data and target data (e.g. LFDA-Mix)

) F b X B

7
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Experiment

Datasets

Transfer setting
Compared methods

single-task methods

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

Mot hods VIPeR—+i-LIDS 3DPeS —-LIDS CAVIAR +i-LIDS
- r=1 r=>5 r = 10 r = 20 r=1 r=>5 r = 10 r = 20 r=1 r=>5 r= 10 r =20
cAMT-DCA | 36.47 | 60.59 | 72.13 | 84.17 | 33.79 | 54.96 | 67.89 | 81.38 | 33.85 | 57.46 | 69.79 | 81.27
LFDA_T 3032 | 51.81 | 6446 | 79.86 | 30.32 | 51.81 | 6446 | 79.86 | 30.32 | 51.81 | 6446 | 79.86
LMNN_T 27.14 | 46.61 | 56.41 | 7400 | 27.14 | 4661 | 56.41 | 74.00 | 27.14 | 46.61 | 56.41 | 74.00
KISSME.T | 2031 | 4095 | 5343 | 70.11 | 20.31 | 40.85 | 53.43 | 70.11 | 20.31 | 4095 | 5343 | 70.11
LADF.T 1420 | 3649 | 49.60 | 69.59 | 14.20 | 36.49 | 4960 | 69.59 | 14.20 | 3649 | 49.60 | 69.59
PCOA_T 1348 | 34.14 | 5030 | TLOL | 1348 | 3414 | 5030 | T1.01 | 13.48 | 3414 | 5030 | 7101
RDC.T 30.42 | 5119 | 6188 | 7710 | 3042 | 5119 | 6188 | 77.10 | 3042 | 5119 | 6188 | 77.10

Mot hods VIFeR—CAVIAR 3DPeS—CAVIAR i-LIDS—CAVIAR
B r=1 r=>5 r= 10 r = 20 T = r=>5 r = 10 r = 20 r= r=>5 r= 10 r =20
cAMT-DCA | 34.30 | 50.84 | 72.63 | D0.67 | 33.54 | 57.76 | 73.61 | 01.88 | 35.30 | 60.68 | 75.53 | 02.23
LFDA_T 2841 | 4991 | 63.79 | 8219 | 2841 | 4991 | 6379 | 8219 | 2841 | 4991 | 6379 | 8219
LMNN_T 2441 | 39.71 | 55.78 | 79.40 | 2441 | 39.71 | 5578 | 79.40 | 2441 | 39.71 | 5578 | 79.40
KISSME.T | 2028 | 3521 | 5232 | 77.18 | 20,28 | 3521 | 52.32 | 77.18 | 20.28 | 3521 | 5232 | 77.18
LADF.T 20.68 | 46.07 | 62.23 | 81.55 | 20,68 | 46.07 | 62.23 | 81.55 | 20.68 | 46.07 | 62.23 | 81.55
PCCA.T 16.45 | 37.98 | 53.81 | 76.30 | 1645 | 37.98 | 53.81 | 76.30 | 16.45 | 37.98 | 53.81 | 76.30
RDC.T 28.75 | 45.86 | 5855 | 7525 | 2875 | 4586 | 5855 | 75.25 | 28.75 | 45.86 | 5855 | 75.25

Methods VIPeR—3DPeS i-LIDS—3DPeS CAVIAR— 3DPeS
r=1 r=>5 r= 10 r =20 r=1 r=25 r = 10 r =20 r=1 r=25 r= 10 r =20
cAMT-DCA | 31.88 | 53.40 | 63.04 | 75.08 | 30.10 | 52.50 | 63.37 | 74.56 | 29.51 | 51.08 | 62.20 | 74.32
LFDA_T 26.57 | 4890 | 6142 | 72.35 | 26.57 | 4890 | 6142 | 72.35 | 26.57 | 4890 | 6L42 | 72.35
LMNN_T 23.68 | 4391 | 5545 | 67.88 | 2368 | 4391 | 5545 | 67.88 | 2368 | 43.91 | 5545 | 67.88
KISSME.T | 1396 | 31.90 | 4404 | 5868 | 1396 | 31.90 | 44.04 | 5868 | 13.96 | 31.90 | 4404 | 5868
LADF.T 15.53 | 35.48 | 49.27 | 65.28 | 15.53 | 35.48 | 49.27 | 65.28 | 15.53 | 35.48 | 49.27 | 65.28
PCOAT 856 | 2513 | 3755 | 54.12 | 856 | 2513 | 3755 | 5412 | 856 | 2513 | 3755 | 54.12
RDC.T 25.58 | 44.74 | 54.59 | 65.07 | 25.58 | 4474 | 54.59 | 65.07 | 25.58 | 44.74 | 54.59 | 65.07

