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B Datasets
» VOC 2007 samples 9963 label 20
» MS-COCO samples 123287 label 80
B Comparisons B Metrics
f > ResNet-101 \ /
» Vggl6 >
> HCP Z o
» Order-Free > Accuracy
> SRN < Fl—spore
» RNN-Attention > Precison
» ML-GCN
k » CNN-RNN J \




Comparlsons (|n

Experiment

%)of different methods in terms of ap and map on VOC 2007 dataset.

| Methods | aero | bike | bird | boat bnltle| bus | car | cat |chatr|mw table | dog |hur-.e|nmtur||:|EJ~.:J|1|]:bIam|-.heep sofa | train | v |m.-".£’
CNN-RNN [ 967 831 (942 928 612 [82.1 890 (942 642 [836 ] 700 (924 917 [ 842 [ 937 [ 598 [ 932 (753997 [ 786 | 840
RLSD 064 0927 038 940 | 712 | 925942057 | 743 | 900 | 742 | 954 | 962 | 921 | 979 | 669 | 935 737975 | 876 | 8RS
VeryDeep | 989 950 968 954 | 697 | 904 | 935|960 | 742 | 866 | 878 | 960 | 963 | 931 | 972 | 70.0 | 921 803 | 981 | 87.0 | 897
HCP 9%.6 971 980 956 753 | 947|958 | 973 | 731 | 90.2 | 800 | 973 | 961 | 949 | 963 | 783 | 947 762 | 979 | 915 | 909
RNN-Attention | 98.6 974 953 962 | 752 | 924 | 965|971 765 | 920|877 | 968 | 975 | 93§ | 985 | Bl& | 937 828 986 K3 | 91y
ML-GON | 986 946 977 970 | 849 [ 895 960 968 | 86.1 (954 | 879 | 973 | 982 | 940 | 983 | 862 | 919 876 | 97.6 899 | 932
FAN (Ours) | 99.5 952 98.6 968 547 | 968 978 | 986 | 87.1 [97.2 90.1 | 958 | 976 | 97.1 | 987 | 90.6 | 934 90.1 | 975 921 | 94.8

Comparisons of state- of the art methods on MS-COCO dataset.

Methods All Top 3
loss] || mAPT|[CPT|CRT|CF17T|OPT | ORT|OF17
ResNet-101 - 77.3 ||84.1/59.4| 69.7 |89.1|62.8| 73.6
CNN-RNN - 61.2 |/66.0/55.6| 60.4 69.2|66.4| 67.8
RNN-Attention - - 79.1158.7| 67.4 |84.0/63.0| 72.0
Order-Free RNN - - 71.6(54.8| 62.1 |74.2162.2| 67.7
SRN - 77.1 ||85.5|58.8| 67.4 87.4|62.5| 75.2
ML-GCN 0.08121| 82.1 ||87.5/64.2| 73.4 |83.1/60.7| 69.5
FAN (Ours) |0.0807| 83.2 ||85.1/64.6| 73.4 |90.5|66.8 | 76.8
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Comparisons loss, map and outher evaluation metrics with ml-gcn on voc 2007

All
Methods
loss] |mAP T |CPT|CR T|CF17T|OPT|ORT|OFI1T
ML-GCN [|0.0543 | 93.2 |88.1| 84.8 | 86.4 | 89.1 |85.6 | 87.9
PAN 0.0537| 93.3 |88.2| 83.3 | 85.8 | 89.0|86.1 | 87.5
FAN 0.0462| 94.8 1 86.9| 88.4 | 86.9 [ 90.0 | 86.8 | 88.4
Differentain M = aM + (1 — )M
mAP
95 94.82
94.8
94.6 0439 i, 0437
94.4 oir '
94.2 P ' JEE 9413 4,08
94 93.85 g3g4
93.8
93.6
93.4
93.2
0 0.1 0.2 0.3 04 05 0.6 0.7 0.8 0.9 1



) Experiment

Different GCN architectures on voc 2007

VOC 2007
3
Architectures of GCN All Top
mAPT | CF11 | OF11 || CF11 | OF11
2-layer 948 | 86.9 | 88.4 || 86.7 | 883
300—52048—58256
3-layer 932 | 858 | 87.0 || 85.8 | 87.1
300—1024—2048—38256
41
ayet 93.1 | 86.1 | 865 || 85.8 | 86.6
300—1024—2048—4096—8256

Different strategies of dimensionality reduction on voc 2007

VOC 2007
Dimensionality Reduction All 1op-3
loss) || mAPT | CF11 | OF17 || CF1 T | OFLT
2048 — 128 0.0576 || 93.2 | 83.6 | 85.7 83.5 | 85.7
2048 — 512 — 128 0.0462 || 948 | 869 | 88.4 || 86.7 | 88.3
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