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Overview
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* Mixed Autocoder (MixedAE) achieves SOTA performance with
superior efficiency (e.g., surpasses IBOT with 2x acceleration).

Zhou, Jinghao, et al. "iIBOT: Image BERT Pre-Training with Online Tokenizer." ICLR. 2022.




Contrastive Learning

 Discriminate positive samples from negative ones.
 Rely on strong data augmentation pipelines.

Maximize agreement
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Chen, Ting, et al. "A Simple Framework for Contrastive Learning of Visual Representations.”" ICML. 2020.




Masked Autoencoder (MAE)

* Arepresentative implementation of MIM.
 Perform even worse with strong data augmentations.
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He, Kaiming, et al. "Masked autoencoders are scalable vision learners." CVPR. 2022.




A Simple Mixing Baseline

* Mixed Image reconstruction: symmetric mixing

— Given a mixing ratio r € (0, 0.5] and a random mixing mask M,
1/r
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Mutual Information Analysis

* Image mixing will improve the mutual information (Ml),

— While masking is introduced to decrease MI instead.
 Target-invariant

— M1 Increasement Is appealing for supervised and contrastive learning

I ({X 1. X2}, M)(X,) = I(L(M = DX, + 1(M = 2)X5: X))
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Homologous Recognition

* Homologous attention

— Explicit recognition of homo patches on-the-fly
— Adopt a TopK(-) sampling in standard MHSA

A omoAtt = softmaX(TopK(qkT/\/Dh)),
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Homologous Recognition

Homologous contrastive
— Verify homologous patches by similarity
— Homologous patches as positive samples
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— Perform as a regularization term instead of
a separate supervision
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adopting L g omocon alone, MixedAE cannot
even achieve reasonable transfer performance.




Mixed Autoencoder (MixedAE)

* Formulated in a multi-task learning manner
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Object-aware Pre-training

* Object-aware Pre-training
— Single-centric-object guarantee (Chen et al., 2021)
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Chen, et al. "MultiSiam: Self-supervised Multi-instance Siamese Representation Learning for Autonomous Driving." ICCV 2021.




Experiments

 Effectiveness: SOTA performance under various overheads

Method Pre-train Pre-train® | ImageNet | ADE20K COCO

Epochs GPU-days|Top-1 Acc.| mloU | AP AP,  AP22 | AP™F  APZF  APIF
DeiT [57] 300 19.6 81.8 46.9 48.8 68.7 52.7 42.5 65.9 45.5
MoCov3 [11] 6007t 54.8 82.8 46.8 47.2 66.9 50.8 41.1 63.6 44.1
DINO [ 7] 160011 120.5 82.8 46.9 49.5 69.1 53.6 42.9 66.0 46.3
BEIT [ ] 300 32.1 82.9 44.7 39.3 57.7 42.4 34.8 55.2 36.8
MAE [27] 300 16.4 82.7 46.1 47.2 65.8 51.3 41.1 62.9 44.4
MixMIM [ 35] 300 40.2 83.2 - - - - - - -
CIM-RevDet [22]| 300 42.7 83.1 - - - - - - -
CIM-ResPix [22] | 300 42.7 83.3 - - - - - - -
MixedAE 300 16.9 83.1104 | 47.0109 |47 8106 66,6108 52.010-741.610-5 63.610-7 45,0106
Mixed AE-Full* 300 30.8 837110 | 474113 1489117 676118 53.3172.0|42 5114 64 8119 4597115
MixedAE-Full 300 62.3 83.8711 | 48.9128 | 51,0135 69.7139 552739441130 67.041 47.9135
BEIiT [ ] 800 85.5 83.2 45.6 40.8 59.4 44.1 36.0 56.8 38.2
MAE [27] 800 43.7 83.3 47.2 49 .4 68.1 53.9 42.9 65.5 46.6
MixedAE 800 45.0 83.5102 | 48.7+15 |50.3109 69,1110 548709435106 662107 47,4108
MAE [ 7] 1600 87.4 83.6 48.1 50.6 69.4 55.0 43.8 66.6 47.5
iBOT [03] 160011 172.1 83.8 49.6 51.2 70.1 55.2 44.3 67.4 48.0
MixedAE 1600 90.1 83.970-3 | 498717 | 51, 5109 702708 550910944 5107 67,5709 48,2107




