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Multi-Label Knowledge Distillation
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Why can’t we extend existing KD methods to MLKD?

Traditional KD

MLKD

Logits-based
methods

The sum of predicted
probabilities = 1, so we
can use KL divergence.

The sum of predicted
probabilities # 1, so we
cannot use KL divergence.

Only one object in a image,

Feature-based
methods

map very clear

which makes the semantic
information in the feature

Multiple semantics in one
image, which makes the
semantic information in the
feature map unclear

Instance-aware label-wise distillation

as an example.

Performance on MS-COCO

Table 1. Results on MS-COCO where teacher and student models are in the same architectures.

Class-aware label-wise distillation

Take class €ar as an example.

Table 2. Results on MS-COCO where teacher and student models are in the different architectures.

Our proposed L2D framework

A batch of
multi-label examples
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Teacher | RepVGG-A2 | ResNet-101 | WRN-101 | Swin-S Teacher | ResNet-101 | Swin-T | ResNet-101 | Swin-T
Student | RepVGG-A0 | ResNet-34 | WRN-50 | Swin-T Student | RepVGG-AO | ResNet-34 | MobileNet v2 | MobileNet v2
Metrics | mAP ~ OF1  CFl | mAP OF1 CFl | mAP OF1 CFl | mAP OFl  CFl Metrics | mAP ~ OFl  CFl1 | mAP OF1 CF1 | mAP OFl CFl | mAP OFl  CFl
Teacher 72771 7411  68.63 | 73.62 73.89 68.61 | 7470 7556 70.73 | 81.70 80.48  77.12 Teacher 73.62 73.89 68.61 | 79.43 7877 75.07 | 73.62 73.89 68.61 | 79.43 7877 75.07
Student 70.02 7249 66.77 | 70.31 7249 6682 | 7445 7543 70.61 | 79.59 79.18 7542 Student 70.02 7249 66777 | 7031 7249 66.82 | 71.85 73.59 6826 | 71.85 7359  68.26
RKD 70.08 7239 66.773 | 70.13 7244 66.78 | 74770 75771 70.84 | 79.63 79.19 75.57 RKD 70.08 7235 66.72 | 70.00 7234 66.64 | 71.76  73.68 68.40 | 71.74 73.68  068.37
PKT 70.11 7247 66.80 | 70.43 72.64 66.68 | 7454 7547 7058 | 79.64 79.09  75.39 PKT 69.99 7235 6656 | 70.26 7239 66.82 | 71.88 73.60 6835 | 71.84 73776  68.37
ReviewKD | 70.00 7235 66.82 | 70.39 7262 66.776 | 74.03 7529 7036 | 7981 79.18  75.55 ReviewKD | 70.00 7233 66.62 | 70.29 7239 6658 | 7192 7373 68.48 | 71.73 73771  68.36
MSE 70.26 7254 6699 | 70.54 72775 66.85 | 7453 75.60 70.71 | 79.67 79.20  75.52 MSE 70.07 7250 66.85 | 7033 7257 66.72 | 7191 73.68 68.28 | 71.80 73.74  68.38
PS 70.65 7289 67.60 | 70.86 72.66 67.12 | 75.12 76.05 71.63 | 7996 79.64 76.20 PS 7030  72.61 67.10 | 7094 7293 67.57 | 72.11 73.89 6842 | 7242 74.14 68.94
MLD 70.74 7281 67.46 | 70.68 72.69 67.19 | 7492 7575 71.21 | 80.11 79.68 76.44 MLD 7048 7277  67.10 | 71.14 7299  67.63 | 72.17 73.84 6852 | 7235 74.10 6891
L2D 72.81 74.59 69.49 | 72.87 74.45 69.43 | 76.61 77.08 72.79 | 81.59 81.03 77.86 L2D 72.14 74.08 68.78 | 73.42 7T4.97 70.20 | 73.24 74.85 69.72 | 74.21 75.72 70.87
Table 3. Results on Pascal VOC 2007 validation teacher and student models are in the same architectures. Table 4. Results on Pascal VOC 2007 validation where teacher and student models are in the different architectures.
Teacher ‘ RepVGG-A2 ’ ResNet-50 \ WRN-101 \ Swin-S Teacher ‘ ResNet-50 | Swin-T \ ResNet-50 \ Swin-T
Student ‘ RepVGG-A0 | ResNet-18 ‘ WRN-50 ‘ Swin-T Student ‘ RepVGG-AQ ’ ResNet-18 ‘ MobileNet v2 ‘ MobileNet v2
Metrics | mAP ~ OFl  CFl | mAP OF1  CFl | mAP OFl  CFl | mAP OFl  CFl Metrics | mAP  OFl  CFl1 | mAP OFl CFl | mAP OFl CFl | mAP OFl  CFl
Teacher 86.20 85.63 8262 | 8673 8492 81.21 | 88.00 87.03 83.72 | 9275 91.05 88.82 Teacher 86.73 8492 8121 | 9143 8981 87.63 | 86.73 8492 81.21 | 9143 89.81 87.63
Student 83.79 8336 79.83 | 84.01 8360 7942 | 8852 8721 84.08 | 91.31 8998  88.00 Student 83.79 8336 79.83 | 84.01 83.60 7942 | 86.12 85.01 81.76 | 86.12 85.01 8&1.76
RKD 83.75 8341 79.85 | 84.48 8354 79.83 | 88.21 87.33 8455 | 9152 9044  88.51 RKD 84.26 84.29 80.70 | 83.27 83.05 79.55 | 86.22 8497 81.76 | 85.68 8531 81.57
PKT 83.63 83.53 80.04 | 84.12 83.10 79.31 | 87.69 87.07 84.14 | 91.28 90.17 88.03 PKT 83.93 83.79 80.03 | 8345 8325 79.64 | 86.10 84.84 81.66 | 85.67 8522  81.68
ReviewKD | 83.87 8398 80.54 | 83.71 83.01 79.25 | 88.23 87.13 84.20 | 9145 90.17 88.06 ReviewKD | 84.07 83.62 80.34 | 8337 83.08 7893 | 85.87 8504 81.73 | 85.69 85.10 8&1.56
MSE 84.02 83.67 7994 | 8423 83.16 7929 | 88.04 86.49 83.57 | 91.06 8999  §7.66 MSE 84.01 84.05 80.52 | 83.60 83.06 7946 | 86.20 8494 81.84 | 8580 8551 81.98
PS 83.77 8374 80.28 | 84.44 8378 7995 | 8830 8692 8391 | 91.21 90.25  88.12 PS 84.80 8446 81.13 | 8397 8375 79.86 | 86.26 8547 82.06 | 86.07 8573  82.39
MLD 83.65 83.66 80.02 | 84.48 84.07 80.29 | 88.29 87.16 84.25 | 9143 90.72  88.81 MLD 85.07 8491 81.55 | 84.61 8426 80.78 | 86.38 85.67 8243 | 86.11 8598  82.55
L2D 84.56 84.37 80.82 | 85.71 85.70 82.11 | 89.52 88.25 85.69 | 91.92 91.34 89.58 L2D 86.26 85.85 82.55 | 85.87 85.67 82.17 | 87.32 86.48 83.26 | 87.37 86.88 83.68

