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Fig. 3. The proposed model structure. Given n pairs of images of size 227 x 227, two identical CaffeNet models are used as the non-linear embedding
functions and output 4,096-dim embeddings fi, f2. Then, f1, f2 are used to predict the identity ¢ of the two input images, respectively, and also predict the
verification label s jointly. We introduce a non-parametric layer called Square Layer to compare high level features f1, fo. Finally, the softmax loss is applied
on the three objectives.
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X X. x. 4
(€). Our Model

Fig. 2. Ulustration for a training batch. The number in the circle is the identity
label. Blue and red edges represent whether the image pair depicts the same
identity or not. Dotted edges represent implicit relationships and solid edges
represent explicit relationships. Our model combine the strengths of the two
models.

CaffeNet-Basel. [26]

Ours(CaffeNet)

VGG16-Basel. [27]

Ours(VGG16)

ResNet-50-Basel. [28] | 73.69 51.48

Ours(ResNet-50) 79.51 59.87




%m%uu —EBEZE>]

1% S (=JoiRsk) AYHH Market-1501 SQ
/0 ' Y, [m+Dop=Dagl,. mAP  rank-1 rank-5

a,p,n

Ya=YpFYn 69.14 84.92

all anchors 60.71 81.38
58.06 78.50

f"""'\ hardest positive

N L ArRTE—
Lon(8; X) = ZZ m+ maxD (foa3). fo(z}) ©)

Triplet
E DEEP ARCHITECTURE |=» J lacs

Batch

Figure 2. Model structure. Our network consists of a batch in-
put layer and a deep CNN followed by L. normalization, which
results in the face embedding. This is followed by the triplet loss
during training.
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Original Rigid Latent Original Rigid Latent Original Rigid Latent

Figure 4. Six samples of original image, rigid predefined parts and
learned latent pedestrian parts. Samples in each column are the
same person with different backgrounds. Best viewed in color.
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_ (b) (©) (d)
Figure 1. Illustration of part extraction and pose normalization
in our Feature Embedding sub-Net (FEN). Response maps of 14
body joints (b) are first generated from the original image in (a).
14 body joints in (c) and 6 body parts in (d) can hence be inferred.
The part regions are firstly rotated and resized in (e), then normal-
ized by Pose Transform Network in (f).
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Global Stream

shared mdependent

weight weight Weighting — Fused Loss

sub-Net

Part Stream

Table 2. The results on the CUHK 03, Market 1501 and VIPeR
datasets by five variants of our approach and the complete PDC.

dataset Market1501 VIPeR
-

Global Only

Part Only
Global+Part
Global+Part+FEN
Global+Part+FWN
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Figure 1. Partition strategies of several deep part models in person
retrieval. (a) to (e): Partitioned parts by GLAD [21], PDC [27],
DPL [35], Hydra-plus [22] and PAR [37], respectively, which are
cropped from the corresponding papers. (f): Our method employs
a uniform partition and then refines each stripe. Both PAR [37]
and our method conduct “soft” partition, but our method differs
significantly from [37], as detailed in Section 2.
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Figure 2. Structure of PCB. The input image goes forward through the stacked convolutional layers from the backbone network to form a
3D tensor T'. PCB replaces the original global pooling layer with a conventional pooling layer, to spatially down-sample T into p pieces
of column vectors g. A following 1 x 1 kernel-sized convolutional layer reduces the dimension of g. Finally, each dimension-reduced
column vector h is input into a classifier, respectively. Each classifier is implemented with a fully-connected (FC) layer and a sequential
Softmax layer. During training, each classifier predicts the identity of the input image and is supervised by Cross-Entropy loss. During
testing, either p pieces of g or h are concatenated to form the final descriptor of the input image.

CUHKO03
R-1 R-5 R-10 mAP | R-1 R-5 R-10 mAP - - -
IDE
IDE
Variant 1
Variant 1
Variant 2
Variant 2
PCB 923 97.2
PCB Q) 4 97 ()
PCB+RPP
PCB+RPP 93.1 974

Table 1. Comparison of the proposed method with IDE and 2 variants. Both variants are described in Section 3.3. pool5: output of Pool5
layer in ResNet50. FC: output of the appended FC layer for dimension reduction. G (#): feature representation assembled with column
vectors g (h). Both g and h are illustrated in Fig. 2.
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Learning Discriminative Features with Multiple Granularities For Person Re-
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Learning Discriminative Features with Multiple Granularities
for Person Re-Identification

Guanshuo Wang'} Yufeng Yuan?*, Xiong Chen?, Jiwei Li?, Xi Zhou!+
I Cooperative Medianet Innovation Center, Shanghai Jiao Tong University
2 CloudWalk Technology Co., Ltd.

guanshuo.wang@sjtu.edu.cn

{yuanyufeng, chenxiong, lijiwei, zhouxi}@cloudwalk.cn
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Figure 1. Body part partitions from coarse to fine granularities.
We regard original pedestrian images with the whole body as the
coarsest level of granularity in the left column. The middle and
right column are respectively pedestrian partitions divided into 2
and 3 stripes from the original images. The more stripes images
are divided into, the finer the granularity of partitions is.