Methods i-LIDS — VIPeR CAVIAR—VIPeR 3DPeS— VIPeR
r=1 r=>5 r = 10 r = 20 r=1 r=>5 r = 10 r = 20 r=1 r=>5 r= 10 r =20
cAMT-DCA | 23.39 | 52.75 | 67.12 | 81.14 | 22.18 | 50.44 | 64.94 | 80.32 | 21.61 | 50.92 | 66.27 | 81.36
LFDA_T 20.89 | 4839 | 6396 | 7851 | 2080 | 4839 | 63.96 | 7851 | 2089 | 4839 | 6396 | 7851
LMNN_T 813 | 21.80 | 31.52 | 44.65 | 8.13 | 21.80 | 31.52 | 44.65 | 813 | 21.80 | 31.52 | 44.65
KISSME.T | 2025 | 4801 | 63.23 | 79.81 | 20.25 | 48.01 | 63.23 | 79.81 | 20.25 | 48.01 | 63.23 | 79.81
LADF.T 972 | 2053 | 4434 | 6114 | 972 | 2953 | 4434 | 6114 | 972 | 2053 | 4434 | 61.14
PCOA_T 16.65 | 4424 | 61.27 | 7845 | 16.65 | 4424 | 6127 | 78.45 | 16.65 | 4424 | 6127 | 78.45
RDC_T 17.78 | 4066 | 52.88 | 67.18 | 17.78 | 40.66 | 5288 | 67.18 | 17.78 | 4066 | 52.8% | 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.
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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

Methods VIPeR—i-LIDS 3DPesS—i-LIDS CAVIAR—i-LIDS
r= r=>5 =10 r =20 r=1 r=>5 r =10 r =20 = r=>5 r=10 r =20
cAMT-DCA 36.47 60.59 72.13 84.17 33.79 54.96 GT7.89 21.38 33.85 57.46 69.79 81.27
LFDAS 31.32 51.93 62.56 79.24 28.42 49.25 6G2.35 T9.58 31.50 53.09 66.71 TR.18

LMNN_S 20.16 50.41 63.96 79.19 27.52 46.61 60.32 76.38 20.43 52.37 62.84 T6.33
KISSME.S 32.22 51.87 63.34 20.97 27.86 49.46 65.81 81.65 30.73 54.23 G8.61 820.80

LADF_S 14.16 35.21 49.04 66.44 10.85 34.58 52.99 T1L.75 09.28 33.66 46.35 6G4.14
PCCAS 22.83 40.97 54.41 T1.25 23.55 46.44 6G1.45 80.02 19.64 43.20 59.31 T6.TT
VIPeR—CAVIAR 3DPeS—CAVIAR =LIDS —CAVIAR
Methods

r=1 r=25 = 10 r =20 r=1 r=25 = 10 r=20 r=1 r=5 r= 10 r=20
cAMT-DCA 34.39 59.84 T2.63 90.67 33.54 | 57.76 7T3.61 91.88 35.39 | 60.68 75.53 92.23

LFDAS 32.43 51.82 64.73 23.66 30.09 52.70 G7.94 82480 33.91 53.14 G7.02 B7.38
LMNNS 28.01 48.40 64.56 24.16 27.18 47.59 G3.04 83.57 28.97 48.09 G4.04 84.04
KISSME_S 30.19 52.45 67.62 284.37 30,60 52.81 GT.86 8403 30.69 53.58 70.26 H2E.08
LADF.S 25.08 50.17 65.04 22.02 18,65 46.27 G0.33 83.46 25.48 51.52 G7.65 84,13
POCAS 23.07 41.67 5T.47 33.27 24.04 46.79 G1.91 23.51 20.78 50.12 G9.50 85.64
VIPeR—3DPeS i-LIDS—3DPeS CAVIAR— 3DPeS
Methods

r=1 r=25 =10 r =20 r=1 r=25 =10 r=20 r=1 r=25 r= 10 r=20
cAMT-DCA 31.88 53.49 63.94 75.08 30.19 | 52.59 63.37 T4.56 20.51 51.03 62.29 74.32

LFDAS 26.85 46.18 55.88 66.36 25.41 43.75 53.66 65.30 26.48 45.49 54.50 65.32
LMNNS 2693 47.04 56.12 66.72 24.43 43.20 52.04 63.00 25.72 4457 53.94 64.74
KISSME_S 27 .64 47.48 56.14 67.28 25.74 45.60 56.35 B8.36 26.91 46.33 h5.52 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 1967 39.70 51.11 63.93 17.03 35.72 47.90 63.09 16.53 35.31 46.30 61.86
i-LIDS — VIPeR CAVIAR—VIPeR 3DFes— VIPeR
Methods

r=1 r=>5 =10 r =20 r=1 r=>5 r =10 r =20 r=1 r=>5 r= 10 r =20
cAMT-DCA 23.39 52.T5 67.12 81.14 22.18 50.44 G4.94 80.32 21.61 50.92 66.27 8#1.36

LFDA_S 216 22.47 33.32 44.59 8.23 21.11 30.06 43.26 8.64 22.18 33.61 48.10
LMNN_S T.06 23.01 34.59 46.30 T.63 20.82 31.20 44.97 6.46 18.23 27.85 40.38
KISSME_S 2.13 22.15 31.96 44.78 Q.87 20.00 29.37 41.65 6.87 20.95 29.43 42.04
LADF_S 2.72 10.35 17.85 28.35 1.08 4.94 9.91 16.71 3.04 11.11 19.68 3l.68
PCCAS 5.57 16.58 23.26 33.39 5.57 13.29 20.57 31.23 5.54 16.7T 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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Datasets

