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DGRW (Deep Group-shuffing Random Walk):
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Random walk in deep neural networks
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Random walk in deep neural networks



HAKSEH:

t
Y = (AN Y + (1= 2) ) (W) y©
=0

Ae[0]] Ae[0,]]

Random walk in deep neural networks



DGRW (Deep Group-shuffing Random Walk):
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The effectiveness of each component:
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Visual
e Model Market-1501 CUHKO3
Baseline model ode mAP  top-l mAP top-1
baseline 76.4 91.2 88.9 91.1
baseline+triplet [12] 68.3 84.5 - -
baseline+dropout 717.6 91.3 89.1 91.2
baseline+group 777  91.1 91,6 930
baseline+group+dropout 78.1 91.3 91.3 93.3
baseline+k-reciprocal [44] 78.5 91.5 89.9 92.2
baseline+RW w/o train 79.2 91.5 90.2 92.3
baseline+random walk 81.4 91.4 91.5 924

Experiments




Ablation studies: — Visual
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#groups RW shuffle mAP top-1 top-5 top-10 mAP top-1 top-5 top-10 mAP top-1 top-5 top-10

764 912 971 982 889 911 976 987 618 788 885 910
775 9.1 971 982  90.0 922 982 989 626 792 887 910
777 9.1 969 979 916 93.0 988 993 627 789 887 912
814 914 968 982 915 924 974 988 652 792 BB 911
814 915 970 980 914 923 970 985 652 79.0 &84 911
81.6 915 972 983 929 938 973 982 654 797 889 914
820 918 969 980 931 939 982 990 654 786 881 908
825 927 969 981 940 949 987 993 664 80.7 885 90.8
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Comparison with state-of-the-art methods:

Market-1501 [42]
mAP top-1 top-5 top-10

OIM Loss [34] CVPR 2017 60.9 82.1 - -

Methods Reference

CADL [20] CVPR 2017 47.1 73.8 - -
P2S [47] CVPR 2017 443 707 - ;
MSCAN[15] CVPR2017 53.1 763 - ;
SSM [3] CVPR 2017 688 822 - ;
DCA [16] CVPR 2017 57.5 803 - ;

SpindleNet [40] CVPR 2017 - 769 915 946
k-reciprocal [44] CVPR 2017 63.6 77.1 - -
VI+LSRO [43] ICCV 2017 66.1 84.0 - -

OL-MANS [46] ICCV 2017 - 60.7 - -
PDC [29] ICCV 2017 634 84.1 9277 949
PA [41] ICCV 2017 634 81.0 92.0 94.7
SVDNet [30] ICCV 2017 62.1 823 923 95.2
JLML [ 18] [JCAI 2017 65.5 85.1 - -
Proposed 82.5 92.7 969 98.1

Experiments




Comparison with state-of-the-art methods:

CUHKO3 [17]
mAP top-1 top-5 top-10

OMLoss[*] CVPR20I7 725 715 - - :
MSCAN[I5] ~ CVPR207 - 742 943 975 efhods Referene D KeMIMC (2]
DCA[I6]  CVPR2017 - 742 943 975 mAP top-1' top-) top-10

SMU - CVRRQOIT - 766 946 980 pow.gsoME (4] 100V 2015 122 251

e A g &y " ™ s 0
P B OIMLoss[35]  CVPR2015 474 681

Quadruplet [7]  CVPR2017 - 75.5 952 992 .
PA [41] ICCV2017T - 854 976 994 OIM Loss [ 4] CVPR2017 474 681 - -
SVDNet[30]  ICCV2017 848 818 952 972 Basel+LSRO[H] ICCV20IT 47.1 677

VIHLSRO[43] ICCV2017 874 846 976 989 SVDNet [3()] [CCV 2017 568 T6.7 864 89.9
PDC [29] ICCV2017 - 887 986 99.6 Proposed 664 80.7 885 90.8
MuDeep [25]  ICCV2017 - 763 96.0 984
JLML [1¥] [ICAI2017 - 832 980 994
Proposed 94.0 949 9.7 993

Methods Reference

Experiments






