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L earning to Recognize Occluded and Small Objects with Partial Inputs
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Abstract

Motivation: Multi-label image recognition is challenging
due to large variations in the size and spatial location of
objects, even harder when objects are occluded and
small.

Specitic Problem: Existing methods are complex in terms
of both model and data; they do not explicitly address
problem of small objects and occlusions

Model
e Multiple stages of training

e Combination of multiple learnable networks
e Relies on large language models

Data:
e High input resolution

e Complex data augmentation
e Additional data

Masked Supervised Learning (MSL
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Masked Branch (MaBr) aims to learn context based
representation; Label Consistency (LaCo) models label

co-occurrence. ﬂ
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LaCo: learn a distribution of association
across different classes
“use context to infer presence of a class”

MaBr: uses nearby non-masked regions
around objects to make predictions for
partly visible/masked objects

Results
Outperforms SOTA methods on VOC2007, MS- COCO and WIDER Attrlbute

Method mAP CR CFl Method Input Resolution mAP CP CR CF1 OP OR OFl1
ResNet [15] 929 - . ResNet [15] 448 x 448 794 834 666 740 868 711 782 Method mAP CF1 OF1
FeV+LV [26] 920 - 5 PLA [27] 228 x228 - 804 689 742 815 733 7.
Atten_Reinforce[v] 920 - ; ResNet-cutf [15] x 448 82.1 862 687 764 889 73.1 803 DHC 813
P [25] ) 2 < ML-GCN [9] x 448 83.0 851 720 780 858 754 803 .
GRL 934 - ) MS-CMA [29] x 448 83.8 829 744 784 844 719 81.0
RLEP] e) [6] 95.0 KSSNet [27] x 448 837 846 732 772 878 762 815 VA 82.9 - -
MCAR [17] x 448 83.8 850 72.1 780 880 739 803
ADD.- GCI\[I[] ! 936 TDRGf [31] x 448 84.6 860 73.1 79.0 86.6 764 812 SRN 86.2 759 81.3
: CSRA{ [32] 448 x 448 843 835 743 786 851 772 81.0
MM T(p[ )][ ] % ) ) Q2L-R101 [27] 448 x 448 840 820 758 788 833 788 810 VAC 87'5 77-6 82-4
ASL [1[ R e S B e i ms e T VIT-B16 863 759 81.5
: . 2 2 P-GCN{ [7] x 448 83.2 849 727 783 850 764 80.5
ESGIEQT[[]] gg-g 875 883 || KGGRT[4] x 448 843 856 727 786 87.1 756 809 VIT-L16 87.7 78.1 82.8
: - - ADD-GCN [ 576 x 576 852 847 759 80.1 849 794 82.
KGGR (pre) [4] 950 - - SSGRL[‘][ : ><576 838 899 685 768 913 708 79.7 VIT-L16 +CSRAT 89.6 80.4 84.9
SST [#] 94.5 - - C-Tran [16] 576 x 576 851 863 743 799 877 765 817 ’ s s
MSL-V 950 848 895 | MCAR[I3] 576 x 576 845 843 739 787 869 76.1 8l1.1 VIT-L16 + MSL 90.6 80.5 85.3
MSL-C 9.1 924 91.6 || MSL-C 448 x 448 864 90.1 804 89.1 80.0 822
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(a) ResNet-cut on VOC2007. (b) ResNet-cut on MS-COCO.

Better than self-supervised method; better at heavy masking; generic and
applicable to any model architecture.

Maskin VOC2007 MS-COCO Method Masking  VOC2007 MS-COCO Architecture VOC2007, mAP (%) MS-COCO, mAP (%) Method VOC2007, mAP (%)
& MSL-V Low 94.6 77.8 Vil\rl;ISL g‘;-g ;gg MCAR [ ] 94.8
_ : + : . MCAR / MSL 95.6
MAE [ ] 95.3 85.5 MBI~V ngh 5.0 L ResNet 93.7 84.3 SST [ ][ Iw 94.5
MSL 96.1 86.4 MSL-C Low 95.0 85.1 +MBL %6.1 86.4 SST [] w/ MSL 95.8
MSL-C High 96.1 86.4
Conclusi

MSL is a simple yet effective single-stage, model-agnostic learning paradigm using
masking. Use context on both image- and label-level to infer presence of multiple
objects, even in cases where object are small and occluded.

Compare to recent methods, MSL does not require:
e multiple stages of training, combination of multiple networks, reliance on large
language models (LLMs)
e high input resolution, complex data augmentation strategies, additional data
for pretraining

TLDR: MSL is a simple and effective single-stage model-agnostic learning paradigm for visual learning tasks. It is
similar to how us humans use context to perceive the visual world. Do try it!




