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1)
2)

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (ICLR 2021)
Swin Transformer: Hierarchical Vision Transformer Using Shifted Windows (ICCV 2021)
3) Vision Transformer With Deformable Attention (CVPR 2022)
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In

HDR...

* Ghost-free High Dynamic Range Imaging with Context-aware Transformer (ECCV 2022)

Input LDR images

A

Context-aware Transformer Block (x N)

(a) Feat. Extraction Network
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(b) HDR Reconstruction Network

Conv + Sigmoid

Tonemapped
HDR Result

- Batch size : 16 with four NVIDIA 2080T1 GPU (48GB / 16)

» Patch size : ‘8’

= Trained for 100 epochs
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In HDR...

* A Unified HDR Imaging Method with Pixel and Patch Level (CVPR 2023)

Content Alignment Subnetwork Transformer-based Fusion Subnetwork
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= Batch size : 4 with two NVIDIA RTX 3090 GPU (48GB / 4)
- Patch size : ‘8’
« Trained for 150 epochs

* What’s next?

- Another Transformers... More Params... More FLOPs...
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1)

VSA:LearningVaried-SizeWindowAttentionin VisionTransformers (ECCV 2022)

2)

Candidates
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1) VisionGNN:An Image is Worth Graph of Nodes (NeurlPS 2022)
2) Efficient and Explicit Modelling of Image Hierarchies for Image Restoration (CVPR 2023)
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1) A convnet for the 2020s (CVPR 2022)
2) Deep Residual Learning for Image Recognition (CVPR 2016)
3) PoolFormer: MetaFormer Is Actually What You Need for Vision (CVPR 2022 Oral)

I g

ConvNeXt 1]

t"“ﬁ“] ) [
+ A ConvNet for the 2020s (CVPR 2022) = = =
- Convolutional Neural Network {A::n} SE”L:F;I} [P:z::g]
~Inductive bias EINEINES
- Computationally efficient asFormr | Ttomer WLp e mode PonFrme

- Stack multiple layers for wider receptive field < P001F([;‘mer[3] >

« Transformers
- Outperform standard ResNet!!!
- Quadratic complexity w.r.t the input size

- Large receptive field

;- Receptive field= M| 2Hot= Swin Transformer 7|8t HHE=Z SHOE LANMSIF S
v O] = 4= CNNO| ‘“localet EE2 2 2Cp 2= 7HE 0| Z&H=El Swin Transformer”}

2 ds=2 EYd =AU A
v &= CNNO| meaninglessotX| 2Ct= A= EO0l=
- HtCH 2 Transformer T2 & ResNet 10| M &1 d= 7 MO| 7tsSHK| L2742
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1) A convnet for the 2020s (CVPR 2022)

ConvNeXt 1

* ResNet-50 : 76.1%
- Training epochs
- 7| ResNet2| 90 epochs St&= 300 epochs 522 HYG
- AdamW optimizer Al-&
- Data augmentation (Mixup, Cutmix, RandAugment, Random Erase)

- Regularization (Stochastic Depth, Label Smoothing)
-76.1% — 78.8% (+2.7%)

- Stage compute ratio =78

-Swin-T2| 2t stageOl| A 2| block ==& 1:1:3:1
- 7| & ResNet2| stages block T+& 7+~ #H3

2 C = (96, 102, 384, 768). B = (3. 4. 6, 3) — C = (96, 102, 384, 768). B = (3. 3. 9. 3)
_78.8% — 79.4% (+0.6%)
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1) A convnet for the 2020s (CVPR 2022)

ConvNeXt 1]

- Patchify stem

~ResNet : 7x7 conv (stride 2) O| % max pooling =2

;' Downsampling (4)

- ViT : non-overlapping convolution 2 £ patchify <=2

3+ ViT : 14 or 16 " =2| & kernel sizeE patchify T3

< Depthwise Conv >

A2 kernel size

;' Swin Transformer : patch size 473 &= 2|
-ResNet2| conv-maxpool= 4x4, stride 42| convolution layerE H-3