E - t Transfer setting
Xpe ” I I le n Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

single-task methods

VIPeR—i-LIDS 3DPeS—i-LIDS CAVIAR—i-LIDS
r=1 r=25 =10 r=20 r= r=25 =10 r=20 r=1 r=25a =10 r =20
cAMT-DCA 36.47 | 60.59 72.13 84.17 33.70 54.06 67.89 81.38 33.85 | 57.46 69.79 81.27
LFDA-Mix 31.82 51.59 63.96 80.24 30.10 51.26 63.30 T8.86 30.53 49.62 62.39 79.03
LMNN-Mix 30,15 51.20 6G3.57 79.98 27.69 4784 60.33 T5.95 29.26 49.30 62.23 T6.1T
KISSME=-Mix 35.24 54.95 6G7.54 #23.32 26.87 45.22 58.38 TH.1T 27.35 44.65 57.27 T3.60
LADF-Mix 16.18 38.51 52.00 G985 11.67 38.72 h7.41 T6.09 14.55 35812 52.56 G860
POCCA-Mix 23.96 47.39 62.06 TT.85 18.02 44.51 G1.40 78.02 20.04 45.74 59.78 74.94

VIPeR—=CAVIAR ADPeS—CAVIAR =LIDS—CAVIAR
r=1 r=25 =10 r=20 r=1 r=25 =10 r=20 r=1 r=35 r =10 r =20
cAMT-DCA 34.39 | 59.84 72.63 90.67 33.54 | 57.76 73.61 91.88 35.39 | 60.68 75.53 92.23
LFDA=Mix 3232 53.39 65.44 85.22 31.12 50.99 65.60 85.64 33.70 53.66 69.41 H7.56
LMNN-Mix 2780 49.62 65.00 8517 27.05 46.87 62.15 83.45 27.04 47.20 62.07 H2.55
KISSME-Mix 3211 53.30 G7.96 25.80 27.64 45.61 G0.50 81.59 30.76 50.89 G7.51 H6.65
LADF-Mix 2585 50.85 66.59 82438 25.85 50.85 66.59 84.38 30.41 56.04 T0.28 SH.6T
PCCA-Mix 25.63 48.43 64.26 85.79 24.72 49.69 67.73 87.64 26.38 52.26 69.20 S8.01

VIPeR —3DPeS -LIDS—3DPeS CAVIAR— 3DPeS
r=1 r=25 r=10 r=20 r=1 r=29 =10 r=20 r=1 r=3 r =10 r =20
cAMT-DCA 31.88 | 53.49 63.94 75.08 30.19 52.590 63.37 T4.56 29.51 51.03 62.29 74.32
LFDA-Mix 27.38 48.48 58.79 G9.59 26,82 48.85 6i0.21 71.79 23.79 43.43 54.59 6G6.57
LMNN-Mix 27.44 47.92 55.01 60.42 24.92 45.64 55.59 6G7.28 25.29 45.15 55.62 G7.75
KISSME-Mix 28.94 49.82 G0.66 T1.28 26.31 47.00 59.51 T1.50 22.34 30.81 51.20 6G3.26
LADF-Mix 13.13 34.15 47.76 63.35 9.25 27.55 41.86 59.53 10.29 26.32 39.80 54.82
PCCA-Mix 22.39 45.66 58.18 T1.89 22.36 44.23 56.63 7197 19.32 40.26 52.38 G7.84
i-LIDS — VIPeR CAVIAR—VIPeR 3DPeS— VIPeR
r=1 r=25 =10 r=20 r= r=25 =10 r=20 r=1 r=35 =10 r =20
cAMT-DCA 23.39 | 52.75 67.12 81.14 22.18 50.44 64.04 80.32 21.61 50.92 66.27 81.36
LFDA-Mix 19.24 45.44 50.18 7H.25 16.68 40.73 56.61 T2.47 16.90 42.63 58.23 T4.T8

Methods

Methods

Methods

Methods

LMNN-Mix .13 21.93 33.45 46.17 7.72 21.17 31.36 46.27 T7.78 20.89 31.30 44.46
KISSME-Mix 15.03 35.47 49.34 6G4.46 9.05 20.66 20.72 39.94 12.22 32.18 44.15 58.48
LADF-Mix 6.61 21.11 J3.58 49.08 6.30 21.42 33.45 49.15 5.96 28.70 42.85 58.83
PCCA-Mix 14.34 41.61 56.71 T2.37 - - - - 14.37 39.94 55.60 T72.34

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.
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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

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.




Datasets

E - t Transfer setting
Xpe rl I I len Compared methods
multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

single-task methods

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

Further evaluation of cAMT-DCA

With CTDD vs. Without CTDD

Method VIPeR—1-LIDS 3DPeS—i-LIDS CAVIAR —-LIDS
erhocs r=1 [ r=05 ] r=10 ] r=20 | r=1 | r=5 | r=10 | r=20 | r=1 ][ r=5 [[r=10] r=20
cAMT-DCA | 86.47 | 60.59 | 72.18 | 8417 | 33.78 | 5406 | 6780 | 81.38 | 33.85 | 5746 ||| 69.70 | 81.27

AMT-DCA 35.75 57.85 70.51 84.39 32.84 55.13 | 68.11 80.53 32.55 53.89 G648 T9.80

Met hods VIPeR—CAVIAR 3DPes—CAVIAR i-LIDS—CAVIAR

N r=1 r=o0 r =10 r=20 r=1 r=~h r=10 r=20 r=1 r=~ r=10 | r=20
cAMT-DCA | 34.39 | 59.84 | T72.63 90.67 33.54 | BT.T6 T3.61 91.88 35.39 | 60.68 75.53 92.23
AMT-DCA 33.45 55.42 T0.81 8052 33.14 A6 18 T1.14 91.72 33.87 58.75 73.35 92.52

