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Person Re-identification

® The problem

3 occlusion f]&



Feature Representation & Metric Learning

® The work flow of person Re-ID

Camera A
________ 1
: : : l Feature
Image/Video —, Detection I— representation
Metrjc — results
learning
: Feature
Image/Video — representation
Camera B
® Two key components
— Feature representation
— Metric learning
. GcpteRinaihsaia



Recent Works in Feature Representation

® [or images:

traditional | deep
feature | feature
A
4 A
global local
A
( A
hard | adaptive R part
part 1 part | detection
[1-3] [4-6] [7-10]

— Better person part alignment
— Weaknesses: part detection loss, extra computation, etc.
— Unsolved problems: (a) discriminative region? (b) occlusion?
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Recent Works in Feature Representation

® For videos:

image set .| spatial-temporal
feature feature
B} A
[11-13] r \
low-order .| high-order
information information
[14] A
[ A
recurrent network, -
) » non-local
3D convolution
[14-16] [16]

— Unsolved problems: (a) disturbance? (b) occlusion?
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Feature Representation for Person Re-ID
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Interaction-Aggregation Feature Representation

scale

® To deal with pose and scale changes

I I ° . l I 3

® Main idea:
— Unsupervised, Light weight
— Semantic similarity
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Interaction-Aggregation Feature Representation

@ Spatial 1A

— adaptively determines the receptive fields according to the input
person pose and scale

i
| H*W :

|
: H*W I
: Appearance A
| —-@— relation [— : : E 1,
| map L H*W |
: F | reshape 54 L [ C |
, £l HW |
g HeW T H " |
\ o - v
' Location L Spatial Semantic '

] | -

: W relation — : relation map Aggregatmn :
I map g 1
| St ! N . _
! | @ : multi-context interaction

Interaction

___________________________________

— Interaction: models the relations between spatial features to generate
a semantic relation map S.

exp (Z,{::xf((l”g:kpj,k)) N 1 (xj - xt‘)2 (yf — yl’)z
(Sﬁ’)a‘j T ~HxW KxK, T (S )U B ”27“7102 P 2 of * o3 Il
S exp (i 0T pen))
— Aggregation: aggregates semantically related features across
10 different positions based on S. @d’ﬂ MIATRLELS



Interaction-Aggregation Feature Representation

® Channel IA

— selectively aggregates channel features to enhance the feature
representation, especially for small scale visual cues

Channel Semantic .
relation map Aggregation

reshape & transpose

|
H*W | mm e m

|
|
i
|
1 W
I
i
|
' Interaction i

— Interaction: models the relations between channel features to
generate a semantic relation map C.

_exp (fhfn)
Serexp(fLf)

— Aggregation based on relation map C

AT
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Interaction-Aggregation Feature Representation

® Overall model

(a) 1A

1

sia |— BN —Ep CIA —{ BN H -
514 Block ClA Block
Input feature Output feature
(b) 1ANet Stage 1 Stage 2 Stage 3 Stage 4
I— — I T— — | I—  — | I— — I
I I ] I : I ]
TEI I E IEIRER TEIIREL TEHREEE
sl 2= 12 Hm BE 12 H e B2 |2 H 5 e
1E HIE =l 1E =] g A E
I L] LA I | I L] [ i | I L] [ I | I (W] LA |
I I I I
put = oo Lo L Lo

— |ANet: CNN with IA modules
— Extension: spatial-temporal context |A
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Interaction-Aggregation Feature Representation

® \isualization results

Images

receptive fields: sub-relation maps with high relation values
SIA can adaptively localize the body parts and visual attributes

under various poses and scales.