~79.4% — 79.5% (+0.1%)

- ResNeXt-ify
- Channel width= S7FA|7| 1, convolution groupl| 7H+& =&
;= Group2| =& width7t K| S 7FA|7{ depthwise convolution= A2 2
:'s Channel, Group2| 7} =& 7|& 640 M Swin-T2t & L5tA 9671t K| S7HAIZ

-79.5% — 80.5% (+0.6%)
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1) A convnet for the 2020s (CVPR 2022)

ConvNeXt 1]

- Depthwise Conv 8- & 2 E FLOPs Zf 2~ / Channel width 57F= FLOPs 57}
- ZH = Swin-T2| 4.5GFLOPs2t Yot +=F L2 tE= A

GFLOPs

ResNet-50/200 "4
\
Macro I: stage ratio S'M 5
i I
Design “patchify” stem _wad
-
-
depth conv [£] )
ResNeXt |: ~— o
width T ~ss

Swin-776 | 5

» Inverted Bottleneck @
-ResNet2| bottleneck T+ == dim= 48| =R CtH7F CHA| &&= 7 & (a)

- 0| & gt 2 =510 Transformer0| Al MLP T+ 22 20| 4H| 2t = CHA| ZrA5t=
e = HESIH = (b)

ALO

-MLP T+ Z0]| M 2| Linear layer2t 1x1 conve & & oF A4
;' MLP T+ 20| A= Linear layer/} HE01A & H &2
[H2EA (b) 7220 A Deonve| X[ E €| = HHY A HLE =

v DeconvsS = SH= channel size”} 3840 A 962 2 HZAE|HA| HAZF ZEA
51 o §-I P
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1) A convnet for the 2020s (CVPR 2022)

ConvNeXt 1]

- Kernel size
- Swin Transformer2| window size/} £| A 7x7 27| &
:': ResNet= 3x3 kernel size= 72
- 2HM kernel sizeE 3,5,7,9, 112 5271 & T
<Kemnel size?t 72 TR E A5 S Z0| saturation E

~79.9% — 80.6% (+0.7%)

o°=*

« Activation function
-RelU to GELU
- Fewer activation function

p = o
:: Transformer &S A H ™M activation functionO| B2 X| &S

v Embedding (x), self-attention (x), MLP % 0| 2t activation functiong A& &

22 & LS F 7H2] 1x1 conv AFO[Of| 2 GELUE StLt AFESHL

-80.6% — 81.3% (+0.7%)

N 447 TN 8k
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ConvNeXt 1]

g

- Normalization layers

1) A convnet for the 2020s (CVPR 2022)

rC 3} = Ol

- Activation layer2} & & Ot A| transformer T+ =2} H| =5} A| normalization layer EEoF =

:'2 1x1 conv 2171 0| BF HO| BN =24

-81.3% — 81.4% (+0.1%)

- BatchNorm CH 410 LayerNorm AF&

;= HEA Ol convolution layerO| A BatchNorm CH A LayerNorm2 2 HHHH H& 45 0|

3 ot
X 2F OO0 HE

ObHE o 2 2% e

OF

-81.4% — 81.5% (+0.1%)
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1) A convnet for the 2020s (CVPR 2022)

ConvNeXt 1

- Separate Downsampling Layers

- 7| &= ResNet2| downsampling2 & M layerE H & 510 3x3 conv, stride 22 733}k,
shortcut connection= 1x1 conv, stride 22 745} =S A F

- Bt™ Swin TransformerS = M downsampling layer/| = 73 &[0 /&

- I2FA Swin Transformer2}t & Y SHA| 2 downsampling layerg 3751
;:2x2 conv, stride 2 layerS 37100 A&

v 8t& Al stablize?t | X| Ot conv & Of| normalization layerE =72t

-81.5% — 82.0% (+0.5%)
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1) A convnet for the 2020s (CVPR 2022)