Met hods VIPeR—3DPeS i-LIDS—3DPeS CAVIAR— 3DPeS

- r=1 r=~h r=10 r=20 r=1 r=~h r=10 r=20 r=1 =2 T = 10 r =2l
cAMT-DCA 31.88 | 53.49 63.94 75.08 30.19 52.59 63.37 T74.56 29.51 51.03 62.29 74.32
AMT-DCA 3048 52.45 62.49 T3.72 20.43 51.23 62,63 73.66 27.59 45.26 59.16 71.08
1=-LIDS—=VIPeR CAVIAR—VIPeR ADPe5— VIPeR
r=1 r=>50 r=10 | r=20 r=1 r==5o r=10 [ r =20 r=1 r=>5 r=10 | r=20
cAMT-DCA 23.39 | 52.75 67.12 81.14 22,18 50.44 6G4.94 80.32 21.61 50.92 66.27 81.36
AMT-DCA 21.36 50.54 fi6.20 2108 20.35 48.13 62.94 77.12 20.13 49.68 65.25 70.11

Methods

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.
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Transfer setting single-task methods

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

Further evaluation of cAMT-DCA

Parameter evaluation
varyingfin[0:0.1:1],yin[0.1:0.1:1]
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06

= 0.5 0.62
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-%

A 0.2 0.3

0.56

04 05

Figure 6: Visualization of AUC contour parameterized by # and v in
VIPeR—i-LIDS, the highest AUC value is highlighted by the white spot
in the figcure. Two sample images are used for each target person.

The optimal values
are=0.1,y=0.8,
and same result
could be observed in
other transfer cases
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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=3 p=4 p=5
Methods =TT s T o (7= [r=1 [ 728 (=0 [r=W [ 7=l (7= (=0 720
CAMT-DCA | 36.63 | 58.72 | 74.12 | 80.04 | 37.00 | 50.00 | 75.34 | 0130 | 39.22 | GL.88 | 76.55 | 80.88
LFDA-Mix | 3273 | 5361 | 66.82 | 8478 | 3372 | 5447 | 68.03 | 86.10 | 3403 | 55.10 | 68.30 | 86.57
LMNN-Mix | 2834 | 4760 | 6225 | 8287 | 20.00 | 4708 | 6153 | %305 | 2863 | 4681 | 6157 | 8321
KISSME-Mix | 32.80 | 5858 | 7213 | 8802 | 3397 | 60.62 | 7451 | 92.64 | 3601 | 60.84 | 7492 | 91.18
LADF-Mix | 23.46 | 51.65 | 6781 | 8368 | 2076 | 40.00 | 67.01 | 87.26 | 26.20 | 56.31 | 72.38 | 88.33
PCCA-Mix | 27.68 | 53.52 | 68.11 | 87.64 | 25.81 | 5486 | 7225 | 9015 | 27.93 | 5561 | 7137 | 80.36
TCA 1910 | 37.13 | 5084 | 7394 | 1968 | 3627 | 4950 | 7796 | 10.05 | 3658 | 5170 | 7440
TFLDA | 1867 | 3343 | 2000 | 7068 | 20.05 | 33.40 | 2027 | 7004 | 1981 | 3342 | 4876 | 71.16
MT-LMNN | 2085 | 5290 | 6840 | 8564 | 3002 | 4071 | 6411 | 8455 | 2000 | 5105 | 6622 | 85.90
GPLMNN | 30.04 | 5208 | 6858 | 8637 | 30.16 | 4951 | 63.63 | 8491 | 2052 | 4983 | 6493 | 85.86

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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Experimen

Transfer setting
Compared methods

single-task methods

multi-task + domain adaptation methods

Further evaluation of cAMT-DCA

Methods VIPeR+CAVIAR—i-LIDS VIPeR+3DPeS—=CAVIAR VIPeR+i-LIDS—=3DPeS CAVIAR+i-LIDS—=VIPeR
r=1 r=25 r=10|r=20|r=1|r=5 |r=10|r=20]|r=1 r=5|r=10|r=20|r=1|r=5|r=10|r=20
cAMT-DCA | 85.64 | 58.86 70.45 | 83.72 | 33.70 | 58.20 | 75.68 | 93.45 | 31.86 | 52.37 | 63.06 | 73.29 | 20.35 | 48.26 | 63.01 | 77.94
LFDA-Mix 30.27 51.20 64.57 80,07 | 32.14 | 53.10 64.73 85,28 28.00 | 49.50 58.G8 70.15 17.25 | 42.94 5820 73.13
LMNN-Mix 30.15 51.08 63.57 77.34 26.99 | 47.49 61.60 23.66 25.93 | 4541 54.99 67.05 §.32 21.14 32.44 46.36
KISSME-Mix | 26.58 48.57 59.94 75.89 30.58 | 49.76 61.84 83.94 27.64 | 48.58 H8.65 T0.07 8.77 21.68 31.08 41.84
LADF-Mix 18.86 42.35 55.90 71.46 22.76 | 51.48 G880 90.11 9.40 27.93 40.79 58.88 6.80 20.76 32.15 47.63
MT-LMNN 31.39 54.44 6(6.88 81.48 29.14 | 51.75 65.87 88.42 28.43 | 49.12 60.19 71.49 16.33 | 43.61 58.04 72.56
GPLMNN 32.00 52.98 65.70 80.98 29.47 | 50.70 63.47 87.69 27.26 | 48.20 59.05 T70.75 16.20 | 43.07 57.37 72.72
TCA 14.51 32.70 44.65 64.55 21.87 | 41.25 53.79 T4.61 14.84 | 27.85 37.89 50.22 5.89 16.55 24.43 37.06
TFLDA 21.04 41.79 52.88 G8.72 18,54 | 34.71 49.04 73.45 18.28 | 35.57 46.10 57.66 5.16 13.54 19.68 29.21

Table 7: ¢cAMT-DCA vs. others: matching rate(%) with i-LIDS, CAVIAR, 3DPeS and VIPeR as target dataset each, and two of

others are used as sources for transfer. Two sample images (p = 2) are used for each target person.