AL
HEREA § REREN

receptive fields Images receptive fields
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Interaction-Aggregation Feature Representation

® Visualization for pose and scale robustness
® Quantitative results

Ablation study Market-1501&DukeMTMC
Market-1501 DukeMTMC Market-1501 DukeMTMC
Model op-1__mAP | top-T__mAP Methods top-1  mAP | top-1 _mAP
'éﬁli(ﬂf ; g?;‘ ;gg gi; ggg SVDNet[11] | 823 621 | 767 56.8
stage . . . . i
SIA (stagge;f) 94.1 825 | 859 722 G Dual ["]_ 914 766 | 818  64.6
IA (stages) | 944 828 | 865 718 Spindle* [55] | 76.9 - - =
IA (stagess) 944 83.1 87.1 734 P SPRelD* [20] 092.5 R1.3 84.4 709
RPP 1] 938 Bl.6 | 833 692
DaRe(R) [4Y] 6.4 69.3 75.2 57.4
G: global feature MS KPM [ +] 90.1 75.3 80.3 63.2
P: part feature Group [] 93.5 81.6 84.9 69.3
MS: multi-scale feature IANet 944 831 | 871 734

[17] R. Hou, B. Ma, H. Chang, X. Gu, S. Shan, and X. Chen. Interaction-and-aggregation network for person re-

—

identification, in CVPR, 2019.
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Feature Representation for Person Re-ID

Discriminativeness

(towards disturbance & occlusion)

T

Cross-attention

Occlusion
recover :
y . Interaction-
EXITIng aggregation
feature -
Robustness

Knowledge
propagation

v

Completeness
(low information loss)

(towards pose & scale changes)
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Cross-Attention Feature Representation

® Motivation: to localize the relevant regions and generate
more discriminative features
— Person re-identification

— Few-shot classification

A1 Fl =

Meta Test (curtain) Existing method Our CAN

® Main idea: utilizing semantic relations meta-learns
where to focus on!

77 MR L
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Cross-Attention Feature Representation

® Cross-attention module

— highlights the relevant regions and generate more discriminative feature
palrS cwhxw cxhxw

hxw

,,p

mx hxw

Fus:{:ln
Layer

mxhxw

-hxw

cxhxw (a) The Cross Attention Module (CAM) cxhxw

— Correlation Layer: calculate a correlation map R € RWw)X(hxw) hatyeen
support feature P and query feature Q. It denotes the semantic
relevance between each spatial position of P, Q.

Rff=(||£1|z)T(||iﬁ|z) R = BT = [, ] RO=R= [t
GcptoMItaThL kLA
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Cross-Attention Feature Representation

® Cross-attention module

RP R, ~rP () Av (A1)

/

f Convolutional | softmax

l Operation
h kernel w h X W
mxXhxw JR—
in W
mx1
L f Meta T T ]
GAP: Global A
iFrsw Learner I . obal Average
m | Pooling !

— Fusion Layer: generate the attention map pairs AP(49) € R¥**W
based on the corresponding correlation maps R.
® The kernel w fuses the correlation vector into an attention scalar.

AP = softmax ((WTTLP)/T)

® The kernel w should draw attention to the target object.
® A meta fusion layer is designed to generate the kernel w.

w =, (o (y(GaP"Y))) fEpreRinatheuia
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Cross-Attention Feature Representation

® Experiments on few-shot classification
— state-of-the-art on minilmageNet and tieredimageNet datasets

; minilmageNet tieredImageNet O: Optimization-based
mOdel Embeddlng l‘ShOt 5-Sh0t l'ShOt 5-Sh0t P: Pai::'ameter_generatlng
MAML ConvNet | 48.70 5531 | 51.67 7030 M: Metric-learning
MTL ResNet-12 | 6120 7550 | - : T: Transductive
LEO WRN-28 61.76 7759 | 66.33 8144 '
MetaOpt ResNet-12 | 62.64 78.63 | 6599 81.56
MetaNet [18] ConvNet 49.21 - . -
MM-Net ConvNet 5337 66.97 - -
adaNet ResNet-12 | 56.88  71.94 - -
MN [38] ConvNet 4344  60.60 - -
PN ConvNet 4942 68.20 | 53.31 72.69
RN ConvNet 5044 6532 | 5448 71.32
DN4 ConvNet 5124 71.02 - -
TADAM ResNet-12 | 58.50  76.70 - -
Our CAN ResNet-12 | 63.85 79.44 | 69.89 84.23
TPN [15] ResNet-12 | 5946  75.65 - -
Our CAN+T | ResNet-12 | 67.19 80.64 | 73.21 84.93