ConvNeXt 1]

s Swin-T2} = & ot

FEO ME=2 4dol
S - OO0 = O

- £3|, MSA, S-MSA 2 Z2 EHSt blockO| E QK| (LLCH= O] 2|0|/US

FLOPs, params, throughput, memory use= 7X| HA| = [

ResNet-50/200
Macro [ stage ratio
Design “patchify” stem
— depth conv
ResNeXt
- width T
Inverted inverting dims
Bottleneck 9
— move T d. conv
kernel sz. = 5
Large kernel sz. = 7
Kernel
kernel sz. —» 9
—kernel sz. — 11 |§
— ReLU—GELU
fewer activations
Micro
Design fewer norms
BN — LN
L. sep. d.s. conv
ConvNeXt-T/B
/B
ImageNet

Top1 Acc (%) 78
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1

ConvNeXt 1

» Image classification (ImageNet-1K)

model

image
size

#param. FLOPs

throughput IN-1K
(image / s) top-1 acc.

ImageNet-1K trained models

e RegNetY-16G [54] 224° 84M  16.0G  334.7 82.9
e EffNet-B7 [71] 600° 66M 37.0G 55.1 84.3
e EffNetV2-L [72] 480° 120M 53.0G 83.7 85.7
DeiT-S [73] 224° 22M  4.6G 978.5 79.8
DeiT-B [73] 2247 §7M  17.6G  302.1 81.8
Swin-T 224* 28M  4.5G 757.9 81.3
e ConvNeXt-T 224* 29M  4.5G 774.7 82.1
Swin-S 224 50M  8.7G 436.7 83.0
e ConvNeXt-S 224* 50M 8.7G 447.1 83.1
Swin-B 224* 88M 154G  286.6 83.5
e ConvNeXt-B 224* 89M 154G 292.1 83.8
Swin-B 384* 88M 47.1G 85.1 84.5
e ConvNeXt-B 384* 89M 45.0G 95.7 85.1
e ConvNeXt-L 224* 198M 344G 146.8 84.3
e ConvNeXt-L 384 198M 101.0G 504 85.5

SOGANG UNIVERSITY
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A convnet for the 2020s (CVPR 2022)

* Object detection/segmentation (COCO)

backbone FLOPs FPS AP APhox Apbox ppmask ppmask A pmask
Mask-RCNN 3 schedule
Swin-T 267G 23.1 460 68.1 503 416 651 449
o ConvNeXt-T 262G 256 46.2 679 50.8 41.7 65.0 449
Cascade Mask-RCNN 3 schedule
o ResNet-50 739G 162 463 643 505 401 617 434
e X101-32 819G 13.8 481 665 524 416 639 452
e X101-64 072G 126 483 664 523 417 640 451
Swin-T 745G 122 504 692 547 437 666 473
o ConvNeXt-T 741G 135 504 69.1 548 437 665 473
Swin-S 838G 114 519 70.7 563 450 682 488
# ConvNeXt-§ 827G 120 519 708 565 450 684 491
Swin-B 982G 10.7 519 705 564 450 68.1 489
o ConvNeXit-B 964G 114 527 713 572 456 689 495
Swin-B* 982G 107 53.0 718 575 458 694 497
e ConvNeXt-BY 964G 11.5 540 73.1 588 469 706 513
Swin-L* 1382G 92 539 724 588 467 701 508
e ConvNeXt-L¥ 1354G 100 548 738 598 47.6 713 517
e ConvNeXt-XL' 1898G 8.6 552 742 599 47.7 716 522



ConvNeXt 1]

* Image segmentation (ADE20K)

backbone input crop. mloU #param. FLOPs
ImageNet-1K pre-trained
Swin-T 5122 45.8 60M 945G
o ConvNeXt-T 512° 467 60M 939G
Swin-S 5122 495 8IM 1038G
e ConvNeXt-S 5122 49.6 82M 1027G
Swin-B 5122 49.7 12IM  1188G
e ConvNeXt-B 5122 49.9 122M  1170G
Swin-B* gl 121M 1841G
e ConvNeXt-B* 640° 53.1 122M  1828G
Swin-L* 640° 53.50 234M  2468G
e ConvNeXt-L* 6407 53.7) 235M  2458G
e ConvNeXt-XL* 6407 5401 39IM 3335G

