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Multi-Label Image Recognition

= |dentifies all objects in Image
» Employing object localization
» Resort to visual attention networks.
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Multi-Label Image classification

= Most of existing algorithms do not consider the dependencies between categories or regions.

* Modeling the dependency between semantics of categories with GNN.

= Semantic decoupling module
= Construct a graph based on the statistical label co-occurrence.
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Category feature extraction

Extract feature map of images

Extract semantic embedding vector for each categories

Semantic guided attention mechanism
= Guide to focusing more on the semantic-aware regions.
= Attention weights for each position

Final feature map of images for each class
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Graph construction

= Construct the graph G = {V, A} based on the statistical label co-occurrence.
= Node setV = {v,, vy, ... v._1} represents each category.

= Edge set A = {ag, ap1, - Ac-1)(c-1)}, Where a..» means the probability of the existence of object belonging to
category c’ in the presence of object belonging to category c.

= Each hidden features of nodes are initialized with the feature vectors. he = f..
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Graph propagation

» Propagate as aggregating message from its neighbor nodes.
= Nodes interact with each other under the guidance of the statistical label co-occurrence.
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C"

= Updates the hidden states of nodes via a gated mechanism. zf i"gfig;‘:;
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Optimization

» Predict presence of category based on the final hidden states and initial hidden states
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Top 3 ATl

- Methods mAP| CP CR CFI OP OR OFl| CP CR CFl OP OR OFl
EX e r I I I l e n tS WARP [V] - 59.3 525 557 598 614 607 - - - - - -
CNN-RNN [24] - 66.0 556 604 692 664 678 - - - - - -
RLSD [37] - 67.6 57.2 620 701 634 665 - - - - - -
RARL [Z] - 788 572 662 B840 616 7I1
RDAR [26] 734 | 79.1 587 674 840 630 720 - - - - - -
KD-WSD [20] 74.6 - - 60.8 - - 727 - - 69.2 - - 74.0

ResNet-SRN-att [31] | 76.1 | 858 57.5 663 881 61.1 721 |8L2 633 700 841 677 750
ResNet-SRN [74] 77.1 | 852 588 674 874 625 729 |8L6 654 712 B27 699 758
Ours 838 [ 919 625 727 938 641 762[89.9 685 768 013 T08 797
Table 1. Comparison of mAF, CP, CR, CF1 and OP, OR, OF1 (in %) of our framework and state-of-the-art methods under the settings of
all and top-3 labels on the Microsoft COCO dataset. “-” denotes the corresponding result is not provided.

Methods [ sero bike bird boat bottle bus  car  cat  chair cow  table dog  homse mhbike person plant sheep sofa  frain v [ mAF
CHNN-RNM [24] 967 E3.1 942 928 612 EX1 890 943 642 BI6 TOO 924 9LT B2 937 598 93 T3 997 TR6| 840
RMIC[12] 97.1 91.3 942 57.1 BAT W07 931 633 B33 TAa4 O92E 944 9L6 951 923 597 BAO 695 D64 TO.O| B45
VGGI6+8VM [22] - - - - - - - - - - - - - - - - - - - 9.3
VGGI94+8VM [20] - - - - - - - - - - - - - - - - - - - - 9.3
RLSD [32] D64 927 93E 941 TLZ 925 942 957 T43 0.0 T42 954 962 921 979 669 935 TIT WS ET.G| BES
HCP [25] 8.6 97.1 980 956 TSI WT 958 973 Ti 902 800 973 961 ™9 963 TE3I WT T6Z 99 9L5| 909
FeV+L¥ [30] 079 97.0 946 946 TI6 939 965 955 TIT 903 BIE 954 977 959 986 TT.6 BRT TEO 983 EO.O| 906
RDAR [26] D86 974 D43 P62 TSI 924 965 971 T6ES 920 8T.7T 968 975 93E 985 816 937 ELE 9846 BO.3| 919
RARL [] D86 97.1 97.1 955 756 928 968 973 TAE3 922 876 969 965 936 985 816 931 832 985 BO.3| 920
RCP[25] 093 976 90 %64 TRI 93E 966 971 TRO ERT 871 971 943 954 991 821 936 812 984 OLE| 915
Ours 995 97.1 97.6 97.8 BLo 4E 967 981 TRO 97.0 856 978 983 964 9EE 849 965 TOE 984 0LE| 934

Ohars (pre) 097 984 980 976 BT W62 982 9EE B2.0 9E1 897 988 9E7T 970 990 869 ORI B5E 990 93T| 950
VGGI6&EIO+SVM [2I]] 989 950 968 954 60.7 904 935 960 742 866 878 960 963 931 972 TO.0 921 803 931 ET.0| 807
FeV+L¥ {fusion) [30] D82 969 971 958 T43 W2 96T 967 T6ET Q0.5 BEO 969 077 959 9E6 THS 936 EX4 934 904 920

Table 2. Comparison of AP and mAF in % of our framework and state-of-the-art methods on the PASCAL VOC 2007 dataset. Upper
part presents the results of single model and lower part presents those that aggregate multiple models. “Ours™ and “Ours (pre)” denote
our framework without and with pre-training on the COCO dataset. The best and second best results are highlighted in red and blue,
respectively. “-” denotes the corresponding result is not provided. Best viewed in color.

