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Multi-Net Learning
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Experiments
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Face Region Localization
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Multi-Net Learning

Table 1: Average classification accuracy on uCelebA

dataset.
Methods Classif. Branch | Loc. Branch
Without MNL - 91.01
MNL 91.05 91.07

Table 2: Fine-grained classification accuracy on CUB-200

dataset.
Methods Classif. Branch |Loc. Branch
Without MNL on full image - 67.40
MNL on full image 72.10 71.66
Without MNL on crop - 71.90
MNL on crop 75.76 76.03




Hint-based Model Compression

Table 3: Comparison of average accuracy and compactness
between different compressed models on uCelebA dataset.

Layer |[TNet SNetl SNet2  |SNet3
Convl [3x3x32(2) (3x3x32 |3x3x32 (3x3x16
Pooll 2x2x32 2x2x32 [2x2x32 |2x2x16
Conv2 ([3x3x64(2) (3x3x64 |3x3x64 (3x3x32
Pool2 2x2x64 2x2x64 [2x2x64 |2x2x32
Conv3 [3x3x128(3)3x3x128 [3x3x128 (3x3x64
Pool3 2x2x128 [2x2x128 |2x2x128 [2x2x64
Conv4 |3x3x256(3)3x3x256 |3x3x256 |3x3x128
Poold  [2x2x256 [2x2x256 |2x2x256 [2x2x128
ConvS |3x3x512(3)|3x3x512 |3x3x512 |1x1x1280
Conv6 (3x3x1280 |3x3x1280/1x1x1280(n/a
Classifier|GAP GAP GAP GAP
FC40 FC40 FC40 FC40
Accuracy|91.07 91.02 90.89 90.60

Param. |(I9M 6M 2M 0.27M




Hint-based Model Compression

Table 3: Comparison of average accuracy and compactness
between different compressed models on uCelebA dataset.

Layer |[TNet SNetl SNet2  |SNet3

Convl 3x3x32(2) 3x3x32 |3x3x32 |3x3x16 Table 4: Comparison of average accuracy and compactness
Pooll 2x2x32 2x2x32 |2x2x32 |2x2x16 on the aligned CelebA dataset.

Conv2 ([3x3x64(2) (3x3x64 |3x3x64 (3x3x32 Method Accuracy | Param.
Pool2  2x2x64  [2x2x64 |2x2x64 |2x2x32 =~ SOMP (Lu et al. 2017)-thin-32 89.96 | 0.22M
Conv3 [3x3x128(3)3x3x128 [3x3x128 (3x3x64 SOMP (Lu et al. 2017)-branch-32 90.74 1.49M
Pool3 2x2x128 [2x2x128 [2x2x128 [2x2x64 Low Rank (Denton et al. 2014) 90.88 4.52M
Conv4 |3x3x256(3)3x3x256 |3x3x256 |3x3x128 SNet3 90.89 0.27M
Poold  [2x2x256 [2x2x256 |2x2x256 [2x2x128

ConvS [3x3x512(3)3x3x512 |3x3x512 [1x1x1280

Conv6 |[3x3x1280 |3x3x1280({1x1x1280[n/a

Classifier|GAP GAP GAP GAP

FC40 FC40 FC40 FC40

Accuracy|91.07 91.02 90.89 90.60

Param. |I9M 6M 2M 0.27M




Face Region Selection



¥ Part-based subnet ™ Whole-image-based subnet
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