[18] R. Hou, H. Chang, B. Ma, S. Shan, and X. Chen. Cross Attention Network for Few-shot Classification.
19 In NeurlIPS, 2019.
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Feature Representation for Person Re-ID
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Temporal Knowledge Propagation

® |Image-to-video Re-ID
— Image lacks temporal information
— Information asymmetry increases matching difficulty

TKP
—>

Samples Feature Maps

Gallery

(S R N g g IR I ———

® Our solution: temporal knowledge propagation
GcpteRinaihsaia
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Temporal Knowledge Propagation

Image Features i,;

® The framework

Input Video Clips V

— Propagation via features:

TKP = NTZ Z"lnt fnt||2

n=1t=

Image Representation Network

w il S

ResNet-50 >

-

/ % Euclidean

Distance
VA <_|j
Feature-based
| TKP Loss L7,

Distance Matrix D,,,,

Y

TKP Loss L?HP & Triplet Loss L1

[Distance-based] [Classification Loss L

]

Non-local
— .
ResNet-50  |sap /

Video Representation Network

Frame Features f,;

Euclidean
Distance

%'—.’
&

N

EJ

Distance Matrix D4

Video Features v,

— Propagation via cross sample

distances:

— Integrated Triplet Loss:

Ly =Lyt Lyyt Lyt Lysy

1
LTKP - ﬁ ”Dimg _

Dvid”F
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Temporal Knowledge Propagation

® Testing pipeline of 12V Re_ID
— SAT: spatial average pooling
— TAP: temporal average pooling

Image Representation
Query Network

Query Feature

AP
ResNet-50 2

-\

Distance Computing
& Retrieval

Ne--mom oo

Non-local
ResNet-50 | SAP&TAP % ﬁ

Gallery Features

Video Representation
Gallery Set Network

@mﬂ%mmmm
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Temporal Knowledge Propagation

® Visualization
— The learned image features focus on more foreground

MARS DukeMTMC-VideoRelD
~

=z e f“‘
b & 3 3
: #
: ' - .l
.
4
- - -
- "“
- & ; 4 - K 4
« .
-t T st
Images Before

— More consistent feature distributions of two modalities

K S

x"fiﬁ!ﬁ v :#"fg

%, F %
o . A

?‘" ) % ek e
-
9 g *
24 : ol FEMIRATALH LA

Before After
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Temporal Knowledge Propagation

® Experimental results

I2V RelD on iLIDS-VID
Models top-1 top-5 top-10 top-20
PSDML [43] | 13.5 338 456 563
LERM [14] 153 37.1 49.7  62.0
XQDA [21] 16.8 38.6 523 63.6
KISSME [18] | 17.6  41.7 553 68.7
PHDL [44] 28.2 504 659 80.4
TMSL [37] 395 669 796  86.6
P2SNet [31] | 40.0 685 78.1 90.0
TKP 546 794 869 935
V2V RelD on MARS
Models top-1 top-5 top-10 mAP
SDM [38] 712 857 918 -
MGCAM [29] 77.2 - - 71.2
DuATM [28] 78.7  90.9 - 62.3
multi-snippets [3] | 81.2 92.1 - 69.4
DRSA [20] 82.3 - - 65.8
TKP 84.0 93.7 957 733

12V RelD on MARS
Models top-1 top-5 top-10 mAP
P2SNet [31] 553 729 787 -
Res50 [V]+XQDA [21] | 67.2 819 86.1 549
TKP 75,6 87.6 90.9 65.1