Methods [ sero bike bird boat bottle bus  car  cat  chair cow  table dog  homse mhbike person plant sheep sofa  frain v [ mAF
RMIC[12] D30 855 916 387 640 B6E B0 W49 T2T B3] Ti4 952 9L7 W0E 955 583 ET.G6 TO6 938 B30 E44
VGEGI6+EVM [22] 9.0 BEE 959 938 Til 921 851 978 795 9L1 833 972 963 W5 969 631 934 TS0 9701 ET.1| ER.O
VEGIF+EVM [22] 99.1 BET 957 939 Til 921 848 977 TR 907 832 973 962 ™3I 969 634 932 T46 3 ET.9| 8RO
HCP [25] 091 928 97.4 944 TRO 936 898 982 TRI 40 TOE 978 970 93E 964 T43 T TLY® T BRG| 0.5
FeV+L¥ [30] D84 928 934 907 T49 932 902 941 TR EOE BODG 957 961 953 975 T3l 9L 754 9.0 BRI| 894
RCP[25] 093 922 97.5 949 BL3I 41 924 985 B3E 935 831 981 973 WAD  9EE TIT DAl Te4 90T 024| 9232
Ours 095 951 97.4 964 B5E W5 937 9E9 BT 963 B46 939 DE6 W6ZT  9ET 822 ORI B2 981 935 939

Chars (pre) 997 @61 97.7 6.5 BAO 958 95.0 9B9 BRI 976 874 991 992 973 990 848 93 B5E 992 40| 48
VGGIGEIT+SVM[2I]] 99.1 E9.1 960 94.1 741 923 853 979 799 920 837 W5 965 W7 971 637 936 752 974 HET.E| 893
FeV+L¥ {fusion) [20] 089 931 940 941 T4 935 908 979 BD2 921 814 972 068 957 981 739 036 TAE 975 EO.O| 907
HCP+AGS [25, 0] 098 948 97.7 954 BL3I 960 945 989 BRS5 941 860 981 9B3 973 973 Tal 939 B42 982 0LT| 932
RCP+AGS [25, 0] 098 945 DE1 961 B53 @61 955 9.0 902 950 8T.E 98T 9DE4 975 990 A0 959 B6S 988 46| W3
Chrs (pre & fusion) 009 266 984 97.0 BE6 964 959 997 B0 979 BEG6 994 003 979 09932 858 9E6 BAT 994 951| 954

Table 3. Comparison of AP and mAP in % of our model and state-of-the-art methods on the PASCAL VOC 2012 dataset. Upper parl
presents the results of single model and lower part presents those that ageregate multiple models. “Ours” and “Ours (pre)” denote our
framework without and with pre-training on the COCO dataset. “Ours (pre & fusion)” denotes fusing our two scale results. The best and
second best results are highlighied in red and blue, respectively. Best viewed in color
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Experiments
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Figure 4. Several examples of input images (left), semantic feature
maps corresponding to categories with top 3 highest confidences
(middle), and predicted label distribution (right). The ground truth
labels are highlighted in red.
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Conclusion

= Modeling the dependency between semantics of categories with GNN.
» Semantic-guided attention feature map
» Graph propagation based on the statistical label co-occurence.
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Implementation

= My implementations in https://github.com/chaehunshin/snu_gcn_project
(only train the PASCAL VOC 2012 dataset)
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https://github.com/chaehunshin/snu_gcn_project

mAP

Implementation

classes AP(SSGRL)

aeroplane 0.9964

bicycle 0.9703

= MAP results bird 0.9821
= Better than the original performance reported in the paper. boat 0.9797
(without pretrained with the COCO dataset) bottle 0.9001
bus 0.9823

car 0.9468

cat 0.9959

chair 0.8324

" Ours 905 971 U7.6 978 §26 O48 967 951 780 970 $56 7S 983 964 085 849 965 T8 984 023 934 cow 09831

Ohars {pre) 99.7 984 980 976 B57 W62 982 9RE KLD 9R1 897 988 98T 970 99.0 369 981 H58 990 937| 950 diningtable 07377

dog 0.9959

horse 0.9740

motorbike 0.9907

person 0.9756

pottedplant 0.8589

sheep 0.9878

sofa 0.7968

train 0.9985

tvmonitor 0.9066

mAP 0.8420
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Implementation

= Attention map results
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Implementation

If you want to train the model, I briefly explain about how to train and what to prepare in github page.

All given results are also in github page as a README.md

If you have any question about the implementations or need a pretrained model for PASCAL-VOC 2012
dataset, contact me and I'll give any help.

Thank you
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