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, Introduction

« Multi-label recognition (MLR) aims to recognize various semantic labels for an image,
which has a wide range of practical applications. However, collecting high-quality full
annotations becomes very challenging. Recently, researchers propose to simplify the
full label setting to a partial label setting, which annotate a few labels for each

training image. Another extreme setting is observed with only one single positive

label.

« These settings can be unified into a common issue of incomplete labels, which eases

the burden of the full annotation and significantly reduces annotation cost.
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, Motivation

<

« However, the incomplete labels setting introduces a dilemma of poor supervisions,
resulting in severe performance drops for MLR.

« Existing methods strive to regain supervisions from missing labels by exploring the
Image-to-label correspondence. Such methods eliminate priors about the

correspondence between images and labels although it is necessary and unavoidable.
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(c) our SCPNet
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Prior-Enhanced Self-Supervised Learning (PESSL)
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Semantic Correspondence Prompt Network (SCPNet)
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Figure 2. An overview of the proposed method. We design a semantic correspondence prompt network to explore the structured
semantic prior for MIR with incomplete labels. A prior-enhanced self-supervised learning strategy is used to enhance such exploration.




, Methodology

Structured Prior Prompter
- label prior correlation:  @ij = sim(Z;, Z;)

- label correspondence graph G:  ,+ _ llai; # 0] exp(ai;/7 )

7 3 lai # 0]exp(ai; /)

Semantic Correspondence Prompt Network

» Cross-modality prompter (CMP) :

- feature extraction process: f = F(x),z; = G(t;).

» Semantic association module (SAM): structured semantic prior A*

» GCNlayer: H"!' = (A*H'WY




, Methodology

Prior-Enhanced Self-Supervised Learning

» Structure-aware semantic calibration
« Weighted likelihood by the correlated neighboring labels :
Pruile) = W) X ply;l)

g

« Formulate process: SASC(p(Y|z), W) = Wp(Y|z)
> Prior-enhanced learning

. . Y
- Self-supervised consistency loss: (ef—_z oy 2B Pleld)) - cho(m)k)g(l—JJ(CIQ(:B)))

¥
s , 1 —qc
+ Self-distillation loss : Lo =—>_ ( : 10gj + (1 —¢.") log 7— q@)

« overall objective:  L,cssi = Mesi Lest + AastiLas

Network Optimization £=_Lu;s+ Lpess




, Experimental results
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 Single positive label

« Partial label

For both setups, our method can
significantly outperform existing
methods on all benchmark datasets,

achieving state-of-the-art performance

Niafid LargelLoss setup [16] SPLC setup [32]
COCO VOC NUS CUB Avg. | COCO VOC NUS CUB Avg.
LSAN [¢] 69.2 86.7 505 179 56.1 70.5 872 525 189 573
ROLE [¥] 69.0 88.2 510 16.8 563 70.9 89.0 506 204 57.7
LargeLoss [16] 71.6 89.3 496 21.8 58.1 - - = s -
Hill [37] - - - - - g i R4 87.8 550 18.8 58.7
SPLC [32] 72.0 877 498 18.0 569 132 88.1 552 200 59.1
SCPNet (ours) 75.4 90.1 55.7 254 61.7 76.4 91.2 620 257 638
Datasets Method 10% 20% 30% 40% 50% 60% 70% 80% 90% | Avg.
SSGRL [5] 625 705 732 745 763 765 771 719 784 | 74.1
GCN-ML [6] 63.8 709 728 740 767 77.1 773 783 786 | 744
SST [4] 68.1 735 759 773 781 789 792 79.6 799 | 76.7
COCO SARB [21] 71.2 750 77.1 783 789 796 79.8 805 80.5 | 779
DualCoOp [260] | 78.7 809 81.7 820 825 827 828 830 83.1 | 819
SCPNet (ours)* | 80.3 82.2 82.8 834 838 839 840 84.1 842 | 83.2
SCPNet (ours) | 79.1 82.1 828 839 845 849 854 857 859 | 838
SSGRL [5] 777 876 899 90.7 914 91.8 919 922 922 | 895
GCN-ML [6] 745 874 89.7 90.7 91.0 91.3 91.5 91.8 92.0 | 88.9
VOC2007 SST [4] 81.5 89.0 903 91.0 91.6 920 925 926 92.7 | 904
SARB [21] 83.5 886 90.7 914 919 922 926 928 929 | 90.7
DualCoOp [26] | 90.3 922 928 933 936 939 940 941 942 | 932
SCPNet (ours) | 91.1 928 935 93.6 938 940 941 942 943 | 935
SSGRL [5] 346 373 392 40.1 404 410 41.3 41.6 421 | 397
GCN-ML [6] 320 37.8 38.8 39.1 396 400 419 423 425 | 393
VG-200 SST [4] 388 394 41.1 41.8 427 429 43,0 432 435 | 418
SARB [21] 414 440 448 455 46.6 475 478 480 482 | 46.0
SCPNet (ours) | 43.8 464 482 496 504 509 513 51.6 52.0




, Ablation study
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« Introduce a model that directly employ L.;; to optimize a ResNet-based MLR model, as

the baseline.

« Each component can obtain consistent performance improvement in all datasets.

Table 3. Effect of different modules in the proposed SCPNet method for both the single positive label setting and the partial label setting
(%). An average of all metrics is also reported.

PESSL. Single Positive Label Partial Label
Model | CMP SAM = Avg.
Lest Lasuy | COCO VOC NUS CUB | COCO VOC2007 VG-200

Baseline 73.18 88.07 55.18 19.99 | 77.41 88.32 46.39 64.08
v 7436 88.46 60.66 21.42 | 80.90 89.16 47.55 66.07

v v 75.12 89.09 61.08 21.66 | 82.12 90.16 48.11 66.76

SCPNet v v v 75.70 90.92 61.75 23.67 | 82.85 92.50 48.70 68.01
v v v 75.84 90.92 61.56 24.5I 83.35 03.21 48.83 68.32

v v v v 7642 91.16 62.04 25.71 | 83.76 93.49 49.36 68.85
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, Visualization Results

 Visualize the structured semantic prior and the label representation in the label feature
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Figure 3. The structured semantic prior (left) and the learnt label representation (middle: in the baseline, right: in our SCPNet).

« Visualize the precision variations to

verify the effect of the proposed
— CMP+L 61 = SCPNet
—— SASC(CMP+L.) — CMP+L.u
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structured semantic prior. S , ,
epoch epoch

Figure 4. The precision on the training set (left) and the mAP on

the test set (right).
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, Model analysis

« Correlation graph construction « Prior knowledge extraction

£

Table 4. Analysis on the correlation graph. . . .
Table 5. Analysis on the prior extraction (%).

SAM PESSL | mAP (%)

Prior | Dynamic Image Glove BERT CLIP

. SRHE || W mAP | 75.84 7567 76.15 76.16 76.42
Static Dynamic 76.05
No 75.83
Static 76.08

Dynamic

Dynamic 75.84

+ Generalization on the CNN-based architecture - Analysis on hyper-parameters

Table 7. Analysis on the number of GCN Layer, i.e., L (%).
Table 6. Prior for MLR models with the ImageNet-based ResNet.

L 2 3 4
Image Encoder | Label Encoder | mAP (%) mAP | 75.88 | 76.42 | 76.22
ResNet sigmoid 13.18
ResNet O 7472 Table 8. Analysis on A, and Ay (%).
il Quss 7642 dest] O | 1/16] 18 | 1/4 1/8

Al 0 8 | 218 | 38
mAP|[75.12]75.56[75.70] 75.13 | 76.42| 76.40 | 76.17 m
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