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Exploiting Class Activation Value For
Partial-Label Learning

ICLR 2022

CAM(Class Activation Map) -> CAV(Class Activation Value) -> CAVL



, Problem to be solved : Partial Label Learning

* Ordinary supervised learning vs. Partial label learning
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, Related Work :

1. 1558 SR BE average-based strategy (ABS)
S EH T IFIrE BRI AR
2. HRE B 5K B identification-based strategy (IBS)
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, Background : GAP £FE13ith ik

* Global Average Pooling (GAP)
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Background : CAM : Class Activation Map
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, Pilot experiment : CAM : Class Activation Maps
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, Grad-CAM : Gradient-weight CAM
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CAV : Class Activation Value
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, CAVL : Class Activation Value Learning

Partial-Label Learning With Class Activation Value
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CAVL : Class Activation Value Learning

Partial-Label Learning With Class Activation Value

Algorithm 1 CAVL Algorithm

Input: Model f, epoch Ty, iteration Z,,.x, partial labeled training set D = {(=;, S;) }I ;.
fort =1,2,.... Thax do
Shuffle D;
forz=1,2,...,1,. do
Sample mini-batch D, = {(z;, S;)}}_, from D;
if £ = 1 then

Update f by minimizing the cross entropy loss function R in Eq. (6) with treating all the
candidate labels from .S; equally;

else

Obtain the CAV v for each x; by Eq. (4);
Generate yj’- for 2; by selecting the maximum » from S; by Eq. (7);

Update f by minimizing the cross entropy loss function ﬁcavl in Eq. (8) with treating y;-
as the sole true label for each x;;

end if
end for
end for
Output: f.
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, Experiments

Table 1: Test performance of CAVL and other methods on benchmark datasets using data generation

by USS! The best results among all methods with the same backbone are marked in bold.

Dataset (Backbones)

Method

Accuracy

MNIST (MLP/LeNet)

CC

RC

LW
PRODEN

97.77 £+ 0.12% / 98.77+ 0.06%
98.05 £ 0.15% /99.03 £ 0.04%
97.99 + 0.06% / 98.74 £+ 0.05%
97.02 £ 0.08% / 98.81 £ 0.04%

CAVL

98.06 + 0.05% /99.14 £ 0.03%

Kuzushiji-MNIST (MLP/LeNet)

CC

RC

LW
PRODEN

88.87 £ 0.329% /93.83 £ 0.20%
89.36 £+ 0.30% / 94.01 + 0.15%
87.98 £ 0.39% / 91.52 + 0.65%
88.75 £0.29% / 93.94 £+ 0.18%

CAVL

88.45 +0.229% /93.25 £ 0.21%

Fashion-MNIST (MLP/LeNet)

CC

RC

LW
PRODEN

87.90 £ 0.27% / 88.96 + 0.14%
88.40 £ 0.13% /89.51 £ 0.11%
88.16 £ 0.12% / 88.28 + 0.33%
88.82 £ 0.15% / 89.23 £ 0.12%

CAVL

88.93 + 0.16% / 89.99 + 0.10%

CIFAR-10 (ResNet/DenseNet)

CC

RC

LW
PRODEN

75.74 £ 0.19% /76.78 £+ 0.33%
77.98 + 0.46% / 78.56 £+ 0.37%
76.82 + 0.21% / 78.08 £ 0.66%
77.62 + 0.34% / 78.72 £+ 0.48%

CAVL

78.05 £ 0.32% /79.10 + 0.25%
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Experiments

Table 2: Test performance of CAVL and other methods on benchmark datasets using data generation

by FPS. The best results among all methods with the same backbone are marked in bold.