Methods VIPeR+CAVIAR+3DPeS —i1-LIDS | VIPeR+1-LIDS+3DPeS—CAVIAR | VIPeR4+CAVIAR+1-LIDS—3DPeS | CAVIAR+1-LIDS4+3DPeS—=VIPeR
h r=1 r=5 | r=10 =120 r=1 r=5h [ r=10 r=20 r=1 r=5 | r=10 r =2 r=1 r=5 [ r=10 r=20
cAMT-DCA | 36.53 | 59.31 | 70.50 84.39 36.22 | 59.82 | 75.16 92.58 30.52 | 51.68 | 61.43 T2.28 19.49 | 46.77 | 61.87 TT.7T2
LFDA -Mix 32.51 53.43 66.97 81.37 33.07 | 53.95 66.49 85.43 26.04 | 45.18 56.76 68.7T8 16.80 | 42.56 56.93 T2.28
LMNN-Mix 31.21 50.69 63.01 T7.51 28.30 | 48.30 62.57 83.37 26.22 | 45.18 55.25 66.94 8.45 22.34 32.15 46.27
KISSME-Mix | 29.21 48.06 63.40 78.13 31.85 51.76 66.49 85.30 25.96 | 44.16 53.79 66.62 9.87 22.18 31.87 44.72
LADF-Mix 16.94 | 42.97 H7.86 T2.86 22.27 | 52.31 T1.17 89.36 13.45 | 34.43 47.57 63.78 6.65 19.08 30.54 44 .84
MT-LMNN 31.78 | 55.56 66.60 81.37 30.58 52.92 67.54 87.22 29.14 | 49.70 60.57 T0.97 16.36 | 42.28 56.20 72.31
GPLMNN 32.79 | 53.26 64.86 81.42 30.16 50.81 65.15 BT7.82 27.89 | 48.72 59.19 T0.94 16.30 | 41.84 55.57 71.96
TCA 16.20 | 35.01 46.50 65.32 20.75 | 38.16 55.02 T8.7T8 14.61 28.49 37.69 50.64 4.56 14.11 21.65 30.89
TFLDA 24.41 41.53 55.98 T0.58 19.03 | 34.21 49.88 73.04 19.30 | 34.09 43.75 56.12 4.91 13.20 21.58 31.71

Table 8: cAMT-DCA vs. others: matching rate(%) with i-LIDS, CAVIAR, 3DPeS and VIPeR as target dataset each, and the other
three are used as sources for transfer. 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

Further evaluation of cAMT-DCA

Discussion

using more source datasets does not mean a
better improvement

how to select suitable source or
source sample pairs for transfer




are target to trac

In real world, there are quite a lot
of imposters, and only a few guys

<

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person Re-Identification by One-Shot
Group-based Verification. IEEE Trans. on Pattern Analysis and Machine Intelligence (PAMI), 2015. (DOI:

10.1109/TPAMI.2015.2453984)
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One-Shot Open-World Group-based Re-id

= Motivation

Watch Llst

W

o~

|

W OUEN SR TEE TR BEE TR SR SR TR T S

»Non target A
1 (Imposters) !

Open-world person
re-identification setting

1)

A large amount of non-target
imposters captured along
with the target people on the
watch list.

Their images will also appear
in the probe set and some of
them will look visually
similar to the target people




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

= Knowledge to transfer

target

.r-"

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
(oreen line and grey line)




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

m Criterion

min f(M)

=0

Z 2

Q‘ t=1 ( xL_J s Xy JEDG (24 )
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Enrich intra-class variation

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

{(d(}izj 1}‘;5) < d(xt, Xf:))

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 grey line)
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Other Distance Model for RE-ID

m Local Relative Distance Comparison

\ »

Fig. 3. Illustration of our local relative comparison. Among the six images,

F,
/
’

A and B belong to the same person whilst the other four are of four other

people. See text for more details.

d(xi,%;) < (X, Xm) = p, p >0

when (xm —x:) e NP (x:.D), (xj —x:) €D

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

2) D, (x;) denotes all the inter-class difference vectors be-

tween x; and any other image out of class y; but still from
one of the target classes, i.e. Dy, (x;) = {(xq — X;i) | yq #