EHGIR X 2 A ERERI X 15

Figure 2. Attention maps in different granularities extracted from
the last output of different models. Middle Column: a pedestrian
image. Left Column: global attention map by IDE embedding.
Right Column: three local attention maps corresponding to three
split stripes of the origin image, extracted by part-based model.
Best viewed in color.
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Methods | Rank-1 mAP

Singl Multipl e .
Methods ‘ Ra“ﬂi(‘“_f Q‘LBKP Ra‘;kl_ﬂ = Q;ig PAN[43] 6 SL5
B i FMN[9] 745 569
Ma r ke't 1 501 MSCAN[18] 803 575 | 88 667 SVDNet[31] 767  56.8
DLPA[40] 810  63.4 . . PSE[27] 798  62.0
| ) SVDNet[31] 823  62.1 . : HA-CNN[21] | 80.5  63.8
Ra n k 1 . 95 . 7 /0 PDC[3(}] 84.1 63.4 _ _ Deep—PersonB] 80.9 64.8
: . 69.2
. ) TriNet[14] 849  69.1 | 905 764 PCB[32] 83.3
mAP:86. 9% JLML[20] 85.1 655 | 89.7 745 SebreudiZ] 852 728
. DML[38] 877 688 | 917  77.1 MGN(Ours) | 887 784
RK DPFL[6] 88.6 72.6 92.2 80.4 Table 3. Comparison of results on DukeMTMC-relD.
HA-CNN[21] 91.2 757 | 938  82.8
Rank1:96. 6% GP-reid[2] 922 812 | 947 873
PCB [32] 923 774 - - S . nta})dCdAP . nlietlectﬁAP
mAP:94. 2% Deep-Person[3] 923 796 | 945 851 bl e | Renlkr
Aligned-ReID[37] 926 823 . - BOW+XQDA[41] | 79 73 | 64 64
PCB+RPP[32] 03 8 81.6 _ _ LOMO+XQDA[22] 14.8 13.6 12.8 11.5
MGN(Ours) 957 869 | 969  90.7 IDE[42] 222 210 | 213 197
—_— PAN[43] 36.9 35.0 36.3 34.0
DUkeMTMC_r e I D TriNet(RK)[14] 86.7 81.1 91.8 87.2 SVDNet[31] 409 378 | 415 373
GP-reid(RK)[2] 922 900 | 942 912 HA-CNN[21] 444 410 | 417 386
Rank1:88. 7% Aligned-ReID(RK)[37] | 940 912 g 2 MLEN[4] 547 492 | 528 478
MGN(Ours, RK) 9.6 94.2|| 971 959 PCBIA] = | B 968
AP g 78 4(y Table 2. Comparison of results on Market-1501 with Single Que e IR
MAF . - /0 e ERANSEY MGN(Ours) | 680 674 | 668  66.0

. : & ” 2 3 —————————————————————————
Settlng (S Q) and M}lltlple Query settmg (MQ) RK” refers to im Table 4. Comparison of results on CUHKO03 with evaluation pro-
plementing re-ranking operation. tocols in [45].

Gl FE=/MUBHIRIIIUEIRE |, Bl IS TIINER
Rank1: 68% BRIFER, TieERank 1iIAEmAPERGREERILE, 55!
mAP: 67. 4% EmAPEEIFREAfgap, X MERAE RN
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Figure 4. Top-10 ranking list for some query images on Market-1501 datasets by MGN. The retrieved images are all from in the gallery
set, but not from the same camera shot. The images with green borders belong to the same identity as the given query, and that with red
korders do not.
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Global Part-2 Part-3

Figure 5. Attention maps extracted from output layers of every
branches. First column: the original pedestrian images. Second
column: attention maps from Global Branch. Third column: at-
tention maps from Part-2 Branch. Fourth column: attention maps
from Part-3 Branch. The brighter the area is, the more attention is
paid.
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Zhen Zhou, Yan Huang, Wei Wang, Liang Wang, Tieniu Tan. See the forest for the trees: Joint
Spatial and Temporal Recurrent Neural Networks for Video-based Person Re-ldentification. IEEE
Conf. on Computer Vision and Pattern Recognition (CVPR), 2017.
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Person Re-Identification. In IEEE Conf. on Computer D i-ers S Singee
A . )—L\ Vision (ICCV), 2017. Figure 6. Deep zero-padding for RGB and infrared (IR) images.
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