Dataset (Backbones) | Method | q=0.3 ‘ gq=0.5 ‘ q=0.7
CcC 98.87 +0.15% 98.494+ 0.07% 98.17 + 0.12%
RC 98.88 + 0.07% 98.53+0.11% 98.12 + 0.05%
MNIST (LeNet) LW 98.53 +0.12% 98.68+ 0.06% 97.35 +0.13%
PRODEN 98.72 + 0.13% 98.624 0.09% 98.08 + 0.04%
| CAVL | 98.90+0.12% | 98.71+0.04% | 98.20 +0.11%
CC 93.11 £ 0.08% 90.87 £ 0.06% 89.98 £ 0.14%
RC 93.21 £0.17% 91.19+£ 0.22% 90.15. £ 0.04%
Kuzushiji-MNIST (LeNet) LW 92.65 £+ 0.18% 91.28+ 0.16% 90.55 + 0.17%
PRODEN 93.51 £ 0.20% 91.23+ 0.17% 90.07 & 0.08%
| CAVL | 93.82+021% | 91.57+011% | 86.05+0.25%
CcC 89.41 +0.17% 88.72 + 0.06% 85.87 +0.25%
RC 89.53 + 0.07% 88.844 0.14% 85.41 +0.18%
Fashion-MNIST (LeNet) LW 89.19 + 0.08% 87.194 0.23% 85.92 +0.13%
PRODEN 89.63 + 0.05% 88.784+ 0.15% 85.81 +0.16%
| CAVL | 89.77+0.04% | 8892+0.11% | 86.25+0.18%
CC 77.32 £ 0.14% 76.42 +0.13% 66.17 £ 0.25%
RC 78.14 £ 0.12% 7742 +0.16% 70.21 £ 0.15%
CIFAR-10 (DenseNet) LW 80.95 £+ 0.17% 78.72 £ 0.17% 71.26 + 0.16%
PRODEN 79.05 £0.11% 77.52+ 0.18% 70.35 £ 0.18%

CAVL

81.58 £+ 0.22%

79.69 = 0.17%

65.86 £ 0.21%
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Experiments

Table 3: Test performance of CAVL and other methods uisng linear model on real-world datasets.

The best and second best results among all methods are marked in bold and underline.

Method

Real-world datasets

Lost

MSRCv2

Birdsong

SoccerPlayer

YahooNews

IPAL
CLPL
PLSVM
PLKNN
PLECOC
SURE
LW
RC
CC
PRODEN

71.16 + 2.56%
75.01 £4.39%
48.914 3.33%
37.73+ 2.85%
50.95 = 7.81%
75.56 + 5.62%
79.74 = 3.81%
80.45 £+ 3.85%

73.78 + 4.34%
80.124+ 4.52%

50.64 + 3.85%
36.72 £ 4.61%
35.95 +£3.96%
41.28 £ 2.25%
4325 +3.61%
46.72 + 4.21%
45.65 +3.12%
46.85 4+ 2.52%
45.13 +2.67%
45.32 + 2.38%

70.32 = 4.85%
64.35 + 1.28%
48.99 £+ 1.98%
64.32 + 1.05%
7051 £4.31%
55.42 + 1.52%
72.01 £2.31%
7215 + 2.14%
71.86 + 1.34%
71.90 £ 2.34%

55.42 + 0.92%
37.01 £1.02%
45.90 = 0.98%
48.21 = 1.21%
55.29 £ 1.95%
48.61 + 0.84%
57.12 £ 3.25%
57.05 £ 2.15%
56.54 + 0.74%
56.12 +3.12%

66.43 + 1.32%
45.21 £ 0.82%
57.02 + 1.02%
40.67 4+ 1.58%
61.23 £ 1.52%
55.17 4+ 1.05%
67.94 + 1.64%
68.12 + 0.67%
67.00+ 0.35%
67.924+ 0.48%

CAVL

82.07 + 3.18%

48.39 £ 2.12%

71.92 = 0.73%

57.32 + 2.24%

68.89+ 0.55%
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Experiments
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Figure 2: Study of CAV attributes on various backbones and datasets. Note that here CAM could
only been obtained in deep CNN architectures, namely ResNet and DenseNet.




Experiments

Table 7: The performance of our CAVL with different settings of the starting epoch.

. Dataset (Backbones)
Starting Epoch
MNIST (LeNet) KMNIST (LeNet) FMNIST (LeNet) CIFAR-10 (ResNet)
1 99.14 + 0.03% 93.25 + 0.21% 89.99 + 0.10% 78.05 + 0.32%
10 97.82 4+ 0.04% 02.84 +0.21% 88.75 = 0.14% 75.27 £ 0.42%
50 97.25 £ 0.03% 01.23 £ 0.25% 87.98 + 0.15% 72.17 £ 0.31%
100 96.44 - 0.07% 89.66 + 0.42% 86.92 4+ 0.16% 71.55 £ 0.18%
150 96.38 - 0.07% 88.54 + 0.26% 86.07 4= 0.34% 69.87 - 0.12%
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