y; &1 <q< Nt}
NS5 v var-sox omavinsin
ey i SUN YAT-SEN UNIVERSITY



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

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

Individual
Verification

ONE-SHOT INDIVIDUAL VERIFICATION RESULTS: TRUE TARGET RATE

Database LIS ETHZ
FTR 1% 1% | 5% [10% [ 207 [ 30% [0-1%] 1% [ 5% [ 100 [ 20% [30%
CTRDC  [13.58|32.03]38 366 1.63[73.57|B1.63]45.13[65. 62| 83.52[B0.86]05. 20[07.67
t-LRDC(Global) |13.45|30.94|47.35|61.07 |76.66|87.30(42.22|62.72{79.95|86.69|92.4596.89
CRDC  [16.78|30.08(35 31(57.12 (7207 [R1.01(54.14|76.20[88.07(01.0T|J6 02 (08 15
t-RankSVM  |14.31|27.12/42.06[55.10{70.86(77.31]50.49|74.70(87.82|192.72|96.60|99.09
ERDCPCA  (10.85| 2439|309 393964 |63 57| T0.02 (2233 [61.57| 76.23[B2.76 |89, 549204
1-RankSVM-PCA | 7.44 |17.06|36.76|46.76|60.3170.05|35.13|55.75[ 74.98|81.72|87.54(91.36
RDC (501 [15.16(28.08[34.80(57.53 [T0.80[ 79.00(53.16{75.07| 87 30[01.67[95.16[97.63
RankSVM [31] [12.09|23.66|40.97|56.07 |69.26|77.76|47 87(72.40|86.62|91.56(95.9698.82
OCSVM [33] | 6.00] 6.33 [11.78[T7.87[28.59|36 25| 0.56 | 223 | TT.62[ TR 36| 8. 1T[35.12
KISSME [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] | 861 [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|48 80 |61.65|72.9629.76|49.80]69.37|78.05[86.01[90.83
LADF [22] |7.86|20.72|39.88|53.80(69.29|79.89|20.23|53.14|76.67|85.86(93.67(96.42
LFDA [29] |7.22|13.43|24.72|35.47 |50.11(63.74|27 49|43.98|60.96| 73.52(84.83(89.23
Salience [46] | 6.00 | 6.10 | 8.07 [11.81|20.40|29.48|26 87|44.76|55.85|63.00(71.80(79.92
Li-norm | 842 [19.90[43.50|53.22|60.53)69.29(42.39|60.47| 77.45|84.4589.52|92.97

Database CAVIAR VIR
FTR UT%] 1% | 5% [10% [20% [ 30% [01%] 1% [ 5% | 10% [ 20% [30%
LLRDC  [15.45|28.13]40.76]50.78|60.80[60.00| 23.47|47.27| 15.41|86.88] 08.04[99. 17
t-LRDC(Global) |13.78|25.85|39.8749.01 |63.1871.58| 19.63|39.04|69.25(84.13|96.17]98.13
LRDC _ |14.08|24.30{30.30(40.13 63.59|71.82(10 38 [40.72[ 73.18| 88 42| 0785|0811
t-RankSVM |10.64|20.90|35.67|45.50|57.83|68.23|22.73|45.95|76.12|89.44|97.86(98.99
I-RDC-PCA__|12.48|23.38|36.55|45.43[37.63|66.49| 18.79|24.13|30.03| 34 54161 1 [83.61
1-RankSVM-PCA |12.41|20.00|33 37|42.23|55.73|63.98|17.53|21.60[34.38|44.1268.77[79.58
RDC [50]  |14.61|23.40[37 32(47.08|50.4060.15| 10.27|43.08| 77.05| 886206000080
RankSVM [31] | 6.33 |16.6431.43(42.04|56.25|64.13|20.27|44.97|77.41{89.16[96.70| 100
OCSVM [33] | 183 | 2.56 | 5.75 |11.04|22.99]33.12|16.66]16.60| 17.12| 20.68|26.03 |36.62
KISSME [17] |13.40|23.60(33.9643.45|54.4764.25(16.93|20.97| 68.92(79.80(93.50|98.73
LMNN [42] [13.78|23.01|36.50(43.65|54.69(63.22(17.11|21.98[41.73(35.2375.51|84.26
LDM [44] | 9.48|17.65(29.86(39.72|53.96|62.74|16.76|18.54|33.18|50.81[68.4281.82
LADF [22] |6.04|17.63|38.19(49.72 (63 46| 74.8 |18.59(27.43|68.40|84.37(99.41| 100
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|50.4516.67|16.84| 17.81|19.03[25.4635.32
Ll-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

TABLE 1

(TTE) IN % AGAINST FALSE TARGET RATE (FTR).
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One-Shot Open-World Group-based Re-id