Performance on NUS-WIDE

Teacher ResNet-101 Swin-T
Student ResNet-34 MobileNet v2
Metrics mAP OF1 CFl1 mAP OF1 CF1
Teacher 55.32 7556 61.31 59.73 77.30  65.44
Student 53.41 75.10  60.08 5449 75.772 61.74
RKD 5362 7520 59.91 54776  75.69 61.74
PKT 53.55 75.08 60.35 5459 75.69 61.74
ReviewKD | 53.52  75.23 60.44 54.85 75.84  61.75
MSE 5352 75.13 5994 | 5486 7580 61.69
PS 54.14 75.43 60.79 | 55.18 75.91 62.35
MLD 5444 7536 60.73 5536 76.00 62.52
L.2D 55.31 76.17 62.79 | 56.91 76.92 63.89

Per-Class Performance on VOC

Comparison results of the comparing methods on VOC in terms of AP and mAP (%), where the backbones of teacher and student model are
respectively ResNet-50 and ResNet-18. The best performance is highlighted in red, and second best performance is highlighted in blue.

Performance on Reversed KD

ResNet34 — ResNetl101

Metrics mAP OF1 CFl1
Teacher 70.19 72.30 66.50
Student 73.98 (+3.79) 75.01 (+2.71) 70.12 (+3.62)
RKD 74.03 (+3.84) 74.96 (+2.66) 70.01 (+3.51)
PKT 73.95 (+3.76) 74.94 (+2.64) 69.98 (+3.48)
ReviewKD 74.02 (+3.83) 74.96 (+2.66) 70.07 (+3.57)
MSE 74.21 (+4.02) 75.12 (+2.82) 70.18 (+3.68)
PS 74.70 (+4.51) 75.78 (+3.48) 71.08 (+4.58)
MLD 74.64 (+4.45) 75.78 (+3.48) 71.10 (+4.60)
L2D 75.51(+5.32) 76.25(4+3.95) 71.75(+5.25)

Methods | bottle plant chair sofa  table cow tv bus sheep mbike dog bird bike cat boat car  horse person train aero | mAP
Vanilla | 57.18 6743 7035 73.17 76.14 82.65 8230 38553 84.16 8838 90.18 90.65 9140 90.67 9254 92,72 9422 9573 96.09 97.27 | 84.01
RKD 59.01 6701 7131 7286 7690 8I.11 81.70 8479 84.77 8886 90.03 91.65 9153 91.86 9253 9206 9397 9588 97.08 97.00 | 84.18
PKT 5729 e66.16 71.16 7322 7689 81.75 8195 8506 83.66 8873 90.10 9131 91.77 9183 9235 9207 93.12 9580 9699 97.09 | 83.86
MSE 58.26 68.02 70.68 72.06 7793 81.06 8236 86.03 R83.72 8830 9046 90.60 9158 91.07 91.64 9201 9405 9569 9713 97.10 | 8§4.23
MLD 5832 6888 71.12 73777 78.65 84.60 8242 86.41 83.77 8858 90.78 91.02 9192 91.63 9225 9234 9453 96.04 9697 97.30 | 84.48
L2D 59.71 70.52 74777 75.01 7893 83.87 84.13 8545 85.67 8983 90.60 9148 9190 92.14 92,57 9340 94.67 9646 96.81 97.39 | 85.71

Performance on Image Retrieval
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Distilling Inter-class Correlations
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Visualization of Attention Maps
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