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Z21d: from Sparse Coding
LB

(a) Original (b) Noisy (c) Denoised

SPARSE ASSUMPTIONS:
Natural image (patch) can be well represented as
linear combination of few basis.

Noisy images generally do NOT follow the sparse
assumption.

Mairal J, Elad M, Sapiro G. Sparse representation for color image restoration[J]. IEEE Transactions on image processing,
2008, 17(1): 53-69.



#513: from Sparse Coding
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(a) Original (b) Noisy (c) Denoised
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#£43: from Sparse Coding

ISTA Algorithm:
Z(k+1)=hy WX+ SZ(k)) Z(0)=0

X W »+ » -7 1. Slow testing
t 2. Difficult to transfer across Dataset
— 3. Inference time may fluctuate

Deep Learning Solution:

W

- 7 L+ ~S \Jﬂ =S %L L= 81'}

1. Fastinference
2. Easy to fine-tune across Dataset

K. Gregor and Y. LeCun. Learning Fast Approximations of Sparse Coding, ICML 2010.



4. from CRF

LAIE& S E 791

(a) Image (b) Unary classifiers (c) Robust P™ CRF (d) Fully connected CRF

Krahenbuhl P, Koltun V. Efficient inference in fully connected crfs with gaussian edge potentials[C]//Advances in neural information
processing systems. 2011: 109-117.
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forward/inference

backward/learning

Image/G.T. DCNN output CRF Iteration 1 CREF Iteration 2 CRF Iteration 10

Long J, Shelhamer E, Darrell T. Fully convolutional networks for semantic segmentation[C]//Proceedings of the IEEE conference on computer vision and pattern recognition. 2015: 3431-3440.
Chen L C, Papandreou G, Kokkinos I, et al. Deeplab: Semantic image segmentation with deep convolutional nets, atrous convolution, and fully connected crfs[J]. IEEE transactions on pattern
analysis and machine intelligence, 2018, 40(4): 834-848.



14 : from CRF

LAE &5 EI 7951

forward /inference

backward/learning

Normali- ‘ Message
zation passing

Qout =
fo (U, Qin, 1)

FCN-8s Deeplab CRF-RNN
Unary A,
addition o
Compatibility g [
transform L

Zheng S, Jayasumana S, Romera-Paredes B, et al. Conditional random flelds as recurrent neural networks[C]//Proceedings of the IEEE international
conference on computer vision. 2015: 1529-1537.
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KRR A SHERN, SFITIRIS, BHINE

Raw data PCA Whiting ZCA Whiting
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Bell A J, Sejnowski T J. The “independent components” of natural scenes are edge filters[J]. Vision research, 1997, 37(23): 3327-3338.



Hix: whitenin

Batch Norm Layer Norm Instance

Norm Group Norm

— Batch Normalization: - Instance Normalization:
Lnchw — Mc 1 Tnchw — Mne
Ynchw — — F/—» Me = 7 T nchws Ynchw — — F——» Hne = S3557
\/0’3—{—6 NHWN,ZI,:W \/0’12104—6
1 L 2 1 2
o2 = (@ncho — pe)*  FTTET T =y D @nchw = Hnc)
NHW N;;W ool ¢ HW 5
]
’ - - -
Accelerate the conver- — °®' [~ wousy Success in applications
gence of ConvNets o L mEN of image style transfer
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— Layer Normalization: - Group Normalization:
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iteration x 50000 iteration x S0000
W “;“““" ’ [b’f“"‘m”b“ Independent to batch sizes, which can
Improve the performance of ConvNets be utilized to handle large data

loffe S, Szegedy C. Batch normalization: Accelerating deep network training by reducing Huang X, Belongie S J. Arbitrary Style Transfer in Real-Time with Adaptive Instance
internal covariate shift[J]. arXiv preprint arXiv:1502.03167, 2015. Normalization[C]//ICCV. 2017: 1510-1519.
Ba J L, Kiros J R, Hinton G E. Layer normalization[J]. arXiv preprint arXiv:1607.06450, 2016. Wu Y, He K. Group normalization[J]. arXiv preprint arXiv:1803.08494, 2018.



Bi%: margin

Which is the best classifier:

Y

SVM: find the best classifier through introducing margin.

min —WTW,
w,b 2

x s.t. yi(wla;+b)>1,i=1...n

1. Robust to noise
% o o 2. Relieve overfit

Cortes C, Vapnik V. Support-vector networks[J]. Machine learning, 1995, 20(3): 273-297.