Individual
Verification

Database TIDS ETHZ
FTR DI%] 1% [ 5% [10% [20% [ 30% [01%] 1% [ 5% [10% [20% [30%
CLRDC 9.6 [18.75[33.35 |43 18 |S1.T5]63.36]36.63 37 00[6 L8 1[ 71 38 [B0.42[%5.43
t-LRDC(Global) | 8.10 [16.97]32.62|39.43 |48.26|58.60(31.34[46.34|60.8467.28|76.17(81.40
CRDC  [10.8220.73[32.24(37.T0(38.73| 58.08| 3807|50.66| 7486|8148 B6.84(00. 15
i-RankSVM | 8.82 [16.29|26.73|34.18 |46.86)56.92|33.24/57.10{72.82|80.10|86.54|90.19
CRDC-PCA | 6.08 (13.55(25.37|34. 18 [23.40(53. 78|12 38 |36.35|50.61| 6821|7604 051
t-RankSVM-PCA| 7.19 [10.33]18.63|24.98|42.9454.04|22.59|38.75| 54.60| 61.99|72. 16|78.94
RDC [50] [ 7,72 |T7.32(28.63|38.13[37.73|58.63|38.76(57.64| 73.70| 50,76 %6.6 7[00, 15
RankSVM [31] |7.20 |14.48|23.40(31.99|47.57|59.40|31.09|53.63|70.81| 78.88|85.13|90.65
OCSVM [33] (602 | 705 [13.27|T8.22|70.78(36.43| 1.0 [ 3.34 [T2.80[ T8.05|75.48[35.56
KISSME [17] |8.88 |14.68|26.83(35.23|41.36(48.91(34.83(49.35|59.94|68.16(76.87|84.63
LMNN [42] | 684 |10.03(21.88(32.83(46.0054.15|33.6143.91|58.51|66.56(76.21|82.81
LDM [44]  [7.13(10.12(19.87(25.3041.92|56.19(21.58[32.47|49.26| 58.39|69.34(77.26
LADF [22]  [7.25|11.66|23.2431.35|44.68|56.88[10.23[26.88|51.49|61.7573.12(81.26
LFDA [29] | 6.59 | 8.51 |15.73|21.2830.28[42.29(19.80[31.42|44.64|52.37/63.01|69.96
Salience [46] | 6.00 | 6.08 |7.11 [10.52(17.55|26.41{16.51{35.92|53.25|61.25(73.00(83.20
Li-norm  |7.19 | 9.58 [18.92|30.54|48.17)57.71|31.39|46.06|60.13| 66.88|77.15(83.31

Database CAVIAR VIR
FTR DT 1% [ 5% [10% [20% [ 30% [0.1%] 1% [ 5% [ 10% [ 20% [30%
LLRDC  [11.65[16.74]29.92[36.12|47.53|58.04] 16.66]27.43[45.99[63.27[15. 11 [88.62
t-LRDC(Global) |11.09]15.40(26.37(34.24|45.82| 56.67| 18.48(20.63(37.20( 54.26| 67.42[78.49
-RDC 047 [16.89(26.50(34.51 |#6.22|56.44| 17.11|21.20] 38.08| 50.97[12.28[79.22
t-RankSVM | 5.45 [13.04|23.08|20.48|41.89|53.57|18.96|23.83|42 49|58 38|72.82|83.62
RDC-PCA_ | 9.00 [13.87|24.65|33.00 (%6.28(56.70| 16.6619.21| 24.55(32.75 [40.06[38.70
-RankSVM-PCA| 8.31 [15.20[22.69|29.48|39.72|51.48| 16.66|18.60| 22.20| 27.08|39.67|53.08
RDC [50] _ [10.18|16.66|26.80|34.8347.22|58.07(16.79|22.57| 41.24|56.02|69.20(83. 11
RankSVM [31] |3.35|10.14|20.20|28. 16 |42.42[53.56] 16.92(23.17|42.45|57 36|72.8782.21
OCSVM [33] |2.17 | 2.75 | 6.06 |11.31|23.60(33.42|16.6616.70| 1713 20.85| 26.07|36.12
KISSME [17] |9.36 |16.39(25.41|32.35(41.59(50.70|16.68|20.24|30.37|52.22{74.25(83.83
LMNN [42] |9.50 [15.15|25.49(34.00|46.61|55.62|16.76(17.62|21.93|31.96(52.70|62.87
LDM [44] |6.39(11.28(19.12(27.56/39.55(49.93|16.66(17.53(23.17|30.31|46.06|62.19
LADF [22] | 4.0 | 875 [19.33|28.68|43.52{51.99(17.21{18.92|26.25|44.35|65.93(82.37
LFDA [29] [7.73|11.72|20.2626.51[36.91(48.48| 16.66(16.77|23.00|31.09|44.12(51.28
Salience [46] [10.1315.15|25.58(32.7444.89(52.73| 16.67(16.73|17.44| 18.54|21.6025.88
Li-norm  |10.48]15.58|26.38(34.55|45.12|54.8716.72/17.24]20.81|33.80|48.20|61.58

TABLE 1I

(ONE-SHOT SET VERIFICATION RESULTS: TRUE TARGET RATE (TTR) 1N % AGAINST FALSE TARGET RATE (FTR).
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Conclusions

* We formulate a relative distance comparison learning for
person re-identification.

* We introduce a Mirror Representation for Modeling View-
specific Transform in Person Re-identification

* We develop a Constrained Asymmetric Multi-task
Discriminant Component model (cCAMT-DCA), the first to
attempt to address the problem of Cross-scenario Transfer
Person Re-identification with a model of asymmetric multi-
task learning.

* We introduce a person verification model to avoid the effect
of imposter for re-identification




Large Scale Person Identification

Local Online Learning

Zhaoze Zhou, Wei-Shi Zheng, Jian-Fang Hu, Yong Xu, Jane You, One-pass Online
Learning: A Local Approach”, Pattern Recognition(PR), 2015, to appear




Background: Challenge of Large Scale Data

m  Speed of data generation >> Speed of data processing

= Bottlenecks of classical methods (CPU/Memory/Disk
Space)

= Known techniques:

+ Parallelizing classical methods with data parallelization, such as
distributed version of SVM

+ Design algorithms targeted at distributed computing paradigm, such
as Map-Reduce

+ ONLINE LEARNING: Effective & Efficient machine learning
algorithm!




What is online learning?