SOGANG UNIVERSITY
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1) A convnet for the 2020s (CVPR 2022)

* Isotropic style (No downsampling)

throughput training IN-1K

model #param. FLOPs (image / s) mem. (GB) acc.
VIT-S 22M 4.6G 978.5 4.9 79.8
e ConvNeXt-S (iso.) 22ZM 4.3G 1038.7 4.2 79.7
ViT-B 8™ 17.6G 302.1 9.1 81.8
e ConvNeXt-B (iso.) 8'M 16.9G 320.1 1.9 82.0
ViT-L 04M 61.6G 93.1 22.5 82.6
e ConvNeXt-L (ise.) 306M 59.7G 944 204 82.6

ImageNet-1K Acc.

90

88

86

84

82

80

78

ConvMNeXt |
Swin Transformer

(2021)
DeiT '
ResNet (202[;]

(2015)
@

@
ImageNet-1K Trained

ConvNeXt

Swin Transformer
ViT (2021)
(2020)

S T I I
i 8 16 256 G
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coders Are Scaleable Visio

Masked Autoencoders [1]

Learners (CVPR 2022)

 Self-Supervised Learning
. A|ZHO| K| L2

=T /

model 50| Gl 2 datas ERZE S

- SFA[ 2 dataOf] B 2= BI7LY, labeling0f| B2 =30| 2R

—Language processmg 2 0F0j| A= BERT, GPTS} Z'2 modelS0| 0|23t
ot UM 2 duE 2

ot B
:::~E1IOIE1°| UL E

ol +2 MOl &
212 E maskingot! MAHE 222 OS5I 52 A
- O X[ 2t vision =OFO0| A= O] 2|8t A| =7t & O| F O X[ X| =gt
- Architecture2| XtO| 7} =X|

“NLP-= RNN, Transformer2} &=
CNNO| =5 & O|F 0 masking©

=, maskingO| £ O|S}X| 2t visionO| M &=
oHR] B 2tS
o LS AMA T
v ViT7t S &SI Ol2{et £ 0| ol 2 A=
- Information density2| XtO|7} =Xl gt
'« Language density”| =0 £HO{ StLISHLES| 2|O] 7} 2 BHH image= Zf patch
SRE7AX S
v Large ratio masking= T

ﬂ 447 TN 8k
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1) Masked Autoencoders Are Scaleable Vision Learners (CVPR 2022)

Masked Autoencoders ]
 MAE pretraining

- 218 0| 0| X| 0| uniform®t random masking= T3 (image patch2| 75%)

- PatchE random shuffleSt ! 5% 75%2 H &
~Masking = &= reconstruction (L2 loss)ot= &8 2 = pretraining T
s Masking =l 20| CHSHA{ Bt LossE M &
- Masking | patch= encoderO| & HoIX| X =
- DecoderO| A] = masking & patch= & ot0| =8 0|0|X| 2} & & Tt length2| patch

-Decoder &2 pretrainingO| A Tt AHE: pretrain O] 2 0] task 0| S A| decoder= € O St &

[
0
s

encoder = decoder

EETEW. T
|

S —

e e !
- Rl . [vos]
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1) Masked Autoencoders Are Scaleable Vision Learners (CVPR 2022)

Masked Autoencoders ]

« High Masking Ratio
- High masking ratioS AF&0o}7| M= 0f| £F=5| maskingEl patch@t @1 ©F patch &
AMESHH X2 2= redundancyE MALE = U

- High ratio XX 22 = & F-2 data augmentationO| 7}-53+0{ =748 Q1 OfH ot
augmentation 7| &l & AF&SIXA| 2

- Masking =l patch= encoder0i| Y EHoLXA| 7| | Z0 training time, memory”/} 34|
£ (X3 or more)