Bi%: margin
Margin#{5| ADeep LearningfySoftmax=E, MMEFH4FERIFHRA,
EEREN. TAERB. ARAGUEEFRIRE_EXRIRIIR AL,
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Liu W, Wen'Y, Yu Z, et al. Large-Margin Softmax Loss for Convolutional Neural Networks[C]//ICML. 2016: 507-516.
Deng J, Guo J, Zafeiriou S. Arcface: Additive angular margin loss for deep face recognition[J]. arXiv preprint arXiv:1801.07698, 2018.
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Lu J, Xiong C, Parikh D, et al. Knowing when to look: Adaptive attention via a visual sentinel for image captioning[C]//Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). 2017, 6: 2.
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X

FRIRKRR, FIRCNNFILSTMS:
AR, TR ZEAIERE.

model modality train/val trainval/test
2-Stream [43] RGB + flow 18.6
2-Stream +LSTM [43] | RGB + flow 17.8
Asyn-TF [43] RGB + flow 22.4 -
13D [7] RGB 329 344
I3D [ours] RGB 35.5 37.2
NL I3D [ours] RGB 37.5 39.5

Non-local Neural Networks[J]. 2017.
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Relation networks

_relation¥

relation |

Image Feature  Region F %%@*ﬁ }-IJ%I ﬁ B%

B e . ‘ - Generation Extraction Recognition Removal
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Relation Networks for Object Detection, CVPR 2018
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Image from ImageNet, augmentation from NVIDIA DALI




Triplet Loss:

Insight: FEIBREIRE
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CNN
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Our Work: Person Re-identification

Person re-identification is defined as given a query image, rank all
the gallery images according to their similarity to the query image.

Cameral ) Ga_-”
B X

R




Our Work: Person Re-identification

Person Re-identification is challenging due to background cluster,
occlusion, view/pose/illumination variation and so on.

Partial occlusion Illumination variation



Our Work: Person Re-identification

Related Works:

Person Re-ID
?
?
/  develop :
tailor-made
architectures
Network Design

discriminative loss

architecture 1
functions



Our Work: Person Re-identification

Related works of Network architecture: trying to embed more prior
knowledge for learning better feature representation.

Input Label Distribution Input Label Distribution

Input images.
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£, | | softmax
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Video Feature 2 ],
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E ) . | G 3 d i i H 0%
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information[3] » y % —— 000
o >.500 707 =
0 -y QG0
= -] 0 o — 0 Q0
= convolutional layers 0 D 000
inputimage  from backbone network tensor T’ column vectorsg  column vectors h 1D predictions

[1]. Mengyue Geng, Yaowei Wang, Tao Xiang, Yonghong Tian. Deep transfer learning for person reidentification. arXiv 2016.
[2]. LinY, et al. Improving person re-identification by attribute and identity learning. arXiv preprint arXiv:1703.07220, 2017.
[3]. Y. Sun,et al, Beyond Part Models: Person Retrieval with Refined Part Pooling, arXiv 2017.

[4]. Liu H, et al. Video based person re-identification with accumulative motion context. arXiv preprint arXiv:1701.00193,2017.
[5]. Zheng Z,et al. Unlabeled samples generated by gan improve the person re-identification baseline in vitro. ICCV2017.



Our Work: Person Re-identification

Related works of Loss Function: trying to define metrics to make
the Iintra-class distance be less than the inter-class distance.

1 1
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ECCV2016 ICML2016 AAAI2018

Contrastive
loss

Large margin Quadruplet DarkRank

softmax loss Loss Loss

CVPR2015 O CVPR2017

i
=
I
=

(s Decision Boundary
74 Decision for Class 2
427 \Magin _ - =~ "~
ENG-+"" °%’ o W
O S
L-Softmax Loss

Original Softmax Loss
[1]. R. Varior,et al. Gated siamese convolutional neural network architecture for human re-identification. ECCV2016
[2]. F. Schroff,et al, FaceNet: A Unified Embedding for Face Recognition and Clustering, CVPR2015

[3]. W. Liu, et al, Large-Margin Softmax Loss for Convolutional Neural Networks, ICML2016.

[4]. W. Chen,et al. Beyond triplet loss: a deep quadruplet network for person re-identification. CVPR2017.

[5]. Z. Zhanag, et al. DarkRank: Accelerating Deep Metric Learning via Cross Sample Similarities Transfer. AAAI2018.




Our Work: Person Re-identification

Related Works of Post-processing: re-ranking based on relations.

"~ Ty P
- Query’s k-nearest neighbors | G2G Affinities
i | Gallery1 | | Gallery2 | | Gallery3
1 1 3
" " D
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Random
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o
] r— 7 graph Encodlng
= lu 1 I
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- ol 8o === f i |
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) 2 Ny : £ 2 pa ) ¥ I D i final
: : A & R ) : ‘ | dista
rie] =1, 5 4 025 il dl B
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é x Y s 1 v : s ,' k-reciprocal feature
v \( Probe Embedding ” 1 I\ v Jaccard .
%Y 1 \ r metric d
Affinity Graph N v

