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Abstract: Recent unsupervised person re-identification studies have used clustering and memory
dictionaries for pseudo labels to train models. However, these studies ignore that the datasets of person re-
identification are collected by different cameras, that is, the distribution difference between cameras is
large, and a larger camera variance will lead to decrease in model accuracy. Therefore, camera cluster
contrast learning is proposed, which includes cluster contrast loss and camera contrast loss. The cluster
contrast loss can realize the consistent update of memory dictionary and reduce the influence of noise labels
on the model. Camera contrast loss reduces camera variance by building camera cluster center for each
cluster in each camera, narrowing the camera cluster center distance of the same cluster, and making

different camera cluster centers farther apart. By camera cluster contrast learning, the impact of camera
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variance and noise labels on the model is reduced, and the performance of person re-identification is
improved. On the four public datasets, camera cluster contrast learning has shown excellent results,
effectively alleviating the impact of camera variance on the model.

Key words: person re-identification; cluster contrast loss; camera contrast loss; memory dictionary; camera

variance
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TE A AR AL R U ] — A N o B S R G 5 Tz i ], a0 4R R R N B GABER TR AL AE . AR
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2.1 HIEENR
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By 10912 936 5k ME , FH TR 94 750 4 B 3 19 19 732 5K % . DukeM TMC 4 %5 i 8 &5 AHAL A8 1Y
14044~ B 43 119 16 522 5K IR, VN 2R 5 16 522 5K KR, 3 7024 B 4y, K A2 o 17 661 sk KR, f &
70240 B ffy o MSMT17 4% 15 G HIHLIAE M 4 1014 0019 126 441 5k & TG EAF 104140 54
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Xt FA7 A RelD AT 55, 78 W A UL A9 V74 A o, — B 2 B FRDC g 7 fiF (Cumulative match characteris-
tic, CMC) , %5 —Fl & FE 85 )& (Mean average precision, mAP) . CMC i F [z it 7 25 2% 59 ME 6 B2, 8 %
FH Top-k #E6f 3 27, B A 1) ES AE 5 22 AT £ 4 VG FL 0T Hh 0 6 DS L 9 8% . 7647 A RelD AT 55, — i
F & k=1{1,5, 101 FAGEE o AP J2 48 A W REA 7 H0KG B2 , R AR B X JE A AR I 8CR , mAP 248 i A
A REAS (- 35 AP, 32 7n B R T A A )RR AR (0 R R
2.3 XBURBERSHIEE

A7 N\ RelD R (1) 8 1 W 2% & 7F ImageNet b 156 Il 25 47 19 ResNet=50. i A G K /N A 4 Sy 256%
128, 3Lk BB K/NHy 640 HEHEA epoch FF 4R A 4l I DBSCAN 285 AR A il th 4545 . DBSCAN H1 i 4
FEAR 22 8] ) Je KR B R 0.6, 8% 0 S Jie /INSB TE BN 4o AR SOl T 3R 2 rpols Sk 9 0 Ak o9 7 8 I 78 B A
epoch FF 4R B 5 Hr ¥ 4 4k M AE 1 o BT Adam DL Ak 8% A 980 Se—4. PR 5 S i B 0 3.5e—4,
20 > epoch ¥ /N ] Z i 19 1/10, & 4t 100 4~ ep-

och, FRAEB K 0.8, %1 7EMarket-1501 $[1E & FME L RER
2.4 EMREXHFENILRLE Table 1 Results of algorithm comparison on
AT IR TE Market-1501 Duke MTMC, Market- 1501 dataset %
MSMT 17 il PersonX 1 {ii il 1 J5 5 % 17 A RelD J5 ik mAP_Top'l Top5 Topl0
HEHEAT HLER S5 A I 1~ R BUCTE 888 662 706 845
SSL 37.8 717 83.8 87.4

£ Market-1501 % 85 46 b, 3845 1 84.3%0 1Y

mAP f193.4% ) Top-1, 5 Cluster-contrast # It , MMCEL T o 809 894 V2
HCT™® 56.4 80.0  91.6 95.2
SRR E T 1.3% Ff10.5% . 7F DukeM TMC $ 4 5 o a 28]
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P2LR A H . 4h B4R 85 T 3.3% M 2.9%. fE 1GCLE 68 873 035 oss
MSMT17 45 %, 3545 36.1% A mAP H167.0% UGAR 70.3  87.2
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3.1% M 5.0%. 7F PersonX ¥ 4l £, K & T SPCL™ 731 881 951 97.0