F

- Language2t CFEA| 1mag e= Z patch®| information density’t =XA| ¥ =

o L L =
-15%"3 Eol maskmg = ot= BERTZl L2 A =2 masking Hl 22 AFE 7t
8 —= 847 e T 845
84
834 83,
12— 30
83 1 L L L L
10 20 30 40 50 60 70 80 90
masking ratio (%)
732 735
ofEm] g, e R
617~
60 389 —
546 —
50 Il 1 Il Il Il Il Il I}
10 20 30 40 50 60 70 80 90
; .~ masking ratio (%)
original mask 75% mask 85% mask 95%
N AT VDS
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1) Masked Autoencoders Are Scaleable Vision Learners (CVPR 2022)

Masked Autoencoders ]

» Experimental results

- Pretrained MAEQ| validation set reconstruction test

N C ol . O A
- & Y SHA 75% masking = = reconstruction= T

T

N 49 —'6' CH $_|1- 2 Pretrained on ImageNet-1K, Pretrained on ImageNet-1K, | VDS |
e LAB

SOGANG UNIVERSITY Tested on ImageNet-1K validation images 21 Tested on COCO validation images



MaSked Autoencoders [1] o5 T fmcwing] g, 89 B0

» Experimental results

1) Masked Autoencoders Are Scaleable Vision Learners (CVPR 2022)

849 849
- 845

| \
834 83
s32  °®
gt — 1 ! ! ! 1 ! 30

10 20 30 40 50 60 70 80 90

masking ratio (%)
o T8 PR2BIns
0 /_61@,_,,-7-""*'77_ T 661
- For ImageNet-1K ol «
46—
scratch, original [16]  scratch, our impl. baseline MAE T T

masking ratio (%)

76.5 82.5 849

-Finetuing &2 ALE S scratch T H otoot AUtECH A O £33

» Decoder

- Finetuing 1} Linear probing©| uncorrelate = 222 2 &
'« Linear probingOl| A| = decoder2| depth7} S 2 &
- Bt Finetuning 0| Al = S 29| &2 A= HYY
O] = autoencodero| Op X2 5 7| layer._ recognitionO| OFl reconstructionOf|

E21Z| Y&=0, ﬁnetunlngoﬂﬂ = O|=0| recognition taskOl| adaptZ = U=
linear probingOf| M= 18 = Gl7| Q¢ A= E Y

. O
-87l 2| block, 512 dim= MEHSIRA =G|, O|= VIiT-L2| 9%€! FLOPsE & &
blocks ft lin dim ft lin
1 84.8 65.5 128 84.9 60.1
2 84.9 70.0 256 84.8 71.3
4 84.9 71.9 512 84.9 73.5
8 84.9 73.5 T68 84.4 T73.1
12 844 73.3 1024 843 73.1

(a) Decoder depth. A deep decoder can im-
prove linear probing accuracy.

(b) Decoder width. The decoder can be nar-
rower than the encoder (1024-d).

ﬂ 447 TN 8k
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1)

Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!!
» Image inpainting = OF0|| MAES = &

- MAEE &5l pretrain®t priorg 2 AF& 50 O|0[X| 2| masking® F &=

-MaskO]| @1 ot meaningless?t texture = AtZ} OF =l prior

-== 0N FE H| L Y22 AFE05A
AHEot0] B[ = o H O CHol &

£ 28510 mask= &2 =24
= LaMa+= Fast Fourier Convolution=

Ha2 40U
:+ B} K| B detailed prior7} 87| W20l blurry3t Z 1t/ 4= 0| 7|3k B inpainting Z It

_

g’ A% CTH 5_]1._.3_ (&) Masked image

(b) MAE
SOGANG UNIVERSITY

{c) LaMa {d) Ours
23



1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!