Experiments

 Efficiency: exceed strong IBOT with a 2x acceleration

Method Pre-train Pre-train® | ImageNet | ADE20K COCO

Epochs GPU-days|Top-1 Acc.| mloU | AP AP,  AP22 | AP™F  APZF  APIF
DeiT [57] 300 19.6 81.8 46.9 48.8 68.7 52.7 42.5 65.9 45.5
MoCov3 [11] 6007t 54.8 82.8 46.8 47.2 66.9 50.8 41.1 63.6 44.1
DINO [ 7] 160011 120.5 82.8 46.9 49.5 69.1 53.6 42.9 66.0 46.3
BEIT [ ] 300 32.1 82.9 44.7 39.3 57.7 42.4 34.8 55.2 36.8
MAE [27] 300 16.4 82.7 46.1 47.2 65.8 51.3 41.1 62.9 44.4
MixMIM [ 35] 300 40.2 83.2 - - - - - -
CIM-RevDet [22]| 300 42.7 83.1 - - - - -
CIM-ResPix [22] | 300 42.7 83.3 - ; ; - - - -
MixedAE 300 16.9 83.1104 | 470109 |47 8106 66,6108 52.010-7|41.610-5 63.610-7 45,0106
MixedAE-Full* 300 30.8 83.77HY 1474715148 9717 67.671° 533740425714 64.8THY 45911
MixedAE-Full 300 62.3 83.8711 | 48.9128 | 51,0135 69.7139 552739441130 67.041 47.9135
BEIiT [ ] 800 85.5 83.2 45.6 40.8 59.4 44.1 36.0 56.8 38.2
MAE [27] 800 43.7 83.3 47.2 49 .4 68.1 53.9 42.9 65.5 46.6
MixedAE 800 45.0 83.5102 | 48.7+15 |50.3109 69,1110 548709435106 662107 47,4108
MAE [ 7] 1600 87.4 83.6 48.1 50.6 69.4 55.0 43.8 66.6 47.5
iBOT ] ATAYA: 1721 83.8 49.6 512 701 552 443 674 480
MixedAE 1600 90.1 83.9703 | 498117 151,509 702108 55970944 5107 67,5709 482107




Experiments

* Object-aware pre-training: better on dense perception tasks

Method Pre-train Pre-train® | ImageNet | ADE20K COCO

Epochs GPU-days|Top-1 Acc.| mloU | AP AP,  AP22 | AP™F  APZF  APIF
DeiT [57] 300 19.6 81.8 46.9 48.8 68.7 52.7 42.5 65.9 45.5
MoCov3 [11] 6007t 54.8 82.8 46.8 47.2 66.9 50.8 41.1 63.6 44.1
DINO [ 7] 160011 120.5 82.8 46.9 49.5 69.1 53.6 42.9 66.0 46.3
BEIT [ ] 300 32.1 82.9 44.7 39.3 57.7 42.4 34.8 55.2 36.8
MAE [27] 300 16.4 82.7 46.1 47.2 65.8 51.3 41.1 62.9 44.4
MixMIM [ 35] 300 40.2 83.2 - - - - - - -
CIM-RevDet [22]| 300 42.7 83.1 - - - - - - -
CIM-ResPix [22] | 300 42.7 83.3 - ; - - - - -
MixedAE 300 16.9 83.11704 | 47.0109 |47 8106 66,6108 52.010-741.610-5 63.610-7 45,0106
Mixed AE-Full* 300 30.8 837110 1474113 1489117 676118 53.372.0|42 5114 64 8119 4597115
MixedAE-Full 300 62.3 83.8711 |48.9128 |51,0135 69.7139 552739441130 67.041 47.9135
BEIiT [ ] 800 85.5 83.2 45.6 40.8 59.4 44.1 36.0 56.8 38.2
MAE | 7] 800 43.7 83.3 47 2 49 4 a8 530 42 9 G055 46.6
MixedAE 800 45.0 83.5702 | 48.7+15 1503109 69,1110 548709435106 662107 47,4108
MAE [ 7] 1600 87.4 83.6 48.1 50.6 69.4 55.0 43.8 66.6 47.5
iBOT [3] 16007 172.1 83.8 49 6 512 70.1 552 44 3 67.4 48 ()
MixedAE 1600 90.1 83.970-3 | 498717 | 51,5109 702708 5509109445107 67,5709 48,2107




Experiments

* Transferability

Method Aircraft Caltech Cars CI10 C100 DTD Flowers Food Pets SUN VOC Avg.
SSL ResNets

MoCov2 [10]  79.9 844 752 965 T1.3 695 94.4 76.8 798 558 T1.7 7.7
SimCLR [Y] 78.7 829 798 96.2 7T9.1 702 94.3 82.2 832 o6l.1 782 80.5
BYOL [ 5] 79.5 894 846 970 84.0 736 94.5 85.5 89.6 640 827 84.0
SwWAV [0] 83.1 899 86.8 96.8 844 752 95.5 87.2 89.1 662 84.7 85.3
SDR [+0)] 82.6 89.0 875 974 844 756 97.0 86.1 89.3 66.1 853 85.5
SSL Transformers

MoCov3 [I1]  76.6 91.2 86.6 983 88.3 726 95.5 86.4 920 656 845 85.2
DINO [ /] 69.4 91.2 81.3 984 889 776 96.9 87.3 935 647 86.3 85.1
BEIT [ 7] 66.3 80.2 786 96.1 80.0 69.9 92.9 83.2 853 57.1 76.7 78.7
MAE [27] 78.2 91.2 884 970 825 753 96.6 847 92.6 654 86.0 85.3
MixedAE 82.1 91.5 888 979 859 787 97.1 87.4 93.6 66.2 864 869T!°




Analysis
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 Effect of Homo Recognition
— Fluctuate w/o Homo contrastive
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Thank you!

Paper: https://arxiv.org/abs/2303.17152
Also check our series of works on efficient SSL.: [link]
Welcome to join our poster session (@ THU-PM-204)!
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