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Abstract: In the task of person re-identification, there are problems such as difficulty in labeling datasets, small

sample size, and detail feature missing after feature extraction. The joint discriminative and generative learning for

person re-identification of the deep dual attention is proposed against the above issues. Firstly, the author constructs

a joint learning framework and embeds the discriminative module into the generative module to realize the

end-to-end training of image generative and discriminative. Then, the generated pictures are sent to the discrimina-

tive module to optimize the generative module and the discriminative module simultaneously. Secondly, according to

the connection between the channels of the attention modules and the connection between the attention modules in

spaces, it merges all the channel features and spatial features and constructs a deep dual attention module. By

embedding the models in the teacher model, the model can better extract the fine-grained features of the objects and

improve the recognition ability. The experimental results show that the algorithm has better robustness and discrim-
inative capability on the Market-1501 and the DukeMTMC-RelD datasets.
Keywords: person re-identification; image generative; joint learning; attention; deep learning
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Fig. 1 Framework for teacher- student network
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A1 OHRRER
Table 1 Ablation study

Market1501 DukeMTMC-RelD

Methods
Rank-1 mAP Rank-1 mAP
Baseline 86.66 65.14 81.32 64.08
Baseline+DA 87.73 69.57 81.23 64.45
Baseline+DDA 90.74 75.05 83.39 65.55
Prime+DDA 94.15 85.44 85.91 74.52
Ours 94.74 86.39 86.49 75.01

1) S USSR P T By 2 A A 2 ) FEFAIE,
1 7R, 7F Market1501 (35 4E Fl DukeMTMC-RelD
Bl b Rank-1 A5 mAP 53 HHETFE 94.15% .
85.44% . 85.91%F11 74.52%. FH T FIBLAL Ly 32 24
TIE P27 = FARLBE RAE () 27 2T BB AR FHAEA 4051,
T AR BEE R HHE Market1501 $0E4E | Rank-1 ¥4 3
. mAP 4y B4R T B 94.74% A 86.39% , 1E
DukeMTMC-ReID ¥4 I Rank-1 #% il mAP 4373
2T 86.49%F1 75.01%.
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AR 3

1) M OCE . T B M 4
(attention-aware compositional network, AACN), {Jpif
112 1% (harmonious attention network, HA-CNN)
Jey #B T B 1 M 4% (a part-based attention network ,
PBAN).
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Fig. 4 Visual contrast results of different stages of attention mechanism.

(a) Input image; (b) Baseline; (c) Add dual attention mechanism;
(d) Add the deep dual attention mechanism; (e) Teacher model aided student model
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A2 5 ERATATIRA G EHEA
Table 2 Accuracy comparison with the main popular
re-identification method

Market1501 DukeMTMC-RelD
Methods

Rank-1 mAP Rank-1 mAP
AACNL!™! 85.90 66.87 76.84 58.25
HA-CNN[' 91.2 75.7 80.5 63.8
PBANL!'"] 93.6 81.7 84.7 69.4

GLAD!®! 89.9 73.9
PGFAl' 91.2 76.8 82.6 65.5
CBNI20 91.3 77.3 825 67.3
Deep-Person/?'! 92.31 79.58 80.90 64.80
VPM[22] 93.0 80.8 83.6 726
PN-GAN?! 89.4 726 73.6 53.2
FD-GAN!] 90.5 777 80.0 64.5
Ours 94.74 86.39 86.49 75.01
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I 4 Jmy Jry #6554 B 45 (global-local-alignment  de-
scriptor for pedestrian retrieval, GLAD), 3&TilH41T
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FVE R 52 2 Bk AT AR n] ML JR) P AR AL (perceive
where to focus: learning visibility-aware part-level fea-
tures for partial person re-identification, VPM) , 2%>J H|
S PER TR BERFE (learning discriminative deep features
for person re-identification, Deep-Person) , & T AHALHE
i 0 — i AT N oA 22 B8 Y P L% (rethinking the
distribution gap of person re-identification with cam-
era-based batch normalization, CBN)%% ,