 Model architecture

Extended LaMA architecture

Attention-based CNN Restoration (ACR)

g
i !
g

MAE o o o o
[ e e e e
|
|
1 -
| L

Eaa. . mEE B
| gassss """ &
| EEesaya = I
| SRS o) o) Encoder |= = | Decoder = [K0)
1 Ei==a e = m m
: Patch-wise I, E

[0 -

: Unmasked patches I, H Prior features F, Cated comvelurions
1 Eilinear resizing
N ——— [

AW U " | VDS I




1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!!l
- MAEZ prior &
- 7| & MAE2t CF 2| inpainting £ O0F M = mask7t HEX 22 20| /US

[[2FM 7| & mask@F HEH Ol maskE ZAEHSH 75%9] maskmg H=2 f&

)
i

(a) Ground truth image (b} Random masked image (75%) () Continues mask (d) Resized continuous mask  (e) Hybird masked image (75%)

-MAE+ finetuing= &0l decoderE [t 2 St&5 010 taskOf| M2 &t
- gt E, inpainting masked & F 0| 4 dE|= patchl| EE ERE
[CF2tA encoder® CH= decoderOi| A{ featureE 71 210F &t

v et 7 3 E 7|1Z= 2] decoderE H A S encoderlt w3 U A decoderES
M X SH
= O O

v Encoder : 12 layers / Deocder : 8 layers

;' MAEQ] linear projection & T 2| feature& 7N =

N 4B THSED VDS
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1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!
 MAE pretraining

- Places2, FFHQ datasetOf| Ci{SH &
-MAE =& 0f| A ImageNet-1KO0f| St& =l model= AFESHO] ablation H| 1
Ol & =F 0| Al = classification ‘S == ?I5H patchtﬁi normalizationgs TSI R =0
nnage inpaintingOf| A| = global normalization= =34 of OF &t

- Pretrained =l Encdoer + Decoderg& A& S+, OFX| 2} linear projection layerE =75t

finetuning= T=Hot0] St&SIRUS

(a) Origin input (b) Masked input (c) MAE w/o ft (d) MAE w/o ft+ACR (e) MAE with ft (d) MAE with ft+ ACR

m AT THED ) | vDs]
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1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

ill TRl

3 LRI

Image Inpainting via MAE!!l

* Attention-based CNN Restoration (ACR)

mw,|n..,._w ‘

- Masked input= 47H 2| downsampling layer I
« Prior feature= 470 2| upsamplingE 24 S 1510 feature= Gl TU=
- Arbitrary resolutionOf| Ci Sl robust?t 52 E&oH7| fe
O| & /5 MAEEFH &2 prior feature= 1/8Hl bilinear interpolation
- O| F cartesial spatial grid= Sl continuous position= embeddingSt 0| =%
« &= featureS ESH7| T O prior feature2| & levell a; a, a5 a,& =&
- Trainable parameter=, 02 = initialize
* Prior Attentions
- LaMaO]| contextual attention= & £0| 7|5t S

- Masked patch 2} unmasked patch®| attention score= i ol masked patch2| feature=
aggregateﬁ@ G &t

SIRIOH bR 0l M BAIE B 4 QINE
7(‘| Xt= CNNQ| limited capacitys O| 7 E B JUF

R PRI d k- VDS
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1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!
* Prior Attentions

- [[F2 A, decoder®| 2t layerOf| Al A|4FHE attention score& AFE S
QUK®"
Vd
- Masked attention score= T3¢ 7| =0, 2 & attention score= unmasked region 0| 2t

ol

Rﬁf?m = softmax(

—inf-M)

|
o0
d
—_—
| 10
o
(@)
(@]
@)
o
(@]
-
&
(@]
-
=2
R
I
Mo
o0
d
o sl
1o
R
a
o
-
(@)
|
okl

= LHO] attention score 2 At Tt

Masked input MAE output MAE attention Contextual attention Masked input MAE output MAE attention Contextual attention

MAE mask type|attention type |PSNR7T SSIM{ FID] LPIPS]|
mixed no attention | 24.34 0.860 26.84 0.117
mixed trainable CA | 24.13 0.859 26.99 0.123
random prior attention| 24.39 0.861 26.25 0.117

mixed prior attention| 24.51 0.864 25.49 0.113
g AB U |VDS |
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1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!!l

A

» Experimental results

(A) 256x256 FFHQ (B) 1024x1024 results

'''''