Offline Learning vs. Online Learning

Learn a model with all or a Learn model from sample
batch of training data and sequence (data stream),
then make predictions with prediction and learning are
learned model. performed in the same
time.
Yt |
Example: \ Predictor >

Online Classification

1>y 7 o x !%
A :

E 4

P,

Sy SUN YAT-SEN UNIVERSITY




Advantages of Online Learning algorithm

m Avoiding re-computation over all the
samples when a new sample is observed.

m Saving memory and avoiding random
access.

m Adaptation to variability of data stream.




Our target problem
Online Learning of linear model
¢ For Instance, Perceptron is a well known online

learning method, which make prediction and
update its model when prediction Is wrong

+ Advantages: simple, efficient

+ One sample Is processed at a time




Passive Aggressive (PA) online learning

Core idea: searching for a closet hyperplane to
the current one to satisfylthe
minimum margin ccl)nstr Int

Object function: w,, | = .?/g min=|||w — w,||*[+ C¢.

w2

st P (wr (X, 1) <€ and €20

inwhich, (P (w: (x;,v,)) = max{0,1 — y; - WTXt}

with the final update form:

-

Wil = Wy + 14X, 17 = min{C,

PA Is a globally linear model !




Problem of Linearly Nonseparable Data

m When we meet a
large scale of data,
It is hard to find a

hyperplane to fit
all (most) samples.




Kernel method/Kernel approximation

1)Direct application of kernel method, causing memory
overflow! ®

2)Improvement: Budget based kernel method, keeping a
limited subset of support vectors

3) Mapping to high-dimension space with kernel
approximation methods:

k(x,y) = (0(x),0(y)) ~ z(x)'z(y).

+ Such as random Fourier feature
* High computational cost!




Computational Efficiency vs. Classification Accuracy

Online
(linear)
learning

Kernel
Method

Constant
memory, high
efficiency©

Implicitly fit the
non-linear
nature, high
accuracy when
parameters are
well set

Low performance
when data is not
linearly
separable®

High
computational cost
and increase of
memory




Malin idea and contributions

m Though it is not separable globally, maybe it Is
separable locally
m Locally linear or Piece-wise linear
T, i I ol oo
tusualy-by-clustering)—However-the-models
' ioR®.,
m Key idea of our model:

+ assuming local hyperplanes share a common
component, which leverages information between

hyperplanes. ©




Formula of our model

Model:

Zfi (x e D(P;))  fi(x)=w'x

Define common component wW; = W + u;.
and local components:

Objective function:

Wi EIDE (W, uy. .. . Ug. (Xta yt)) No} of local
hy‘gerplanes
Balancing
parameter 0 ye - fF() =1 5
arg. = u; |7+ C
w,ut, 1 —y¢- f(x¢) otherwjse




Solving the problem

Define the following mapping
for simplicity:

> T T !
Xi=|— .0°.0"....xs".....0

T
W = [\/XWT ul ul ...711?,...,11%]

~ : | -~ 12 Wil = W + Xy
W —aromin | — ||[W — w 4+ C
t+1 %ﬁr (2 H tH f) — pe.

o ne = min{C,
sit. U7(W (Reaye)) <& €2 0. x|

*i.e. PA online learning is a specific instance of
our model, with No. of prototypes =1




Assign a sample to a local hyperplane

m Using clustering
¢ Our model adopts a sequential K-Means

Pseudo code:
Fortin i, 253 .81
OAcquire current sample x;

O If P; is the nearest prototype (centroid) of sample x;
3N, +=1

©3P; = P; + nil (x; — P;) I/ update the nearest prototype




Learning Process:

A Demonstration
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Theoretical Analysis

Cumulative loss of Passive Aggressive
online learning. \

T pa)
S < 51+ )R ( o |? Z‘( )

-

Cumulative loss of local online learning.




Cumulative Error (%)

Cumulative Error (%)

Empirical Result: Comparison of our model (in

red) and the other methods
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Cumulative error (%)

Cumulative error (%)

Empirical Result: Evaluation of the effect of

Sequential K-Means (in )

- Seq. K-Means — K-Means
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Computation Speed and Accuracy on SVMGUIDE1

Comparision of Accuracy
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Application on Large Scale Face Recognition

m Pose classification & ldentity Recognition

+ Multiple PIE: >140,000 face images
method | Multi-PIE Pose | Multi-PIE Identity
PA 4.22%+0.003 43.64%0.003
Pegasos | 15.01%30.025 83.35% 0013
CW 4.26%+0.001 31.17%0.001
SCW-I 4.37%£0.000 TR A3IR0.004
SCW-II | 3.54% 0000 20.04%0.002
AROW | 6.63%+0.001 31.49%+0.002
BSGD | £.99%+0.000 46.18%+0.102
FOaD 3.58%+0.004 18.17%0.007
NOGD | 10.78%+0.012 T9.45%20.014
I-LO)L 3.48%+0.002 31.95%0.009
LOL 2.15%+0.001 4.62%=0.003




summary

1. Tackle the nonlinear separation problem

2. Proposed a multi-hyperplane model with a
shared component

3. Joint optimization on shared and local
components.

4. Theoretical analysis for performance
guarantee.




Take Home Messages

m Large Scale Person Identification involves
multiple aspects of researches
+ Group activity
+ Person re-identification across disjoint views
+ Large scale face/person image recognition

m Large scale
+ not only at the computational level
¢ but also at the problem level (/vision level)




FOR MORE INFO.

VISIT MY HOME PAGE

http://sist. sysu. edu. cn/" zhwshi/

EMAIL ME: wszheng@ieee. org
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