894% E/‘] mAP ﬂ] 957% E/‘] Topflo 5 Cluster-con- Cluster-contrast®  83.0 92.9 97.2 98.0
trast F He 42 S B T 4.7 % R 1.3% . 3% 72 W T 4 Firdie Jr i 843 934 974 983
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®2 FEDukeMTMCHEIEE LHEELBRER R3 EMSMTITHEE EFMEERLRER
Table 2 Results of algorithm comparison on Table 3 Results of algorithm comparison on
DukeMTMC dataset % MSMT17 dataset %
ik mAP Top-1 Top-5 Top-10 VRS mAP Top-1 Top5 Top-10
Buc*”’ 27.5 47.4 62.6 68.4 ECN™ 10.2 30.2 41.5 46.8
SSL 28.6 52.5 63.5 68.9 TAUDL™ 12.5 284
MMCL”" 51.4 72.4 82.9 85.0 MMCL? 11.2 354 44.8 49.8
HCT™ 50.7 69.6 83.4 87.4 UTAL® 13.1 314
UGA® 53.3 75.0 CycAs™ 26.7 50.1
JGCLH 62.8 82.9 87.1 88.5 MMT"" 240 50.1 635 69.3
1cs™ 64.4 80.0 89.0 91.6 SPCL™ 19.1 423 55.6 61.2
SPCL™ 65.3 81.2 90.3 92.2 JGCLPY 21.3 457 58.6 64.5
P2L.R% 70.8 82.6 90.8 93.7 11cs™ 26.9 564 68.8 73.4
Prig sk 741 85.5 92.5 94.4 Cluster-contrast™  33.0  62.0 718 76.7
T4 Ty vk 36.1  67.0 77.0 80.6
Ji¥E ST R T ARG B 080 T AHAIL 7 22 X A A R4 TEPersonX HIEE FHEXILBER
B EL A, 7E 58 4 J6 B 47 A RelD 3 54 v A 55 4 1Y Table 4 Results of algorithm comparison on
e PersonX dataset %
2.5 BHEBMESH Ty ik mAP  Top-1 Top5 Top-10
A SR (D SRRy Lo TR SR 966 o8
fE I . 7 Market-1501 1 DukeM TMC % 42 42 Cluster-contrast®™ 84.7  94.4 98.3 99.3
Fir 45 89.4 957 99.0 99.6
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Fig.2 Experiment of different values of A on the Fig.3 Experiment of different values of A on the
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3 3 T4 S 56 40 M 2 BB 2K RAE ML B A8 2 X ASE TR A B i o 3 g B 1 AR R L A O RN ) ki
P A 2 B RCR T 3 218 X8 LG A0 2R AT 280 I A1 MR 75 A 4 X ASE L g 2 ) o 2D X B A 2R SR Y 2 S 48]
WAF -3, A7 7 B A T A R A T SRR A PR b A 080 O s 5 1% A 00 B, (8 A5 A R 25 5 =2 B R 7 R 4 1Y
SO o TSNS A R SR T Y O S N AE ML N A AR A A S A S D RRAE L AT BB X LA R
o) S A G PR A L D T R R RS PR B A5 R AR L DA T % iR T MR P R A X R BURS BE R S R, R
T Fl 45 R 4 5 R 5~8 TR o T At O JEL SC Y 256 dk > B 64, 7E Market1501, DukeMTMC |
MSMT17 Fil PersonX P4/~ HH 45 v, [ 25 XF He 451 2% R 2% Eb 4 2 A 45 50 SC R At (9 RS B AT B b BRI

5 £ Market-1501 #3E & F A E BLCI %6 7EDukeMTMCHIEE FAIE RS
Table 5 Ablation experiments on the Market-1501 Table 6 Ablation experiments on the DukeMTMC
dataset % dataset %
o5 ¥k mAP Top-1 Top5 Top-10 Jik mAP Top-1 Top5 Top-10
EEIPONE PR 70.8  86.5 94.1  96.3 [ERIZPONAE S 62.0 79.3 87.1  90.1
NS He AR K 80.9 91.7 953  97.1 ZEX He AR K 69.1 81.5 90.7 934

HxF et ML 84.3 934 974 983 BN AL AP 741 855 925 94.4

x7 TEMSMTI17HEE LR HMER =8 FEPersonX#EE LHWERXE
Table 7 Ablation experiments on the MSMT17 Table 8 Ablation experiments on the PersonX
dataset % dataset %
Jrik mAP Top-1 Top-5 Top-10 VRS mAP Top-1 Top-5 Top-10
EEZONEEAES 174 40.2 534 60.1 EEIINEEES 70.3 85.9 94.2 96.1
ESORIEIEN 22.8 48.6  59.7 66.5 EPONEEITES 82.6 92.4 96.9 98.0

XTI R HAHPLIE 361 67.0  77.0  80.6 BXT LR HAHPLBIL 89.4 957 99.0  99.6
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