Comparison among 121, 12V and V2V RelD

100

93.2

MARS Duke MARS Duke

[ 121Re-ID [ 12VRe-ID [l V2V Re-ID TKP Improvement

[19] X. Gu, B. Ma, H. Chang, S. Shan, X. Chen, Temporal Knowledge Propagation for Image-to-Video Person i &n&
Re-identification. In ICCV, 2019.
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Feature Representation for Person Re-ID
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Occlusion-free Video Re-ID

® Occlusion problem - mformatlon Ioss

® Our solution: explicitly recover the appearance of the
occluded parts

® Method overview
— Similarity scoring mechanism: locate the occluded parts
— STCnet: recover the appearance of the occluded parts

0.920.90|0.91|0.91| 0.90
0.91/0.90(0.91|0.91|0.91
0.94|0.85|0.84 | 0.85| 0.93

Similarity
Scoring

Re-ID

g A G REE LG
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Occlusion-free Video Re-ID

® Spatial-Temporal Completion network (STCnet)

— Spatial Structure Generator: make a coarse prediction for
occluded parts conditioned on the visible parts

— Temporal Attention Generator: refine the occluded contents with
temporal information

— Discriminator: real or not?
— ID Guider: classification target

Using Temporal Attention of Video

Global Discriminator

Temporal Attention Generator|
G ID Guider

1 I

I |

| I

1 I

1 |

| I

1 I

’ 1 I
1 I

1 I

I I

t I I
| 5 I

I I

I - I

— _— I
| |she7'

1N I

1B 1 !

1 I

| I

1 I

1 , Real/ |

I Fake? 1

1 I

1 I

1 |

| I
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Occlusion-free Video Re-ID

T
a1 ')

® \isualization results

® Quantitative results

Ablation study MARS
Methods | iLIDS | MARS | DukeMTMC Methods - kl‘gARS o
" rank- rank- rank- m
baseline | 79.8 | 84.4(77.2) | 91.4(90.0) : . . 2

. QAN [ 5] 73.7 84.9 91.6 51.7

NL 80.1 | 86.1(79.9) | 91.8(91.2) Roreciprocal [42] | 739 ' ) P

TriNet [10] 79.8 91.4 - 67.7

EUG [31] 80.8 92.1 96.1 67.4

[20] R. Hou, B. Ma, H. Chang, X. Gu, S. Shan, and STAN [15] 82.3 - - 65.8

X. Chen, VRSTC: Occlusion-free video person Snipped [2] 81.2 921 , 69 4
re-identification, in CVPR, 2019. Snippet+OF* [3] 86.3 94.7 98.2 76.1 &
ES

2 9 VRSTC 88.5 96.5 97.4 82.3




Discussions
Discriminativeness
® As for our (towards disturbance & occlusion)
methods ... T

Cross-attention v' meta-attended discriminative regions

network v good generalization ability

v necessarity?

Occlusion
v redundancy recovery Interaction- | ¥ extension to ST context
for video? aggregation | v' plug-in CNNs

Robustness
(towards pose & scale changes)

Knowledge | v lead in temporal information

propagation | from videos to images

Completeness 5
30 (low information loss)& redundancy) @ ‘,f,ﬂ ﬁjﬁi‘ﬂjijﬁ}f



Discussions

® Limitations in feature representation learning

— For images, the discriminative ability is upper bounded
® Appearance {xq, x,, ..., X} =2 ldentity y

® Large appearance variation & little relation with identity, e.g.,
the same person with different clothes or accessories

® Application: short term, restricted regions
— For videos, more discriminative spatial temporal features
are required
® Key: temporal information representation
® Other information: trajectory, other spatial temporal references
® Application: more real-world scenarios

31



Other Future Works

® Metric learning
— coordinate with & complement to feature representation

® Person search
— cooperation of detection/tracking and Re-I1D

detection/tracking

® Cross-modality person Re-ID
— Image-to-Video

— Person Question Answer @.fg HIt458 4T 4
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