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P “Pure” Reinforcement Learning (cherry)

P The machine predicts a scalar reward given once in a
while.

P A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P> Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any
observed part.

P Predicts future frames in videos
P Millions of bits per sample

B|F & : Yann LeCun B R %R : Andrew Zisserman
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Figure 2. Performance comparison on COCO of different
backbones. The proposed InternImage-H achieves a new record
65.4 box AP on COCO test-dev, significantly outperforming state-
of-the-art CNNs and large-scale ViTs.

Internimage
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Figure 2: Scaling MAE with model and dataset size. We plot MAE’s performance when pretrained on ImageNet-1k or Instagram-3B and
finetuned on downstream tasks. MAE scales to billion parameters sized models using just IN1k pretraining. Larger models show improved
scaling behavior when pretrained with the much larger IG-3B dataset. MAE pretrained on IN1k data point is missing for the 2 billion model
as training at that scale was unstable on both COCO and LVIS datasets.

Data Scaling [F#¥&## CVPR22]

MAE on Billion-data [Meta Arxiv2023]
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o TinyM M [#%%, CVPR2023]
Lightweight MAE [BatRT, Arxiv2023]

Param. Flops Top-1
Model mloU
M) (G) (%)
Output Feature Block ;calurc _[ —Maskcd mage DelT—T [_1_4_] 5.5 1.3 72.2 380
nput
A A e ) ) T e PVT-T [46] 130 19 751 398
p— ﬂ Dutpu Feature CiT-T [39] 5.5 1.3 75.3 38.5
B | QKV Featu 10 [27
O | | =0 Faorsd [P Avenion s Swin [32] 8.8 1.2 769 404
ighlight . y -
— by By | R ommeion o EN EdgeViT-XS [35] 6.4 1.1 775 421
o VT - MobileViTv1-S [34] 49 2.0 78.4 427
Y, Attention Feature EET . . _
tacher 7 — T e MobileViTv3-S [45] | 4.8 1.8 793 431
Attention K-KT IR d .
BSEA CUEL | G ore— Head Number TinyMIM*-T Ours) | 58 1.3 796 450
.... .n.‘:l \ ﬁ L w/ or w/o Softmax
B [ Relations {_0-07 } | . _ ] _ _
FI= FIOOEs [Block 4 Lot Table 1. Comparison with state-of-the-art tiny Transformers with
RawImage  Masked Image Feature of Last Block B architecture variants. The parameters indicate the backbone pa-
Figure 2. We comprehensively study a variety of factors (highlighted by Royal Blue) that may affect TinyMIM pre-training including input, rameter excluding the parameters of the last classification layer

distillation target (feature or relation) and target block. in classification or the decoder in segmentation. We report top-1

accuracy on ImageNet-1K classification and mloU on ADE20K
segmentation.
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Figure 1. VideoMAE with dual masking. To improve the overall

Running cell masking

Method Topl Top5 Views TFLOPs Method Top 1 Top 5
13D NL [74] 777 933 10x3 1077 SlowFast [19] 63.1 87.6
TDN [70] 794 944 10x3 594 TEINet [46] 66.5 -

SlowFast R101-NL [19] 798 939 10x3 7.02 TEA [37] 65.1 89.9
TimeSformer-L [4] 807 947 1x3 714 TDN [70] 69.6 92.2
MTV-B (320%) [82] 824 952 4x3 1116 TimeSformer-L [4] 62.4 -

Video Swin-L (3842) [17] 849 967 10x5 10535 MFormer-HR [57] 68.1 91.2
ViVIT-L FE [1] 817 938 1x3 1194 VIVIELFE[1] 65.9 89.9
MViTv2-L (312%) [38] 86.1 970 40x3 4242 R’;g‘ffgfz"_"ﬁnii[f J 33'? ggz
MaskFeat [76] 870 974 4x3 4548 MTV.B [£2] ' 676 %1
MAE-ST [1£] 868 972 4x3 2505 BEVT [12] 70.6 i

VideoMAE [h.;] 86.6 971 o X 3 17.88 VIMPAC [(\tl] 68.1 _

YideoMAE V2-H 88.6 97.9 5 x3 17.88 UniFormer [_;_-:\] 71.2 92.8
VideoMAE V2-g 885 981 5x3 3816 MaskFeat [76] 75.0 95.0
VideoMAE V2-g (64 x 266%) 900 984 2x3 160.30 MAE-ST [18] 75.5 95.0
Methods using in-house labeled data VideoMAE [63] 754 952
CoVeR (JFT-3B) [85] 87.2 1x3 - VideoMAE V2-H 76.8 9538
MTV-H (WTS 2802) [82] 899 983 4x3 7357 VideoMAE V2-g 77.0 95.9
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If | cannot create, | don’t understand.

——Richard Feynman
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