- —
=

e p—

& k

(a) Masked iuut (b) Co—Mo (c‘:) LaMa ) E(l) Ours j (a) Masked input (b) MAE output (c) LaMa (d) Ours
FFHQ Places2
Co. La. Ours| EC Co. La. CT. Ours Pt St F.J LI
P1T[25.2 26.6 26.8|23.3 22.5 24.3 23.4 24.5 M 201 764 654 291
S.t|.880 .903 .906 |.830 .843 .869 .835 .871 Co. | 22.0 .843 30.0 .166
F.l|5.85 6.38 6.15|6.21 1.49 1.63 11.2 1.31 La. | 241 877 27.8 .149
L.J|.085 .078 .074|.149 246 .155 .185 .101 QOurs|24.3 .880 25.3 .119
< 256x256 FFHQ, Places2 > < 512x512 Places2>
LA -l

| VDS |
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1) Learning Prior Feature and Attention Enhanced Image Inpainting (ECCV 2022)

Image Inpainting via MAE!!l

» Experimental results

(a) Masked input (b) HiFill | () Co-Mod ' (d) LaMa (e) Ours (f) MAE

S
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1) Convnext V2: Co-designing and scaling convnets with masked autoencoders (CVPR 2023)

ConvNeXt V2

e ConvNeXt + MAE
ZHEHSHA M A H =l | 8= 88010 250 AHE

-ViT2} CFE A| ConvolutionOf| masking= Tl St=Ad2 012 THEHHES

- X Xt= 3D Pointcloud| Al &= &0t submainfold sparse convolution 2 £ O]

= MaskOf| S &= £ 28t convolution & AH0]| AFEEt

— | L

- Masking downsampling2| OFX| 2t THA| 0| A 60% pixelOf| CHSH ==

[o]

.+ Fine tuning EFA| 0| A= original convE CHHM|SHO] &t 5

= 4
= "1

A SH
T o

< Normal Conv >

hierarchical plain
encoder decoder

-
‘b
w

AMABNE-D

- SOGANGUNIVERSITY < Sybmainfold Sparse Convolution > 31




1) Convnext V2: Co-designing and scaling convnets with masked autoencoders (CVPR 2023)

ConvNeXt V2

» TPU, AI accelerator friendly method

- Sparse Conv CH 4! dense convolution =23 0|7, O| 20| binary maskE &= &
ol

HSSHEM EF 77|10 M WEA S o A= S - ok A ekt

* Decoder design

re? A . - o e =
A O 2 TR 1 ThESE decoder 2 A| 7 finetuningSt K2 I E2 210E E ¢
dec. type 1t hours  speedup blocks ft dim ft
UNet w/ skip 83.7 12.9 - 1 83.7 128 83.5
UNet w/o skip 83.5 12.9 - 2 83.5 256 83.7
Transformer [31] 83.4 8.5 1.5x% 4 83.7 512 83.7
ConvNeXt block 83.7 1.7 1.7x 8 33.6 768 83.6
12 83.3 1024 83.5
(a) Decoder design. A simple convolutional block out- (b) Decoder depth. A single block yields  (c¢) Decoder width. A decoder width of
performs more complex decoder designs. competitive fine-tuning performance. 256 or 512 achieves the best performance.
. ConvNeXt V1
» Experimental Results /
w/o Sparse conv. w/ Sparse conv. Sup, 100ep Sup, 300ep. [52] FCMAE
79.3 83.7 82.7 83.8 83.7

R B THEED
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1) Convnext V2: Co-designing and scaling convnets with masked autoencoders (CVPR 2023)

ConvNeXt V2

» Global Response Normalization (GRN)

of 24

- ConvNeXt V12| feature activation map = visualize?t 21}, collapse”/ FelA LOiE

ConvNeXt V1 ConvNeXt V2 ConvNeXt V1

ConvNeXt V2

Feature Cosine Distance

ConvNeXt V1 Sup
—&— ViT MAE

0.201 —#&— ConvNeXt V1 FCMAE
—&— ConvNeXt V2 FCMAE

00 02 0.4 06 0.8 L0
Normalized Layer Index

SOGANG UNIVERSITY 33

PR satndka
S

asdejjon



1) Convnext V2: Co-designing and scaling convnets with masked autoencoders (CVPR 2023)