Off-line . Jaccard
Online L = =4 Yy dj. | distance
. Feature Extracting Metric Learning Affinity Learning (Ours) Matching Probability IIIIII.I.Ii |
initial ranking list: AP = 9.05% proposed ranking list: AP = 51.98%
1. X. Shen, et al. Object retrieval and localization with spatially-constrained similarity measure and K-NN re-ranking, CVPR, 2012.
2. S. Bai, et al. Scalable person re-identification on supervised smoothed manifold, CVPR 2017.
3. Zhong Z, et al. Re-ranking person re-identification with k-reciprocal encoding, CVPR2017.
4.Y. Shen, et al. Deep Group-shuffling Random Walk for Person Re-identification, CVPR 2018



Our Work: Person Re-identification

Our framework:

deep supervision
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____,| Random Walk [ Classifier J Post-
Seeitts processing
identity I
N images /" CNN embedding
256x128x3
Deep
Backbone shared
Network supervision

Ftps://arxiv.org/abs/ 1811.11405



Our Work: Person Re-identification

We conduct our experiments in the largest public datasets.

Bboxes:28192 Identities: 1467
CUHKO3 Cameras:2 Detector:hand, DPM
(CVPR2014) Scene:indoor

Bboxes:32,668 ldentities:1501

Cameras:6 Detector:DPM ukeMTMC
(ICCV2017)
Scene:outdoor

Bboxes:36,411 Identities:1812
Market-1501
(1ICCV2015) Cameras:8 Detector:hand

| . ? ! - ﬁ @ ; Scene:outdoor
. E

Bboxes:126,441 Identities:4101 MSMT17 l'1 ; 3
Cameras:15 Detector: Faster RCNN . (CVPR2018) llshtms ) e e

Scene: indoor, outdoor

MSMT17

occlusions

pose variations

[1]. W. Li, R. Zhao, T. Xiao, and X. Wang. Deepreid: Deep filter pairing neural network for person re-identification. CVPR 2014
[2]. Z. Zheng, et al. Unlabeled samples generated by gan improve the person re-identification baseline in vitro. ICCV, 2017
[3]. L. Zheng,et al. Scalable person re-identification: A benchmark. ICCV, 2015.

[4]. L. WEel, et al, Person Transfer GAN to Bridge Domain Gap for Person Re-Identification, CVPR2018



Our Work: Person Re-identification

Experiments achieved the state-of-the-art.

MSMT17

Methods Reference HAP Rl RS

GoogleNet [35] CVPRI15 23.0 476 650

PDC [34] ICCV17 29.7 58.0 73.6
GLAD [45] ACMMMI17 || 34.0 || 61.4 |[76.8
Proposed 47.3 |173.6 ||86.0

13.3% 12.2% 9.8%

https://arxiv.org/abs/1811.11405




Our Work: Person Re-identification

Experiments achieved the state-of-the-art.

DukeMTMC
Methods Reference AP Rl RS
PSE [25] CVPRI8 | 62.0 79.8 89.7
HA-CNN [17] CVPRI18 | 63.8 80.5 -
MLEN [ 7] CVPRI8 | 62.8 81.0 -
DuATM [37] CVPRI8 | 646 81.8 90.2
PCB+RPP [37] ECCVI8 | 69.2 83.3 -
Part-aligned [35] | ECCV18
Mancs [40] ECCV18
Proposed

https://arxiv.org/abs/1811.11405

1.4%




Our Work: Person Re-identification

Experiments achieved the state-of-the-art.

Market-1501
Methods Reference AP R.I R-5
PSE [25] CVPRI138 69.0 &7.7 0O3.1
DPFL [0] ICCV17 73.1 88.9 -
GLAD [45] ACMMMI17 73.9 899 -
MLFN [7] CVPRI18 74.3  90.0 -
HA-CNN [17] CVPRI18 15.77 7/ /91
DuATM [ 7] CVPRI18 76.6 914
Part-aligned [ 35] ECCVI18 0 0
PCB [27] ECCVI18
Mancs [40] ECCVI18
Proposed

https://arxiv.org/abs/1811.11405



Our Work: Person Re-identification

Experiments achieved the state-of-the-art.

CUHKO3
Methods Reference AP R-1 R.5
SVDNet [36] ICCV17 37.8 40.9 -
DPFL (6] CVPRI18 40.5 43.0 -
HA-CNN [17] | CVPRIS 41.0 444 -
MLEN [3] CVPRI18 49.2 | . 544/ -
DaRe [47] CVPRI18 61.6f |66. -
Proposed 62.4 168.2 84.4

https://arxiv.org/abs/1811.11405



Our Work: Person Re-identification

Experiments achieved the state-of-the-art.

Market-1501
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https://arxiv.org/abs/1811.11405




Our Work: Person Re-identification

Illustration of the comparison:

baseline

+ random walk
+ deep supervision

'_"J \g
\
ey

https://arxiv.org/abs/1811.11405



Take-home message
discussed the relations between deep learning and the
traditional machine learning.

showed that the so-called self-attention is deep spectral
clustering and analyzed its new insight.

applied deep spectral clustering to various tasks based on the
new insight with the state-of-the-art performances achieved.
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