3) BdJs A= B AR Sl Sr A T5 v - B —1k
4 A il (pose-normalized image generative for per-
son re-identification, PN-GAN), J& &1 NLEA
5| T B FRIE B A2 BT X 2% (pose-guided feature
distilling gan for robust person re-identification,
FD-GAN)4F, MR PEAEIHM, ASCHR W T AL
THAB R A

RS T RTERRAME I AACN RO R
BOER AR A R AERY HA-CNN, PBAN A
FHTE ML R AR AL, JEAI T 4R - SRR AE
MK, FE MR NRHE, TEMAEELE HRS
JEARUAR S, {H PBAN JCik 7t 43 MLk 1 5 ) A5 i)
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SO 3 T 1 RS B3 e R s ) AR A B
Rz, R P R RO G IR, fEETE
psWALL S R3 T
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RS FEARAYIR] 81, Deep-person 5 FEAN [R5 4- 2 1]
) 1R SCE BAZS EE S, VPM s 747 ARl
JIF i R S AR SR RS, (HLL Bk TJo 7 e R
Atk FEATIET, SR SRR T
P AEAEAEAS, SRR .

AT X F R i A I — R T
PN-GAN, FD-GAN fiftple [ 287yl , (Hitk )y
R 8 A BB A AR X Al ST AN B B, TE
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SRR X R EAH B A AL, S S R e T o

it — RS ST, SR S AR
DTEE S Market1501 H A FIU% LY, Nk 3
Ro
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TR I E RS, R R WA SCm g, 7Dt
PBCET % R AT ARIAT, A SCUCCER 5K FL R AR 2 if
[ 0.0162's, A& LA 2SI MEFE A1

A 3 FikmXaTia st R
Table 3 Comparative results of test time of
different methods

Time/s
Methods
Test time Per match(19732)

GLADU®I 368 0.0186
PGFAI"®! 315 0.0159
CBNEY 347 0.0175
Ours 321 0.0162
+ AN

4 én e

R SCHR AR B SOUEE 1 78 A AR S B
JRAT NE U], IR G HE SO A b S5 s A
RIREG—, B LIRS PR, Rl
AL AR SR, e A A e . Jdd
FIAGRIE S TE R, Rz MR B
FHELUR S, 5 ARy B R B I s 18] 0 5 R
AET), PemBUNKIRHECARE Sy, B i)
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Framework for teacher-student network

Overview: Person re-identification is a technology that uses computer technology to determine whether there is a spe-
cific object in an image or video sequence. In the task of person re-identification, there are problems such as difficulty in
labeling datasets, small sample size, and detail feature missing after feature extraction.The joint discriminative and gen-
erative learning for person re-identification of deep dual attention is proposed against the above issues. Firstly, the au-
thor constructs a joint learning framework and embeds the discriminative module into the generative module to realize
the end-to-end training of images generative and discriminative. Then the generated pictures are sent to the discrimina-
tive module to optimize the generative module and discriminative module simultaneously. Secondly, we construct a
deep dual attention module. Through the connection between the channels of the attention modules and the connection
between attention modules in spaces, the information collected by the previous attention module is passed to the next
attention module. The attention feature is fused with the currently extracted attention feature to ensure that the infor-
mation between attention modules of the same dimension can flow in a feed-forward manner, effectively avoiding the
frequent changes of the information between attention modules. At last, the author merges all channel features and spa-
tial features. Due to the high similarity of the appearance of the images in the dataset, the teacher model recognition
becomes more difficult. Therefore, the deep dual attention module is embedded in the teacher model to improve the
recognition ability of the teacher model. The teacher model is used to assist the student model to learn the main features.
The generated images are used as training samples to force students to learn fine-grained features independent of ap-
pearance features. The author merges the main features and fine-grained features to re-identification person. The ex-
perimental results show that Rank-1 and mAP used in this paper are superior to the advanced correlation algorithms.
Zhang XY, Zhang B H, Lv X Q, et al. The joint discriminative and generative learning for person re-identification of deep
dual attention[J]. Opto-Electron Eng, 2021, 48(5): 200388; DOI: 10.12086/0ee.2021.200388
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