ConvNeXt V2

» Global Response Normalization (GRN)
5| O] mEOA HEZ 2O, 0|20 = MEE DX St lateral inhibitions T
S 3 AR FSE

case ft
- Global feature Aggregation Tave 80
L1 84.3
‘ = . -4 —_] =
;= ZF X 2 Q| featureE pooling©t & scalar@tet L2 84.6
(a) Global aggregation G(-). L2 Norm-based
POOling I:CI>I-Aﬁ| S Al o-| 2 _Il- 1.2 norm% A'—%’é&!— aggregation function produces the best result.
. . case ft
Feature normalization T Xi|||_ Fﬁ) 7 —
‘ 1/ 31X 83.8
‘s Pooling =! =l scalar 44 = Of| normalization= T X201/ 3 11| 84.6

(b) Normalization operator, N (). Divisive normaliza-

: - NOI‘I’nahzation 8 AEI CI>:-|| A J_I_l' d]V]S]VG normahzatlon = A" ) tion is an effective channel importance calibrator.
o2 AN ZE S X 'E -0 featureE pooling®t scalar0f| CHSH B S LA Z

- Feature Calibration

ey
= DI-

« 4| £HEl normalization score= input response 0|
X; = X; *N(G(X);) e REXW
vx X;xN(G(X);)+ 5+ X,

Z| M 2tE 2|5l learnable parameterE 375t 02 2 7|

R Ay k-Ln v Residual Conncetion =7}
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ConvNeXt V2

» Global Response Normalization (GRN)

§X)

w 1X1xC

» Experimental Results

case ft

Baseline 837
LRN [45] 832
BN[41] 805
LN [2] 838
GRN 84.6

(d) Feature normalization. GEN outperforms
other normalizations through global contrasting.

SOGANG UNIVERSITY

PR satndka
S
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Convnext V2: Co-designing and scaling convnets with masked autoencoders (CVPR 2023)

ConvNeXt V2 Block

96-d

i

[ arxree |

[

[ 1x1, 384 ]

GELU
1 +GRN

[ 1x1, 96 ]

[1Xqll
NUIXD) =5
¥ (AD) zumé)
1x1xC
Backbone Method #param FLOPs Val acc.
ConvNeXt V1-B Supervised 39M 154G 838
ConvNeXt V1-B FCMAE 39M 154G 837
ConvNeXt V2-B Supervised 80M 154G 843 (40.3)
ConvNeXt V2-B  FCMAE 2OM 154G 84.6 (+0.8)
ConvNeXt V1-L Supervised 198M 344G 843
ConvNeXt V1-LL. FCMAE 198M 344G 844
ConvNeXt V2-L  Supervised 198M 344G 84.5(402)
ConvNeXt V2-L. FCMAE 198M 344G 856(+L1.3)
35
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1) Convnext V2: Co-designing and scaling convnets with masked autoencoders (CVPR 2023)

ConvNeXt V2

« Experimental Results

Backbone Method #param  PTepoch  FT acc.
ViT-B BEIT a8M 300 83.2
ViT-B MAE 28M 1600 83.6
Swin-B SimMIM a8M 300 34.0
ConvNeXt V2-B FCMAE 5OM 800 84.6
ConvNeXt V2-B FCMAE sO0M 1600 84.9
WiT-L BEIT 307T™M 800 85.2
ViT-L MAE 307T™M 1600 85.9
Swin-L SimMIM 197M 800 854
ConvNeXt V2-L FCMAE 198M 300 85.6
ConvNeXt V2-L FCMAE 198M 1600 85.8
ViT-H MAE 632M 1600 86.9
Swin V2-H SimMIM 638M 300 85.7
ConvNeXt V2-H FCMAE 650M 800 85.8
ConvNeXt V2-H FCMAE 659M 1600 86.3

- Base model : pretrain 800 epochs + finetuning 100 epochs

SOGANG UNIVERSITY 36
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